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1. Introduction

Artificial intelligence (AI) has had an increasingly widespread presence in biomedical
technology in recent years. Its use has expanded to tasks such as diagnostic imaging,
physiological signal analysis, clinical pattern classification, and the automation of medical
processes. This expansion is due to the development of more accurate models, the in-
creased availability of clinical data, and access to computing platforms capable of running
algorithms in real-time. Recent studies have documented its implementation not only in
hospitals but also in embedded systems, wearable devices, and mobile applications for
field and home healthcare [1-4]. These advances reflect a transition from experimental
models to functional solutions, with real potential for integration at different healthcare
system levels.

One of the most developed areas is medical image processing using deep neural
networks. Convolutional neural networks (CNNs) are used for tissue segmentation, lesion
detection, and disease classification tasks. Models such as U-Net, YOLO, and VGG have
been adapted and optimized for various modalities. These models have achieved accuracy
comparable to, and even superior to, those of specialists under controlled conditions.
In some cases, their performance has been validated in preliminary clinical trials, indicating
that these tools have technical value and applicability in medical practice [2,5].

The development of lighter and more efficient versions of these models has allowed
them to run on low-power platforms such as the Jetson systems. This line of work seeks to
bring automated analysis closer to the point of care without relying on complex hospital
infrastructure or permanent connectivity. This approach expands the scope of medical Al
and addresses real needs in low-resource settings [6].

In parallel, interest has grown in using synthetic data to improve model training.
Techniques such as generative adversarial networks (GANSs) and diffusion models have
generated artificial medical images and physiological signals, allowing data sets to be
balanced or increased in size. These synthetic data have proven useful in improving model
generalization and performance, especially when few real-world examples are available [7].

There has also been growing interest in making Al models interpretable. Explainability
has become required for these tools to be accepted by clinicians and approved by regulatory
bodies. Recent research has proposed methods for identifying which regions of an image
influence a decision or how certain physiological features are weighted in a classification.
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These strategies increase medical user confidence and allow for the detection of errors,
biases, or model failures before deployment [8].

In addition to its use in diagnosis and monitoring, Al has also begun to be applied to
problems related to accessibility, prevention, and well-being. For example, systems have
been developed for automatic sign language recognition, ergonomic assessment at work,
and fall detection in older adults. These applications expand the field of biomedical Al
beyond hospital settings and show that its potential impact can extend to social, community,
and preventive problems [9,10].

These results indicate that artificial intelligence in the biomedical field has reached a
stage of applied maturity. While regulation, clinical validation, and operational integration
challenges remain, accumulating evidence confirms that these technologies can play an
important role in strengthening health systems and expanding access to medical services.

2. Emerging Trends

Recent developments in artificial intelligence for biomedical technology not only offer
specific solutions, but also allow it to identify lines of evolution that outline the direction
the field is heading. These trends do not emerge from a stated intention by the authors,
but from observable patterns in the nature of the problems addressed, the techniques
selected, and the conditions under which they are designed and validated.

2.1. Compact and Executable Models in Real Time

A clear trend is the search for models that can be executed outside of traditional
hospital environments. Priority is given to the design of efficient architectures, optimized
for embedded platforms such as Raspberry Pi, or even to run directly in mobile applications.
This orientation responds to the need to address low-infrastructure contexts, as well as
decentralized or emergency care scenarios. Local execution eliminates constant connection
to servers and guarantees real-time responses, which is critical in applications such as
field monitoring, emergency ultrasound, or mass screening. Furthermore, this type of
implementation favors adoption in healthcare systems with limited resources, where
Al can extend diagnostic capabilities without requiring expensive equipment or highly
specialized personnel [11].

2.2. Use of Synthetic Data for Training and Validation

Another emerging area is the generation of synthetic data using models such as GANs
or diffusion models to solve problems of scarcity or imbalance in biomedical data sets.
These techniques allow the generation of images, signal sequences, or even structured
data that simulate real physiological properties. Synthetic data has proven useful not
only for improving model performance but also for representing rare classes that are often
underrepresented in traditional clinical databases. Empirical evidence shows that models
trained with these data generalize better, especially in multiclass classification or precise
segmentation tasks. Although its adoption is still incipient in formal clinical settings,
the technical results are consistent and open up new possibilities for expansion in scenarios
with ethical or logistical restrictions on collecting real data [12].

2.3. Explainability as a Functional Component of Design

Interest in explainable models is not new, but it has moved from a theoretical ideal to
a practical requirement. Integrating real-time interpretation methods, such as activation
maps, filter visualization, or variable weighting, is gaining ground in real-world appli-
cations as a tool for subsequent analysis and a practical component during clinical use.
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This evolution reflects the need for systems to be accurate but also understandable and
auditable by medical personnel. Explainability is a necessary bridge between algorithmic
engineering and responsible clinical practice [13].

2.4. Expansion of Functional Scope Toward Social and Preventive Problems

Another relevant trend is the expansion of the field to address problems that are
not strictly medical but directly impact people’s health, well-being, and autonomy. This
includes automatic sign language recognition or fall detection in older adults. These types
of applications show that biomedical Al is not limited to diagnosis but can contribute
to overcoming communication barriers, environmental monitoring, and risk prevention.
In all cases, the design of the solutions reflects a sensitivity to real-life conditions and the
diversity of users, suggesting an ethical and social evolution in the field [5].

These trends reveal a shift in the field toward applicability, operational efficiency,
and clinical accountability. Far from focusing solely on technical metrics, current devel-
opments point to practical, explainable, and functional systems in real-world settings,
marking a new stage in the evolution of artificial intelligence in medicine.

3. Persistent Gaps and Challenges

Although recent advances in biomedical artificial intelligence are technically sound,
their clinical adoption faces significant obstacles. Many models are validated only under
controlled conditions or with well-labeled public databases but are rarely tested in real-
world settings. This limits their usefulness outside the laboratory and creates uncertainty
about their behavior in the face of clinical, demographic, or technical variability [14].

Another key limitation is the lack of integration with existing clinical systems. Many
solutions do not consider interoperability standards or privacy regulations, making them
difficult to implement on hospital platforms or public health systems. Added to this is the
limited attention paid to model traceability and auditability [15].

Explainability remains a missing component in most proposals. While some tech-
niques allow for visualizing regions of interest or internal weights, few are designed with
interpretability as a central criterion. This directly affects the trust of medical professionals
and hampers regulatory validation. There also persists a heavy reliance on clinical data
with limited diversity. Many models are trained on homogeneous populations, which limits
their generalization capacity and can reproduce biases that affect diagnostic equity. While
synthetic data helps mitigate this problem, its use still requires rigorous validation [16].

These challenges reflect the fact that technical effectiveness is not enough. The re-
sponsible adoption of artificial intelligence in healthcare requires validated, explainable,
and adaptable models aligned with the clinical context for which they are intended.

4. Future Perspectives

The future of artificial intelligence in biomedicine depends less on algorithmic im-
provements and more on its effective integration into real-world contexts. Moving forward,
clinical validation needs to be expanded to diverse settings, with studies that reflect het-
erogeneous operating conditions and populations. This will allow for the evaluation of
technical accuracy and clinical utility.

Explainability must be incorporated from the design stage. Models must offer clear
and understandable justifications to facilitate their acceptance by medical personnel and
ensure their traceability. Progress in the area of interoperability with clinical systems is also
needed, considering their integration with existing platforms and current regulations from
the outset.
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Furthermore, it is urgent to improve the representativeness of the data used for
training, incorporating population variability and regional contexts. This is key to building
solutions that work equitably in different healthcare settings.

Finally, the impact needs to be evaluated beyond technical metrics. Analyzing costs,
operational benefits, and acceptance by real users will allow for the prioritization of
developments with tangible clinical value and long-term sustainability.

5. Conclusions

Artificial intelligence has taken on an increasingly relevant role in the development
of biomedical solutions, with applications ranging from automated diagnosis to real-time
monitoring and support for vulnerable populations. Recent advances show a shift toward
more functional, explainable models adapted to the environment of use.

However, the clinical value of these technologies depend not only on their accuracy,
but also on their validation under real-world conditions, their integration with existing
healthcare systems, and their user acceptance. Significant challenges remain in terms of
regulation, data diversity, explainability, and impact assessment.

