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Abstract

Purpose: Coronary Artery Disease (CAD), characterized by coronary artery stenosis—the narrowing of arteries
supplying blood to the heart—is a leading global cause of morbidity and mortality. Timely detection and
management of stenosis are crucial to preventing severe outcomes such as myocardial infarction and heart failure.
Despite advancements in medical imaging, current diagnostic methods rely heavily on the manual interpretation
of coronary angiograms, which is time-consuming, subjective, and prone to variability. To address these
limitations, this study proposes an automated object detection-based framework for identifying coronary artery
stenosis in medical imaging.

Materials and Methods: The study employs two state-of-the-art deep learning models, RetinaNet and EfficientDet
D3, to detect stenotic regions in X-ray angiography images. A dataset of 8,325 annotated images from 100 patients
with single-vessel CAD, sourced from the Research Institute for Complex Issues of Cardiovascular Diseases in
Kemerovo, Russia, was used for training and evaluation. To enhance model performance, a comprehensive
preprocessing pipeline was applied, including image resizing, data augmentation, and intensity normalization.
These steps ensured robustness and generalizability across diverse imaging conditions.

Results: Both models demonstrated high accuracy in stenosis detection. RetinaNet achieved a mean Average
Precision (mAP) of 93.2%, while EfficientDet D3 outperformed with an mAP of 96.6%. These results highlight
the models' ability to accurately identify stenosis, even in noisy and variable angiographic images. The superior
performance of EfficientDet D3 underscores its potential for clinical integration, offering precise and reliable
stenosis localization.

Conclusion: This study presents a robust and efficient deep learning framework for the automated detection of
coronary artery stenosis. By reducing reliance on manual interpretation and enhancing diagnostic accuracy, the
proposed approach supports timely and informed clinical decision-making. This innovation has the potential to
streamline diagnostic workflows, improve patient outcomes, and advance the application of artificial intelligence
in cardiovascular healthcare.
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1. Introduction

Coronary Artery Disease (CAD) has emerged as a
prevalent condition impacting individuals worldwide,
particularly in developed nations. According to global
health organization data, cardiovascular diseases
account for more than 31% of the global mortality rate
[1, 2]. Coronary artery disease results from
atherosclerosis, where plaque, consisting of fats,
cholesterol, calcium, and other blood substances,
in arteries due to elevated LDL
cholesterol. This plaque hardens over time, narrowing
arteries and restricting the flow of oxygen-rich blood
(3, 4].

accumulates

Data has emerged as a vital resource for
organizations across sectors, including
healthcare, in an era characterized by technological
advancement and digital transformation. Presently, the
majority of hospitals maintain electronic health
records that encompass a comprehensive array of
patient information, such as clinical histories, medical
imaging, symptoms, diagnoses, and treatment
regimens [5, 6]. The volume of medical data generated

various

and collected on a daily basis is on the rise. However,
the full potential of this data often remains untapped
due to limitations in effective analytics tools and a
shortage of adequately trained personnel. Leveraging
this data to develop predictive screening and
diagnostic models has the potential to alleviate
workload pressures on healthcare professionals while
simultaneously enhancing the healthcare system by
facilitating early detection and timely intervention for
patients [7, 8].

Current clinical practice for assessing the presence
and extent of CAD relies on medical images obtained
by various diagnostic procedures. In clinical practice,
X-ray coronary angiography (CABG) is the main
imaging technique for diagnosing coronary diseases
[5,9, 10]. Detailed X-ray images help the cardiologist
identify blockages. However, this process is time-
consuming, and the limited number of experts
necessitates computer-aided diagnosis systems.
However, these systems play an important role in
cardiology in the detection of arterial anomalies, as
this process is very time-consuming and there is a
limited number of clinical experts available. Today,

imaging research has improved by using deep learning
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to support medical decision-making processes [11,
12].

