
Article Not peer-reviewed version

Experimental Assessment of YOLO

Variants for Coronary Artery Disease

Segmentation from Angiograms

Eduardo Díaz-Gaxiola , Arturo Yee-Rendón , Inés F. Vega-López , Juan Augusto Campos-Leal ,

Iván García-Aguilar , Ezequiel López-Rubio , Rafael M. Luque-Baena *

Posted Date: 30 May 2025

doi: 10.20944/preprints202505.2446.v1

Keywords: Coronary Artery Disease; Medical Image Segmentation; YOLO Architecture; Stenosis Detection;

Deep Learning in Healthcare

Preprints.org is a free multidisciplinary platform providing preprint service

that is dedicated to making early versions of research outputs permanently

available and citable. Preprints posted at Preprints.org appear in Web of

Science, Crossref, Google Scholar, Scilit, Europe PMC.

Copyright: This open access article is published under a Creative Commons CC BY 4.0

license, which permit the free download, distribution, and reuse, provided that the author

and preprint are cited in any reuse.

https://sciprofiles.com/profile/4488391
https://sciprofiles.com/profile/1758750
https://sciprofiles.com/profile/4490855
https://sciprofiles.com/profile/4488282
https://sciprofiles.com/profile/3032045
https://sciprofiles.com/profile/1549349
https://sciprofiles.com/profile/3083217


Article

Experimental Assessment of YOLO Variants for
Coronary Artery Disease Segmentation from
Angiograms
Eduardo Díaz-Gaxiola 1 , Arturo Yee-Rendón 1 , Ines F. Vega-López 1 ,
Juan Augusto Campos-Leal 1 , Ivan García-Aguilar 2,3 , Ezequiel López-Rubio2,3

and Rafael M. Luque-Baena2,3,*

1 Facultad de Informática Culiacán, Universidad Autónoma de Sinaloa, Ciudad Universitara, Culiacán, 80040, Sinaloa, México
2 ITIS Software, Universidad de Málaga, C/Arquitecto Francisco Peñalosa 18, Málaga, 29010, Spain
3 Biomedic Research Institute of Málaga, IBIMA Plataforma BIONAND, C/Doctor Miguel Díaz Recio, 28, Málaga, 29010,

Spain
* Correspondence: rmluque@uma.es

Abstract: Coronary artery disease (CAD) is one of the leading causes of mortality worldwide, un-
derscoring the importance of developing accurate and efficient diagnostic tools. This study presents
a comparative evaluation of three recent YOLO architecture versions—YOLOv8, YOLOv9, and
YOLOv11—for the tasks of coronary vessel segmentation and stenosis detection using the ARCADE
dataset. Two workflows were explored: one with original angiographic images and another incorpo-
rating Contrast Limited Adaptive Histogram Equalization (CLAHE) for image enhancement. Models
were trained for 100 epochs using the AdamW optimizer and evaluated with precision, recall, and
F1-score under a pixel-based segmentation framework. YOLOv8-X achieved the highest performance
in vessel segmentation, F1-score: 0.513, while YOLOv9-E was most effective for stenosis detection
F1-score: 0.417. Although CLAHE improved local contrast, it did not consistently enhance segmenta-
tion results and occasionally introduced artifacts that degraded model performance. Compared to
state-of-the-art methods, the YOLO models demonstrated competitive results, especially for large,
well-defined coronary segments, but showed limitations in detecting smaller or more complex patho-
logical structures. These findings support the use of YOLO-based architectures for real-time CAD
segmentation tasks and highlight opportunities for future improvement through the integration of
attention mechanisms or hybrid deep learning strategies.

Keywords: coronary artery disease; medical image segmentation; YOLO architecture; stenosis
detection; deep learning in healthcare

1. Introduction
Coronary artery disease (CAD), also known as coronary heart disease or ischemic heart disease,

is a chronic condition caused by the buildup of atherosclerotic plaques in the coronary arteries. This
accumulation reduces blood flow to the heart muscle and can lead to serious complications such as
angina pectoris, acute myocardial infarction, heart failure, or sudden cardiac death. Major risk factors
include hypertension, dyslipidemia, smoking, diabetes, obesity, physical inactivity, advanced age, and
a family history of cardiovascular disease. Despite advances in diagnosis and therapy, CAD remains
one of the leading causes of mortality worldwide [1].

To improve early detection and treatment planning, image processing has become a critical
tool in the clinical management of CAD. Advanced imaging modalities such as coronary computed
tomography angiography (CCTA), magnetic resonance imaging (MRI), intravascular ultrasound
(IVUS), and optical coherence tomography (OCT) provide high-resolution visualizations of coronary
anatomy and pathology. However, extracting clinically meaningful insights from these modalities
requires robust image processing techniques capable of handling large volumes of complex data.
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For example, CCTA is a non-invasive method widely used to visualize coronary arteries and assess
atherosclerotic plaque burden and luminal stenosis. Image processing techniques such as segmentation,
3D reconstruction, and coronary tree extraction are essential for delineating vessel boundaries and
identifying regions of interest. Automated or semi-automated segmentation algorithms, including
region-growing, active contours, and machine learning-based models, have been developed to improve
efficiency and reproducibility in clinical workflows [2,3].

