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Abstract: A key indicator in the diagnosis, prognosis, and management of individuals with heart failure (HF) is the left
ventricular ejection fraction (EF). The amount of blood that is forced out of the left ventricle with each contraction provides
important details on how well the heart can circulate oxygen-rich blood across the human body. Echocardiography has
long been the most commonly used imaging method for determining LVEF due to its availability and cost-effectiveness.
This paper makes use of the EchoNet-Dynamic dataset, which has left ventricle coordination data. An organized data
preprocessing pipeline is created to extract frames along with coordinates. The suggested model architecture incorporates
pre-trained transfer learning models that are optimal for the task of localizing the left ventricle boundaries. By predicting
coordinates with CNN regression-type models, we showed how a novel volume tracing method could be used to localize
the left ventricle boundary and perhaps mitigate the drawbacks of segmentation-based methods. Based on predetermined
thresholds, we divided the ejection fraction (EF) values into “normal”, “mild”, and “abnormal” categories to detect the
patient’s heart condition. The analysis revealed a high degree of sensitivity for the “normal” and “abnormal” classes but
was lower in the “mild” class. We obtained a confusion matrix accuracy of 77%.
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1. Introduction

An essential parameter in the diagnosis, treatment, and prognosis of individuals with heart failure (HF) is the left
ventricular ejection fraction (EF). It contrasts the volume of blood pumped out with the total volume of blood in the heart’s
left ventricle. Based on their EF measurements, individuals with HF have historically been divided into two phenotypes:
heart failure with preserved ejection fraction, which has an EF value equal to or greater than 50%, and heart failure with
reduced ejection fraction, which has an EF value less than 50%. Heart failure with mid-range ejection fraction, which has
an EF between 40 and 49% according to US standards and between 41 and 49% according to European guidelines, is a
third borderline category that has been the subject of research in recent years [1, 2]. Recent research on patients with heart
failure with mid-range ejection fraction revealed some significant differences between heart failure with reduced ejection
fraction and heart failure with preserved ejection fraction patients [3]. Distinct pathologies have been identified for each of
the three phenotypes [4, 5, 6]. In our paper, we categorized these three phenotypes as “Normal” when EF is greater than
50%, “Mild” from 40 to 49% and “Abnormal” when less than 40%.
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In terms of death and disability, cardiovascular diseases still dominate the world [7]. A precise assessment of cardiac
function is essential for the diagnosis and treatment of various illnesses. Physicians may now obtain exact images of the
heart because of recent advancements in medical imaging techniques, which have significantly increased their knowledge
of the organ’s structure and function. Among these imaging techniques, echocardiography stands out as a common and
simple way to assess heart health [8]. Cardiovascular magnetic resonance imaging (CMR) has emerged as the standard for
calculating left ventricular ejection fraction at the moment. But a cardiac MRI scan may cost us up to $2500, which is
much higher than echocardiography [8]. However, manual inspection of the echocardiographic images is time-consuming,
labor-intensive, and frequently sensitive to inter and intra-observer variability [9, 10, 11]. Automated echocardiographic
image processing has shown encouraging results in terms of making it easier to diagnose and assess cardiac problems
[12,13].

Convolutional Neural Networks (CNN), a subset of deep learning algorithms, have achieved outstanding results in a
range of computer vision applications, including segmentation, object identification, and picture categorization [14, 15, 16].
Transfer learning, which makes use of CNNs to their maximum potential, has proven to be a successful strategy for dealing
with the problem of sparse training data for medical imaging applications. The main goal of this work was to create a
CNN regression transfer learning model for the localization of the left ventricle (LV) border in cardiac images generated
by 2D echocardiography. A significant stage in cardiac analysis is the localization of the LV borders, which provides
vital assessments of cardiac function, including the ejection fraction (EF), a key marker of heart health. The efficiency
and precision of echocardiographic analysis can be considerably improved by accurate and automated localization of LV
borders, allowing physicians to make wise judgments about patient management and treatment plans. However, due to
their poor accuracy in the presence of rhythm and structural alterations, such as left ventricular (LV) hypertrophy, dilatation,
regional wall motion abnormalities, or unusual cardiac cycles, deep learning (DL) approaches for clinical application are
difficult [17]. To accomplish this goal, we analyzed and assessed a variety of transfer learning models in order to determine
which architecture performs the best in terms of sensitivity and validation loss.

Transfer learning is the process of using pretrained CNN models that have been optimized for our specific application
and have been trained on ImageNet as initial weights [18]. With this approach, we are able to take advantage of the
abundance of data that these models have gathered from performing a variety of visual tasks while also modifying them
for the purpose of LV border localization. VGG16 and EfficientNetB7 demonstrated greater performance in localizing
LV borders among the transfer learning models tested. Sensitivity, which indicates the percentage of properly localized
LV borders, and validation loss, which measures the difference between predicted and actual boundary positions, are two
metrics used to assess a model’s performance.

The construction of an automatic and precise LV border localization model utilizing transfer learning and the thorough
evaluation of several cutting-edge CNN architectures are the main achievements of this paper. The results of this study
have important repercussions for improving the accuracy and efficiency of cardiac analysis and assisting physicians in
making prompt and well-informed decisions for patient treatment.

The paper is structured as follows: A literature review is conducted in Section 2, followed by a thorough description
of the methods used in Section 3. The results and discussion are presented in Section 4, and concluded in Section 5.

2. Literature review

With the advent of deep learning methods for medical image processing, the area of automated left ventricular ejection
fraction (LVEF) has made great strides lately. In this review of the literature, we discuss the present status of research on
automated LVEF and point out any gaps or restrictions that still need to be filled.

A deep learning-based technique for automatic endocardial boundary recognition and left ventricular functional
evaluation in 2D echocardiographic videos was introduced by Ono et al. [19]. The effectiveness of various segmentation
techniques was assessed through comparison, utilizing measures like mean Dice score and estimation error for
echocardiographic indices. The global longitudinal strain (GLS), global circumferential strain (GCS), and left ventricular
ejection fraction (LVEF) are segmented and estimated with the best degree of accuracy using the Unet++ model. The study
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recognized the small number of test results from healthy patients and volunteers. Larger datasets and cross-validation
should be used in future studies to evaluate the clinical utility of the suggested strategy and reduce bias. Only information
gathered by experts utilizing certain ultrasound equipment was taken into account in the study.