Our study presents a detailed analysis of the
available neural network architectures and their
potential in terms of accuracy in single-vessel disease
detection. This approach aims to use efficient CNN
architectures, namely RetinaNet and EfficientDet D3,
for the object detection method and further explore the
possibilities of their modification and optimization to
provide superior real-time classification potential for
the detection of multi-vessel coronary artery stenosis.
It is worth mentioning that although previous studies
have demonstrated significant advancements in
stenosis detection using deep learning,
approaches rely on computationally expensive models
or frameworks that lack real-time applicability. For
instance, architectures such as Faster R-CNN or
complex hybrid methods often require extensive
resources and processing time, limiting their

many

practicality in clinical settings. In contrast, we
leverage the lightweight architectures of RetinaNet
and EfficientDet D3 in this study, which strike a
balance between computational efficiency and
detection accuracy. These models are optimized to
handle noisy and high-resolution angiographic images
while maintaining fast inference times, making them
highly suitable for real-time deployment in resource-
constrained environments.

A freely available dataset, including data from
about a hundred patients with confirmed one-vessel
coronary artery disease who underwent coronary
angiography at the Research Institute for Complex
Problems of Cardiovascular Diseases in Kemerovo,
Russia, was utilized in our implementation. Based on
the empirical results, our proposed methods were able
to achieve a good level of accuracy for Coronary
Artery Stenosis Detection. It can be stated that our
proposed methods can also be used to develop
software that optimizes and facilitates invasive
angiography.

The remainder of this paper is organized as follows.
A review of the literature is provided in Section 1.1.
Section 2 includes the details of our proposed model.
The details of the experiments and the obtained results
are summarized in Section 3. Conclusion and future
research direction are also mentioned in Section 4.
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1.1. Related Work

Stenosis detection based on traditional machine
learning methods can be summarized in three steps:
Feature extraction, selection, and classification.
However, the Deep Learning paradigm can perform
these three steps consistently during the optimization
process. In particular, Convolutional Neural Networks
(CNNs) have provided excellent performance
improvements in the field of medical images. When
working with X-ray video sequences, it is necessary to
filter the entire video and keep only the images with a
visible arterial tree to detect the stenosis. The
classification process is performed on the candidate
images using an object-based framework or an image
classification task. In image classification, the
probabilities of the class labels for an image are
calculated. In contrast, object localization and
classification draw a bounding box around the objects
of interest in an image and assign them a class label
[13].

1.2. Object-Based Classification

In the field of medical images, object-based
classification refers to the identification of the location
of lesions and their classification. Accordingly, the
candidate boxes are created around the object
detection suggestions. Created around the object
detection suggestions. The boxes that are close to each
other are combined into a single cluster. Then, only
clusters that contain the most candidate boxes remain.
Finally, a single bounding box is created for each
object to assign a label. Various approaches have been
suggested to address the challenge of stenosis
detection, involving the automatic feature extraction
of the image through a CNN [13].

Pang et al. introduced the Stenosis-DetNet, an end-
to-end network that selects candidate frames from raw
X-ray angiography videos. The network then detects
candidate object bounding boxes containing stenotic
regions, optimizing them using prior coronary artery
displacement information and image features. A
Residual Network (ResNet) is utilized as the backbone
model for feature extraction [14].

Danilov et al. explored eight object detection CNN
architectures to locate a single stenotic lesion. The
configurations include Single Shot multi-box Detector
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(SSD), Faster-RCNN, and Region-based Fully
Convolutional Networks (R-FCN), with backbone
networks such as MobileNet-v2, ResNet50, RFCN
ResNet101, Inception-v4, and NASNet. The RFCN
ResNet101 configuration demonstrates an optimal
trade-off between accuracy and speed [15].