The field is at a point of transition. It is no longer enough to design effective algorithms;
it is necessary to build technically viable, clinically useful, and socially responsible solutions.
The future of artificial intelligence in biomedicine depends on the ability to maintain
this balance.

Funding: This research received no external funding.
Institutional Review Board Statement: Not applicable.

Data Availability Statement: Not applicable.

Conflicts of Interest: The authors declare no conflicts of interest.
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Brain Cell Organelles for Their Augmentation and
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Abstract: A technology for the automatic multi-class labeling of brain electron microscopy
(EM) objects needed to create large synthetic datasets, which could be used for brain cell seg-
mentation tasks, is proposed. The main research tools were a generative diffusion Al model
and a U-Net-like segmentation model. The technology was studied on the segmentation
task of up to six brain organelles. The initial dataset used was the popular EPFL dataset
labeled for the mitochondria class, which has training and test parts having 165 layers each.
Our mark up for the EPFL dataset was named EPFL6 and contained six classes. The technol-
ogy was implemented and studied in a two-step experiment: (1) dataset synthesis using a
diffusion model trained on EPFL6; (2) evaluation of the labeling accuracy of a multi-class
synthetic dataset by the segmentation accuracy on the test part of EPFL6. It was found that
(1) the segmentation accuracy of the mitochondria class for the diffusion synthetic datasets
corresponded to the accuracy of the original ones; (2) augmentation via geometric synthetics
provided a better accuracy for underrepresented classes; (3) the naturalization of geometric
synthetics by the diffusion model yielded a positive effect; (4) due to the augmentation of the
165 layers of the original EPFL dataset with diffusion synthetics, it was possible to achieve
and surpass the record accuracy of Dice = 0.948, which was achieved using 3D estimation in
Hive-net (2021).

Keywords: diffusion neural network; automatic multi-class labeling; electron microscopy;
synthetic dataset; dataset augmentation; geometric augmentation; semantic segmentation

1. Introduction

As the title suggests, this article proposes a technology for the automatic multi-class
labeling of brain electron microscopy (EM) objects based on a generative diffusion model.
Despite the recent emergence of diffusion models, according to the review [1], many
new methods for segmentation and diagnostics in biomedicine have already been devel-
oped based on them. But for the technology to emerge, it is also necessary to automate
unlimited-volume synthetic EM dataset creation for training foundation models [2] to
replicate technologies in downstream applications. Such technologies are also relevant for
augmenting existing datasets. Specifically, the area of segmentation and classification of
brain cell organelles based on brain EM data has many of its own features that complicate

Technologies 2025, 13, 127 6 https://doi.org/10.3390/technologies13040127



Technologies 2025, 13, 127

the problem. The complexity of this problem stems from the fact that EM operates at the
limit of its resolution capabilities (units of nanometers) when capturing organelle images.
This leads to a high level of noise in the images, significantly impacting the accuracy and
feasibility of segmenting individual organelles. Another challenge is the significant varia-
tion in the representation of different organelles per unit area of the EM layer, as well as
their underrepresentation in the dataset as a whole. The traditional solution of this problem
is an augmentation of real data datasets using classical methods (reflection, rotation, tiling,
etc.). This solution is simple and cost-effective but does not solve the problem completely.
The development of neural networks, particularly generative models, has given rise to data
augmentation (DA) methods leveraging these technologies. One of the earliest studies to
use serial block scanning electron microscopy (EM) as a source of high-resolution three-
dimensional nanohistology for cells and tissues was ref. [3]. A subsequent series of works
was aimed at creating datasets for training deep learning networks for EM data segmenta-
tion designed for the binary segmentation of brain cell organelles—neural membranes [4]
and the supervoxel segmentation of mitochondria [5]. Simultaneously, the problem of 3D
reconstruction of the brain neural network and the problem of brain connectomics on the
basis of neuron organelles and connections between neurons (synapses) is stated in [6]. In
this problem, of particular importance is the segmentation of postsynaptic densities (PSDs),
vesicles, and axons.

The invention of U-Net in 2015 [7] gave rise to numerous novel models and adap-
tations for segmenting brain EM data. The reason for U-Net’s success is related to the
contextual information of an input image at all levels of processing. Almost immedi-
ately, the publication [8] experimentally confirmed that the skip connection of the U-Net
architecture is effective in solving segmentation problems in biomedicine.

U-Net also provided a basis for creating numerous models: [9,10], 3DU-Net [11],
V-Net [12], DeepMedic [13], HighRes3DNet [14], Inception U-Net [15], R2U++ [16].

The application of artificial intelligence methods for EM data processing is significantly
hindered by the limited availability of labeled data for training and testing deep neural
networks (DNNs). Open EM data as a whole are represented by only a few labeled datasets,
both due to the laboriousness of preparing samples for an electron microscope, and due
to the lack of specialists for manual labeling. Labeling electron microscopy data remains
a time-consuming and labor-intensive task, with the annotation of a single experiment
requiring up to six months of manual effort. We found four open EM datasets, the earliest
and most popular of which were only labeled for one class (mitochondria or membranes).
In the two other datasets, several classes were distinguished. As a result, the majority of
neural networks used in EM processing are only trained to perform binary segmentation.

According to articles by [17,18], DA is a recognized effective solution to expand the
training dataset. The cheapest and most effective of the traditional augmentation methods
are horizontal and vertical flipping, translation, and cropping. This means that the relative
arrangement of the compartments remains unchanged. With the development of neural
networks, there is now the possibility of using deep learning models to generate synthetic
images for DA goals.

One of the popular solutions was the use of Generative Adversarial Networks
(GANSs) [19-22] to augment data for classes that are underrepresented in the dataset.
Employing GANSs for data generation [23] can yield images practically indistinguishable
from real ones. However, training these neural networks requires a large volume of data,
and this process may be unstable [24].

However, despite the simplicity of classical augmentation methods, according to a
study [25] on the classification task, cropping is more effective than WGAN.
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Using variational autoencoders (VAEs) [26] enables training on unlabeled data; how-
ever, the quality of generation may be inferior to real data.

Neural diffusion (ND) models are an advanced approach in the field of artificial intel-
ligence that models information diffusion in neural networks to achieve realistic results.
They define a Markov chain of diffusion steps to gradually add random noise to the data
and then learn to reverse the diffusion process to generate desired data samples from the
noise. This method finds widespread application in generative modeling, texture synthe-
sis, and image restoration [27]. Recently, the probabilistic model of diffusion denoising
(DDPM) [28] has garnered significant attention due to its excellent quality in generating
synthetic images [24,29,30].

The main advantages of neural diffusion (ND) models can be summarized as follows:

1. ND enables the generation of high-quality images with rich details, realistic textures,
and smooth transitions. This approach is capable of eliminating noise and artifacts,
resulting in the generation of clean and natural images.

2. The ND approach provides control over the image generation process. Through
diffusion parameters, one can adjust the level of detail and blur or the degree of
preserving the original information. This allows users to customize generated images
according to specific requirements.

3. ND can be applied to various types of images, including photographs, drawings, textures,
and others. This makes it a versatile tool for generating and processing diverse kinds of
visual data.

The flexible DA method based on diffusion models proposed in ref. [31] outperforms
the standard DA baseline by about 0.3 accuracy points for the classification task.

The achievements of expanding the dataset for the segmentation task are not so
impressive. Ref. [32] proposed expanding the dataset using a diffusion neural network and
improved the segmentation results by 0.01-0.03 values in the Dice metric.

The most interesting publication in recent years for us was a review [33] devoted
to the study of the capabilities of diffusion models in medical problems. These tasks
include anomaly detection; medical image segmentation; noise suppression; classification,
generation, and others. Three main approaches to diffusion modeling are characterized
as follows: Denoising Diffusion Probabilistic Models (DDPMs), Noise Conditioned Score
Networks (NCSNs), and Stochastic Differential Equations (SDEs). The greatest attention is
paid to the DDPM approach; so-far unresolved problems are also considered.

In our previous papers [34,35], we considered the problem of recognition by neural
networks of classes that are underrepresented in the training dataset. To achieve this, we
proposed using a geometric parametric algorithm that allows us to create the required
number of missing images and markings for them. This approach was effective, but the
generated images lacked realism. The idea for the further development of this approach
to augmentation was suggested by an article linking the modeling of nonequilibrium
thermodynamics with modern diffusion models [36]. Such models are capable of turning
any simple geometric models into realistic images with noise to the required degree.