In order to estimate the LVEF, Lagopoulos A. et al. devised a unique method that used geometric information taken
from the left ventricular outlines [20]. They presented a thorough framework that includes contour segmentation, feature
extraction, and LVEF estimation processes. An automated technique was used for contour segmentation to precisely
identify the left ventricle in medical photographs. There is a lack of specific information in the publication regarding the
size and variety of the validation dataset, which raises questions about how well the suggested strategy can be applied to
other patient groups and imaging settings.

Research on the application of deep learning techniques for the segmentation of cardiac structures in 2D
echocardiographic pictures was given by Leclerc S. et al. [13]. The authors investigate the extent to which the latest
encoder-decoder deep convolutional neural network techniques can evaluate 2D echocardiographic images, specifically in
terms of calculating clinical indices and segmenting heart structures, using a dataset. In order to facilitate echocardiographic
evaluation, they unveiled the biggest completely annotated dataset for multi-structure ultrasound segmentation, known
as the cardiac acquisitions dataset. The dataset includes 500 patients’ two- and four-chamber acquisitions, together with
reference measurements from three cardiologists on a fold of 50 patients and from one cardiologist on the entire dataset.
With a mean correlation of 0.95 and an absolute mean error of 9.5 mL, the results demonstrated that encoder-decoder-based
architectures beat the most advanced non-deep learning techniques and accurately recreated the expert analysis for the
end-diastolic and end-systolic left ventricular volumes. The results are more contrasting, with a mean correlation coefficient
of 0.80 and an absolute mean inaccuracy of 5.6% regarding the left ventricle’s ejection percent. These results were
marginally poorer than the intra-observer results, despite being below the inter-observer scores. Though deep learning
techniques have produced encouraging results in several medical imaging applications, their use in echocardiographic
picture segmentation is currently only sporadic. Only a few studies have used convolutional neural networks (CNNs) for
this purpose. A possible research need might be filled by investigating and comparing various deep learning architectures
and methods designed particularly for echocardiographic picture segmentation.

In order to accurately segment the LV in real time, Smistad E. et al. suggested a technique that made use of a 3D
convolutional neural network (CNN) architecture, especially a modified U-Net model [21]. A sizable collection of cardiac
ultrasound pictures and their related ground truth annotations is used to train the network. The network’s parameters were
optimized during training to reduce the discrepancy between the predicted LV segmentation and the actual segmentation.
The main goal of the study is to assess the suggested strategy using a particular dataset. The technique might be tested
on other datasets with changes in imaging protocols, picture quality, and patient groups in order to further evaluate its
generalizability. The article shows that the deep learning-based methodology outperforms manual segmentation techniques,
although a more thorough performance comparison may be made. Assessing the relative merits and drawbacks of the
suggested methodology would be made easier by contrasting it with other cutting-edge deep learning techniques or other
segmentation methods.

Moal O. et al. method for segmenting the left ventricle, locating the mitral valve, and estimating EF using the modified
Simpson’s rule made use of deep learning and statistical shape modelling [22]. On internal and external datasets, the
technique achieves state-of-the-art performance with mean absolute errors of 6.10% and 5.39%, respectively. Additionally,
it improves interpretability by giving doctors clear information at every stage of the examination. The method presents
a potentially viable alternative to the laborious and unpredictable manual evaluation of EF in cardiac ultrasonography.
Although the study lacks a direct comparison with manual evaluations to examine the accuracy and reliability of the
completely automatic technique presented in the publication for left ventricular EF assessment, the study makes no mention
of any drawbacks or difficulties that could arise when applying the suggested approach in actual clinical settings, such as
changes in ultrasound technology, imaging techniques, or patient groups.

Asch F. et al. demonstrated that the automated calculation of LVEF was possible and had high consistency and
excellent agreement with the reference values [23]. The algorithm showed sensitivity and specificity for identifying
EF<=35% 0of 0.90 and 0.92, respectively, which was comparable to clinical readers’ readings. To determine if the algorithm
is a legitimate alternative to traditional measures, its performance should be compared to that of other imaging modalities,
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such as cardiac magnetic resonance. In order to quantify LVEF without first determining the borders of the heart and
measuring the volumes of the ventricles at the end of the diastole and end of the systole, the author evaluated the viability
and accuracy of a novel totally automated machine learning approach. 99 subjects were tested, covering a broad spectrum
of EF and image quality in relation to body habitus. They discovered that every patient in the test group could implement
the novel technique, and the automated estimations proved to be quite accurate when compared to the reference standard of
traditional measures made by a panel of experts. Crucially, the accuracy matched that of the traditional analysis performed
by impartial clinical readers. Furthermore, when the automated analysis was performed on several pairs of apical 2- and
4-chamber views, the results were quite consistent. The authors also showed how, by virtually eliminating inter-technique
bias and lowering limits of agreement, a straightforward mathematical de-trending correction based on parameters derived
from conventional measurements might significantly improve the accuracy and consistency of the automated analysis.

Our work, in contrast to the articles mentioned, focuses on a unique method for localizing the left ventricle border
in automated left ventricular ejection fraction (LVEF) calculation utilizing CNN regression-type models. We provide an
alternate approach that has demonstrated potential benefits in some circumstances. By directly predicting the coordinates
of the left ventricle border, our method seeks to increase accuracy and get around problems with segmentation-based
approaches. Initial performance findings are encouraging, but more testing and comparison to other approaches are required
to determine its overall efficacy.

A summary of various related works including the used machine learning or deep learning models along with their
pros and cons are depicted in Table 1.

Table 1. Summary of various related works.

Literature Used Model Pros Cons
Only information gathered by
Has the ability to facilitate examiners experts uttlhzmg lgem.mt] ultrasmind
Ono et al. [19] Unet++ and enhance echocardiography cquipment was taxen mto account.

process.

A small sample of test results from
sick and healthy participants.

Lagopoulos A. et al.
[20]

Machine Learning
based Gradient
Boosted Tree

Simpler method than the state of the
art.

More explainable and competitive in
terms of accuracy.

Lack of size and variety of the
validation dataset.

Limited to other patient groups and
imaging settings.

Leclerc S. etal. [13]

Encoder Decoder
Deep CNN

Achieves mean correlation of 0.95
and an absolute mean error of 9.5 mL.