In recent advancements, Li ef al. [16] introduced the
STQD-Det framework, achieving significant results in
real-time coronary stenosis detection with an F1 score
0f 92.39% and a processing speed of 25.08 frames per
second. Their model's innovative use of spatio-
temporal feature sharing and quantum diffusion
demonstrated notable improvements over several
state-of-the-art methods. However, the complexity of
their framework and the need for specialized quantum
modules may pose challenges for implementation in
resource-constrained environments.

1.3. Image-Based Classification

Labeling medical image data requires considerable
expertise. Rather than recognizing and classifying
each object within an image individually, it may be
more useful to categorize the entire image as a single
class. For a more sophisticated classification, a patch-
based method can be used where each patch in the
image is assigned a class. In this patch-based strategy,
each patch is treated as a tagged object [13].

Moon et al. proposed a two-step approach for
automated  stenosis
angiography.
mechanism is employed to select images highlighting
the most opacified coronary artery. Subsequently, a

deep learning-based stenosis classification is

recognition  in
Initially, a keyframe

coronary
detection

conducted on each key frame using a pre-trained
Inception-v3 model from the ImageNet dataset. The
model incorporates single-channel and spatial-wise
attention modules from CBAM arranged in parallel at
the model's base to enhance attention. In cases where
there is limited availability of labeled images, the
authors recommend a patch-based approach for
stenosis detection. This approach involves performing
the classification at the patch level instead of
categorizing the entire image. Consequently, a full-
size 1image generates multiple patches of a
predetermined size (e.g., 32 x 32 pixels), thereby
increasing the number of training images. Refer to
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Figure 8.14 for a detailed depiction of this process
[17].

In this particular scenario, Antczak and Liberadzki
released a dataset specifically designed for patch-
based stenosis detection. The study utilized a shallow
patch-based CNN, consisting of only five layers. To
enhance the network's detection rates, a pre-training
step was implemented. This involved creating a
synthetic dataset through a generative model,
assuming that a vessel could be represented as a Bezier
curve [18].

Ovalle-Magallanes ef al. introduced a network-cut
approach to minimize the number of layers requiring
transfer and fine-tuning from a source model pre-
trained on a large dataset, employing transfer learning.
Through an exhaustive search, the optimal cut and
trainable layers were selected for three different state-
of-the-art architectures: VGG16, ResNet50, and
Inception-v3. The Inception-v3 model demonstrated
the most effective detection results, retaining and fine-
tuning only the first three inception blocks [19].

While prior research has illustrated substantial
progress in the detection of stenosis through deep
learning techniques, many of these methodologies
depend on computationally intensive models or
frameworks that do not facilitate real-time application.
For example, architectures such as Faster R-CNN and
hybrid approaches typically
necessitate considerable computational resources and
processing durations, thereby reducing their feasibility

various complex

in clinical environments. In contrast, the method
presented in this study utilizes the lightweight
architectures of RetinaNet and EfficientDet D3,
effectively  achieving a
computational efficiency and detection accuracy.

balance  between
These models are specifically optimized to process
noisy, high-resolution angiographic images while
ensuring rapid inference times, thus rendering them
highly appropriate for real-time implementation in
resource-limited settings. By integrating scalability
with efficiency, our approach offers a robust and
practical solution for the automated detection of
coronary artery stenosis.
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2. Materials and Methods

The proposed methodology aims to develop an
effective system for the detection of coronary artery
stenosis through object detection techniques using
deep learning models (Figure 1). This process involves
identifying and evaluating the location of each
observable stenosis within X-ray angiography images,
framing the task as an object detection problem where
stenosis is treated as the object of interest. The process
of stenosis detection is approached as an object
detection challenge, supported by annotated bounding
boxes that mark the stenosis within the optimal
detection range. Modern object detection techniques,
primarily based on deep learning models, can be
categorized into two primary types: Single-shot
Detectors (SSD) and Two-stage Detectors. This study
focuses on leveraging advancements from
Convolutional Neural Networks (CNNs) to facilitate
the recognition of object classes effectively [20].
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Figure 1. The process of the proposed model