Similarly, in IVUS and OCT, which offer microscopic-level resolution, image processing techniques
play a key role in characterizing plaque composition and vessel wall morphology. Methods such as
speckle noise reduction, edge detection, and texture analysis are employed to distinguish between
fibrous, lipid-rich, and calcified plaques. In addition, elastography and deep learning-based techniques
are increasingly being integrated to enhance tissue characterization and risk assessment [4].

A central component of many of these imaging applications is segmentation, a foundational step
in medical image analysis that is particularly crucial for delineating anatomical structures such as the
coronary artery lumen, vessel wall, and atherosclerotic plaques. Accurate segmentation enables the
quantitative assessment of vascular morphology, plaque burden, and luminal narrowing—metrics that
are critical for guiding therapeutic decisions such as stent placement or coronary artery bypass grafting
[5]. Traditional segmentation techniques, including thresholding, region growing, edge detection, and
active contour models, rely on predefined features and intensity gradients. Although useful in ideal
conditions, they often lack robustness in noisy or complex coronary imaging data [6], and their reliance
on manual input introduces inter-operator variability [7].

To overcome these limitations, deep learning (DL) has emerged as a transformative approach
in image segmentation. Architectures like U-Net, introduced by Ronneberger et al. [8], use en-
coder–decoder structures with skip connections to preserve spatial context while enabling detailed
segmentation. Variants such as ResUNet, Attention U-Net, and 3D U-Net have further improved
performance in cardiovascular imaging applications, showing high accuracy in segmenting coronary
arteries, lumen borders, and plaques [9] [10,11]. In modalities such as CCTA and IVUS, these networks
have also supported the characterization of plaque tissue types [12,13], while in IVUS and OCT, they
have enabled detailed analysis of vessel wall microstructure [4].

Building on these architectural innovations, new DL training strategies (such as multi-task learn-
ing and weakly supervised learning) have improved model generalization across imaging modalities
and patient cohorts [14]. These advances reduce the dependence on large annotated datasets and
enhance the applicability of DL segmentation in real-world settings. Additionally, DL-based radiomics
workflows can extract high-dimensional image features from segmented regions, transforming anatom-
ical structures into predictive biomarkers for personalized risk assessment, including the prediction of
major adverse cardiac events (MACE) [15,16].

While segmentation remains a critical tool in CAD imaging, the need for faster, real-time analysis
has catalyzed interest in object detection frameworks, particularly in dynamic or intraoperative
contexts. Emerging models based on the YOLOv8 (You Only Look Once, version 8) architecture are
helping redefine CAD analysis by detecting pathological structures directly in imaging data with high
speed and accuracy. Unlike pixel-wise segmentation, YOLOv8 uses region-based detection, allowing
it to identify features such as stenotic lesions, calcified plaques, and vessel bifurcations in a single
pass. Its anchor-free detection head, adaptive loss functions, and robust backbone architecture enable
simultaneous multi-feature detection with scalability and computational efficiency.

A notable application of this model is the DCA-YOLOv8, which integrates histogram equalization,
Canny edge detection, a Double Coordinate Attention mechanism, and a custom AICI loss function.
This framework achieved 96.62% precision and 95.06% recall in detecting coronary artery stenosis from
X-ray angiography, showing strong clinical potential [17]. Another implementation, YOLO-Angio,
employs a three-phase pipeline (including preprocessing, YOLOv8-based vessel candidate detection,
and logic-based tree reconstruction) and achieved an F1 score of 0.4289 in the ARCADE challenge,
demonstrating effectiveness in vascular segmentation from angiography [18].
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Furthermore, studies have shown that preprocessing techniques significantly affect the perfor-
mance of YOLOv8 in CAD imaging. For example, contrast enhancement, image sharpening, and
U-Net-generated binary masks have been found to markedly improve YOLOv8’s detection accuracy
in coronary angiograms [19]. These results highlight the synergistic potential of combining classical
segmentation outputs with object detection models to create hybrid frameworks that balance inter-
pretability, accuracy, and speed. As such, YOLOv8 represents a promising advance in AI-driven
cardiovascular imaging, bridging the gap between high-throughput analysis and real-time clinical
decision-making.

In this work, we present a experimental comparison of the performance of the YOLO (You
Only Look Once) architecture across the most recent versions (YOLOv8, YOLOv9, and YOLOv11)
for the task of coronary vessel segmentation and stenosis detection. The evaluation is conducted
using the ARCADE dataset, which provides a standardized benchmark for coronary artery analysis
in X-ray angiography. To further investigate factors influencing model performance, we incorporate
image preprocessing techniques in order to assess their impact on the learning process and detection
accuracy. The performance of each model will be quantitatively assessed using standard segmentation
metrics precision, recall, and F1-score, with the aim of identifying the most robust and generalizable
configuration for clinical application in coronary artery disease segmentation.

