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Abstract: Cardiac region detection is a critical task for the diagnosis and management of car-
diovascular diseases (CVDs), where precise identification of key areas, including the left ventricle
(LV), right ventricle (RV), and myocardium (MYO), from cardiac magnetic resonance (CMR) images
is essential. This study presents a comprehensive performance analysis of various YOLO (You
Only Look Once) deep learning models, including YOLOv5, YOLOvVS8, YOLOV9, and YOLOV10, for the
automatic detection of these cardiac regions. The dataset utilized comprises 2D images derived
from 3D MRI scans, segmented into training and testing sets. The models were evaluated based
on standard metrics such as precision, recall, and mean average precision (mAP). Results indicate
that YOLOvS5| achieved the highest precision of 99.11%, while YOLOV5s recorded the best recall at
97.99%. The findings demonstrate that smaller models, such as YOLOv5n and YOLOv9t, exhibited
superior precision despite their reduced computational requirements. The analysis suggests
that model size does not always correlate with performance, highlighting the potential of lighter
models for real-time applications in clinical settings.
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1. Introduction

Cardiovascular diseases (CVDs) remain a leading cause
of morbidity and mortality worldwide, with cardiomyop-
athies and other cardiac abnormalities playing a major
role in their prevalence. (Banerjee & Annamalai, 2024;
Yasmin et al., 2021; Zakariah & AlShalfan, 2020). Accurate
evaluation of cardiac structures, including the myocardi-
um, left ventricle (LV), and right ventricle (RV), is essential
for diagnosing and monitoring cardiovascular conditions
such as heart failure, myocardial infarction, and valve
abnormalities. (Subha et al., 2024). Cardiac magnetic res-
onance (CMR) is preferred among the available imaging
modalities for its superior image quality and comprehen-
sive cardiac coverage. (Zakariah et al., 2020). Detecting
and analyzing these key cardiac regions in CMR images
is vital for assessing heart function and guiding clinical
decisions.

The image acquisition technique for cardiac MRI may
not always result in adequate image quality due to the
motion of the patient throughout the scan, the capabil-
ity of the MR equipment to focus on the right region, or
the patient’s arrhythmia (Karakamis et al., 2021). Cardiac
MRl images pose various obstacles to researchers in iden-
tifying CMR regions, including increased noise, intensity
inhomogeneity, and partial volume effects. The volume
of a complex topological structure, with significant varia-
tion between distinct slices (Zakariah et al., 2020). Heart
abnormalities can be identified from MRI images of the
heart by analyzing important areas or parts of the heart,
including the Myocardium (MYO), Left Ventricle (LV), and
Right Ventricle (RV). Cine imaging allows precise visualiza-
tion of global and localized myocardial function, and LV
contouring of the myocardium at distinct cardiac phases
can provide a detailed estimate of ejection fraction. (Situ
et al., 2020).

Advances in artificial intelligence (Al) and computer
vision have led to the development of more efficient and
accurate techniques for detecting cardiac structures,
with deep learning models emerging as powerful tools
for this task. One such model, You Only Look Once (YOLO)
(Redmonetal., 2016), is widely recognized for its real-time
object detection capabilities and high accuracy. A similar
study by Kermani et al. ( developed a technique dubbed
NF-RCNN that employs MRI data to identify anomalies in
the heart ventricle’s right wall. In the meantime, Chen
et al. (2024) employed a variant of YOLOv4-DenseNet to
identify ventricular septal defects in ultrasonic images,
and Alsanea & Dutta (2024) used DenseNet161 as a clas-
sifierand YOLOVT for feature extraction to identify cardiac

anomalies. In this study, various versions of YOLO were
employed to detect important parts of the cardiac, such
as the myocardium, LV, and RV in CMR images. By com-
paring the performance of different YOLO versions, this
research aims to improve detection accuracy and opti-
mize system performance, providing cardiologists with
more precise information for diagnosing and assessing
heart conditions.