RetinaNet was chosen for its innovative focal loss
function, designed to alleviate class imbalance—a
common issue in medical datasets characterized by
sparse annotations. This feature, along with its Feature
Pyramid Network (FPN), enhances multi-scale feature
extraction, making RetinaNet particularly adept at
detecting small and intricately detailed stenosis
features with high precision.
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EfficientDet D3 provides a scalable and lightweight
architecture  for real-time  applications. Its
Bidirectional Feature Pyramid Network (BiFPN)
allows for the efficient aggregation of features across
multiple scales, while a compound scaling approach
ensures a balance between accuracy and
computational efficiency. This model excels in
processing noisy medical images without overfitting,
rendering it an optimal choice for high-resolution
angiographic datasets.

It is worth mentioning that alternative approaches,
such as Faster R-CNN, while achieving high accuracy,
suffer from slower inference speeds due to their two-
stage architecture, which limits real-time applicability.
Alternatively, models like YOLO (You Only Look
Once), although fast, often encounter challenges in
precisely detecting small anomalies within high-
resolution images. By leveraging the strengths of
RetinaNet and EfficientDet D3, our methodology aims
to strike an optimal balance between precision and
efficiency for real-time coronary artery stenosis
detection [21, 22].

2.1. RetinaNet

RetinaNet is one of the most powerful one-stage
object detection models, used especially for small
object detection [23]. The structure incorporates
ResNext-101 as its foundational backbone along with
feature pyramid networks (FPN), which combines a
more intricate backbone feature extractor comprising
two supplementary sub-networks (Figure 2). These
sub-networks play a crucial role in accurately
classifying a bounding box and regressing the
estimated coordinates [24, 25]. A key advantage of
using Feature Pyramid Networks (FPN) over
excessively deep feature maps that are too deep is
twofold. First, deep feature maps encounter challenges
in object localization, as small shifts in the deep
feature map lead to significant localization errors
when mapped back to the input image. FPN mitigates

(a) Resiet b) feature pyramid net

Figure 2. RetinaNet FPN architecture
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this issue by incorporating multiple levels of feature
pyramids to provide more accurate object localization.

Second, deep feature maps prove to be
disadvantageous for small objects because spatial
resolution diminishes, resulting in a loss of
information related to these objects. FPN addresses
this drawback by utilizing early layers to predict small
objects. Despite the challenge posed by a potential
lack of semantic information, FPN's strategy of
integrating features from different scales improves its
ability to accurately classify object categories, making
it a superior choice compared to conventional deep
feature maps [24]. Also, RetinaNet introduces focal-
loss, which seeks to address the imbalance between
positive and negative samples, as well as easy and hard
samples, improving the quality of bounding boxes
largely. In handling the abundance of generated boxes
and addressing the class imbalance between
background and stenosis assignment, we adopt the
values of 0=0.25 and y=2 for the focal loss, which is
experimented found to have the best performance in
[25] (Equation 1).