2. Materials and Methods
In this section, we describe the characteristics of the dataset used in our experiments, including

its structure, annotation format, and the clinical relevance of its contents. Additionally, we provide a
detailed explanation of the image preprocessing technique applied prior to training. Finally, we discuss
the different versions of the YOLO architecture (v8, v9, and v11) employed in this study, outlining
their structural differences, advancements in detection accuracy and speed, and the rationale behind
their selection for the task of coronary vessel classification and stenosis detection. Figure 1 show the
workflow of the experiments. We proposed two experimental configuration. In Figure1 a) we show
the base workflow. We use the base images as input data to segmentation models and obtain the final
segmentated image. In Figure1 b) show the CLAHE workflow. We apply image preprocessing to
enhance the images and help to identify objects to segmentation models, then we use the prepocessing
images as input data to segmentions models to obtain the final segmentated images.
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Figure 1. Workflow of the experiments. a) Show the base workflow and b) Show a workflow using CLAHE as
image preprocessing technique.

2.1. ARCADE Dataset

The Automatic Region-based Coronary Artery Disease Diagnostics using X-ray Angiography
Images (ARCADE) [20] dataset is a publicly available collection designed to support the development,
training, and evaluation of AI-based diagnostic tools for coronary artery disease (CAD) through the use
of X-ray coronary angiography (XCA) images. It was introduced as part of the ARCADE challenge at
the 26th International Conference on Medical Image Computing and Computer-Assisted Intervention
(MICCAI), with the objective of promoting research in automated detection and interpretation of
coronary anatomy and pathology in clinical imaging. The dataset is organized into two primary tasks,
each focusing on a critical component of CAD diagnosis:

• Coronary artery segmentation: This subset includes 1,200 XCA images, with 1,000 images des-
ignated for training and 200 for validation. Each image has been annotated according to the
SYNTAX Score methodology, a clinically validated system for evaluating coronary complexity.
The annotations divide the coronary tree into 26 anatomically defined segments, enabling fine-
grained segmentation of major vessels such as the left anterior descending (LAD), right coronary
artery (RCA), and left circumflex artery (LCX), as well as their branches.

• Stenosis detection: This subset also contains 1,200 XCA images, similarly split into 1,000 training
and 200 validation images. Annotations in this task are designed to localize and label regions
affected by atherosclerotic plaques, allowing for the classification of stenosis presence. Each
instance highlights pathologically significant lesions that impact coronary blood flow, providing
ground truth for evaluating automated diagnostic models.

In addition to the training and validation sets, Phase 2 of the ARCADE dataset includes test sets
containing 300 annotated images for each task, made available for benchmarking model performance
in blinded evaluations. All images are standardized to a resolution of 512× 512 pixels and formatted in
a consistent structure suitable for deep learning pipelines. The dataset has been carefully curated and
annotated by expert radiologists and cardiologists to ensure clinical validity and labeling consistency.
Furthermore, its design aligns with real-world diagnostic workflows, thereby enabling robust testing of
machine learning models in scenarios representative of clinical practice. As such, the ARCADE dataset
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serves as a valuable benchmark for advancing the state-of-the-art in computer-aided diagnosis, with
the potential to improve the accuracy, efficiency, and scalability of CAD screening and risk assessment
in interventional cardiology. In Figure 2 we show an example of vessel and stenosis segmentation in
ground truth of dataset.

(a) (b)

(c) (d)

Figure 2. Example of ARCADE dataset. (a) Image of Coronary artery segmentation. (c) Image of Stenosis detection.
(b)(d) Image with object segmentation marked.

2.2. Image Preprocessing

In order to ehance the vessel and highlight the object to our segmentation model, we use CLAHE.
CLAHE (Contrast Limited Adaptive Histogram Equalization) is an advanced image enhancement
technique widely used in medical image processing to improve local contrast and reveal fine structural
details in low-contrast or non-uniformly illuminated images. Unlike global histogram equalization,
which enhances contrast uniformly across the entire image, CLAHE operates locally by dividing the
image into small, non-overlapping regions called tiles and applying histogram equalization to each
tile independently. This localized processing preserves edge details and avoids over-amplification of
noise.
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To further mitigate the risk of noise amplification, CLAHE introduces a contrast-limiting mecha-
nism by clipping the histogram at a predefined threshold, known as the clip limit. The clipped pixels
are then redistributed across the histogram, ensuring that areas with uniform intensity do not become
oversaturated. After histogram equalization is applied within each tile, bilinear interpolation is used to
smoothly combine adjacent tiles, eliminating artificial boundaries and ensuring a seamless transition
across the image.