2. Related Work

The development of deep learning technology, such as
object detection, has gained significant interest across
multiple computing domains as a key task of computa-
tional vision.

Diagnosis of myocarditis using cardiac magnetic res-
onance imaging (CMRI) is challenging due to the low
contrast of the images. A deep learning-based comput-
er-aided diagnostic system (CADS) utilizing transformer
models offers significant improvements in accuracy. The
proposed CADS follows a series of steps, including data
selection, preprocessing, feature extraction, classifi-
cation, and post-processing. The preprocessing phase
involves denoising, resizing, and applying data aug-
mentation techniques such as CutMix and MixUp. This
approach achieved a 99.73% accuracy in detecting myo-
carditis. (Wamil et al., 2022). In this study, only one part of
the cardiac system, which is the myocardium, is studied
to diagnose myocarditis.

This study investigates the use of a 3D convolution-
al neural network (CNN) combined with a salient region
detection model to enhance the accuracy of cardiovas-
cular magnetic resonance (CMR) imaging, specifically for
ensuring complete cardiac coverage, which is critical for
accurate volumetric and functional assessments. The
salient region detection model applies a three-step al-
gorithm to extract key regions from short-axis cine CMR
stacks, effectively reducing false negatives. Tested on a
dataset of over 6,200 participants from the UK Biobank,
the model outperformed previous approaches, improv-
ing the accuracy of detecting basal and apical slices. The
baseline model’s accuracy in identifying these slices in-
creased from 96.25% to 96.88% for basal slices and from
94.51% to 95.72% for apical slices after integrating the
salient region detection model. This improvement high-
lights the model’s potential to enhance image-quality
control in large-scale population datasets and to enable
real-time post-imaging assessments. (Nabavi et al., 2022).
The increase in slice identification still needs further im-
provement, because both the basal (upper part near the
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atria) and apical (lower tip) slices are critical for accu-
rate volumetric and functional measurements, which
are essential for diagnosing various cardiac conditions.
Misidentification or incomplete coverage of these slices
can result in inaccurate assessment of the heart’s overall
performance, especially for calculating ejection fraction,
cardiac output, and chamber volumes.

(Ahmad et al., 2023) created a fully automated pipeline
forsegmentingtherightventricle (RV), myocardium (MYO),
and left ventricle (LV) using short-axis CMRI sequence
images. The approach introduces a dilated residual net-
work (DRN) that captures features at full resolution in the
UNet’s bottleneck layer, enhancing both spatial and tem-
poral information while preserving localization accuracy.
To mitigate overfitting and address class imbalance, it
employed data augmentation techniques. Additionally,
pixel-wise outputs from each expanding path are com-
bined to enhance the training response. The proposed
method for the automatic cardiac diagnostic challenge.
The test set comprises 50 patient records. The model con-
structed attained an overall Dice Similarity Coefficient
(DSC) of 0.924 + 0.03, 0.907 + 0.01, and 0.949 + 0.05 for
RV, MYO, and LV, respectively. We found Hausdorff dis-
tance (HD) scores of 10.09 + 0.01, 7.25 + 0.05, and 6.86
+0.02 mm for RV, MYO, and LV, respectively. The results
demonstrate outstanding performance, outperforming
cutting-edge approaches in terms of accuracy and achiev-
ing expert-level segmentation. As a result, the total DSC
and HD scores improved by 1.0% and 1.5%, respectively.

Alsanea & Dutta (2024) introduced a deep learning
approach that combines YOLOV7 with DenseNet161 to de-
tect cardiovasculardiseasesin radiographicimages. Their
model achieved an accuracy of 98.5% and a sensitivity of
97.8%, demonstrating its robustness in identifying car-
diovascular abnormalities. This work integrates YOLOVT’s
real-time detection capabilities with DenseNet161’s fea-
ture-extraction efficiency, offering a solution suitable
for clinical applications that require both precision and
speed.