Thus, the above review ultimately inspired us not only to explore the possibilities
of diffusion neural network models that would provide the augmentation of real data
simultaneously with their labeling, but also to increase the similarity of simple geometric
models to real data, also through diffusion models.

Additionally, we aimed to develop and explore a multi-class technology for the
automatic labeling of EM data, invariant to the number and diversity of organelles. This was
demonstrated using six organelles as examples: mitochondria, mitochondria boundaries,
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vesicles, postsynaptic densities (PSDs), cell membranes, and axon sheaths (including
their contents).

2. Materials and Methods
2.1. Segmentation Task, Metric, and Network

Semantic Segmentation is a computer vision task in which the goal is to produce a
dense pixel-wise segmentation map of an image, where each pixel is assigned to a specific
class or object.

We used the Dice-Serensen coefficient (DSC, Dice), a metric commonly used for
evaluating the segmentation of biomedical images. The DSC values ranged from zero to
one. Let the number of pixels correctly classified as belonging to the target class be defined
as the true positive (TP), the number of correctly classified background pixels as the true
negative (TN), the number of pixels erroneously classified as belonging to the target class
as the false positive (FP), and the number of erroneously classified background pixels as
the false negative (FN). The DSC metric is then defined as follows:

psc= 28 @
2TP+ FP+FN

Since we consider multi-class segmentation in this study, we are interested in multi-
class evaluation metrics. Since the Dice metrics compare two sets, in the case of multi-class
classification, the result will be a vector of Dice metrics for each class. For training a neural
network for multi-class segmentation, we should transform DSC; metrics to the scalar error
or loss function. For this purpose, we use the linear combination defined in Equation (2):

N N
Loss = thi(l —DSCj),n; >0, szi =1 (2)
i=1 i=1

where Loss is a scalar total multi-class loss function, N is the number of classes, «; is
a weighting coefficient, and (1 — DSC;) is the loss value for the i-th class. The weight
coefficients a; were chosen equal to 1/N.

Segmentation Network Architecture

U-Net is widely regarded as a standard convolutional neural network architecture for
biomedical image segmentation tasks. The architecture comprises two main components: a
contracting path, which captures global context and feature hierarchies, and a symmetric
expanding path, which enables precise localization of structures. The basis of the network
of our study is the U-Net project (https://github.com/zhixuhao/unet, accessed on 2
December 2024). In the original project, U-Net was used for the binary classification
of membranes.

We built compact modifications of the U-Net model and present here the tiny-U-Net
model. The architecture of our simplified model is illustrated in Figure 1.

The tiny-U-Net has the following differences from the previous architecture:

®  Our network input is an image of size 256 x 256 x 1 instead of 512 x 512 x 1.

®  Our network output is 256 x 256 x N instead of 512 x 512 x 1, where N is the number
of classes.

*  We added batch normalization after each ReLU, convolution, and activation layers.

e Number of channels in the original U-Net convolution blocks: 64 — 128 — 256 — 512
— 1024; number of channels in our architecture: 32 — 32 — 64 — 128 — 256.



Technologies 2025, 13, 127

®  The resulting model contains 15.7 times fewer parameters than the original model and
takes up 15.2 times less memory (24 MB instead of 364 MB).

As in the original project, we use the output activation function sigmoid. We extend the
application of this function not only for binary but also for multi-class segmentation. Using
this activation function guarantees that each mask is in the range of [0, 1] and also provides
the independence of masks. In this approach, one pixel of the layer can be associated with
several classes at once, unlike the standard approach with the softmax function.
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Figure 1. The architecture of the tiny-U-Net model.

2.2. Datasets and Their Markups

ReLU

1 up-conv 2x2

& max pool 2x2

=> copy and crop

P conv 1x1

In this section, we provide an overview of publicly available datasets for electron
microscopy (EM) segmentation task (Table 1). Among the most widely used datasets
for this task are those collected by Lucchi et al. in [37]. These datasets have become a
benchmark for evaluating segmentation performance in EM images.

Table 1. Open labeled electron microscopy datasets.

No. Name Data Volumes Labeled Data Labeled Classes Resolution
Volumes (nm/voxel)

1 AC4,ISBI 2013 [38] 4096 x 4096 x 1850 1024 x 1024 x 100 membranes 6x6x30
2 datasets . .

b : c
2 EPFL 7, Lucchi++ € [5] 1065 x 2048 x 1536 1024 x 768 x 165 mitochondria 5x5x5
. 1334 x 1553 x 75 . .

3 Kasthuri et al. [39] 1463 % 1613 x 85 mitochondria 3x3x30
5 dataset mitochondria,

4 UroCell “ [40] 1366 x 1180 x 1056 arasers endolysosomes, 16 x 16 x 15

256 x 256 x 256

fusiform vesicles

 Data are available on GitHub: https:/ /github.com/MancaZerovnikMekuc/UroCell, accessed on 2 December
2024. * EPFL dataset is available at https:/ /www.epfl.ch/labs/cvlab/data/data-em/, accessed on 2 December
2024. ¢ Data are available at https://casser.io/connectomics/, accessed on 2 December 2024.

It is seen that in three of the four labeled open datasets, only one class is labeled. Only
one dataset contains more than one labeled class. For this reason, the vast majority of

neural networks in EM are trained to classify only two classes (object and background).

10
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For our study, we utilized the EPFL dataset, which is publicly available at https:
/ /www.epfl.ch/labs/cvlab/data/data-em/, accessed on 2 December 2024. The data used
in this work were acquired by a focused ion beam scanning electron microscope (FIB-
SEM, Zeiss NVision40), which uses a focused beam of gallium ions to mill the surface of
a sample and an electron beam to image the milled face. The milling process removes
approximately 5 nm of the surface, while the scanning beam produces images with a pixel
size of 5 x 5 nm [5]. This dataset comprises images obtained from the CA1 region of the
hippocampus in the brain, with a voxel resolution of approximately 5 x 5 x 5 nm. The
training set includes 165 image stack fragments, each with a size of 1024 x 768 pixels.
This dataset was acquired by Graham Knott and Marco Cantoni at EPFL. Notably, the
original EPFL dataset provides annotations exclusively for mitochondria. The test set of
the EPFL dataset consists of 165 full-size images (1024 x 768 pixels) with corresponding
ground truth annotations for mitochondria. These test images are used to evaluate the
generalization capability of trained models on unseen data. An example of the dataset is
illustrated in Figure 2.

@ (b)

Figure 2. The electron microscopy 1024 x 768 image from the EPFL dataset of a mouse brain and

mitochondrial annotation: (a) EPFL layer; (b) annotation mask.

For the EPFL dataset, an enhanced annotation called Lucchi++ is available [41]. The
research team re-annotated two EPFL Hippocampus image stacks to enhance the consis-
tency and accuracy of mitochondrial membrane labeling. The process involved a senior
biologist manually refining the annotations, which were then independently reviewed by
two neuroscientists. Disagreements were resolved through iterative corrections, ensuring
consensus and high-quality annotations. In other words, the Lucchi++ dataset provided an
enhanced labeling for both the training and test sets of the EPFL dataset, with each stack
having dimensions of 165 x 1024 x 768 pixels.

But in addition to mitochondria, the EPFL dataset can be marked with 4 types of
compartments: PSD, vesicles, membranes, and axons. And if the first three are presented
in the dataset as well as mitochondria, axons, on the contrary, are very poorly represented.
The axons’ sheath in the training dataset is present only in the first 36 layers and looks
completely different from the axon sheath in the test dataset Figure 3. In the test dataset,
axons appear in the first 70 layers, transitioning from an elongated to a more rounded
shape. Additionally, they exhibit a darker interior and an inner ring, further distinguishing
them from the training set.

11
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@) (b) (c) (d)
Figure 3. Axon sheath in the training and test EPFL datasets: (a) axon sheath in the training set;

(b) axon sheath in the test set, first layer; (c) axon sheath in the test set, 35th layer; (d) axon sheath in
the test set, 70th layer.

Since we wanted to deal with multi-class segmentation, we had to make our own
markup for the existing dataset [42]. We marked 55 training layers and 5 test ones, on
which we tested multi-class models. Also, we tested our models on the full EPFL test
volume and the complete Lucci++ markup to compare our results with other studies.