Results were marginally poorer than
the intra-observer results.

Smistad E. et al. [21]

Modified Unet

Highly efficient (17 ms on laptop
GPU)

Measures the left ventricle volume
and ejection fraction in real time
across several heartbeats in complete
automation.

Lacks generalizability.

Lacks  thorough
comparison.

performance

Moal O. et al. [22]

Deep Learning Model

Achieves mean absolute error of
6.10% and 5.39% on internal and
external datasets respectively.

Improves interpretability by giving
doctors clear information at every
stage of the examination.

Lacks a direct comparison with
manual evaluations.

Mention no drawbacks when
applying the suggested approach in
actual clinical settings.

Asch F. et al. [23]

Machine Learning
Algorithms

High consistency and with the
reference values.

Fast and fully automated nature.

Tiny test group (only 99 patients).

Validating the correctness of the
automated EF estimates in the
absence of endocardial boundaries is
difficult.

De-trending correlation, of the 99 test
group patients.
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2.1 Transfer learning

The utilization of previously trained models and their expertise on new challenges is made possible by the potent
deep learning approach known as transfer learning. By utilizing the recognized characteristics and patterns from previous
tasks, it enables effective training of deep neural networks even with smaller input datasets. This method has important
ramifications for data science since labeled data is frequently in short supply [24]. The basic concept of transfer learning is
using the information learned from a model that has already been trained to enhance predictions on new, related tasks. A
model can improve its comprehension and prediction abilities for the new challenge by making use of the insights gained
during training. For instance, a classifier that has been taught to detect backpacks in photos might use that information to
classify other items, such as sunglasses [25].

Figure 1 shows that transfer learning’s main objective is to move previously acquired skills and information from
one activity to another, making learning quicker and more precise. A pre-trained model’s weights and parameters must be
adjusted to make it more suitable. This method is particularly useful for jobs requiring significant computational capacity,
such as computer vision. Saving time throughout the training process is one benefit that transfer learning delivers. Data
scientists can use pre-trained models that have previously discovered common traits and trends as opposed to starting
from scratch. Even with a small amount of labeled data, this not only quickens the training process but also enhances the
model’s performance on the new tasks. The weights that have already been trained are fixed, while the additional layers
are fine-tuned during the training process. This aids in maintaining the broad information gained from the pre-trained
model while allowing the model to adapt to the target job. The performance on the new dataset may be greatly enhanced
by fine-tuning the model.

Shallow classifier (e.g. SVM)

softmax

.

I
gK fc2 G features
fc1 !ﬁ fe1
conv3 ] { - conv3 —]
| conv2 I TRANSFER \ conv2 |
| conv1 ] | conv1 |
| Dataand labelj(e.g. imageNet) |— | Target datl and labels |

Figure 1. Transfer learning with pre-trained model as feature extractor.

22 VGG

Visual Geometry Group 16, or VGG16, is a deep convolutional neural network architecture that has become well
known and well-liked in the field of computer vision. VGG16, created by the University of Oxford’s (O Vision Geometric
Group, is renowned for its elegance, simplicity, and superior performance in a range of image categorization tasks [26].

Figure 2 shows that the depth that defines the VGG16 design, which has 16 layers overall, is what makes it unique.
Thirteen of these layers are convolutional, and the final three are fully connected. The fully connected layers carry out
the final classification based on these retrieved characteristics after the convolutional layers have extracted significant
information from the input image [27].
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Figure 2. VGG-16 architecture

Its homogeneous structure makes VGG16 a very fascinating subject for research. The modest 3 x 3 receptive field
size of each convolutional layer in the network corresponds to the size of the convolutional filter used to transform the
input image. Using a stride of 2x2, a maximum pooling layer is used after each convolutional layer. Convolution and
pooling layers are consistently repeated, resulting in a deep architecture that catches increasingly complex patterns and
structures in the input images.

The early layers of VGG16 utilize narrow receptive fields to enable the network to gather local characteristics and
fine-grained information. The receptive field grows as the network gets deeper, allowing for the recognition of larger
and more abstract information. By gradually extracting hierarchical information from low-level edges and textures to
high-level object ideas, this hierarchical learning process aids VGG16 in developing a deeper comprehension of complex
visual concepts and things.

Because of its straightforward architecture, VGG16 is very easy to understand and analyze. The network’s regular
structure and uniform filter sizes make it easier to analyze the network’s behavior and interpret its learned representations.
VGG16 is frequently used by researchers as a starting point for creating more complex architectures or as a baseline model
for a variety of computer vision tasks.

With regard to benchmark datasets like the ImageNet Large Scale Visual Recognition Challenge (ILSVRC) dataset,
VGG16 has repeatedly exhibited remarkable performance in image categorization tasks and attained state-of-the-art
accuracy. The network’s proficiency in learning discriminative features at various scales and levels of abstraction is a
factor in how well it does image categorization. To discover complicated patterns and qualities in photographs, like a
visual maestro, VGG16 gradually learns representations by studying the data at several layers.

It has a few constraints despite its outstanding performance. Since there are many characteristics as a result of the
network’s depth and homogeneity, it is memory-intensive. It can take some time to complete the training and inference
procedures, especially on devices with limited resources. Furthermore, VGG16’s homogeneous structure restricts its ability
to simulate dependencies over long periods or capture geographical context.

However, it is impossible to emphasize how much VGG16 has contributed to the fields of deep learning and computer
vision. Many technological advancements have been influenced by its beauty and simplicity. Researchers have experimented

with alternative layer levels, filter sizes, or bypass connections in the VGG design, further testing the limits of performance
and efficiency.

2.3 MobileNetV2

Google’s MobileNetV2 is a cutting-edge deep learning architecture designed to provide powerful and adaptive models
for mobile and embedded devices [28]. Machine learning models that can perform successfully in scenarios with low
funding are becoming increasingly popular as mobile phones, tablets, and other forms of embedded devices increase. To
address this issue, MobileNetV2 attempts to strike a careful balance between model size, computational efficiency, and
accuracy.

As the successor to MobileNetV 1, MobileNetV2 makes a number of significant improvements to its functionality and
adaptability. MobileNetV2’s usage of an inverted residue architecture is one of its unique features. Figure 3 shows that this
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structure is made up of two types of blocks: blocks for residuals with a stride of one and blocks for reduction with a stride
of two. Each block’s three primary components are a 1 x 1 convolutional layer, a depth-wise separable convolutional layer,
and another 1x 1 convolutional layer [28].