(Chen et al, 2021) developed a modified
YOLOv4-DenseNet algorithm for detecting ventricular
septal defects in ultrasound images. This model achieved
a mean Average Precision (mAP) of 92.3% and an F1 Score
of 0.88, outperforming existing methods on this task. The
integration of DenseNet with YOLOv4 enabled enhanced
feature extraction and object detection, making it a valu-
able tool for accurate diagnosis of ventricular defects in
clinical settings.

In their study, Farea Shaaf et al. (2023) utilized Faster
R-CNN to detect the left ventricular cavity in cardiac MRI
images. The model achieved high performance, with a
precision of 94%, a recall of 95%, and an F1 Score of 0.95,
demonstrating its ability to localize and identify complex
cardiac structures. This research highlights the effective-
ness of region-based convolutional neural networks for
medical imaging segmentation tasks.

(Kermani et al., 2020) proposed the NF-RCNN mod-
el for localizing the heart and detecting right ventricle
wall abnormalities in cardiac MRI scans. Their approach
yielded a Dice Similarity Coefficient (DSC) of 0.93, demon-
strating its ability to segment and identify abnormalities
in challenging MRI datasets accurately. This work empha-
sizes the potential of region-based neural networks for
precise segmentation of cardiac structures and detection
of abnormalities.

(Leeetal.,2022) applied YOLOvV5 with data preprocess-
ing techniques for cardiac detection tasks, focusing on
identifying critical cardiac areas from MRI images. Their
model demonstrated a precision of 90.2% and a recall of
88.7%, highlighting its capability for real-time detection
of cardiac abnormalities. This study underscores the util-
ity of YOLOV5’s real-time object detection framework in
medical imaging applications, particularly when prepro-
cessing is applied to enhance detection accuracy.

3. Method

3.1 Cardiac Region Detection and Dataset

This study focuses on detecting three critical regions of
the heart, namely the Left Ventricle (LV), the Right Ven-
tricle (RV), and the Myocardium (MYO) from Magnetic
Resonance Imaging (MRI) scans. The detection task was
performed using the state-of-the-art YOLOv5 model.
(Jocheret al., 2022), YOLOVS (Jocher et al., 2023), YOLOV9
(C.-Y. Wang & Liao, 2024) and the latest YOLOv10 (A. Wang
etal., 2024).

The dataset used in this study was derived from 3D MRI
images obtained from the Automated Cardiac Diagnosis
Challenge (ACDC), which were subsequently random-
ly sampled into 2D images. The final dataset comprises
2,107 images. To ensure robustness, Table 1 shows that
the dataset was randomly shuffled and then divided into
training and testing subsets, with the training dataset
consisting of 1,648 images and the testing dataset con-
taining 459 images.
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Table 1. Dataset.

Annotation
Dataset Total
LV RV MYO
Training 1,648 1,384 1,640 1619
Testing 459 429 454 452

3.2 YOLO Algorithm

The You Only Look Once (YOLO) algorithm, introduced by
Redmon et al. (2016), is a fast and efficient method for
real-time object detection. Instead of analyzing different
parts of an image in isolation, YOLO processes the entire
image atonce usinga convolutional neural network (CNN).
It divides the image into a grid, where each cell predicts
bounding boxes and confidence scores for objects. The
output includes the box coordinates, confidence scores,
and class probabilities. This approach allows YOLO to pro-
cess up to 45 frames per second, making it highly effective
for applications such as autonomous driving and surveil-
lance while maintaining high accuracy.

Since its inception, YOLO has undergone several it-
erations, including YOLOv5, YOLOv8, YOLOV9, and the
latest YOLOV10, each version introducing enhancements
in speed, accuracy, and robustness. These improvements
have focused on better feature extraction, improved
small-object detection, adaptive anchor boxes, and ad-
vanced data augmentation techniques, solidifying YOLO’s
position as a leading choice in object detection.