Thus, in our work, we used three markups of the same dataset (EPFL, Lucchi++, and
ours markups); the difference between the markups is shown in the Figure 4. We calculated
the differences between markups using the formula

count_dif ferent_areas_in_pixels

dif ference = . —
count_zntersectzon_m_pzxels

®)

Figure 4. Markup differences (background—dark gray, intersection areas—light gray): (a) original
EPFL EM fragment; (b) EPFL (black)/our (white) markup; (c) Lucchi++ (black) /EPFL (white) markup;
(d) Lucchi++ (black)/our (white) markup.

The difference in the results for 42 layers is as follows: Lucchi++ vs. ours, 0.09; EPFL
vs. ours, 0.21; Lucchi++ vs. EPFL, 0.19. This is a significant difference. This explains the
fact that our test results are better for the Lucci++ markup. At the same time, it can be
noted that Lucci++, due to enhanced markup checking compared to EPFL, like our dataset,
more correctly solves the problem as a whole.

2.3. Segmentation Algorithm Stability

We investigated how stable both are: the process of training the multi-class segmen-
tation of the tiny-U-Net model and the assessment of the segmentation accuracy by this
model. It was interesting to obtain such an assessment both on our EPFL6 dataset and on
the Lucchi++ dataset to ensure the correctness of using the segmentation assessment as
an assessment of the quality of the generated synthetic datasets. It is also important that
the dataset we are studying also contains underrepresented classes, which can happen
in many cases of technology applications. Therefore, it is also interesting to see how the

12
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underrepresentation of a class would look like in such assessments. As a result, the EPFL6
dataset is represented by 42 layers from the training part and 5 layers from the test part
(taken for marking from 165 layers of the EPFL test part). The results are presented in
Table 2. The Lucchi++ column contains test results for model that trained on 100 (1st line)
and 165 (2nd line) layers from the training set and 165 layers from the test set. Note also
that the abbreviation “Mit.boundary” stands for “Mitochondrial boundary”.

We trained the model 20 times and averaged the results. From Table 2, one can see
that the metrics for mitochondria and membranes are quite stable from run to run. The
standard deviation is ~0.007 and ~0.002. On the contrary, the results for the axon and PSD
vary greatly from run to run.

Table 2. Stability of segmentation estimation by tiny-U-Net model on EPFL6 and Lucchi++ datasets.

Metric Mitochondria PSD Vesicles Axon Membrane Mit.boundary Lucchi++
5 classes, Mean 0.925 0.800 0.727 0.128 0.872 0.928
5 classes, Std 0.007 0.022 0.004 0.152 0.002 0.006
6 classes, Mean 0.927 0.775 0.725 0.125 0.872 0.798 0.934
6 classes, Std 0.007 0.064 0.005 0.169 0.002 0.007 0.003

2.4. Technology for the Automatic Labeling of Synthetic Classes Based on the Diffusion Model

If you take an image and start applying Gaussian noise to it, after a sufficient number
of iterations of adding noise, the original image will turn into a pattern of pure noise.
The core concept of the diffusion models is to learn how to reverse the described process,
gradually removing noise from a noisy image and eventually obtaining a clear image. Based
on this, the network architecture should satisfy the following requirement—the input and
output should have the same dimensions. An architecture that fulfills these requirements is,
for example, the standard U-Net architecture. This approach has been successful in the field
of image generation, and models using this method are starting to compete with and even
surpass other types of generative models. For instance, such models already outperform
Generative Adversarial Networks (GANSs) in terms of perceptual quality metrics [28].

The idea of training a model capable of generating both an image and its corresponding
annotation is based on creating a training dataset for a diffusion model where each input
tensor contains information about the original image and the annotation for that image.

The EPFL dataset was used only as the source data for our own multiclass labeling.
The new dataset was generated as follows:

1. The data with their annotations, layer-by-layer (in order of layer sequence), are
combined into one common tensor of size H x W x C, where H and W are the image
sizes, and C is the number of channels. The C value determines the number of
channels in the original layer image (in our case, the image is grayscale, that is, one
channel) plus the number of classes, for each of which a single-channel mask should
be generated.

2. The layer image is divided into parts of size 256 x 256 pixels. This is performed
to avoid scaling the image during the dataset preprocessing before model training,
which could lead to loss of information about the original image and its details as
well as blurring of images.

3.  For layers, standardization (or Z-Score normalization) is used, and mask normal-
ization (or Min-Max scaling or division by 255) is used. The raw dataset data are
converted using the following formulas:

13
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layer — mean;qye, mask — Mminer mask

s Maskyormalized = - = 4)
stdjayer MAX a6k — MiMyask 255

layernormalized =

U-Net from the python library diffusers (https:/ /pypi.org/project/diffusers/, accessed
on 2 December 2024) was used as the architecture of the diffusion model. The model was
created using a function called UNet2DModel and allows one to obtain a model with additional
modifications, such as embedding a position for diffusion time and internal attention blocking.

To create the model, the UNet2DModel function was used from diffusers with the
following parameters: sample_size = 256—sets the width and height of the input data;
in_channels and out_channels = number of classes + 1 (adding 1 channel for a layer)—set the
number of input and output channels; layers_per_block = 2—the number of repetitions con-
volution/deconvolution per block; block_out_channels = (128, 128, 256, 256, 512, 512)—list
from the number of channels after exiting the blocks (the list has an equal encoder or de-
coder block); the encoder block contains 4 “DownBlock2D”, after them “AttnDownBlock2D”
and “DownBlock2D”; the decoder block contains “UpBlock2D”, “AttnUpBlock2D”, and
4 more blocks “UpBlock2D”.

The resulting model is shaped like U-Net, contains 6 convolutional and deconvolu-
tional layers (or blocks) with skip connections, and also has an attention model (block with
Attn) and an input to indicate the current step of the diffusion (or denoising) process.

To return the normalized layers to the previous pixel intensity range of 0-255, the
reverse method was applied. For this, the following formula was applied:

mage = 1mageq frer_model * Stdtmin_dﬂtaset + meantgin_dataset ()

where mean; iy dataser = 138.84 and stdyypiy garaser = 29.68 are the average and std of the
pixel intensities of 42 layers of the EPFL training dataset. This method allows us to avoid
shifting the average and std intensity values across channels, which can be observed with
other methods of returning the image to the 0-255 range. To return the masks, the pixel
values were multiplied by 255.

Figure 5 shows examples of good generation using the diffusion model. Layers of
masks are translated into one image, where different classes are marked with different
colors: red—the inside area of the mitochondrion, light green—the border of the mitochon-
drion, green—membranes, blue—vesicles.

(b)
Figure 5. Successful examples for the 6-class-labeled synthetic dataset generated by a diffusion model;
(a—c)—3 synthetic images and their labeling; the training dataset includes 30 EPFLG6 layers.

Examples of unsuccessful generations are also shown (Figure 6) as 3 synthetic images
and their labeling masks.

(b)

Figure 6. Examples of mistakes for the 6-class-labeled synthetic dataset generation via a diffusion

model. The mask shows mitochondria boundaries having gaps (a,b); the membrane mask does not
quite match the layer (b); mitochondria consisting of only the boundary class (c).

14
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Examples of axon generations are shown in (Figure 7).

(fragment) and it’s axon masks.

2.5. Geometric Models for Dataset Synthesis

The research presented in this section is a development of our work [34,35]. We
present new samples of synthetic images generation as the main method of augmentation
for classes that are underrepresented in the dataset. In the EPFL dataset, this is an axon
class (see Figure 3).

The essence of the geometric algorithm is that organelles are drawn using simple
geometric primitives such as lines, splines, and area fills. The sizes and gray levels for
organelles are set based on data from the target dataset. A complex internal structure is also
applied by adding lines, circles, spline pieces, and blurs to the selected area. Membranes
are calculated using a region-growing algorithm. We used Gauss filtering and Poisson
noise to simulate image blurring and noise from the registration device. Drawing masks
repeats the algorithm for drawing organelles, only without blurring and adding noise.
One can see and download the implementation of our algorithms for geometric synthesis
here: https://github.com/GraphLabEMproj/Synthetics/, accessed on 2 December 2024. A
description of the geometric synthesis algorithms can be found in [35].