Due to its ability to enhance visibility in regions of low contrast without introducing significant
artifacts, CLAHE is particularly beneficial in medical imaging modalities such as X-ray, ultrasound,
CT, and coronary angiography, where subtle intensity differences are critical for detecting pathological
structures. Its application has been shown to improve both human interpretation and the performance
of automated systems for segmentation, classification, and feature extraction [21,22].

2.3. YOLOv8

YOLOv8 [23] is a single-stage, end-to-end deep learning architecture for object detection, instance
segmentation, and other visual tasks, developed by Ultralytics as the latest evolution in the "You Only
Look Once" (YOLO) family of models. In the context of segmentation, YOLOv8 integrates a lightweight
convolutional backbone with a decoupled head architecture, supporting instance-level segmentation
masks using a mask prediction branch alongside bounding box regression and classification. It builds
upon advancements in previous YOLO versions (e.g., YOLOv5 and YOLOv7) while introducing
architectural optimizations such as an anchor-free detection head, dynamic input shapes, and an
improved loss function tailored for segmentation accuracy and efficiency.

Unlike classical semantic segmentation networks (e.g., U-Net or DeepLab), YOLOv8 approaches
segmentation from an object-centric perspective, predicting polygonal masks for each detected instance
using a prototype-based mask representation. This allows YOLOv8 to combine the real-time inference
speed of object detectors with the fine-grained mask outputs needed for instance segmentation tasks.

YOLOv8’s segmentation capabilities have been evaluated on benchmarks such as COCO and used
in domain-specific tasks, including medical imaging and biomedical instance segmentation, demon-
strating competitive performance with significantly lower inference times compared to traditional
multi-stage pipelines.

2.4. YOLOv9

Although originally developed as an object detection framework, YOLOv9 [24] has been extended
to support image segmentation tasks through architectural adaptations and the integration of task-
specific prediction heads. In the context of semantic and instance segmentation, YOLOv9 incorporates
an additional segmentation head parallel to the detection head, enabling pixel-wise classification
while maintaining its hallmark real-time processing capabilities. The backbone architecture, enhanced
by the Generalized Efficient Layer Aggregation Network (GELAN), enables rich multi-scale feature
extraction, which is essential for capturing fine spatial details in segmentation outputs.

Moreover, YOLOv9 introduces the Programmable Gradient Information (PGI) mechanism, a novel
training strategy that adaptively emphasizes informative spatial regions during backpropagation. This
innovation improves convergence stability and enhances the model’s ability to distinguish subtle object
boundaries, making it particularly effective in domains such as medical imaging, where anatomical
structures may be small or poorly contrasted. The efficient feature aggregation enabled by GELAN
further allows YOLOv9 to perform accurate segmentation in challenging environments, including
those involving densely packed or overlapping objects.

When configured for segmentation tasks, YOLOv9 is capable of producing both binary and
multi-class masks alongside bounding box predictions, offering a unified approach to detection and
segmentation. This dual capability is highly advantageous in real-time applications that demand both
object localization and detailed region delineation—such as surgical guidance, autonomous navigation,
and pathology identification.
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2.5. YOLOv11

YOLOv11 [25] represents the most recent advancement in the YOLO object detection series,
introducing significant improvements not only in detection but also in segmentation capabilities. While
primarily developed for real-time object detection, YOLOv11 has been adapted to perform semantic
and instance segmentation through the integration of a dedicated segmentation head alongside the
standard detection pipeline. This configuration enables the model to generate high-resolution, pixel-
level masks in addition to bounding boxes, making it suitable for tasks that require both spatial
localization and detailed object delineation.

One of the key innovations in YOLOv11 is the incorporation of a lightweight Vision Transformer
(ViT) module into its backbone, which enhances the model’s ability to capture global contextual
information across the image. This transformer-based attention mechanism, combined with traditional
convolutional layers, improves segmentation accuracy by enabling the network to model long-range
dependencies—especially valuable in complex segmentation tasks such as those in medical imaging or
remote sensing.

Furthermore, YOLOv11 continues to refine training efficiency through multi-resolution feature
fusion and enhanced data augmentation strategies, allowing for better generalization across varying
image scales and qualities. The segmentation head in YOLOv11 benefits from precise multi-scale
feature aggregation, enabling robust detection of fine structures such as blood vessels, lesions, or
boundaries of overlapping objects.

When applied to segmentation, YOLOv11 outputs class-specific segmentation masks at high
speed, making it ideal for real-time applications like intraoperative imaging, smart surveillance, and
automated visual inspection. Its unified architecture allows simultaneous training of detection and
segmentation tasks, leading to improved performance without sacrificing inference speed.

3. Results
We conducted experimentation using the ARCADE dataset to train models for segmenting vessel

and train models to segmentate stenosis. The experiments were conducted using a computer with an
Intel Xeon W-2133 processor, 32GB of RAM, and an NVIDIA GeForce GTX 1080 graphics card. The
system ran on Ubuntu 18.04 operating system, and the CUDA toolkit 10.0 library was utilized.