FL(p)=0o(1-ps) ¥ log(py) (D

2.2, EfficientDet D3

EfficientDet is one of the latest approaches to object
detection, and the reason for its emergence is that the
existing, albeit very accurate, networks have become
costly in terms of resources and time. In the case of
this network, the goal is to develop a model that takes
into account both accuracy and efficiency to achieve
results that can truly be used in real time. The starting
point of this model is the feature pyramid networks,
also known as FPN (feature pyramid network), as well
as the Retinanet. This network represents a general
solution for the construction of feature pyramids in
convolutional networks. The construction of the
pyramid includes a top-down and a bottom-up
approach. In the bottom-up method, a hierarchy of
features is calculated, which consists of a series of
feature maps obtained in different proportions with a
scaling step of 2. To create the pyramid, a layer is
defined for each level, and the output of the last layer
of each level is used as a reference set for the next one.
In particular, 1 x 1 convolutions are used to minimize
the size of bottom-up feature maps. Conversely, the
higher resolution characteristics in the top-down
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approach are more semantically grounded but more
geographically distant. Each side connection
integrates feature maps from both top-down and
bottom-up approaches that have the same spatial size.
The architecture of the EfficientDet model is based on
the EfficientDet network (Figure 3). This
convolutional neural network is a method by which all
dimensions are uniformly scaled using a compound
coefficient. These factors are usually arbitrarily
scaled, but the EfficientDet method uniformly scales
the width, depth, and resolution of the network with a
fixed set of scaling coefficients. The composite scaling
method is justified by the idea that if the input image
is larger, then the network needs more layers to
increase the receptive field and more channels to
capture finer patterns on the larger image. The
network of architectural features is BiFPN
(Bidirectional Feature Pyramid Network), one of the
innovations of the model, which aims to aggregate
features at different resolutions. With a list of features
of different sizes, the goal is to find a transformation
that can effectively assemble these features and
provide a new list of features. The characteristics
obtained at this level are taken over by a network that
outputs the object class together with the rectangle
surrounding the object [26-28].

Figure 3. EfficientDet BiFPN architecture

3. Results

3.1. Dataset

In this retrospective study, a hundred patients with
coronary artery disease
underwent coronary angiography using Siemens
Coroscop and GE Healthcare's Innova at the Research

confirmed one-vessel

Institute for Complex Problems of Cardiovascular
Diseases in Kemerovo, Russia [15]. The patients
provided written informed consent, and angiographic
images were retrospectively collected and processed.
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A total of 8325 grayscale images, ranging from
512 %512 to 1000 x 1000 pixels, were selected, with
80% used for training, 10% for validation, and 10%
for testing. The non-randomized data split ensured
independent subsets for validation and testing,
preventing bias in performance metrics and enabling
joint data labeling by multiple specialists. In the
context of our study, it is important to note that
coronary artery stenosis typically affects only a small
portion of the vessel, while the majority of the artery
remains unaffected. As a result, even within images
labeled as containing stenosis, there are extensive
regions of the vessel that are free of any narrowing
(Figure 4). These non-stenotic regions inherently
provide the model with examples analogous to frames
without stenosis. Consequently, the model is
implicitly exposed to features of non-stenotic areas
during training, enabling it to distinguish between
stenotic and non-stenotic regions within a single
frame.

To assess the source dataset, the stenotic region's
size is estimated by computing bounding box areas.
Similar to the COCO dataset, objects are categorized
by area into small, medium, and large. Table 1
presents the clinical and demographic characteristics

(a) Patient 1 (b) Patient 2 (c) Paticnt 3

Figure 4. Data labeling of the source images

Table 1. Clinical and demographic data of the study
population

Parameter Value
Total number of patients 100
Mean age + SD, years 60.3+13.8
Men, n (%) 68 (68%)
Women, n (%) 32 (32%)
Body mass index (kg/m2) 21.6+5.1
Diagnosis CAD
Class INYHA 5 (5%)
Class I NYHA 84 (84%)
Class III NYHA 11 (11%)
Comorbidities
Arterial hypertension 53 (53%)
Diabetes mellitus 14 (14%)
Chronic heart failure, classes 1-2 36 (36%)
Coronary artery stenosis > 70% (n, %) (100%)
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of the study participants, providing comprehensive
information about the population under investigation.

3.2. Pre-Processing

In this study, a series of preprocessing steps was
applied to the input images to ensure they were
optimally prepared for training with RetinaNet-101
and EfficientDet-D3. These steps were designed to
standardize the data, enhance the models’ robustness
to variations in the images, and address the specific
challenges posed by the noisy and high-resolution
nature of X-ray angiography images.