This is why, for the geometric synthesized dataset, we generated 2000 images of size
256 x 256 pixels; half of this dataset contained the axon area. An example of one labeled
sample and an example of several samples are shown in Figure 8. The shape, size, and
gray levels of compartments are chosen to be similar to the shape, size, and gray levels of
the EPFL dataset. The advantage of a synthetic set is that you can obtain any number of
images you need along with their labeling automatically.

Figure 8. Example of geometric synthesized data: (a) layer, (b) mask of axons’ sheaths, (c) mask of
vesicles, (d) PSD mask. (e-h) examples of synthetic layers.

2.6. Naturalization of Geometric and Other Synthetic Datasets by Diffusion Models

The Table 3 shows that geometric synthetics have a significant drawback due to their
schematic and complexity of the brain cell shapes. The column best results are highlighted
by the bold font, and the best for left or right halftable by the gray background.

Diffusion networks do a great job of synthesizing textured objects such as mitochondria
and clusters of vesicles, but diffusion neural networks cannot confidently model properties
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that geometric synthetics can guarantee: membrane continuity and PSD placing. We decided
to combine the strengths of diffusion and geometric synthetics by naturalizing the result of
geometric synthetics with a diffusion model. To do this, an experiment was conducted to
determine both the possibility of such a naturalization method and adequate proportions for
mixing the models. In this experiment, images of geometric synthetics were noisy to a level
determined by the coefficient « and then fed for denoising to the input of a diffusion model
trained on the original data. For a number of values of «, the naturalization of the geometric
model reaches a level equal to the result of applying the diffusion model to the original dataset.

We used a geometric synthetic image as the initial image and made it noisy as required
by the diffusion model. The noisy image is fed to the input of the diffusion model in
Section 2.4 and trained on images of the original dataset. The input of the model forms
one common tensor from the layers of the original layer and the mask; this entire tensor
is noisy and restored by diffusion. For masks, the operations are the same as for a layer.
Therefore, if diffusion corrects the layer, it also corrects the masks. We tested 20 levels of
added noise (see Figure 9).

Table 3. Dice coefficient of electron microscopy data segmentation for the tiny-U-Net model for the
original EPFL6 dataset (ORIG), the dataset enriched with diffusion-synthesized images (MIX), and the
fully diffusion-synthesized dataset (DIFF).

Training Dataset

Num MIX DIFFUSION ORIGINAL MIX DIFFUSION ORIGINAL
MIX 5 MIX 6 DIFF 5 DIFF 6 ORIG 5 ORIG 6 MIX 1 MIX 6 DIFF 1 DIFF 6 ORIG 1 ORIG 6
Mitochondria Mitochondria/Mitochondrial boundaries

5 0.860 0.886 0.850 0.871 0.882 0.885 0.880 0.760 0.835 0.741 0.877 0.752
10 0.943 0.935 0.936 0.906 0.934 0.928 0.921 0.797 0.910 0.752 0.916 0.787
15 0.945 0.942 0.930 0.937 0.930 0.926 0.918 0.793 0.876 0.762 0.914 0.790
20 0.939 0.938 0.931 0.941 0.924 0.925 0.925 0.795 0.924 0.754 0.912 0.794
30 0.932 0.942 0.895 0.928 0.922 0.924 0.924 0.799 0.916 0.751 0913 0.796

MIX 5 MIX 6 DIFF 5 DIFF 6 ORIG 5 ORIG 6 MIX 5 MIX 6 DIFF 5 DIFF 6 ORIG 5 ORIG 6
PSD Membranes

5 0.672 0.654 0.513 0.582 0.556 0.566 0.868 0.868 0.849 0.852 0.861 0.862
10 0.820 0.783 0.735 0.532 0.755 0.754 0.869 0.872 0.854 0.847 0.872 0.873
15 0.723 0.755 0.621 0.643 0.685 0.697 0.869 0.864 0.844 0.814 0.871 0.872
20 0.821 0.773 0.748 0.731 0.755 0.726 0.865 0.864 0.831 0.813 0.871 0.873
30 0.816 0.810 0.472 0.783 0.723 0.766 0.872 0.864 0.849 0.791 0.872 0.873

Vesicles Axon

5 0.692 0.697 0.687 0.693 0.689 0.686 0.094 0.043 0.023 0.036 0.144 0.282
10 0.734 0.719 0.727 0.704 0.720 0.714 0.009 0.062 0.013 0.178 0.304 0.265
15 0.730 0.728 0.735 0.725 0.716 0.714 0.030 0.007 0.013 0.024 0.122 0.274
20 0.734 0.728 0.736 0.729 0.714 0.713 0.000 0.000 0.022 0.097 0.243 0.181
30 0.725 0.735 0.731 0.730 0.720 0.720 0.274 0.010 0.376 0.007 0.192 0.312
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Figure 9. Naturalization of geometric synthetics using a diffusion model. Columns: (a,f)—geometrically
synthesized image; (b,g)—n-noised synthetic; (c,h) mask of geometric source; (d,i)—diffusion refinement;
(ej)—diffusion refinement mask. The a parameter controls the noise of the geometric source: & = 0—the
source is completely noisy; « = 1—no noise is added.

3. Results

The experiment was designed as a two-stage one: Stage 1—synthesis of a multi-class
dataset by a diffusion model trained on EPFL6; Stage 2—evaluation on the test part of
EPFL6 of the accuracy of multi-class segmentation trained on its training part.

Before discussing the obtained results and to understand them better, it is worth
clarifying how the training datasets for the diffusion model and for the segmentation
model were formed in each experiment, on whose test dataset the segmentation accuracy
was checked.

First of all, we note that only two original datasets were used in the experiments: EPFL,
marked up for one class of mitochondria, in the refined Lucchi++ markup; EPFL6 with our
markups for one, five, and six classes. Only one designation is used for EPFL6. EPFL with
the refined markup of mitochondria is designated as Lucchi++ or Lucchi for short in the
tables and explanatory texts. Lucchi++ has two parts, training and testing, with 165 layers
each. From EPFL6, from 5 to 42 layers from the training part and 5 layers from the testing
part were used in the experiment. For the augmentation of 5 EPFL6 test layers, regular
tiling with a 256 x 256 window with an offset of 128 was used, giving 35 [tiles/layer]
instead of 12 [tiles/layer] (without overlapping). Regardless of how many layers are used
to train the model, all test layers of the corresponding datasets are used for testing. All
tables show Dice values averaged over several (from 5 to 20) implementations.

The size of the synthetic datasets is practically unlimited, but for resource conservation
reasons, 1008 disjoint images of size 256 x 256 were generated for any size of the training
dataset, equivalent to 84 standard EPFL 1024 x 768 layers, i.e., 12 images per layer. Synthetic
datasets were generated once, a separate dataset was generated for each combination of
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the number of classes and number of training layers. Their naming is more diverse and is
tied to the result tables. To increase the volume of the training dataset, regular tiling was
applied to its layers with a tile size of 256 x 256 and an offset of 64 (or 128), selected based
on the experiment. The number of tiles in a layer when tiling without tile intersections
is 12 (4 x 3). With an offset of 128, the number of tiles k is determined by the formula
k=(@2n —1)x (2m — 1), where n =4, m = 3, and k = 35 =7 x 5. The next division of the
offset by 2 gives, according to the same formula, k =117 = (2 x 7 - 1)(2 x 5-1). That s,
when training on L layers, we have the following pairs in the training dataset: [number
of layers, number of intersecting 256 x 256 tiles]: [5, 585], [10, 1170], [15, 1755], [20, 2340],
[30, 3510], [42, 4914]. In this case, the number of diffusion synthetic images generated
on each training dataset, as indicated above, remained constant in all experiments and
was equal to 1008 tiles. This option is interesting because it allows us to compare the
segmentation accuracy when training on an increasing and constant dataset volume. The
only exception is made for the five-layer dataset, in which the DIFF synthetic training
dataset is represented by 595 out of 1008 images.

