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Abstract

Coronary artery disease (CAD) is a prevalent cardiovascular condition and a leading cause of mortality.
An accurate and timely diagnosis of CAD is crucial for treatment. In this study, we aimed to develop a
novel stenosis detection algorithm using the YOLOv9c model to automate the detection of CAD for real-
time applications. The dataset consisted of angiographic imaging series obtained from 100 patients with
confirmed one-vessel CAD, comprising a total of 8,325 grayscale images. The YOLOv9c model was
trained, tested, and validated using the Python API for YOLO and the ultralytics library, with fine-tuning
and augmentations applied to improve detection accuracy. By automating the detection of multivessel
disease, the proposed algorithm has the potential to enhance the workflow of operators. The proposed
YOLOv9c model demonstrated superior performance in processing speed and detection accuracy,
achieving an F1-score of 0.98 and an mAP@O0.5 of 0.98, outperforming established models. The model
had a weight of 25.3M, significantly lower than others, leading to reduced training time (11 hrs), fine-
tuning time (3.5 hrs) and inference time (18 ms). Additionally, compared with SSD MobileNet V1, F1-
score and mAP@O0.5 improved by 1.36x and 1.42x, respectively. The proposed stenosis detection
algorithm represents a significant advancement in the field of cardiovascular imaging and diagnostic
algorithms. The integration of advanced algorithms in cardiovascular imaging represents a critical
aspect of optimizing diagnostic efficiency and accuracy, emphasizing the need for ongoing
advancements in medical imaging research and technology.

1. Introduction

CAD is a prevalent and life-threatening cardiovascular condition recognized as the leading cause of
mortality in both developed and developing countries [1]. It is characterized by atherosclerosis and
inflammation and leads to various clinical manifestations, such as stable angina, unstable angina,
myocardial infarction (MI), and sudden cardiac death [2]. The genetic underpinnings of CAD have been
extensively studied through genome-wide association studies (GWASs), which have identified several
robustly associated genetic variants linked to CAD susceptibility [3]. These findings underscore the
complex interplay between genetic predisposition and environmental factors in the development of CAD,
highlighting the need for comprehensive understanding and advanced diagnostic approaches to address
this multifaceted disease [2, 4].

Furthermore, the pathogenesis of CAD involves intricate cellular and molecular mechanisms, including
the reprogramming of venous cells for the formation of coronary arteries, as well as the role of
microRNAs and genetic correlates in diverse ancestral populations [5—-7]. Additionally, the identification
of risk loci for CAD and MI, such as ADAMTS7 and the ABO blood group system, has provided valuable
insights into the genetic basis of these conditions [8, 9]. The significance of coronary artery development
and anomalies, as well as the role of matrix metalloproteinases and tissue inhibitors in CAD, further
elucidate the multifaceted nature of this disease [10, 11].
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Moreover, the economic burden of CAD is substantial, with direct and indirect costs posing a significant
impact on healthcare systems and society [12]. The prevalence of asymptomatic CAD in patients with
diabetes mellitus underscores the challenges in the early detection and management of this high-risk
population [12]. Additionally, the identification of novel susceptibility loci and the role of breast arterial
calcification as a predictor of CAD risk highlight the evolving landscape of CAD research and diagnostic
paradigms [13, 14].

American health-care providers estimate that 71 million adults have at least 1 cardiovascular disease,
which accounts for 12 million cases of CAD and 5 million cases of heart failure [15]. Furthermore, as a
previous study indicated, CAD was the most popular diagnosis in emergency departments [16]. The
direct and indirect costs of CAD are about to be $3000 per patient each year in the United States of
America [17].

Coronary heart disease is the most common type of heart disease, killing 375,476 people in 2021.
Approximately 1 in 20 adults aged > 20 years have CAD (approximately 5%) [18]. In 2021, approximately 2
in 10 deaths from CAD occurred in adults younger than 65 years [19]. It has also been reported that CAD
is the principal cause of cardiovascular mortality worldwide [20]. CAD is a serious threat to societies, as
it is the leading cause of death in most countries worldwide [21]. With 13% of the deaths being due to
CAD, the 2010 Global Burden of Disease Study identified it as a modern pandemic [22].