3.1. Performance Measurements

The models were evaluated using three statistical metrics: precision (1), recall (2) and F1-score.

Precision(P) =
TP

TP + FP
(1)

Recall(R) =
TP

TP + FN
(2)

F1 − score =
2 × (P × R)

P + R
(3)

TP corresponds to true positives (there was a object and it was correctly segmentated), FP false positives
(there was no object but the model segmentate it as object), and FN false negatives (the model did
not segmentate a object in the image). Precision is a measure to know how manny object the model
segmentate correctly to all the objects that it segmentates. Recall is a measure to know how many
objects the model segmentate compared to the total number of object. F1-score is a measure to combine
Precision and Recall to know the average performance of the model in both measures.

3.2. Metric Based Analysis of YOLO Architectures for Segmentation

We trained the YOLOv8, YOLOv9, and YOLOv11 models for 100 epochs using a batch size of
4. The training was performed using the AdamW optimizer with a learning rate of 0.0003 and a
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momentum value of 0.9. To leverage prior knowledge, we initialized the models with pretrained
weights from the COCO dataset.

For model validation, we used YOLO’s built-in val function, evaluating performance with an
Intersection over Union (IoU) threshold of 0.5. This means that a predicted region is considered correct
if it overlaps with the ground truth by at least 50%, allowing us to assess the segmentation accuracy
under standard evaluation criteria.

Table 1 present the result of the different segmentation models trained with base workflow and
CLAHE workflow. The experimental results using the ARCADE dataset provide valuable insights into
the performance of YOLOv8, YOLOv9, and YOLOv11 in multi-class segmentation tasks, both with
and without CLAHE as an image preprocessing technique. Overall, performance across all models
and configurations indicates that segmentation quality is highly dependent on the specific class, the
number of instances, and the anatomical relevance of each coronary segment.

Table 1. Comparison of different YOLO version with base and CLAHE workflow.

Base workflow CLAHE workflow

YOLOv8-X YOLOv9-E YOLOv11-X YOLOv8-X YOLOv9-E YOLOv11-X
Class Images Instances P R F1 P R F1 P R F1 P R F1 P R F1 P R F1

stenosis 300 386 0.315 0.427 0.363 0.367 0.484 0.417 0.315 0.521 0.393 0.328 0.433 0.373 0.359 0.415 0.385 0.374 0.378 0.376
Vessel 300 1672 0.495 0.533 0.513 0.460 0.548 0.500 0.506 0.514 0.510 0.458 0.507 0.481 0.477 0.528 0.501 0.469 0.456 0.462
1 100 100 0.642 0.870 0.739 0.608 0.770 0.679 0.676 0.860 0.757 0.667 0.800 0.727 0.716 0.850 0.777 0.706 0.850 0.771
2 100 100 0.645 0.920 0.758 0.690 0.820 0.749 0.638 0.830 0.721 0.681 0.850 0.756 0.701 0.845 0.766 0.689 0.810 0.745
3 100 100 0.691 0.800 0.742 0.682 0.820 0.745 0.677 0.839 0.749 0.746 0.790 0.767 0.718 0.840 0.774 0.649 0.740 0.692
4 92 92 0.722 0.674 0.697 0.685 0.707 0.696 0.725 0.744 0.734 0.648 0.674 0.661 0.690 0.641 0.665 0.742 0.652 0.694
5 195 195 0.879 0.856 0.867 0.879 0.815 0.846 0.920 0.795 0.853 0.876 0.810 0.842 0.853 0.832 0.842 0.867 0.810 0.838
6 188 188 0.769 0.771 0.770 0.786 0.787 0.786 0.758 0.766 0.762 0.792 0.727 0.758 0.763 0.752 0.757 0.799 0.755 0.776
7 83 83 0.650 0.831 0.729 0.655 0.904 0.760 0.738 0.735 0.736 0.558 0.729 0.632 0.632 0.827 0.716 0.632 0.831 0.718
8 80 80 0.614 0.713 0.660 0.598 0.688 0.640 0.627 0.631 0.629 0.610 0.637 0.623 0.530 0.750 0.621 0.639 0.650 0.644
9 66 66 0.308 0.485 0.377 0.316 0.515 0.392 0.350 0.408 0.377 0.331 0.470 0.388 0.349 0.530 0.421 0.378 0.394 0.386
9a 35 35 0.443 0.387 0.413 0.372 0.524 0.435 0.488 0.343 0.403 0.438 0.513 0.473 0.573 0.575 0.574 0.381 0.314 0.344
10 14 14 0.417 0.286 0.339 0.355 0.276 0.311 0.777 0.357 0.489 0.447 0.290 0.352 0.278 0.249 0.263 0.474 0.214 0.295
11 118 119 0.819 0.916 0.865 0.743 0.874 0.803 0.781 0.929 0.849 0.806 0.882 0.842 0.773 0.908 0.835 0.766 0.881 0.819
12 15 15 0.126 0.400 0.192 0.126 0.400 0.192 0.086 0.267 0.130 0.155 0.533 0.240 0.134 0.467 0.208 0.082 0.267 0.125
12a 23 23 0.114 0.304 0.166 0.075 0.315 0.121 0.106 0.348 0.163 0.093 0.348 0.147 0.108 0.435 0.173 0.084 0.217 0.121
13 110 110 0.477 0.591 0.528 0.565 0.655 0.607 0.531 0.664 0.590 0.499 0.518 0.508 0.509 0.518 0.513 0.545 0.491 0.517
14 67 67 0.504 0.313 0.386 0.512 0.493 0.502 0.506 0.413 0.455 0.508 0.358 0.420 0.545 0.287 0.376 0.504 0.197 0.283
14a 27 27 0.349 0.148 0.208 0.251 0.111 0.154 0.465 0.148 0.225 0.107 0.037 0.055 0.198 0.037 0.062 0.000 0.000 0.000
15 11 11 0.052 0.091 0.066 0.054 0.091 0.067 0.064 0.091 0.075 0.072 0.091 0.080 0.067 0.091 0.077 0.140 0.091 0.110
16 88 88 0.775 0.693 0.732 0.643 0.635 0.639 0.674 0.727 0.699 0.624 0.602 0.613 0.702 0.659 0.680 0.736 0.632 0.680
16a 24 24 0.225 0.254 0.239 0.284 0.333 0.307 0.330 0.167 0.222 0.219 0.292 0.250 0.380 0.292 0.330 0.335 0.208 0.257
16b 24 24 0.513 0.571 0.540 0.404 0.583 0.477 0.406 0.542 0.464 0.498 0.542 0.519 0.358 0.417 0.385 0.362 0.417 0.388
16c 25 25 0.521 0.200 0.289 0.232 0.240 0.236 0.210 0.160 0.182 0.224 0.105 0.143 0.340 0.240 0.281 0.216 0.080 0.117
12b 49 49 0.463 0.347 0.397 0.384 0.490 0.431 0.380 0.306 0.339 0.246 0.327 0.281 0.339 0.324 0.331 0.385 0.256 0.308
14b 36 37 0.172 0.378 0.236 0.142 0.297 0.192 0.224 0.270 0.245 0.142 0.243 0.179 0.204 0.297 0.242 0.145 0.189 0.164