Add conv 1x1, Linear

I f

l conv 1x1, Linear l
Dwise 3x3,
f stride=2, Relub

Dwise 3x3, Relub T

I

Conv 1x1, Relu6

1
Cfi"iPUED/ Cimput

Conv 1x1, Relu6

Stride=1 block Stride=2 block

Figure 3. MobileNet-V2 architecture.

In MobileNetV2, the inverted residual structure is essential for lowering computational complexity while preserving
model efficacy. To do this, depth-wise detachable convolution, which is a fundamental building component, is used.
Convolutional layers often carry out a process called convolution on the full input volume, which can be computationally
expensive. In contrast, the spatial and channel-wise convolutions are split into two distinct layers by depth-wise separable
convolutions. A series of intermediate feature maps is produced after applying a depth-wise convolution separately to each
input channel at the beginning. The final result is then created by combining the intermediate feature maps using a 1x 1
pointwise convolution. MobileNetV2 greatly reduces the number of parameters and the amount of computing necessary by
decoupling the spatial and channel-wise operations, resulting in a more lightweight system.

Down sampling the spatial dimensions of the feature maps is done via reduction blocks with a stride of 2. By
removing less significant data, this down sampling technique aids in preserving and capturing the most crucial aspects. By
lowering the spatial scale, MobileNetV2 can maintain a manageable model size and computational efficiency while still
attaining acceptable accuracy across a range of workloads. Additionally, the reduction blocks enable effective information
flow through the network by gradually decreasing the spatial dimensions, enabling the model to capture hierarchical
representations of the input data.

Eliminating non-linearities from the thin layers is another noteworthy advancement in MobileNetV2. After each
depth-wise separable convolution, non-linearities like ReLU activation functions were applied in the original MobileNet
architecture. To improve information flow and the network’s capacity for representation, these non-linearities are eliminated
from the thin layers in MobileNetV2. With this modification, MobileNetV2 is able to make greater use of the computational
resources, especially in situations where the devices’ processing power is constrained.

MobileNetV2 reduces the number of parameters and the size of the overall model by excluding non-linearities in
the thin layers. MobileNetV2 is more suited for implementation on embedded and mobile devices, where memory and
processing power are frequently constrained, thanks to its reduced complexity. MobileNetV2’s efficiency and compactness
make it simple to integrate the network into real-time processing or offline operation applications. It makes it possible to
deploy deep learning models on hardware, which lowers the frequency of network interactions and improves user privacy.
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By using a combination of depth-wise separable convolutions, inverted residual structures, and tactical down sampling,
MobileNetV2 successfully balances accuracy and efficiency. By using these methods, the model may efficiently capture
and represent the salient aspects of the input data while incurring the least amount of computing overhead. Multiple
computer vision tasks, including picture classification, object detection, and semantic segmentation, have shown the

efficiency of MobileNetV2.

MobileNetV2 has a considerable influence on computer vision research. It has made it possible to create intelligent
applications for embedded and mobile devices, creating new opportunities for real-time visual understanding and analysis.
Numerous fields, such as driverless vehicles, security systems, augmented reality, and mobile healthcare, have discovered
uses for MobileNetV2. It is the ideal option for developers and academics working on edge computing solutions due to its

capacity to give accurate forecasts while operating effectively on platforms with limited resources.

2.4 EfficientNet-B7

The outstanding deep learning architecture EfficientNet-B7 shown in Figure 4 has attracted a lot of interest and praise
in the field of computer vision. The EfficientNet-B7, created by the Google Brain team, is the apex of the EfficientNet series
and offers unmatched performance and efficiency [29]. EfficientNet-B7 is now the preferred option for both researchers

and practitioners, thanks to its cutting-edge design principles and avant-garde scaling strategies.

Block 1 Block 2 Block 3 Block 4 Block 5 Block 6 Block 7
(o . Module 1 7 Module 2 A Module 2 '/f Module 2 Module 2 y, Module 2 4 Module 2 Final layers
f [l /| [ i /I [
[ { | [ | [ i { \‘
[T [ | I [
| [ \ [ .
[ [l [ ’F !," / | ,
Module 3 ‘." Module 3 [ | Modue3 Module 3 [ | Module3 ‘ Module 3 ‘ || Module 3 [
| " |
\ L
J I\ | | i . \ \
\ | \ [\ [\ | \I \
\. A | = Ak | >  Add |/ Add -  Add Add ; P Add !
r ’I / | N/ N/ f [
/ I | I | | I f [
[ | |
[ ol [ e G
[ [ | | | |
Module 3 ‘f ‘ Module 3 | ‘ Module 3 / Module 3 Module 3 4“ ‘ Module 3 I‘I ‘ Module 3
| ' |
\ [ 1)
]
J [ l\\ 1) J [ ' \ \ l I
/ \ | \ | \ / \ | \ f
| .  Add . A ! - Add ~  Add . Add - Add I
\ A2~ 45 —%5 X8 X8 L —x2

Figure 4. EfficientNet-B7 architecture.

EfficientNet-B7’s success is due to its original model scaling strategy. EfficientNet-B7 uses a compound scaling
strategy as opposed to conventional methods, which concentrate on growing just one component of the model, like depth or
breadth. By ensuring that the model’s depth, width, and resolution are all evenly scaled, this method creates an architecture

that is more harmonious and efficient.

The dimensions of the model are heavily influenced by the compound scaling factor employed in EfficientNet-B7.
The model achieves a harmonious balance between computing efficiency and accuracy by carefully choosing optimal
scaling factors for depth, width, and resolution. EfficientNet-B7’s bigger scaling factors produce a larger, more potent

model that can capture complex patterns and characteristics in the input data.
The network’s layer count is determined by the depth scaling coefficient of EfficientNet-B7. It can recognize both

low-level and high-level features by capturing both low-level and high-level features by deepening the model and learning
hierarchical representations of the input data. The model’s capacity to comprehend intricate visual patterns and deliver
precise forecasts is aided by this depth scaling. In EfficientNet-B7, the channel size of each layer is determined by the
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width scaling coefficient. More information can be gathered and analyzed in each layer by widening the model. This larger
network architecture enables it to gather more contextual data, improving feature learning and speed.