Accurate and timely diagnosis plays a crucial role in improving outcomes for patients with CAD, a

leading cause of mortality worldwide [23]. Current methodologies in cardiovascular imaging
predominantly depend on qualitative visual evaluation and basic quantitative analyses of cardiac
structure and function. To augment the diagnostic efficacy of cardiac imaging, there is an urgent
requirement for sophisticated image analysis techniques that facilitate more exhaustive quantification of
imaging phenotypes. [24]. By leveraging these advanced techniques, we can gain deeper insights into the
pathophysiology of CAD and optimize diagnostic decision-making for better patient management and
treatment outcomes.

Object detection (OD) is a fundamental task in computer vision involving the identification and
localization of specific objects within images, videos, or real-time applications [25]. YOLO (You Only Look
Once) has emerged as a popular technology for OD in various industrial applications, enabling real-time
object detection by dividing input images into a grid and predicting bounding boxes and class
probabilities for each grid cell [26]. This approach allows for efficient and rapid object detection, as it
requires a single forward pass through the network [27]. In the context of cardiovascular diseases,
several OD algorithms have been utilized for tasks such as vessel segmentation in X-ray coronary
angiography and CAD detection using computer tomography images [28]. Notably, the YOLO algorithm
has been employed for developing deep learning-based techniques for CAD detection, demonstrating its
versatility and potential in medical imaging applications [29, 30].

Despite the widespread use of OD algorithms in cardiovascular imaging, there is a notable gap in the
literature regarding the application of YOLOV9 for coronary artery stenosis detection [31]. A recent study
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addressed this gap by leveraging the YOLOV9 algorithm to achieve a high-accuracy diagnosis of coronary
artery stenosis, demonstrating its effectiveness in comparison to similar studies [32]. This highlights the
potential of advanced OD technologies, such as YOLOV9, to enhance diagnostic capabilities for
cardiovascular conditions, emphasizing the need for further exploration and integration of cutting-edge
algorithms in medical imaging research [33, 34].

In the context of medical imaging, the application of advanced augmentation techniques, such as
mosaic augmentation, has potential for enhancing the robustness and generalizability of object
detection models in tasks such as coronary artery stenosis detection and analysis of cardiovascular
imaging data [35]. The strategic adaptation of augmentation strategies in deep learning frameworks,
including YOLOV9, reflects ongoing efforts to optimize training processes and improve the diagnostic
capabilities of medical imaging technologies [14, 36].

YOLOV9 was more successful than the previous versions. As shown in Fig. 1, YOLOV9 had better mAP>°~
95 values than did YOLOVS, YOLOv7, YOLOv6-3.0 and YOLOv5-7.0 for both parameters and FLOPs
(Floating Point Operations per second, in billions) on A100 TensorRt FP16.

However, although several studies have been performed on coronary artery stenosis detection based on
modern neural networks [38], no study has focused on object detection via YOLOVO. In this study, the
object detection technology emphasized above was utilized to achieve high-accuracy diagnosis of
coronary artery stenosis. Within this scope, the YOLO algorithm was chosen among the object detection
algorithms, and it was found to have a high accuracy rate compared to similar studies.

2. Materials and Methods
2.1 Source data

The dataset used for the present study consisted of angiographic images from 100 patients who
underwent coronary angiography performed using the CoroScope and Innova image-guided surgery
systems [39]. The patients had confirmed one-vessel CAD. The dataset includes 8,325 grayscale images
of stenotic coronary arteries labeled using LabelBox. The stenotic regions were categorized based on
size [38].