For the stenosis class, which represents a critical target in CAD diagnosis, YOLOv9 achieved the
highest F1-score 0.417 under the base condition, outperforming both YOLOv8 0.362 and YOLOv11
0.393. However, when CLAHE preprocessing was applied, none of the models demonstrated a
consistent improvement; in fact, YOLOv9’s F1-score declined to 0.385, while YOLOv11 dropped
slightly to 0.376. These results suggest that although CLAHE may enhance local contrast, it does not
necessarily improve the detection of complex pathological structures such as stenoses—possibly due
to the increased noise or artificial edges introduced during preprocessing.

In terms of overall vessel segmentation, performance remained relatively stable across models
and conditions, with F1-scores consistently around 0.50. YOLOv9 base: 0.500 and YOLOv11 base: 0.510
showed slight advantages over YOLOv8, but CLAHE preprocessing did not significantly enhance
results, indicating that vessel detection is already well-optimized in these models and less sensitive to
contrast enhancement techniques.

When examining individual vessel segments, large and clearly defined classes (e.g., classes 1 to
6) exhibited consistently high F1-scores across all models (often >0.70), with only minor differences
between base and CLAHE conditions. For instance, class 1 achieved F1-scores up to 0.77 with YOLOv11
and CLAHE, confirming the robustness of all three models in segmenting major coronary structures.
In contrast, smaller or less frequent segments, such as classes 12, 14a, and 16c, had notably lower F1-
scores, often below 0.30. These low values reflect the inherent difficulty in detecting small, irregularly
shaped regions, particularly in datasets with limited instances.
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Notably, CLAHE preprocessing produced mixed effects across models and classes. While it
slightly improved F1-scores in some low-contrast regions for YOLOv8 and YOLOv9 (e.g., classes 9a
and 16a), it also led to decreased performance in others, including stenosis and class 13. YOLOv9,
which incorporates the PGI training mechanism, appeared especially sensitive to preprocessing: its
performance improved in cases where edge contrast was enhanced but tended to decline when CLAHE
introduced non-informative artifacts or excessive contrast normalization.

YOLOv11 consistently demonstrated strong performance across most classes under both pre-
processing conditions, indicating higher generalizability and robustness. For example, class 11 (a
region with 119 instances) achieved an F1-score of 0.849 base and 0.842 CLAHE, showing minimal
variation and suggesting that YOLOv11 is less reliant on preprocessing enhancements to achieve
optimal performance.