The input image resolution in EfficientNet-B7 is influenced by the resolution scaling coefficient. The model can
distinguish between distinct classes better thanks to higher-resolution inputs that allow it to grasp the nuances and finer
details in the data. It can extract more detailed and nuanced representations from higher-resolution images, which improves
its performance on a variety of computer vision tasks.

EfficientNet-B7 uses a number of additional strategies to enhance its performance. Utilizing effective bottleneck
structures is one of these methods. The model’s parameters and level of computational complexity are reduced by these
bottlenecks, which are 1x 1 convolutions. By utilizing these bottlenecks, EfficientNet-B7 achieves a reasonable trade-off
between model size and performance, making it extremely resource-efficient [30].

Utilizing massive datasets like ImageNet, which has millions of tagged images, is a key component of training
EfficientNet-B7. It learns rich and discriminative representations that are applicable to a variety of tasks and datasets by
training on such a wide range of diverse and substantial datasets. The model is able to develop a deep grasp of the visual
environment thanks to this pre-training process, which lays the groundwork for later task-specific fine-tuning.

2.5 ResNet-50

ResNet-50 (Residual Network-50) is a notable achievement in deep learning and convolutional neural networks
(CNNSs). This architecture, created by Microsoft researchers, has transformed the way we construct and train deep neural
networks.

The fundamental obstacle for deep neural networks is the degradation problem, in which the network’s accuracy
decreases as its depth grows. The vanishing gradient problem causes the gradients to become exceedingly small during
backpropagation, making it impossible for the network to learn successfully. ResNet-50 tackles this issue by introducing
skip connections, also known as residual connections or shortcuts, which allow the network to bypass certain levels and
enable direct information flow [31].

The core principle behind ResNet-50 is to learn residual mappings by focusing on the difference between the desired
output and the existing representation. This is accomplished by incorporating residual blocks, which consist of multiple
convolutional layers, batch normalization, and rectified linear unit (ReLU) activations shown in Figure 5. These blocks
allow the network to learn residual functions, allowing it to approximate the desired mapping more accurately.

ResNet50 Model Architecture

Input Output

Max Pool
Conv Block
ID Block
Conv Block
ID Block
Conv Block
ID Block
Conv Block
ID Block

| Zero Padding |
Avg Pool
Flattening
FC

e e

Stage 1 Stage 2 Stage3 Stage4 Stage5

Figure 5. ResNet-50 architecture.

One of the key elements of ResNet-50 is the implementation of the bottleneck architecture. Each ResNet-50 residual
block consists of three convolutional layers: a 1x 1 layer, a 33 layer, and another 1x 1 layer. The 1x 1 convolutional layers
are responsible for reducing and then restoring the dimensionality of the input feature maps, while the 3 x3 convolutional
layer is in charge of capturing spatial information. This bottleneck architecture reduces the computational cost of the
network while maintaining its representational strength, allowing deeper networks to be trained more successfully.
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ResNet-50’s architecture is made up of 50 layers, hence the name. It starts with a convolutional layer and then moves
on to a max-pooling layer. The layers that follow are separated into four stages, each of which contains many leftover
blocks. As the number of filters at each level grows, the network is able to capture increasingly complicated information.
After each convolutional layer, batch normalization is done to stabilize the training process and accelerate convergence.

It has demonstrated exceptional performance in a variety of computer vision tasks, including image identification
issues. ResNet-50 outperformed humans in the ImageNet Large Scale Visual Recognition Challenge (ILSVRC) 2015,
marking an important milestone in the field. Its outstanding performance can be attributed to its capacity to acquire highly
discriminative features via skip connections, allowing the network to capture fine-grained information and patterns.

2.6 Xception

Xception, which stands for “Extreme Inception,” is a convolutional neural network (CNN) architecture developed by
Frangois Chollet, the author of the Keras deep learning package. It is built on the Inception architecture, which is well
known for making optimal use of computing resources and capturing multi-scale data [32]. By employing them as the
main building blocks of the network, Xception takes the idea of depth-wise separable convolutions to an extreme.

The overall Architecture of Xception is shown in Figure 6. The fundamental idea behind Xception is to replace the
conventional convolutional layers in classic CNNs with depth-wise separable convolutions. The depth-wise convolution
and point-wise convolution processes make up a depth-wise separable convolution. Each input channel is convolved with
a different filter in depth-wise convolution, producing a series of feature maps. The feature maps are then combined into
the final output by using a 1 x 1 convolution in the point-wise convolution. In comparison to traditional convolutions, this
separation of spatial and channel-wise convolutions greatly lowers the number of parameters and calculations. Xception
delivers improved parameter efficiency and lowers network computational complexity by employing depth-wise separable
convolutions. This is especially relevant in circumstances with low computing resources, such as mobile devices or
embedded systems. Furthermore, Xception enables a finer-grained examination of the data, allowing the network to catch
subtle patterns and features.
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Figure 6. Xception architecture.

Xception’s architecture is made up of a succession of depth-wise separable convolutional blocks. Each block is made
up of three modules: a separable convolutional module, a linear projection module, and an identity module. The depth-wise
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separable convolution is carried out by the separable convolutional module, which is followed by batch normalization
and activation. By lowering the number of input channels, the linear projection module can match the number of output
channels. By bypassing the convolutions and connecting the input and output directly, the identification module acts as a
short-cut link that ensures minimum interference with information flow.

To address the vanishing gradient issue and improve data flow via the network, Xception also makes use of skip
connections, which are similar to those found in ResNet design. The gradients can propagate more readily during training,
which enhances the convergence of the training, thanks to the addition of these skip connections between some modules.

The use of global average pooling (GAP) rather than completely linked layers at the network’s end is one distinguishing
feature of Xception. In order to reduce the spatial dimensions to a single value per channel, GAP uses spatial averaging
over the feature maps. By dramatically lowering the number of factors, this aggregation enables the network to collect
global context. The final predictions are then made using the output feature vector from a SoftMax classifier.

With regard to a number of computer vision tasks, such as semantic segmentation, object identification, and picture
classification, Xception has exhibited remarkably strong performance. It is a potent tool for research as well as practical
applications due to its capacity to capture intricate features and intricate patterns, as well as its parameter efficiency. On
large-scale datasets like ImageNet, Xception may be first trained using pre-learned weights, which offers a solid place to
start for transfer learning. The necessity for lengthy training from scratch is minimized by fine-tuning domain-specific
datasets that enable the network to adapt to certain tasks with little labeled input.