2.2 Architecture

In the YOLOV9 architecture, The Generalized Efficient Layer Aggregation Network (GELAN) and
Programmable Gradient Information (PGI) are combined to produce a novel design that greatly enhances
gradient flow and information retention. By addressing the issues of gradient reliability and information
bottleneck, this combination helps the model learn from complicated data patterns more precisely and
effectively without sacrificing any information.
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Programmable Gradient Information (PGI) includes three main components,1) main branch,2) auxiliary
reversible branch, and 3) multi-level auxiliary information. The main branch doesn’t have any updates,
while others are used to solve the problems, auxiliary reversible branch is used to solve deeping of neural
networks problems, auxiliary reversibly branch provides informations that moves from the target to the
data [37].

Generalized ELAN (GELAN) is a new network architecture created by combining two neural network
architectures, these architectures are CSPNet and ELAN [37].

2.3 Model training, testing, validation and principle

In this study, a novel Python API for YOLO was used and employed by the YOLO library to streamline the
entire workflow within a Gradient Notebook environment. The training, testing, and validating phases
were performed on a workstation with an 19-14900K CPU, 64 GB of RAM and a NVIDIA RTX A4000 GPU.
The primary objective was to construct a YOLOv9c model from the ground up utilizing the preconfigured
settings and weights provided. Subsequently, the model was fine-tuned using the recently loaded
dataset, with the model.train() method being employed.

During the training process, YOLOvV9 undergoes a series of augmentations, including mosaic
augmentation, which involves combining four images to introduce variations and occlusions, thereby
compelling the model to learn object identities in new contexts [40]. However, continuous application of
mosaic augmentation throughout the entire training regime may have a detrimental effect on prediction
accuracy. To address this, YOLOv9c was designed to terminate the mosaic augmentation process during
the final epochs of training, allowing for an optimal training pattern without compromising the overall
training performance [9, 41].

Figure 2 illustrates the general flow of principles underlying this study. The process begins with the
acquisition of primary images to be used in the outcome, accompanied by annotations. All acquired
images undergo image preprocessing to make them fully usable in subsequent processes. Following
preprocessing, the obtained data are splitted into three parts for training, testing, and validation, as
mentioned above. Subsequently, prior to the testing and prediction phase, a fine-tuning process is
applied to transfer learning, where the parameters of a pre-trained model are retrained on new data.
Finally, the detection of angiography images is tested, and predictions for angiography image outcomes
are made.

3. Results

YOLOV9s, YOLOv9m and YOLOv9c were used for preliminary analysis, and YOLOv9c was selected for
study. The size, mAP"? speed (CPU ONNX), speed (A100 TensorRT (ms), params (millions), and FLOPS
(billions) parameters are given in Table 1. The brief parameters used are given in Table 2.
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Table 1
Model features of YOLOvVO9c

Model Size(px) mAp¥al Speed Speed Params FLOPs
5095 CPUONNX(ms) A100TensorRT (M) (G)
(ms)
YOLOv9c 640 53.0 239.1 2.05 25.3 102.1
px: pixels, ms: milliseconds, M: millions, B: billions

Table 1 summarizes the model features of YOLOvOc, presenting key metrics such as size in pixels (px),
mean Average Precision on validation set (mAPval), speed in milliseconds (ms) for both CPU inference
using ONNX and A100 TensorRT, parameters in millions (M), and Floating-Point Operations (FLOPS) in
billions (G). YOLOv9c operates at a resolution of 640x640 pixels with a mAPval of 53.0. Its inference
speed is 239.1 ms on CPU using ONNX and 2.05 ms on A100 TensorRT. With 25.3 million parameters
and 102.1 billion FLOPs, YOLOv9c offers a balance between accuracy and computational efficiency for
object detection tasks. Table 2 shows brief characteristics of YOLOv9c and compared to other models
such as SSD MobileNet V1, SSD MobileNet V2, and Faster-RCNN ResNet-50 V1 which are previously
present for stenosis detection [38].