3.3. Visual Analysus of YOLO Mode Predictions

To complement the quantitative evaluation of model performance, this section presents a visual
analysis of the segmentation results produced by the different YOLO-based architectures. Visual
inspection of model predictions provides valuable insight into the spatial accuracy and morphological
coherence of the segmented structures, particularly in clinical tasks such as coronary vessel delineation
and stenosis detection. By comparing the outputs of each model with the annotated ground truth
under different preprocessing conditions, it is possible to assess the models’ ability to generalize across
image variations and to identify specific strengths or limitations that may not be fully captured by
numerical metrics alone.

Figure 3 presents segmentation results on the ARCADE dataset using three different YOLO-based
models under two distinct workflows: the base pipeline (top row) and a pipeline enhanced with
CLAHE preprocessing (bottom row). In the base workflow, YOLOv8-X (Figure 3(b)) captures the
main vascular structures but misses several finer branches, particularly in distal regions. YOLOv9-E
(Figure 3(c)) exhibits enhanced sensitivity in detecting vessel structures, particularly in challenging
or low-contrast regions. Notably, it is the only model among the three that successfully identifies
the vessel segment located in the bottom-center region of the image. However, despite this correct
localization, the segment is misclassified, indicating limitations in the model’s class discrimination
capabilities. Moreover, YOLOv9-E tends to produce a higher number of false positives compared to the
other models, which negatively impacts the overall segmentation precision. This suggests that while
the model is effective in capturing subtle vascular structures, further refinement is needed to improve
its specificity and reduce erroneous detections.YOLOv11-X (Figure 3(d)) shows the most faithful
reproduction of the ground truth among the base models, offering better continuity and coverage of
vessel bifurcations. When applying CLAHE preprocessing, a noticeable improvement is observed
across all models. YOLOv8-X (Figure 3(f)) exhibits enhanced vessel continuity and more complete
segment detection compared to its base counterpart. But continue to misclassified some zones that
was correctly segmented. If the classifier of the YOLOv9-E could be improve, this can improve the
metrics. Notably, YOLOv11-X (Figure 3(h)) delivers the most accurate segmentation overall, closely
aligning with the annotated ground truth and effectively capturing complex vascular morphologies.
These findings suggest that CLAHE significantly enhances model performance by improving vessel
visibility in angiographic images, particularly in cases where vessel contrast is low or spatial resolution
is limited.
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(a) Ground truth (b) YOLOv8-X (c) YOLOv9-E (d) YOLOv11-X

(e) Ground truth CLAHE (f) YOLOv8-X (g) YOLOv9-E (h) YOLOv11-X

Figure 3. Visual example of the model predictions for the vessel class. The first row ((a), (b), (c), (d)) shows the
results obtained using the base workflow, while the second row ((e), (f), (g), (h)) presents the results obtained
using the CLAHE-enhanced workflow.

A similar trend is observed in the results for the stenosis class, as shown in Figure 4. Here, the
three YOLO-based models were also evaluated under both the base and CLAHE-enhanced workflows.
In the top row, YOLOv8-X (Figure 4(b)) detects stenotic regions with moderate accuracy but misses
portions of the ground truth, resulting in partial segmentation. YOLOv9-E (Figure 4(c)) exhibits lower
sensitivity, capturing only a small fraction of the stenotic segments. YOLOv11-X (Figure 4(d)) improves
upon previous models by identifying a greater extent of the target regions, yet still fails to fully match
the reference annotations shown in Figure 4(a). When CLAHE preprocessing is applied, a marked
improvement is observed across all models. YOLOv8-X (Figure 4(f)) shows increased alignment with
the ground truth (Figure 4(e)), suggesting enhanced contrast allows for better localization of stenotic
lesions. YOLOv9-E (Figure 4(g)) achieves more complete and accurate segmentations compared
to its base counterpart, while YOLOv11-X (Figure 4(h)) delivers the most precise and continuous
detection, closely resembling the ground truth. These results confirm the positive impact of CLAHE
preprocessing in improving segmentation performance, not only for vascular structures but also for
more localized pathological features such as stenosis. The consistent benefit across both classes and all
model variants reinforces the robustness of CLAHE as a preprocessing strategy in angiographic image
analysis.
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(a) Ground truth (b) YOLOv8-X (c) YOLOv9-E (d) YOLOv11-X

(e) Ground truth CLAHE (f) YOLOv8-X (g) YOLOv9-E (h) YOLOv11-X

Figure 4. Visual example of the model predictions for the stenosis class. The first row ((a), (b), (c), (d)) shows the
results obtained using the base workflow, while the second row ((e), (f), (g), (h)) presents the results obtained
using the CLAHE-enhanced workflow.

3.4. Comparison with State-of-Art Propposals

In order to evaluate YOLO models, we conducted a review of the state of the art to position
our proposal relative to existing approaches. For this comparison, we selected the best-performing
configurations in terms of F1-score: YOLOv8-X base for vessel segmentation, and YOLOv9-E base for
stenosis segmentation. The Table 2 presents a comparative analysis against various proposals in terms
of Precision, Recall, and F1-score.