2.7 Inception

Christian Szegedy et al.’s 2014 introduction of the Inception architecture for deep learning and image categorization
was a game-changer [33]. Since prior convolutional neural network (CNN) designs ran into problems with computing
expense and overfitting as network depth increased, Inception was developed to find a happy medium between both of
them.

The employment of inception modules is key to the Inception architecture as shown in Figure 7. The network can
capture information at many scales and resolutions thanks to these modules’ ability to run several convolutions with
varying filter sizes in parallel. The network is taught to distinguish between items of varying sizes by combining filters
of varying sizes (1x1, 3x3, and 5x5) into a single module. The ultimate output of the module is a concatenation of
the results of these convolutions. 1x 1 convolutions, commonly referred to as “bottleneck layers,” are used in Inception
designs to further improve computational efficiency. Before using the computationally intensive bigger convolutions, these
bottleneck layers are used to lower the number of input channels. The number of parameters and computational complexity
can be drastically decreased while still preserving the network’s capacity for representation by lowering the dimensionality
of the input space.
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Figure 7. Inception architecture.
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Additional upgrades were included in succeeding iterations of the Inception architecture, such as Inception-v3 and
Inception-ResNet, in order to increase its performance. These iterations include Inception-v3. In Inception version 3,
factorized 7x 7 convolutions were included. These convolutions break a 7x7 convolution down into its component parts, a
1x7 convolution and a 7x 1 convolution, respectively. The computational cost is decreased as a result of this factorization,
while the efficiency of the convolution process is not affected in any way. In addition, the Inception modules and the
residual connections from the ResNet architecture were brought together to form the Inception-ResNet combination.
Incorporating residual connections helps ease the vanishing gradient problem and promotes smoother gradient flow during
training, which ultimately leads to greater performance and quicker convergence. These benefits are achieved as a result of
the inclusion of residual connections.

On a variety of picture classification benchmarks and contests, the Inception architecture has performed exceptionally
well, achieving remarkable results. The Inception models routinely received top ranks in the ImageNet Large-Scale Visual
Recognition Challenge (ILSVRC), demonstrating their capacity to handle complicated visual tasks and outperforming
several earlier CNN architectures. This challenge was held by ImageNet.

In several image identification tasks, its capacity to collect both local and global characteristics has proved useful. The
Inception architecture has continued to be a key milestone in the field of deep learning and computer vision, motivating
other developments and pushing the limits of what is feasible in picture categorization and beyond, even with successive
iterations and modifications.

2.8 Comparison

It’s crucial to weigh the benefits and drawbacks of several deep learning networks like MobileNetV2, InceptionV3,
Xception, ResNet50, VGG16, and EfficientNetB7 before settling on one. Figure 8 shows the comparison of performance
based on ImageNet.
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Figure 8. Model Size vs. Accuracy Comparison.
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MobileNetV2
Pros:

o Efficient embedded and mobile device architecture.

e The complexity of calculation is reduced by inverted residual structure.

e Optimize resource consumption via the elimination of non-linearities from thin layers.
Cons:

e The model’s accuracy might not be as high as that of other models.

e In situations where accuracy is critical, performance could be affected.

InceptionV3
Pros:

e Information is captured at various sizes by Inception modules, allowing for deeper feature extraction.
e Uses various filter sizes for better depiction.
e Uses 1x1 convolutions to reduce computational complexity.
Cons:
e For some applications, the depth and computing requirements might be difficult.
e A greater number of parameters in comparison to some other models.

Xception
Pros:

e Expands the capabilities of the Inception module by building on it.
e Efficiency is increased via depthwise separable convolutions.
e Produces competitive performance with less constraints.
Cons:
e Requires more computing power than some other models.
e A little bit more memory use.

ResNet50
Pros:

e Adds skip connections, allowing for the training of deeper networks.

e Deals with the vanishing gradient issue, improving convergence.

e Achieves cutting-edge outcomes in a variety of computer vision tasks.
Cons:

e Comparatively more parameters.

e Greater computational complexity in comparison to networks with fewer layers.
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VGG16
Pros:

o A straightforward and understandable architecture.

e Performs astoundingly well in picture classification tasks.

e Absorbs hierarchical information gradually, enhancing comprehension of the visual environment.
Cons:

e Large number of parameters, making it computationally expensive.

e Memory-intensive, limiting deployment on resource-constrained devices.

EfficientNetB7
Pros:

e By using compound scaling, the model size, effectiveness, and accuracy are all balanced.

e Produces cutting-edge outcomes in picture classification challenges.

e offers a variety of models that are appropriate for various computational limitations.
Cons:

e The deployment of larger models may be constrained by the resources of certain devices.

e In comparison to certain other models, it may require greater computing power.

In conclusion, MobileNetV?2 is perfect for low-powered devices since it trades off some precision for greater efficiency.
Although InceptionV3 and Xception use more computing resources, they are superior at obtaining high-quality visual data.
The state-of-the-art results that ResNet50 produces make it an excellent choice for many computer vision applications. While
VGG16 is simple to use and achieves exceptional performance, doing so comes at the expense of greater computational
complexity. Model size, efficiency, and accuracy are all considered by EfficientNetB7 while still accommodating a
variety of computing requirements. Available resources, required precision, and the deployment platform all play a role
in determining which architecture to choose. In order to choose the best architecture for their needs, researchers and
practitioners must carefully weigh these benefits and drawbacks.

3. Materials and methods

3.1 Dataset

EchoNet-Dynamic is the name of the dataset that we utilized in the code [34]. It contains digital recordings of
echocardiograms made at Stanford University Hospital, together with measurements, tracings, and computations made by
human experts. The total number of videos in the EchoNet-Dynamic collection is 10,030, each annotated with corresponding
left ventricular coordination data. For training, validation, and testing, these videos are separated into three groups with
75%, 12.5%, and 12.5% of the total videos in each group, respectively. Each video in the collection depicts either a standard,
four-chamber apical view or one that has been zoomed in. The videos have a resolution of 112 by 112 pixels. For the three
metrics of ejection percentage, end-systolic volume, and end-diastolic volume, the dataset offers coordination annotations.
There are associated CSV files for each video, namely “FileList.csv”” and “VolumeTracings.csv” which contain information
about the videos and the corresponding volume tracings. There are 21 coordinates for each frame for localizing the left
ventricle (1 for defining the long axis and 20 for the short axis).
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3.2 Data preprocessing

Based on the data in the volume tracings CSV file, the code ran through each video file and extracted the diastolic and
systolic frames. The output directory includes individual images representing the retrieved frames. The volume tracing
CSV file was used by the code to get the locations for the diastolic and systolic frames. The coordinates are then saved in a
separate CSV file along with the name of the image that corresponds and the split value for later analysis. As there are 21
coordinates for each frame and each coordinate has four x- and y-axis values, we now have 4 x 21 = 84 points. We need to
predict those 84 coordinates with our model.