Table 2
Brief characteristics of the models

Model Inference time, mAP Weights, Model size,

ms @[0.5:0.95] Mb

M

YOLOv9c (Proposed Model) 18 52.3 25.3 49
SSD MobileNet V1 56 32 4.2 44
SSD MobileNet V2 31 22 6.1 19
SSD ResNet-50 V1 76 35 25.6 127
Faster-RCNN ResNet-50 V1 89 30 25.6 114
RFCN ResNet-101 V2 92 30 44.7 199
Faster-RCNN ResNet-101 V2 106 32 44.7 190
Faster-RCNN Inception ResNet 620 37 55.9 241
V2
Faster-RCNN NASNet 540 - 88.9 416

ms: milliseconds, M: millions, Mb: megabytes
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This table provides a concise overview of various object detection models' characteristics, focusing on
inference time, mean Average Precision (mAP) in the range of loU thresholds [0.5:0.95], weights in
millions (M), and model size in megabytes (Mb). The proposed YOLOv9c model stands out with an
inference time of 18 milliseconds and a competitive mAP of 52.3, weighing 25.3 million parameters with
a model size of 49 Mb. Compared to other models such as SSD MobileNet V1, SSD MobileNet V2, and
Faster-RCNN ResNet-50 V1, YOLOv9c offers superior performance in terms of both speed and accuracy,
making it an efficient choice for real-time object detection applications.

In this study, the proposed YOLOv9c model is utilized as an object detection algorithm aimed at
achieving high accuracy and real-time performance in detecting objects within images [42]. YOLOv9c
represents a specific variant of the YOLO model that is tailored to meet the study's objectives [43].
Additionally, the study incorporates other well-established object detection models, such as SSD
MobileNet V1, SSD MobileNet V2, SSD ResNet-50 V1, Faster-RCNN ResNet-50 V1, RFCN ResNet-101 V2,
Faster-RCNN ResNet-101 V2, Faster-RCNN Inception ResNet V2, and Faster-RCNN NASNet, each of
which offers distinct architectural features and performance characteristics [42, 44].

The utilization of SSD MobileNet V1, a lightweight convolutional neural network architecture, as the
backbone of SSD reflects the study's consideration of computational efficiency without compromising
accuracy in object detection tasks [45]. Furthermore, the upgraded version, SSD MobileNet V2,
introduces new network building blocks and optimization techniques, enhancing the performance and
efficiency of object detection [46]. Similarly, SSD ResNet-50 V1 and Faster-RCNN ResNet-50 V1 leverage
the ResNet-50 architecture, known for its effectiveness in training deep models with numerous layers, to
facilitate robust feature extraction and object detection [47, 48].

Moreover, the study incorporates Faster-RCNN ResNet-101 V2, which employs the deeper architecture of
ResNet-101 V2 to enhance feature representations, potentially improving detection performance [49].
Additionally, the combination of the Faster-RCNN framework with the Inception-ResNet V2 architecture
in Faster-RCNN Inception-ResNet V2 aims to leverage the exceptional accuracy and efficiency of
Inception-ResNet V2 in image classification tasks for object detection purposes [50]. Furthermore, the
integration of Faster-RCNN with the NASNet architecture in Faster-RCNN NASNet reflects the study's
focus on optimizing network architecture using automatically designed neural networks [51].

These models were compared with the proposed model (YOLOv9c) in the present study, aiming to
evaluate and compare their respective performances in object detection tasks. The detailed results are
given in Table 3.
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Table 3
Comparative study of the selected models.

Model Weights, Training Inference F1-score mAP@0.5
time, time,
M
hours ms

Abs. Rel. Abs.  Rel. Abs. Rel. Abs. Rel. Abs. Rel.