YOLOVS5 is known for balancing detection accuracy
and speed. It uses a Convolutional Neural Network (CNN)
for feature extraction and an anchor-based detection
approach. In YOLOv5, anchor boxes are used to detect
objects at different scales. The model optimizes the Inter-
section over Union (loU) for localization accuracy, where
A and B are the areas of the predicted and ground-truth
bounding boxes in Equation (1).

IoU = 408 (1)

In Equation (2), the total loss L in YOLOVS5 includes object-

ness, classification, and localization losses where Lob].,

L. and L, represent the objectness, classification, and
localization losses.
L= 60bjLObj + 5clchls + 6locLloc (2)

YOLOV8 enhances YOLOVS5 by introducing a Cross-Stage
Partial Network (CSPNet) to improve gradient flow and
reduce computational cost during feature extraction.
CSPNet improves efficiency by partitioning feature
maps into two paths, allowing gradients to flow more

efficiently through the network, reducing computational
load. YOLOv8 dynamically adjusts its loss components in
(3) where a and  are adjusted during training for better
optimization.

Ladaptive = aLcls + BLloc (3)

YOLOv9 introduces the Generalized Efficient Layer Aggre-
gation Network (GELAN), a novel way to combine spatial
information at multiple scales. This architecture enables
multi-scale spatial pooling and efficient layer aggrega-
tion, improving feature learning for object detection.
The total loss in YOLOV9 includes a new term L_,,, that
accounts for the layer aggregation as computed in (4).
This term enhances learning across different feature map

scales.
L= Lcls + Lloc + Lgelan (4)

YOLOV10 eliminates the need for Non-Maximum Suppres-
sion (NMS), reducing inference time while maintaining
accuracy. This is achieved through dual label assign-
ments, where the model performs one-to-one matching
during inference and one-to-many matching during train-
ing. This method improves detection efficiency without
the computational burden of traditional post-processing
as calculated in (5).

L= Loneftofone + Loneftofmany (5)

In this study, we focused on newer YOLO models (YOLOv5
to YOLOV10) for detecting cardiac regions, given their ad-
vancements in computational efficiency and accuracy.
Earlier models, such as YOLOv2, YOLOv3, and YOLOv4,
though foundational in object detection, were not in-
cluded in the comparison. These earlier models often
featured larger sizes and higher computational demands
than some newer variants, making them less suitable for
real-time applications.

3.3 Metrics

Each model (YOLOv5, YOLOvVS, YOLOV9, YOLOV10) was
trained and evaluated on MRI scans for cardiac region
detection, where the following metrics were used in
Equations (6)-(9):

.« _ TP
Precision = TPITD (6)

where TP is the number of true positives and FP is the
number of false positives.

TP
Recall = 555 (7)

where FN is the number of false negatives.
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Precision (P) - Recall (R) Curve is the precision and
recall values, which are computed at different loU (1)
thresholds. For a given class c, the AP (Average Precision)
is the area under the precision-recall curve. Where P,(r)
is the precision as a function of recall .

AP, = [/ P.(r)dr @)

Mean Average Precision (mAP): The overall mAP is calcu-
lated as the mean of the AP scores over all object classes .

mAP = L 3¢ AP, o)

mMAP-50 metric evaluates the mean Average Precision
(mAP) at an Intersection over Union (loU) threshold of
0.50, which is a standard benchmark for object detec-
tion tasks. On the other hand, mAP50-90 is an extension
that computes the mean mAP across loU thresholds from
0.50 to 0.90 in 0.05 increments. This provides a more
comprehensive evaluation by considering detection per-
formance across a range of localization-precision levels,
which is particularly useful for scenarios requiring fine-
grained analysis.

4. Implementation Result

4.1 Experimental Setup

This study was conducted on a computer equipped with
an Intel Core i5-12400F CPU running at 2.5GHz and a 12GB
NVIDIA GeForce RTX 3060 GPU for both training and test-
ing purposes. The system was set up with Pytorch with
CUDA 11.8, and Python version 3.8.19 was used as the
programming language for the research’s implementa-
tion. Each network model was configured with a batch
size of 16, trained in 100 epochs, and started with an ini-
tial learning rate of 0.001, which was gradually reduced
after several epochs.