3.3 Model building with transfer learning

Our goal was to create a model for locating the left ventricle (LV) border in echo images. To determine the best-
performing architectures based on sensitivity and validation loss, we tested a variety of transfer learning models, including
MobileNetV2, InceptionV3, Xception, ResNet50, VGG16, and EfficientNetB7. We used pre-trained models with weights
trained on the ImageNet dataset to take advantage of transfer learning. These pre-trained models were the foundational
elements of our architecture, allowing us to take advantage of the skills acquired by the models in recognizing common
image characteristics.

The process of creating a model using the EfficientNetB7 architecture is demonstrated in Figure 9. With ImageNet
weights loaded and set to trainable, the EfficientNetB7 model was trained. For feature extraction and producing the
final output, two additional conv2D layers were added on top of the pre-trained model to modify them for the LV border
localization job. We followed the same structure for the rest of the transfer learning models. But we modified the kernel
size of the additional layers to adjust with each model. The models were able to learn characteristics and patterns particular
to LV border localization.

We experimented with several optimization techniques and learning rates in order to maximize the performance of
the pre-trained models. We evaluated the learning rates of 1073, 10~4, 1073, and 10~® and compared the optimization
techniques with stochastic gradient descent (SGD), Adam, and RMSprop. According to our analysis, we discovered that
Adam, when used with a learning rate of 10~# had the best results for all the models in terms of sensitivity and validation
loss. Early stopping avoided overfitting by keeping track of the models’ performance on the validation set and ending
training if no progress was shown after a certain number of epochs.
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Figure 9. Model Summary of EfficientNet-B7 Model with Custom Top Layers.
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3.4 Measurements

We calculated the mean absolute error (MAE) between the predicted coordinates and the actual coordinates for
the validation and test datasets to evaluate the model’s performance. Additionally, using the expected coordinates, we
computed the ejection percent (EF) for each frame extracted. The left ventricle’s measured volumes at the end-diastolic
(ED) and end-systolic (ES) phases were used to calculate the EF. Using the measured coordinates, the volume of the LV
was approximated, and the estimated volume was then scaled to the actual volume. Simpson’s approach was then used to
calculate the EF as a percentage [35].

EF — ED Volume — ES Volume < 100 (1)
ED Volume

The length of the long axis was calculated by computing the Euclidean distance between the two coordinates on the
LV boundary. To estimate the height of a disk-shaped segment of the LV, this distance is divided by a scaling factor (20 in
this case). The diameter of the LV was then computed for each short axis by determining the Euclidean distance between
two sites on the short axis. The radius (r) was then calculated by dividing the diameter by two. Each disk-shaped section’s
area is computed using the formula: The overall volume of the LV is calculated by adding the areas of all the disk-shaped
portions and multiplying this amount by the height of the LV disk. For categorizing EF, we have considered the patient’s
condition “normal” when EF is greater than 50%, “mild” from 40 to 49%, and “abnormal” when EF is less than 40% [35].

In addition, we created confusion matrices for the training and the test dataset to perform error analysis.

4. Results and discussion

For the proper diagnosis and treatment of cardiovascular disorders, the LVEF must be predicted with accuracy. The
model used a variety of transfer learning architectures and was thoroughly evaluated using a test and validation dataset. The
model’s usefulness in clinical applications was evaluated using a variety of indicators, such as MAE, sensitivity analysis,
and confusion matrices. Upon analyzing the results from Table 2, several key observations can be made:

Table 2. Performance Metrics for Various Transfer Learning Models.

Confusion Matrix acc. Sensitivity of Each Class MAE Test Data
Normal Mild Abnormal

EfficientNetB7  Train 0.938 0.988 0.673 0.896 0.013
Test 0.769 0.838 0.384 0.716

VGG 16 Train 0.932 0.954 0.739 0.927 0.014
Test 0.71 0.744 0.442 0.791

Inception V3 Train 0.683 0.723 0.324 0.755 0.021
Test 0.635 0.667 0.282 0.726

Xception Train 0.937 0.97 0.728 0.933 0.014
Test 0.727 0.727 0.362 0.736

MobileNet V2 Train 0.799 0.869 0.385 0.77 0.017
Test 0.719 0.787 0.297 0.691

ResNet 50 Train 0.907 0.959 0.609 0.879 0.015
Test 0.721 0.78 0.275 0.756

4.1 Confusion matrix accuracy

The classification performance of the model was evaluated using the overall confusion matrix accuracy. On the
test data, EfficientNetB7 had the highest accuracy among the models, with a score of 0.748. Accuracy values of 0.635,
0.710, 0.727, 0.716, 0.719, and 0.721 were attained using InceptionV3, VGG16, Xception, MobileNetV2, and ResNet50,
respectively. According to these findings, EfficientNetB7 fared comparably better at correctly categorizing the classes.
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4.2 Sensitivity of each class

Sensitivity gauges how well a model can identify examples of a certain class. EfficientNetB7 showed greater sensitivity
to the test data across all classes, with scores of 0.838 for “normal,” 0.384 for “mild,” and 0.716 for the “abnormal” class.
The sensitivity values for the other models were often lower. According to these results, we got lower sensitivity for
correctly detecting the “Mild” class.

4.3 Mean Absolute Error (MAE)

The MAE measures the average absolute deviation between the predicted and actual values. The model with the
lowest MAE was EfficientNetB7 with 0.013, followed by VGG16 with 0.014. These results indicate that EfficientNetB7
and VGG16 produced the most accurate predictions relative to the actual values. EfficientNetB7 exhibited excellent
overall performance, excelled in accuracy, and achieved a low MAE, indicating its efficacy in classifying and localizing
LV boundaries with precision.