For the computational experiment, the nodes of the supercomputer (SC) Lobachevsky
(Lobachevsky University, Nizhny Novgorod) (https:/ /hpc-education.unn.ru/en/resources,
accessed on 2 December 2024), equipped with eight graphic processors (GPUs) A100, 40 GB,
were used. A total of 100 epochs were allocated for the training process of the diffusion
model on the original datasets formed from the EPFL6 composition, which took about 2.5 h
A100, 40 GB. The process of generating a synthetic dataset of 1008 images of size 256 x 256
for each of the markings (1, 5, 6 classes) by the trained model took about 5 h GPU A100,
40 GB. The time on the computing node together with loading and unloading was about
8 h for one synthetic dataset of 1008 images of the above size. A total of 200 epochs were
allocated for the training process of the tiny-U-Net segmentation model.

3.1. Software and Technologies for Training and Testing

We used Python as the main programming language to conduct experiments. The
main libraries for working with deep learning are PyTorch and Diffusers. PyTorch is
chosen as one of the most popular libraries for DL. The Diffusers library, based on PyTorch,
contains functions for creating and training models using diffusion technology.

Training deep learning models requires a large amount of data to reduce the possibility
of overfitting. At the same time, the larger the model, the more data it requires. To increase
the amount of data for training, we sliced the training layers into tiles of 256 x 256 pixels.
In our previous works, we used 256 x 256 slicing with an offset of 128 and 512 x 512
with an offset of 256, which allowed us to obtain 41 tiles per layer. Thus, for 42 layers,
1722 tiles of training data were obtained. When conducting initial experiments with the
standard diffusion model, which is large in size, the generation results after training were
unsatisfactory, so it was decided to increase the training dataset by reducing the slicing bias
to 64. Therefore, in this work, slicing the layer into 256 x 256 tiles with an offset of 64 was
used to train the models. This allowed for obtaining 117 tiles from a single 1024 x 768 pixel
layer. It is worth noting that these data are not diverse due to multiple overlaps. From one
1024 x 768 layer, only 12 tiles of a size of 256 x 256 can be obtained without intersections, so
expanding the dataset by slicing with an offset increases its diversity nonlinearly and loses
its power at small values.

U-Net, despite its architecture, may still face difficulties when processing image edges.
To avoid artifacts at the edges of tiles, we cut the test image into overlapping tiles.
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We prepared tiles with a size of 256 x 256 pixels and an overlap of 128 pixels for testing.

Only the centers of the 128 x 128 pixel regions within these tiles are included in the final

mask (see Figure 10).
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Figure 10. Process of splitting a test image into tiles.

3.2. Generation of Synthetic Multi-class Datasets by Diffusion Model

The U-Net model was trained with the following hyperparameters: input and output

image sizes = 256 x 256 x (N + 1) pixels, where N is the number of classes; batch size for

training set = 12; number of training epochs = 100; learning rate for optimizer = 0.0004;

number of denoising steps = 700.

With these parameters, we generated the next 1000-tiles training volumes:

DIFF 6-class 42 layers: 42 layers from the EPFL6 training dataset, all six classes (the
example: see Figure 11). The diffusion model was trained on this dataset, and this
model synthesized the input datasets DIFF 6 and MIX 6 (with the addition of the
EPFL6 dataset images) for the segmentation task in Tables 3 and 4.

DIFF 5-class 42 layers: 42 layers from the EPFL6 training dataset, five classes of
markup. The diffusion model was trained on this dataset, and this model synthesized
the input datasets DIFF 5 and MIX 5 (with the addition of images from the EPFL6
dataset) for the segmentation task in Tables 3 and 4.

DIFF 1-class 42 layers: 42 layers from the EPFL6 training dataset, one class of markup.
The diffusion model was trained on this dataset, and this model synthesized the input
datasets DIFF 1 and MIX 1 (as a fusion with the images from the EPFL6 dataset) for
the segmentation task in Table 4.

DIFF 1-class 165 layers: 165 images from the EPFL one-class training dataset in
Lucchi++ labeling. The diffusion model trained on this dataset synthesized the input
dataset for the combination: Lucchi++ plus DIFF 1(165), 84 (Table 5).

(e)

Figure 11. Example of synthesized dataset DIFF 6-class 42 layers (only nonzero masks are shown):

(a) the synthetic layer, (b) mitochondria mask, (c) membranes mask, (d) vesicles mask, (e) PSD mask.
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Table 4. Dice coefficient for EPFL6-based synthetic data segmentation by tiny-U-Net model. The table
has 3 main sections: Original datasets; Synthetic datasets; Mixed two firsts, - for 3 types of synthetics.

Metric Mitochondria PSD  Vesicles Axon Membranes Mit. Boundaries
MIX NAT 1 0.920 - - - - -
MIX NAT 5 0.924 0.851 0.708 0.527 0.876 -
MIX NAT 6 0.928 0.842 0.716 0.534 0.877 0.802
MIX DIFF 1 0.927 - - - - -
MIX DIFF 5 0.944 0.833 0.734 0.017 0.867 -
MIX DIFF 6 0.939 0.841 0.732 0.000 0.869 0.805
MIX GEOM 1 0.926 - - - - -
MIX GEOM 5 0.936 0.836 0.725 0.789 0.871 -
MIX GEOM 6 0.933 0.845 0.721 0.722 0.873 0.807
SYN NAT 1 0.883 - - - - -
SYN NAT 5 0.885 0.701 0.510 0.565 0.810 -
SYN NAT 6 0.839 0.652 0.512 0.542 0.793 0.638
SYN DIFF 1 0.918 - - - - -
SYN DIFF 5 0.942 0.781 0.736 0.072 0.839 -
SYN DIFF 6 0.942 0.808 0.730 0.025 0.831 0.775
SYN GEOM 1 0.891 - - - - -
SYN GEOM 5 0.905 0.704 0.623 0.882 0.792 -
SYN GEOM 6 0.905 0.708 0.609 0.898 0.790 0.704
ORIGINAL 1 0.913 - - - - -
ORIGINAL 5 0.928 0.824 0.732 0.133 0.872 -
ORIGINAL 6 0.928 0.814 0.724 0.070 0.873 0.799

We constructed histograms to visualize the statistics of the datasets, as presented in
Figure 12. The histograms of real and synthetic datasets are indeed very similar, but the
range of values in the real image is slightly wider. Based on the histogram comparison, it
can be concluded that the diffusion model predominantly generates images similar to the
original dataset. By visual analysis it was found that a small part of the generation contains
errors. Examples of successful and unsuccessful generations are shown in Figures 5 and 6.
However, this part containing errors was not excluded from the dataset.

Table 5. Comparison with existing mitochondrial segmentation methods.

Method Labeling Dice
HIVE-net [43] Lucchi++ 0.948
tiny-U-Net 2 Lucchi++ plus DIFF 1 (165), 84 0.946
tiny-U-Net 2 Lucchi++ 0.934
tiny-U-Net 2 Lucchi++, 100 (out of 165) 0.928
tiny-U-Net 2 DIFF 1 (165), 84 0.927
tiny-U-Net 2 DIFF 6 (42), 84 0.917
tiny-U-Net 2 Lucchi++, 42 (out of 165) 0.913
3D Casser et al. [41] ! Lucchi++ 0.942
Cheng et al. (3D) [44] ! Lucchi++ 0.941
3D U-Net [11] ? Lucchi++ 0.935
Cheng et al. (2D) [44] ! Lucchi++ 0.928
U-Net [7]1 Lucchi++ 0.915
Peng et al. [45] ! Lucchi++ 0.909
3D Xiao et al. [10] 1 Lucchi++ 0.900
Cetina et al. [46] 1 Lucchi++ 0.864
Lucchi et al. [5]! Lucchi++ 0.860

1 The Dice coefficient was taken from article [43]. 2 This article.
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Figure 12. Histograms of the dataset DIFF 6-class 42 layers (histogram of the original dataset in
green, histogram of the synthetic dataset in red). (a) histograms of all dataset; (b) histograms of
mitochondrion.

3.2.1. Training a Segmentation Neural Network on a Dataset Using Synthetic Images
Generated by a Diffusion Model

In our previous work [35], we used a simplified U-Net model for segmentation (named
tiny-U-Net). For mitochondria segmentation, tiny-U-Net demonstrated very close assess-
ments like classical U-Net. The lightweight model contains 15.7 times fewer parameters
and occupies 24 MB of RAM instead of 364 MB when using the original model.