4.2 Training

The models were trained for this study on a total of 16
YOLO variants, as in Figure 1, encompassing YOLOVS5,
YOLOV8, YOLOV9, and YOLOV10. As presented in Table 2,
these models range from the smallest to the largest ver-
sions within each YOLO version in 100 epochs. However,
experiments were not conducted on all the largest vari-
ants of these versions.

In this training phase, model performance exhibits
variability and is not strictly proportional to model size.
Notably, smaller models such as YOLOv5n and YOLOv9t
demonstrate superior precision compared to certain

larger models, indicating that increased model size does
not consistently correlate with improved performance.
However, overall, YOLOVSI achieves the highest preci-
sion at 99.11%, while YOLOVS5s records the best recall at
97.99%.
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Figure 1. Training results.
Table 2. Training results.

Model Precision (%) Recall (%)
YOLOv5n 98.74 96.98
YOLOvV5s 98.07 97.99
YOLOv5m 98.36 97.53
YOLOvSI 99.11 96.57
YOLOv8n 98.66 97.12
YOLOv8s 98.92 97.04
YOLOv8m 98.59 97.09
YOLOvSI 98.32 97.09
YOLOvOt 99.06 97.33
YOLOv9s 98.29 97.48
YOLOvVI9mM 98.87 96.76
YOLOv9c 98.37 97.36
YOLOv10n 97.54 95.84
YOLOv10s 98.03 96.61
YOLOv10m 96.85 96.49
YOLOv10l 98.58 96.64
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4.3 Evaluation

In the performance evaluation of the YOLO models for
cardiac region detection (Table 3) and Figure 2 compare
the mAP performance of YOLOv5, YOLOv8, YOLOVY, and
YOLOv10 models, showing YOLOV5 achieving the high-
est mAP as the number of parameters increases, while
YOLOV9 excels at lower parameter counts. YOLOv5 mod-
els, ranging from nano (YOLOv5n) to large (YOLOV5I),
demonstrate robust precision and recall metrics, with
mAP-50 consistently at 99.1%. YOLOv5n, characterized
by its minimal parameter count and computational over-
head, exhibits strong detection capabilities, making it a
suitable candidate for real-time applications. As model
complexity increases from YOLOv5m to YOLOVSI, there
is a slight performance improvement, particularly in the
mAP50-90 metric, although this comes with a substantial
increase in computational requirements.

In comparison, YOLOv8n, despite being a newer ver-
sion, presents performance metrics closely aligned with
YOLOv5N, particularly in precision (98.7%) and recall,
with a marginally lower mAP50-90 value of 90.1%. This
indicates minimal performance gains between the two
versions, with YOLOv8n offering efficiency improvements
rather than significant enhancements in detection accu-
racy, especially at higher intersection over union (loU)
thresholds.

The latest YOLOv10 models show a different balance
between computational efficiency and detection per-
formance. YOLOv10n, with 2.69M parameters and 8.2
GFLOPs, reports a precision of 97.8% and an mAP50-90
of 89.1%, slightly lower than its predecessors. The larger
models, such as YOLOv10m and YOLOv10l, exhibit incre-
mentalimprovementsin accuracy metrics, though overall
performance remains comparable to that of YOLOv5 and
YOLOVS, suggesting that YOLOv10 prioritizes computa-
tional efficiency and processing speed over substantial
accuracy gains.

T
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0902 /- m
o = il a—
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2 _ =
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/ —e— YOLOVS
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:
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Parameters (M)

Figure 2. Model mAP50-90 comparison.

Table 3. Testing results.