For RetinaNet-101, the preprocessing began with
resizing all input images to a fixed dimension of 640
x 640 pixels. This resizing ensured uniformity across
the dataset and compatibility with the model's input
layer. Data augmentation techniques were also
employed to improve the diversity and
generalizability of the training data. A random
horizontal flip was applied to introduce variability in
object orientation, enabling the model to handle
directional changes effectively. Additionally, random
cropping was performed to extract smaller regions of
the input images. This augmentation strategy helped
the model learn to detect features of varying sizes and
positions, particularly small and localized features
such as stenosis.

For EfficientDet-D3, preprocessing involved
scaling the images to a larger dimension of 896 x 896
pixels. This allowed the model to capture finer details
that are critical for detecting subtle features in the
angiographic images. The resizing process was
complemented by a more complex augmentation
strategy known as "random scale, crop, and pad to
square." This method involved scaling the image to a
random size, cropping a square patch, and padding as
necessary to achieve the target input dimensions. This
approach not only standardized the input size but also
improved the model's ability to handle images of
varying scales and compositions. Like RetinaNet-101,
random horizontal flipping was used to further
augment the data and introduce variability.

These preprocessing techniques were carefully
selected to address the specific challenges of the
dataset while maximizing the models’ performance.
By standardizing image dimensions and applying
targeted augmentations, the models were better
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equipped to generalize across noisy and high-
resolution medical images, improving their robustness
and accuracy in detecting coronary artery stenosis.

3.3. Evaluation Metrics

In this work, mAP has been used as a metric to
check the model’s performance. It is a common metric
used to evaluate object detection models and tells how
good the localization of an object is within an image.
This work focuses on X-ray images; hence, the mAP
score comments on how effective the localization of
opacity is within the chest. The expression of Average
Precision (AP) calculates the average of AP, giving
mAP. Precision is a metric that measures how accurate
the predictions are, i.e., the percentage of predictions
that are correct, whereas recall measures the
percentage of actual positives how many are identified

correctly (Equation 2):
AP =~ ¥, P *Ri )

Where P is Precision, Ri are the values of recalls
from 0 to n, where n is an integer value. The better the
mARP score of predictions, the better the model [29].

3.4. Hyperparameters and GPU Devices

In object detection, hyperparameter tuning refers to
the process of selecting the optimal values for the
various parameters and settings used in the training of
an object detection model. These parameters and
settings, which are often referred to as
hyperparameters, can have a significant impact on the
performance of the model, including factors such as
accuracy, precision, and recall. Hyperparameters and
GPU models in object detection can include settings
related to the architecture of the model, such as the
number and size of the convolutional layers, as well as
parameters related to the training process, such as the
learning rate, the batch size, and the number of
training epochs [30, 31]. A step refers to one operation
for the optimizer to update the weights of the model.
The relationships between the number of steps to

epochs and batch size are (Equation 3):
num of steps = (epochs

* num_of _training imgs) 3)
/ batch_size
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Table 2 furnishes a summary of the
hyperparameters employed in training the proposed
model.

The models used in this research were executed on
two different systems. RetinaNet was run on a local
system with a GeForce RTX 3080 Ti GPU (12 GB
VRAM) and 16 GB of RAM. EfficientDet3, on the
other hand, was executed on Google Colab with an
A100 GPU and 83 GB of RAM. Both systems utilized
Python version 3.9 and TensorFlow version 2.13.

Table 2. Hyperparameters

RetinaNet 101

Parameter Value
Num classes 1
Height * width 640 * 640
regularizer 12 regularizer
gamma 2.0
alpha 0.25
Batch size 4

Random Horizontal

Data augmentation options Flip, Random Crop

Image
Momentum optimizer value 0.9
Learning rate base 0.0025
Total steps 65000
Geforce RTX 3080 Ti
GPU (Local system) 12GB
Ram 16 GB
EfficientDet D3
Parameter Value
Num classes 1
Min dimension 896 * 896

max dimension

regularizer 12 regularizer
gamma 1.5
alpha 0.25
Batch size 4

Random Horizontal
Flip, random scale
crop and pad to square

Data augmentation options

Momentum optimizer value 0.9
Learning rate base 0.0025
Total steps 25000
NVIDIA A100 SXM4
GPU (google colab) 40 GB
Ram 83 B
3.5. Implementation Details

The object detection accuracy depends on the
model used. To improve the accuracy, it is possible to
train the model. TensorFlow allows using custom
models by training custom datasets. The object
detection library has the tools needed to export a new
model or an updated model. Initially, we convert BMP
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files to PNG format, and the corresponding XML files
are converted to TFRecord files.