Table 2. Performance comparison of our best solution in Precision, Recall and F1-score with state-of-art methods

Author Task Model P R F1-score
Tran et al. [26] Vessel YOLOv8-X 0.480 0.560 0.520
Our proposal Vessel YOLOv8-X 0.495 0.533 0.513
Mlynarski et al. [19] Vessel YOLOv8-X 0.530 0.450 0.490
Our proposal Stenosis YOLOv9-E 0.367 0.484 0.417
Mlynarski et al. [19] Stenosis YOLOv8-X 0.360 0.450 0.400

In the stenosis detection task, our proposal based on YOLOv9-E achieved an F1-score of 0.417,
with a precision of 0.367 and recall of 0.484. While this performance remains moderate in the context
of the current state of the art, it represents a clear improvement over the baseline YOLOv8-X model
reported by Mlynarski et al., which attained an F1-score of 0.400. These results suggest that YOLOv9-E
introduces beneficial architectural enhancements that improve learning dynamics and generalization,
particularly in challenging pathological scenarios. Nevertheless, additional optimization will be
necessary to reach the performance levels demonstrated by more specialized segmentation models.

In the vessel segmentation task, the best-performing method in terms of F1-score is from Tran et
al. using YOLOv8-X, achieving an F1-score of 0.520, with relatively balanced precision and recall. The
implementation of YOLOv8-X for vessel segmentation yielded an F1-score of 0.513, with a slightly
improved precision 0.495 compared to Tran et al., with recall slightly lower at 0.533 compared to 0.560.
This result demonstrates competitive performance and confirms the reproducibility and robustness
of YOLOv8-X across different experimental setups. Moreover, our results outperform those from
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Mlynarski et al. for the same model, who reported an F1-score of 0.490, indicating the effectiveness of
our preprocessing or training strategies.

4. Discussion
The experimental results in this study highlight the practical strengths of YOLO-based architec-

tures for coronary artery disease imaging. In particular, YOLOv8 and YOLOv9 offer a compelling
balance between computational efficiency and segmentation accuracy, which is crucial for clinical
applications requiring fast inference times, such as real-time angiography analysis.

While YOLO models showed high precision, they also exhibited limited recall compared to
transformer-based and region-based methods. This suggests a tendency to miss subtle or ambiguous
structures, particularly in complex imaging scenarios or when plaque boundaries are indistinct. This
behavior underscores a fundamental trade-off in object detection frameworks between specificity and
sensitivity.

The role of image preprocessing (especially CLAHE) was found to be task and model dependent.
Although CLAHE can enhance local contrast and reveal vessel boundaries, it may also introduce non-
informative artifacts or edge noise that confound models during training. This effect was particularly
evident in the segmentation of small or irregular stenotic regions, where models like YOLOv9-E
showed sensitivity to contrast enhancement but no consistent performance gains.

Furthermore, architectural differences among YOLO versions revealed varying degrees of robust-
ness. YOLOv11, for instance, maintained stable performance across most tasks and preprocessing
conditions, likely due to its incorporation of transformer-based attention and improved feature fusion
mechanisms. In contrast, YOLOv9 benefited from novel training mechanisms like PGI, but remained
more sensitive to preprocessing effects.

In summary, the discussion of findings emphasizes that while YOLO-based models are highly
promising for CAD segmentation, further improvements in recall and robustness may require ar-
chitectural enhancements—such as multiscale decoding, attention mechanisms, or task-specific loss
functions—to achieve performance levels comparable to more advanced segmentation approaches.

5. Conclusion
This study presents a comparative evaluation of the latest versions of the YOLO architecture

(YOLOv8, YOLOv9, and YOLOv11) applied to coronary vessel segmentation and stenosis detection
using the ARCADE dataset. The results demonstrate that YOLO-based architectures are viable
for medical segmentation tasks in real-time processing environments, showing particularly strong
performance in the segmentation of major coronary vessels.

YOLOv8-X proved to be the most effective model for vessel segmentation, achieving an F1-score
of 0.513, while YOLOv9-E delivered the best performance for stenosis detection. Although these results
are competitive with previous YOLO-based methods, there is still room for improvement, particularly
in the detection of subtle pathological features. This may be addressed by incorporating architectural
strategies capable of capturing broader spatial context, such as attention mechanisms or region-focused
segmentation techniques.

The application of CLAHE preprocessing showed mixed effects on model performance, suggesting
that while it may improve local contrast, it can also introduce noise or artificial edges that hinder the
detection of complex structures such as stenoses.

Overall, the findings indicate that recent YOLO versions offer an effective and efficient tool for au-
tomatic segmentation in coronary angiography, particularly in clinical scenarios where inference speed
is critical. Future work could focus on integrating attention mechanisms or hierarchical segmentation
strategies to narrow the performance gap with state-of-the-art architectures and improve detection of
small or low-contrast pathological regions.
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