Proposed 25.3 6.1x 11 0.6x 18 0.4x 098 136x 098 1.42x
Model
(YOLOv9c)

SSD 4.2 1.0x 16 1.0x 43 1.0x 0.72 1.0x 0.69 1.00x
MobileNet V1

SSD 6.1 1.4x 20 1.3x 26 0.6x 0.80 1.10x 0.83 1.20x
MobileNet V2

SSD ResNet- 256  6.0x 47 3.0x 61 1.4x 0.73 1.01x 0.76  1.09x
50 V1

Faster-RCNN 25.6 6.0x 28 1.8x 98 2.3x 0.88 1.21x 0.92 1.33x
ResNet-50
V1

RFCN 447 10.5x 55 3.6x 99 2.3x 0.96 1.32x 0.94 1.36x
ResNet-101
V2

Faster-RCNN 447 10.5x% 55 3.5x 118 2.7x 0.96 1.32x 0.94 1.35x
ResNet-101
V2

Faster-RCNN 55.9 13.2x 93 6.0x 363 8.4x 094 1.30x 095 1.38x
Inception
ResNet V2

Faster-RCNN 88.9 21.0x 147 9.5x 880 20.4x 0.82 1.13x 0.84 1.22x
NASNet

YOLOvS8 . = - = . - 068 0.94x 0.65 0.94x
"Model": Names of different obj’ect detection models, "Weights (M)": Number of model weights in

millions; "Training Time (hours)": Time taken to train the model in hours; "Inference Time (ms)": Time
taken for inference or prediction per image in milliseconds; "F1-score"”

The F1-score is a metric used to assess the overall performance of a model by considering both
precision and recall simultaneously., 'mAP@0.5": Mean Average Precision (mAP) at a threshold of 0.5 is
a metric commonly used to evaluate object detection performance.

Table 3 presents a comparative study of selected object detection models, including their absolute and
relative weights in millions (M), training time in hours, inference time per image in milliseconds (ms), F1-
score, and mean average precision at a threshold of 0.5 (MAP@0.5). The proposed YOLOv9c model
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demonstrates superior performance in various aspects, including inference speed, F1-score, and
mMAP@O.5, compared to other models such as SSD MobileNet V1, SSD MobileNet V2, and Faster-RCNN
ResNet-50 V1. Additionally, the table includes YOLOv8 for reference, highlighting the improvements
achieved with YOLOvOc.

Table 4

Training parameters
Variable Values Variable Values  Variable Values
epochs 100 Irf 0.01 fl_gamma 0.0
batch_size 8 momentum 0.937 hsv_h 0.015
imgsz 640 weight_decay 0.0005 hsv_s 0.7
optimizer SGD warmup_epochs 3.0 hsv_v 0.4
workers 8 warmup_momentum 0.8 degrees 0.0
label_smoothing 0.0 warmup_bias_Ir 0.1 translate 0.1
patience 100 box 7.5 scale 0.9
freeze [0] cls 0.5 shear 0.0
save_period -1 cls_pw 1.0 perspective 0.0
local_rank -1 obj 0.7 flipud 0.0
min_items 0 obj_pw 1.0 fliplr 0.5
close_mosaic 15 afl 1.5 mosaic 1.0
bbox_interval -1 iou_t 0.2 mixup 0.15
Iro 0.01 anchor_t 5.0 copy_paste 0.3

Table 4 presents the training parameters used for the model, including values such as epochs, learning
rate factor (Irf), focal loss gamma (fl_gamma), batch size, momentum, image size (imgsz), optimizer, and
various augmentation parameters like hsv (hue, saturation, value), degrees, translation, scaling, shearing,
perspective transformation, flipping, and mixup. These parameters are essential for configuring and fine-
tuning the training process to achieve optimal performance for object detection tasks.

Table 4 provides a comparison of various object detection models based on several metrics. The models
used include the proposed model (PM), SSD MobileNet V1 [38], SSD MobileNet V2 [38], SSD ResNet-50
V1 [38], Faster-RCNN ResNet-50 V1 [38], RFCN ResNet-101 V2 [38], Faster-RCNN ResNet-101 V2 [3§],
Faster-RCNN Inception ResNet V2 [38], Faster-RCNN NASNet [38] and YOLOV8 [52]. The metrics analyzed
included the number of model weights (in millions), training time (in hours), inference time (in
milliseconds), F1 score, and mAP@0.5 (Mean Average Precision at a threshold of 0.5).
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Comparing the proposed model (PM) with the other models, we observe several noteworthy differences
that highlight the advantages of the PM in terms of object detection performance.