The TensorFlow training data-set format is
TFRecord. A TFRecord file stores the data as a
sequence of binary strings, this format enabled us to
encode all the information needed into a single file.
With the help of TFRecord, we never needed to read
files from different directories and worry about
inconsistent file format problems [32, 33].

TensorFlow supports a wide range of tensor
models. The use of a more complex model will yield
higher accuracy results, while training the model will
improve the accuracy of trained objects. This means
that a basic model can achieve high-accuracy results
when focused on certain objects [33]. In this work, we
used the Table 3 pre-trained SSD models based on the
TensorFlow 2 Detection Model Zoo.

Then, the default parameters were modified to suit
our specific model by utilizing a configuration file
based on Table 2 and specifying the paths to the
TFRecord files. The model config block is about the
configuration of a model. These config files are used
to configure parameters for the initial setting of some
of the computer codes.

The fine-tuned model was fed to TensorFlow
Object Detection API. After training models on data
separately, we tested the trained model on eval data.
For mAP, a predefined threshold value for Intersection
over Union equal to 0.5 was used.

Table 3. Fine-tuned Models

Speed COCO
Model (ms) mAP
EfficientDet D3 896x896 95 45.4
SSD ResNet101 V1 FPN 57 356

640x640 (RetinaNet101)

4, Discussion

In this section, we present the findings of our study
on the performance of advanced deep learning models
in detecting coronary artery stenosis from medical
images. As mentioned, EfficientDet D3 and SSD
RetinaNet101 architectures, which are known for their
state-of-the-art capabilities in object detection tasks,
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were used to assess their effectiveness specifically in
the context of coronary artery disease.

We obtained the following results (Table 4) based
on Detection Boxes Precision/mAP@.50I0U. The
sample of obtained results is also illustrated in Figure
5.

Table 4. Results comparison

Computational
Model Performance Task

Ovalle-Ma[%e;l]l anes et al. Precision: 93 Classification
Antezak aﬁd 454iberadzki Accuracy: 90 Classification
Moon et al. [17] Accuracy: 94.3  Classification

Pang et al. [14] Precision:94.87 Detection

Danilov et al. [15]. mAP: 95.4 Detection

Lietal [16] F1 score: 92.39 Detection

EfficientDet D3 mAP: 96.6 Detection

SSD RetinaNet101 mAP: 93.2 Detection

Based on the empirical results, our study
contributes significantly to the field of medical image
analysis by demonstrating the exceptional capabilities
of advanced deep learning models, particularly
EfficientDet D3 and SSD RetinaNetl01, in the
detection of coronary artery stenosis. Our EfficientDet
D3 model achieved a mean Average Precision (mAP)
of 96.6%, outperforming existing methodologies,
including Danilov et al. [15] with an mAP of 95.4%
and Li et al. [16] with an F1 score of 92.39. This

marked improvement is critical for clinical
applications where high precision and accuracy are
paramount for timely diagnosis and intervention.
Moreover, the SSD RetinaNetl01 model also
showcased impressive performance with an mAP of
93.2%, highlighting the robustness of our approach
against other contemporary models.