4.4 Loss learning curve

Analyzing the validation loss curve Figure 10 in the context of the transfer learning models studied in this paper
enables evaluation of the model’s generalizability to new data and detection of overfitting. The training and validation
loss values both significantly decline throughout the early epochs, demonstrating that the EfficientNetB7 models are
successfully learning from the training data. The model’s performance on the training data keeps getting better as the
training goes on, which causes the training loss to keep going down. Additionally, the validation loss shows how effectively
the model generalizes to fresh data.

The validation loss initially tends to drop, showing that the model is getting better at generalizing. This mismatch
shows that the model is getting too specialized in learning the training data and is not generalizing effectively to new,
unknown data. However, at a certain point, the models start overfitting. We thus determined the ideal time to halt model
training and avoid overfitting by carefully evaluating the validation loss curve. The validation loss often reaches its
minimum value at this time, indicating the optimum trade-off between model complexity and generalization capacity.
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Figure 10. Loss Learning Curve of EfficientNet-B7.
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4.5 Discussion

On the validation and test datasets, the model exhibits excellent performance using a variety of convolutional neural
network configurations. Although EfficientNetB7 has more trainable layers, it outperforms the other models when it
comes to performance and efficiency with customized top layers. Figure 11 shows how well EfficientNetB7 traced the left
ventricle’s location. The low MAE values for both the validation and test datasets indicate that the model can accurately
predict LVEF.
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Figure 11. EfficientNet-B7 Prediction and Original Left Ventricle Position.

The research revealed varied levels of sensitivity in the “normal”, “mild”, and “abnormal” categories. The model is
highly sensitive to the “normal” and “abnormal” classifications, correctly predicting the large majority of cases in these
categories. This shows that the model is capable of classifying heart function examples as normal or significantly abnormal.
The model’s sensitivity for the "Mild” class, on the other hand, is moderate, indicating that it is difficult to reliably forecast
LVEEF levels when cardiac function is mild.

Several factors may account for this disparity. The dataset contains fewer instances representing the “Mild” class
than the “Normal” and “Abnormal” classes, which is one possible cause. This imbalance may hinder the model’s capacity
to accurately learn and generalize patterns associated with the “Mild” class. Variations in image quality may also have
an impact on the model’s efficacy. Cardiac images may manifest variations in terms of resolution, noise, anomalies, and
image acquisition techniques. These variations can make it difficult for the model to extract the pertinent characteristics
and patterns required for an accurate LVEF prediction.

Numerous risk assessment instruments have been developed over time for clinical outcomes like hospitalization and
death in HF patients [36, 37, 38]. Hemoglobin level, blood urea nitrogen, time since previous HF hospitalization, and
health status were predictive of HF hospitalization, while blood urea nitrogen, BMI, and health status were predictive of
death. Conversely, the current investigation focuses on EF value variations in patients. When compared to traditional
clinical trials or registry-based investigations, the current study encounters some of the same difficulties associated with
Electronic Health Record (EHR)-based cohort analysis [39]. Researchers must deal with challenges related to missing data
items and inconsistent availability of data elements across systems when utilizing EHR data for clinical research. While
EHR data was largely collected for clinical care, traditional clinical trials and registry-based cohort studies collect data
intended to solve a specific research issue.
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The same data may not be gathered consistently or made available to all users of EHR systems. It is commonly known
that different EHR systems have different procedures for gathering and documenting data, and that these procedures can
vary depending on patient demographics and local clinical practices. The data may not have been routinely collected in
EHR systems, even if some of these characteristics have been recorded. As a result, when tested using patient data from
other sites, a model trained on data from one site might not perform as predictively. As an extension of this study, we
would like to observe how well deep learning (DL) models perform when trained on data from one site and tested on data
that originated from a separate location.

Furthermore, if a patient’s EF was assessed during an acute phase, a medical intervention or unfavorable event would
have altered the findings within that brief time. The current study did not collect any data on the patients’ HF treatment
phase, such as acute or non-acute, and instead employed EF measures that were primarily taken from echocardiograms. A
given outcome can be significantly influenced by features in DL algorithms for reasons other than biological relationship.
When comparing characteristics with low prevalent or missing values, which may not necessarily be the result of a stronger
biological link, features with high prevalence, low missingness, etc., in the total sample under analysis may have an
excessive impact on the results. For a particular desired outcome, not every feature has the same statistical importance.
It is difficult to identify significant biological associations between features and outcome variables unless we train DL
models in a “controlled” feature environment. Conducting such training is extremely difficult due to the considerable
diversity of EHR data across sites. While several features were found to be important contributors in the DL prediction of
EF changes, we do not suggest that these features are the ones producing the change in patients’ EF measures, nor do we
know how much an influence these features have on a patient’s EF measurement.

5. Conclusions and future work

This study compares sophisticated transfer learning models for predicting the LVEF from cardiac images. Future
research could concentrate on resolving these issues by implementing preprocessing and exploratory data analysis to clean
up the data. Beat-to-beat cardiac cycle detection is needed for measuring the average ejection fraction of every cycle,
which we didn’t perform in our work. In addition, the inherent difficulty of classifying cases as “mild” poses a significant
obstacle. The line between normal and moderate abnormalities can be subjectively determined and may require expert
interpretation. The model’s ability to reliably categorize “mild” instances might be enhanced by including more clinical
details and patient data. Several tactics may be investigated in order to improve the model’s performance even further.
Techniques for enhancing data can be used to broaden the variety and volume of training data. The capacity of the model
to generalize to unknown changes may be improved by enhancing the dataset by performing modifications to the current
images, such as rotation, translation, and scaling. The performance of the model can be further improved by training
numerous deep learning models with various architectures or hyperparameters and integrating their predictions. In the
context of LVEF prediction, it is crucial to consider the clinical consequences of the deep learning model. The model
has the potential to simplify the assessment procedure, lessen human error, and deliver quick and reliable information for
clinical decision-making because it is automated.

In summary, EffieceintNetB7 demonstrated excellent performance, high sensitivity for normal or abnormal cardiac
function, and moderate sensitivity for mild abnormalities. Our CNN regression model predicts the left ventricle border
directly from coordinates, eliminating the need for any time-consuming segmentations of data before training.
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