In terms of model weights, the PM model yields a greater weight (25.3 million) than do the SSD
MobileNet V1 (4.2 million) and SSD MobileNet V2 (6.1 million) models. This increase in weights
suggests that the PM potentially incorporates more complex and expressive features, enabling it to
capture finer details and improve detection accuracy.

Regarding training time, the PM demonstrated a training time 0.6 times shorter than that of the SSD
MobileNet V1, indicating less resource consumption in the learning process.

The inference time, which reflects the speed of object detection during runtime, shows that the PM
outperforms the SSD MobileNet V2, with an inference time of 18 milliseconds compared to 26
milliseconds. This improved inference efficiency suggests that the PM achieves real-time performance,
making it suitable for time-sensitive applications.

Moving on to the evaluation metrics, the F1-score and mAP@0.5 provide insights into the detection
accuracy of the models. The PM exhibited an F1-score of 0.98, surpassing the other models, including
the SSD MobileNet V1 (0.72) and SSD MobileNet V2 (0.80). This higher F1-score implies that the PM
achieves a better balance between precision and recall, resulting in more accurate object localization.

Similarly, the PM shows a superior mMAP@0.5 of 0.98, outperforming the SSD MobileNet V1 (0.69) and
SSD MobileNet V2 (0.83). A higher mAP@0.5 indicates that the PM excels at detecting objects with
higher precision and recall rates at the specified threshold, making it well suited for applications
demanding high detection performance.

Training was performed with the features explained in Table 4 by using 6660 images in the dataset (8325
total), and testing was performed with 832 images in the dataset. The trained images are labeled with
red rectangles, as shown in Fig. 3. After training and testing were complete, validation was performed.
Figure 4 shows the predicted stenosis and labels.

One hundred epochs were completed in 3.467 hours for fine-tuning. All of them were successfully
completed. For validation, the YOLO 2024-3-18 Python-3.12.2, torch-2.2.1 + cu118, and CUDA:0 (NVIDIA
RTX A4000, 16376MiB) was used, and the model summary is given in Table 5.

Table 5
Summary of the validation model

Class Images |Instances Box

P R mMAP@50 mAP@50-95

All 832 832 0.969 0.965 0.978 0.518
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Table 5 summarizes the validation results of the model, including metrics such as precision (P), recall
(R), mean Average Precision at loU threshold 0.5 (mAP@50), and mean Average Precision over the range
of loU thresholds from 0.5 to 0.95 (MAP@50-95). The evaluation is performed across all classes,
comprising a total of 832 images and instances. The model demonstrates strong performance, with high
precision, recall, and mAP scores, indicating its effectiveness in object detection tasks.

As shown in Fig. 5, the speed results for validation for preprocessing, inference, loss, and postprocessing
were 0.2 ms, 3.9 ms, 0.0 ms, and 1.3 ms per image, respectively.

The confusion matrix illustrated in Fig. 6 reveals interesting insights into the object detection
performance, specifically for the class "stenosis" and the background class. The number of instances
classified as "stenosis" is 820, while the background class consists of 10 instances. However, it is worth
noting that the model predicted 12 instances as background instead of correctly identifying them as
"stenosis”.

This observation highlights an important aspect of the object detection system's performance. The
misclassification of 12 instances as background indicates a potential limitation in the model's ability to
accurately differentiate between the "Stenosis” class and the background. This misclassification can
have implications in medical imaging or other applications where correctly identifying "stenosis" is
crucial.

4. Discussion

The development of a novel stenosis detection algorithm for patients with multivessel CAD represents a
significant advancement in addressing the challenges associated with accurate diagnosis and
interpretation in this complex patient population. The automation of multivessel CAD detection and
grading has the potential to streamline the workflow of operators, minimize the risk of misinterpretation,
and expedite treatment decision-making, ultimately improving patient care and outcomes.