Model Params GFLOPs Infer. Time/img (ms) P (%) R (%) mAP-50 mAP50-90
YOLOvV5n 2503529 7.10 3.10 98.70 97.00 99.10 89.90
YOLOvV5s 9112697 23.80 5.50 98.00 98.00 99.10 90.00
YOLOvV5m 25046953 64.00 12.60 98.40 97.50 99.10 90.60
YOLOVSI 53133721 134.70 20.40 99.10 96.60 99.10 90.70
YOLOv8n 3006233 8.10 3.10 98.70 97.00 99.00 90.10
YOLOv8s 11126745 28.40 6.30 98.90 97.00 98.90 90.10
YOLOv8m 25841497 78.70 14.90 98.60 97.10 98.90 90.10
YOLOvSI 43608921 164.80 22.80 98.30 97.10 98.90 89.90
YOLOv9t 1971369 7.60 4.30 99.20 97.10 98.90 89.70
YOLOv9s 7168249 26.70 8.60 98.30 97.50 98.90 90.40
YOLOvVOm 20015161 76.50 18.30 98.90 96.80 98.80 90.40
YOLOv9c 25321561 102.30 22.30 98.40 97.40 99.00 90.50
YOLOv10n 2695586 8.20 4.20 97.80 95.80 98.90 89.10
YOLOv10s 8037282 24.50 7.90 98.00 96.60 98.80 89.60

YOLOv10m 16453858 63.40 16.80 96.80 96.60 98.70 89.70
YOLOv1o0l 25720994 126.30 26.50 98.50 96.60 98.90 89.90
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To evaluate the performance of cardiac region detec-
tion, we selected YOLOVSI due to its superior mAP50-90
score. Figure 3 illustrates the detection results across
various cardiac MRI images, while Table 4 presents
the confusion matrix for detections in each class. The
confusion matrix shows detections, including the misclas-
sification of 16 background areas as the left ventricle (LV).
This issue may stem from visual similarities, overfitting,
or class imbalance. Potential solutions include improving
the training dataset, applying data augmentation tech-
niques, and adjusting model hyperparameters.

Increasing the number of parameters tends to improve
model performance (precision, recall, mAP50) as shown
in Figure 2, but the improvements diminish as model size
grows. There is a trade-off between model size, inference
time, and performance. Larger models show better per-
formance but come at the cost of longer inference times,
while smaller models offer nearly comparable perfor-
mance with much lower computational requirements.

patient135_f frame&d~slwce1 pBigmd 1341 48ame01_slice/ m_gp@'lﬂﬂ(lmme(ﬂ slicel

Figure 3. Sample of cardiac region
detection results on YOLOV5!.

Table 4. Confusion matrix (YOLOVS5I).

- Lv 409 0 0 16
g RV 1 449 0 1
3 MYO 2 0 445 4
* Background 17 5 7 0
Lv RV MYO  Background
True

Conclusions

In this study, the performance of various YOLO-based
deep learning models (YOLOv5, YOLOv8, YOLOvV9, and
YOLOv10) was evaluated for cardiac region detection

from CMR images. The results demonstrate that YOLOV5I
provides the highest precision (99.11%) and YOLOvS5s of-
fers the best recall (97.99%). Interestingly, smaller models
such as YOLOv5n and YOLOv9t showed superior precision,
indicating that increased model size does not necessarily
lead to better performance. This suggests that small-
er YOLO models could be highly effective for real-time
clinical applications without compromising detection ac-
curacy. Overall, the findings highlight the robustness of
YOLO models in detecting key cardiac structures, offering
promising prospects for enhancing automated cardiovas-
cular diagnostics.
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Figure 4. Performance rank by precision.
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Figure 5. Performance rank by mAP50-90.

The exclusion of older models like YOLOv2, YOLOvV3, and
YOLOv4 was deliberate, given their larger size and higher
computational cost compared to some newer variants,
which limits their applicability in real-time clinical scenar-
ios. By focusing on newer, more efficient YOLO versions,
this study provides insights into the potential of light-
weight deep learning models to improve automated
cardiovascular diagnostics.
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