By leveraging these advanced architectures, our
research not only provides a comprehensive
comparison against state-of-the-art detection methods
but also emphasizes their versatility and effectiveness
in handling complex medical imaging scenarios.
These results illustrate the potential for implementing
such models in real-time clinical settings, where
detecting small and localized features of stenosis can
significantly impact patient outcomes. Furthermore,
our findings lay a substantial foundation for future
investigations aimed at optimizing deep learning
frameworks for medical applications, encouraging
further exploration of automated diagnostic tools that
can enhance cardiovascular health management.

4.1. Limitations

One limitation of this study is the variability in X-
ray angiography images acquired from different
devices, each producing images with distinct
resolutions and noise levels. Although our method was
tested on a diverse dataset, it primarily relied on
single-center  data, which may limit the
generalizability of the results to other clinical
environments. Furthermore, while the proposed
models strike a balance between speed and accuracy,

Figure 5. Samples of obtained results
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there is still room for improvement in handling
extreme cases of image quality degradation or atypical
anatomical structure.

To further enhance the model’s generalization and
diagnostic accuracy, we propose augmenting the
dataset by including additional entirely non-stenotic
frames. While the current dataset already offers a
blend of stenotic and non-stenotic regions,
incorporating more purely non-stenotic frames would
give the model a broader understanding of the vessel
characteristics, ultimately improving its performance
in distinguishing between stenotic and non-stenotic
regions in real-world applications. This extension of
the dataset would help reduce false positives and
ensure more reliable predictions, especially in cases
where no stenosis is present.

5. Conclusion

This study demonstrates the effectiveness of
advanced deep learning models, specifically
EfficientDet D3 and SSD ResNetl01, in accurately
detecting stenosis in coronary angiograms with high
precision. The EfficientDet D3 model achieved an
impressive mean average precision (mAP) of 96.6%,
while the SSD ResNet101 model achieved an mAP of
93.2%, both surpassing the detection capabilities of
prior methods. These results underline the potential of
these models in identifying stenotic segments with
exceptional reliability. The findings highlight several
key contributions of this research:

* Automated Detection for Enhanced Accuracy:
By leveraging pre-trained models, this study addresses
the challenge of accurately detecting stenosis
locations and reduces the reliance on operator
expertise. The models consistently demonstrated high
confidence in identifying stenotic segments with a
50% overlap threshold, thereby improving diagnostic

precision.

» Benchmarking Against Existing Methods: The
study provides a comprehensive comparison with
existing models, showcasing the superior performance
of EfficientDet D3 and SSD ResNet101 in detection
tasks. With mAP values of 96.6% and 93.2%,
respectively, these models set a new standard for
detection accuracy in the domain of coronary
angiogram analysis.

517

* Practical Implications for Clinical Settings:
Given that this project is ultimately intended to be
implemented as a hospital-grade application, both
speed and accuracy are of paramount importance. The
proposed algorithm has demonstrated its capability to
meet these requirements effectively, showcasing its
potential to streamline diagnostic processes and
enhance decision-making efficiency in clinical
environments.

In conclusion, this study successfully demonstrates
the applicability and robustness of deep learning
models in addressing the complexities of stenosis
detection in coronary angiograms. The proposed
algorithm not only achieves state-of-the-art detection
accuracy but also paves the way for future
advancements in automated medical imaging analysis.
Further research and validation in diverse clinical
settings will ensure the scalability and generalisability
of this approach, ultimately contributing to improved
patient outcomes and streamlined healthcare
workflows.

Future work should focus on incorporating multi-
center datasets that capture a broader range of imaging
devices and patient populations. Additionally, the
integration of domain adaptation techniques could
further improve the model's performance across
varying imaging conditions. Considering that X-ray
angiography images are highly noisy and the presence
of bone structures, spinal vertebrae, catheters, and
diaphragm curtains exacerbates this issue, future
research will also focus on these aspects to generalize
the proposed models to images of other patients. This
research aims to assist in developing a tailored
program for a clinical decision support system, which
would help in providing assistance in the
interpretation of images from various patients and
enhance their overall quality.
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