The model was trained with the following hyperparameters:

e Input and output image size: 256 x 256 pixels;

®  Batch size for the training set: 7;

®  Number of epochs: 200;

e Adam optimizer with a variable learning rate from 1 x 1074 to 1 x 107°.

The results of the multi-class segmentation of the electron microscopy data for the
tiny-U-Net model for the EPFL dataset and the diffusion dataset are presented in Table
3. The numbers 5 and 6 indicate how many classes the diffusion model was trained for
and how many classes the segmentation model was trained for. Our training dataset is
EPFL6 with (5, 10, 15, 20, 30) layers. The test dataset is EPFL6. The best value of the two is
in italics, the best value in the line is in bold, and the best value in the class is marked in
light gray.

3.2.2. Experiments on Geometric Model for Dataset Synthesis

In order to determine the effectiveness of using the geometric expansion of the dataset,
we trained the neural network on datasets:

GEOM is a training dataset that includes only geometric synthetic data. To obtain a
geometric synthetic (GEOM) training dataset, we generated 2000 synthesized fragments of
size 256 x 256.

MIX (GEOM) is a mixed training dataset. It includes 4914 fragments of EPFL6 (42 lay-
ers of the EPFL6 training dataset cut into 256 x 256 fragments, with an offset of 64 pixels)
data and 2000 geometric synthesized fragments; thus, we have 6914 fragments in total.

To additionally increase the training datasets, we made random rotations of images,
random shifts, and random scale changes in a small range (5%). We selected 20% of images
from the training sample into a validation sample. The batch size was equal to seven.

We used Adam'’s optimizer with a dynamic learning rate from 1 x 1074 to 1 x 107°.
The learning rate after the 100th epoch decreased by 5 times, and this was repeated every
25 epochs.

We trained models for one, five, and six classes. The number of epochs in all ex-
periments was 200. The Dice coefficients are presented in Table 4. The mitochondrial
boundaries class is a subclass of the class of mitochondria with their boundaries, and the
additional edge enhancement improves the segmentation results of the unifying class.
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In commercial applications based on deep learning, in addition to quality metrics, the
performance characteristics of algorithms also play a large role. Based on the values of the
Dice quality metric given in Table 4 (the results for U-Net can be found in [34]), we see that
with a tenfold decrease in the number of model weights (and, hence, the execution time),
the results of the quality of work remain comparable.

3.2.3. Naturalization Results

Based on the testing results, it can be said that the diffusion model improves the
texture of the inner region of the mitochondria well and improves the appearance of the
PSD and vesicles. However, this improvement does not cope with those classes that are
poorly represented in the training dataset. For example, in the original training dataset, the
axon is represented by a single instance of a small size. Following this, the trained diffusion
model tries to reduce by several times the area-size of the axon generated by the geometric
model. For example, « = 4/20 or &« = 11/20 and 14/20 and 14/20 (see Figure 9).

We can see the results in the NAT columns of Table 4 (augmentation due to the fusion
of geometric and diffusion synthetics).

3.3. Results” Comparison

Table 4 presents the results of a comparative experiment of segmentation models
for different types of synthetics. The ORIGINAL-prefixed rows indicate 42 layers of the
EPFL6 train dataset. The rows entitled MIX indicate a mixed dataset: 42 original layers
+ synthetics. The type of synthetics is specified by the second word: GEOM—geometric
synthetics; DIFF—diffusion synthetics, NAT—naturalization of geometric synthetics by
diffusion model with & = 0.5. The best value of the type MIX, SYN, or ORIGINAL is in
bold font, and the best value in the class is marked in a light gray background. Test dataset
of EPFL6 has five test layers.

In this section, we also visualize segmentation masks to provide a clearer understand-
ing of the comparative results previously analyzed. By overlaying the masks on the original
images, we highlight the differences between the ground truth and model predictions: the
ground truth boundaries are shown in green, while the predicted boundaries are displayed
in red. For visualization, we choose three models corresponding to the MIX NAT 5, MIX
DIFF 5, and MIX GEOM 5 rows in Table 4.

Figure 13 shows that the MIX GEOM 5 model copes with axon segmentation signifi-
cantly better than the others. The model MIX NAT 5 highlights the axon boundaries, while
MIX DIFF 5 highlights almost nothing.

Figure 13. Axon prediction from left to right: MIX NAT 5 model prediction, MIX DIFF 5 model
prediction, MIX GEOM 5 prediction.

22



Technologies 2025, 13, 127

The segmentation results for the vesicles and mitochondria classes are compara-
ble, as evidenced by their similar Dice scores in Table 4. However, the diffusion model
demonstrates superior performance in accurately identifying the boundaries of vesicles,
highlighting its ability to capture finer details in these structures (see Figures 14 and 15).

Figure 14. Mitochondria prediction from left to right: MIX NAT 5 model prediction, MIX DIFF 5
model prediction, MIX GEOM 5 prediction.

Figure 15. Vesicle prediction from left to right: MIX NAT 5 model prediction, MIX DIFF 5 model
prediction, MIX GEOM 5 prediction.

4. Discussion

Table 3 contains the results of segmentation quality when training on synthetic datasets
generated by the diffusion model. For testing, we used a comparison of class segmentation
accuracies by the tiny-U-Net model trained on (1) the original EPFL6 dataset (ORIGn),
(2) diffusion synthetic datasets (DIFFn), (3) original dataset augmented by the synthetic
one (MIXn).

The results are shown for all classification objects and for all three labels: for one class
(mitochondria), five and six classes. The data are averaged over five training runs of the
segmentation neural network. The accuracy dependence on the training dataset size is
analyzed for a small number of layers compared to Lucchi++. The results for mitochondria
are given in the upper data strip: for five and six classes in the left half of the strip, the
single-class labeling is moved, for the sake of table compactness, to the left columns of
the right half of the strip, and the results for the sixth class of mitochondrial boundary are
in the right columns. The dependencies on the number of layers in the training dataset
behave similarly. When moving from 5 layers to 10 layers, a noticeable increase in accuracy
is visible. Further, on the original data for all three markups, the accuracy remains almost
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constant, but the accuracy of mitochondria segmentation for classes 5 and 6 is noticeably
higher than for the single-class markup. On the diffusion dataset, the average, by the
number of layers, accuracy of the single-class markup is slightly worse than for ORIG 1.
For classes 5 and 6, the average, by the number of layers, values are close to ORIG 1, but
the maximums are noticeably higher and the minimums are noticeably lower. The values
for MIX always exceed the values from ORIG and DIFF, and they give record values for the
class. The mitochondria class gives the maximum segmentation accuracy for organelles.
Synthetic datasets confidently increase the accuracy of mitochondria segmentation by
augmentation, and, even with a small volume of the training dataset, they can, on average,
replace the original dataset, only with a slightly larger standard deviation.

The Class 6 mitochondrial boundary shows weak but stable growth with an increasing
number of layers in the training dataset for all three types of datasets. The DIFF column
values are 1-4 hundredths lower than in ORIG, and MIX is always higher than ORIG
and DIFE.

For the PSD class in the ORIG dataset, there is an initial jump, then fluctuations
around the average level with maxima in the 20 s for five classes and 30 s for six classes.
The DIFF dataset is generally lower than ORIG but repeats the position of the minimums
and maximums. The MIX dataset results are consistently higher than the ORIG and
DIFF datasets. That is, DIFF can be used for augmentation regardless of the size of the
training dataset.

The membrane class in the original dataset (ORIG) experiences a jump when moving
from 5 layers to 10, and then a plateau for five and six classes; the differences between the
labeling options are 1-2 thousandths. The values for DIFF are noticeably lower (by a few
hundredths) than ORIG. The values in MIX are mostly lower than in ORIG. This means
that with a small number of training layers, synthetic membrane datasets cannot be used
for augmentation. The table shows that for augmentation, a synthetic dataset can only be
used for 5 layers or more than 30 layers.

The vesicle class is close to the typical behavior in the ORIG dataset, but in the DIFF
dataset, on average, it exceeds ORIG, especially for five classes. However, with a training
dataset volume of 30 layers or less, it is impossible to consistently use the vesicle synthetic
datasets for augmentation. The possibility of using DIFF datasets instead of ORIG requires
additional research because of this. It also requires research into the size of the DIFF training
dataset at which it will stably model the ORIG dataset.