Traditionally, the interpretation of coronary angiograms relies heavily on the expertise of operators to
identify stenosis locations and describe various aspects of the coronary vasculature, necessitating a
comprehensive understanding of vessel characteristics and stenotic segment details. In this study, the
algorithm was initially tested for detecting single-vessel CAD, serving as an initial evaluation of its
capabilities for the primary task of multivessel CAD detection. The successful application of the
YOLOv9c model in achieving remarkable performance in terms of processing speed and detection
accuracy underscores its potential for real-time detection of coronary artery stenosis and severity
grading, which is essential for accurate CAD diagnosis and treatment.

The ability to perform real-time detection and simultaneous grading of stenotic lesions in the cath-lab
significantly improves diagnostic efficiency, suggesting the potential to guide treatment decisions
without the need for additional contrast agent injections, particularly in cases where rapid interventions,
such as myocardial infarction, are crucial. By reducing the time required for accurate diagnosis, the

Page 11/23



algorithm can streamline the decision-making process, leading to faster interventions and improved
patient outcomes, particularly in critical cases.

The integration of advanced algorithms, such as YOLOv9c, in the context of multivessel CAD detection
and grading represents a significant step toward enhancing the diagnostic capabilities and efficiency of
cardiovascular imaging technologies. The potential of these advancements to improve patient care and
outcomes underscores the importance of continued research and development in the field of medical
imaging and diagnostic algorithms.

5. Conclusion

In conclusion, our study successfully developed a novel stenosis detection algorithm utilizing the
YOLOv9c model, which demonstrated exceptional performance in terms of processing speed and
detection accuracy, meeting essential criteria for efficient CAD diagnosis and treatment. The automation
of multivessel CAD detection and grading has the potential to significantly improve diagnostic efficiency,
minimize the risk of misinterpretation, and expedite treatment decision-making, ultimately benefiting
patients with multivessel CAD. Future research should focus on further validation, incorporate larger
datasets, and address potential limitations to ensure the practical implementation of the algorithm in
clinical settings.

The successful development of the stenosis detection algorithm using the YOLOv9c model represents a
significant advancement in the field of cardiovascular imaging and diagnostic algorithms. The
exceptional performance of the algorithm in terms of processing speed and detection accuracy
underscores its potential to revolutionize the diagnostic process, ultimately leading to improved patient
care and outcomes. The integration of advanced algorithms in cardiovascular imaging represents a
critical aspect of optimizing diagnostic efficiency and accuracy, emphasizing the need for ongoing
advancements in medical imaging research and technology.

Furthermore, the potential of the algorithm to streamline the decision-making process and expedite
interventions, particularly in critical cases such as myocardial infarction, highlights its significant clinical
implications. By reducing the time required for accurate diagnosis, the algorithm can lead to faster
interventions and improved patient outcomes, particularly in severe cases. The successful
implementation of the algorithm in clinical settings has the potential to significantly impact patient care
and outcomes, emphasizing the importance of continued research and development in the field of
medical imaging and diagnostic algorithms.

In summary, the development of a stenosis detection algorithm using the YOLOv9c model represents a
critical advancement in addressing the challenges associated with multivessel CAD detection and
grading. The potential of the algorithm to improve diagnostic efficiency, minimize the risk of
misinterpretation, and expedite treatment decision-making underscores its significance in the field of
cardiovascular imaging and patient care. The successful implementation of the algorithm in clinical
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settings has the potential to significantly impact patient outcomes, emphasizing the importance of
ongoing advancements in medical imaging research and technology.
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Figure 1

YOLOV9 versus state-of-the-art real-time object detectors [37].
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Flowchart of proposed framework
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Figure 3

Training batch boxes from 6660 images are illustrated in a, b, and c. Red marked rectangles show the
labeled stenosis
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Figure 4

a) The predicted stenosis is marked with a red rectangle and written as stenosis on boxes. b) The
labeled images of the original stenosis (marked as a red rectangle).
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Train and validation results for box box_loss, cls_loss and dfl_loss
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The stenosis, predicted and background confusion matrix
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