The axon class is a striking example of highly underrepresented classes and re-
quires first compensating for the underrepresentation by other methods of creating syn-
thetic datasets.

Table 4 shows the results of the experiment on the 42-layer (4914 tiles) EPFL6 training
set, which, judging by Table 3, gives hope for greater stability than the previous experiment
limited to 30 EPFL6 layers, which, however, revealed behavioral features of a number of
classes that we would not have learned about otherwise.

The experiment was mainly aimed at solving the problem of significant underrep-
resentation, but we also had the opportunity to see how the properties of the synthetic
datasets changed with a noticeable increase in the original dataset.

In the table, in addition to the three clear ORIGINAL lines, two main parts are high-
lighted: (1) the part in which the line names begin with SYN, and synthetic datasets of three
types are considered—geometric (GEOM), diffusion (DIFF), and naturalization of geometry
by the diffusion model (NAT). The number at the end of the identifier indicates the number
of classes in the segmentation. (2) The part in which the names of the lines begin with MIX
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and the results of augmentation of the original dataset of each of the synthetics of the SYN
part are considered.

Geometric parameterized synthetics were proposed and quite successfully imple-
mented by us earlier [35] (see Section 2.5 and Figure 8). The volume of the synthetic dataset,
built on the basis of parameterized geometric models, was 2000 images of size 256 x 256.
For all classes, except axon, the quality of training on geometric synthetics is slightly worse
than on the original dataset, but, nevertheless, the augmentation of the original dataset with
it gives a stable positive result for three classes (mitochondria, mitochondria boundaries,
PSD). For two, it is slightly worse or at the level of the ORIG dataset (vesicles, membranes).
For axon, purely geometric synthetics are better than augmentation since the ORIG dataset
cannot provide training and, therefore, augmentation.

The SIN NAT and MIX NAT lines explore the possibility of naturalizing geometric
synthetic datasets with a diffusion model and then using them to augment the original
dataset. We found that naturalized datasets give a lower accuracy when trained on them
than on purely geometric ones. However, when used as an augmentation for two organelles,
we obtained a positive effect: naturalized membranes became suitable for augmentation,
and in the case of PSD, the result exceeded the capabilities of all other models.

Diffusion synthetic datasets with a volume of 1008 frames (images) of size 256 x 256,
generated by the diffusion model trained on 42 layers of the original EPFL6 dataset, gave
good results, especially for mitochondria, corresponding to the statistics of the origi-
nal dataset.

In general, geometric synthesis turned out to be useful for augmenting the original
dataset, and the naturalization of geometric synthetics by the diffusion model turned out to
be effective on objects with special properties: geometric PSDs lack noise; geometric mem-
branes provide continuity, but are also not sufficiently blurred; axons are large smoothed
shapes with stochastic filling.

Also, according to Table 4, one can choose the most effective training policy for
each class.

As a result, we can conclude that for the practical application of the technology,
42 layers were sufficient only for the mitochondria class. This means that the statistics of
the training dataset were reproduced on synthetic datasets. It is important that the statistics
of the training dataset ensure a high segmentation accuracy. It is useful to continue multi-
class labeling of the open EPFL6 dataset to cover all EPFL layers.

Table 5 contains the results of experiments that demonstrate the suitability of syn-
thetic datasets generated by the diffusion model for both stand-alone use instead of the
original datasets and for augmenting the original dataset. The results are averaged over
20 implementations.

The first row of the table shows the results that have remained record-breaking for the
Lucchi++ dataset since 2021. This is the result of a special HIVE-net model that, working
on 2D layers, maintained the stability of the position of the mitochondrion center (axis) in
3D space.

The second through seventh rows show the dynamics of segmentation accuracy for a
model trained on the original EPFL dataset in Lucchi++ markup and diffusion synthetic
datasets trained on the original EPFL data. The results obtained on different numbers of
layers of the original datasets are compared. Synthetic datasets are used both instead of the
original ones (lines 5-6) and as an augmentation of the original dataset (line 2). Accuracy
in lines 2-7 of the right column forms a monotonous explainably decreasing sequence,
unbroken by transitions from the original data to synthetics, to augmentation, and back.
It is shown that the synthetic dataset is able to augment the full volume of the original
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with a significant increase in accuracy. This indicates the absence of overlap between the
datasets, as it should be as a result of using the diffusion model, and also that the record
result of 0.948 can be improved by further augmentation. The maximum result obtained in
five model training runs is 0.949 (averaged 0.946).

The result of 0.946 is better, including the results achieved by 3D segmentation models
(lines 8-10 and 14).

5. Conclusions

After the discussion and owing to it, we can state that the technology of automatic
multi-class labeling of brain electron microscopy (EM) objects based on the generative
diffusion model has been built and can be used together with the open dataset EPFL6.
The technology was built for the tasks of semantic segmentation of brain cell organelles
because the open multi-class original datasets and software for their synthetic dataset
generation are practically absent. Meanwhile the volume of EM data awaiting the multi-
class and complete representation of brain cell organelles remains large. This research
showed the following:

1. The quality of multi-class dataset synthesis by the diffusion model, which was trained
on the original dataset (EPFL6), can be measured as the accuracy of the synthesized
labeling and by the accuracy of class segmentation on the test part of the original
dataset, which is achieved by the U-Net-like segmentation model trained on multi-
class synthetics.

2. The quality (accuracy) of the labeling of the diffusion synthetic multi-class dataset gen-
erated via the technology corresponds to the accuracy of the original dataset (EPFL6).

3. The synthetic dataset does not replicate the original dataset but closely resembles it.
Therefore, the synthetics it suitable for original dataset augmentation or even for use
instead of the original data.

4. The augmentation of the dataset with adequate geometric synthetics is able to solve
the problem of underrepresented classes.

5. The naturalization of geometric synthetics by the diffusion model is able to increase
the accuracy of synthetic labeling and multi-class segmentation, which is trained on
the synthetic dataset.

6. The size of the synthetic dataset in tiles (in this case of size 256 x 256) is practi-
cally unlimited; the number of classes is limited by the amount of memory and the
reasonableness of other necessary computational resources.

The article contains an example of the augmentation of 165 layers of the original
EPFL dataset in Lucchi++ markup (Table 5) with 84 layers of diffusion synthetics. The
segmentation accuracy (average accuracy over 20 implementations) owing to synthetics
increased from 0.934 to 0.946, and the maximum to 0.949, which corresponds to and exceeds
the record accuracy of Dice = 0.948 achieved using 3D evaluation in Hive-net [43].

The listed properties of the technology are among its advantages. But it also has
one disadvantage: synthetic images of size 256 x 256, which are elements of the synthetic
dataset, were generated as independent and, therefore, cannot be stitched into an ordinary
original layer. However, this fact does not interfere with training in any way and testing
should be performed only on the original dataset.

We plan to continue working towards solving the problem of underrepresented classes
by automating the construction of the minimal structural basis of brain EM images for its
subsequent naturalization by the diffusion model to the level of EM images.
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Abstract: Ultrasound imaging is commonly used for medical triage in both civilian and
military emergency medicine sectors. One specific application is the eFAST, or the extended
focused assessment with sonography in trauma exam, where pneumothorax, hemothorax,
or abdominal hemorrhage injuries are identified. However, the diagnostic accuracy of an
eFAST exam depends on obtaining proper scans and making quick interpretation deci-
sions to evacuate casualties or administer necessary interventions. To improve ultrasound
interpretation, we developed Al models to identify key anatomical structures at eFAST
scan sites, simplifying image acquisition by assisting with proper probe placement. These
models plus image interpretation diagnostic models were paired with two real-time eFAST
implementations. The first implementation was a manual Al-driven ultrasound eFAST tool
that used guidance models to select correct frames prior to making any diagnostic predic-
tions. The second implementation was a robotic imaging platform capable of providing
semi-autonomous image acquisition combined with diagnostic image interpretation. We
highlight the use of both real-time approaches in a swine injury model and compare their
performance of this emergency medicine application. In conclusion, Al can be deployed
in real time to provide rapid triage decisions, lowering the skill threshold for ultrasound
imaging at or near the point of injury.

Keywords: artificial intelligence; emergency medicine; image interpretation; robotics;
triage; ultrasound imaging

1. Introduction

Medical imaging has remained a central function for injury assessment in healthcare
for decades and has become more widespread in recent years due to technology improve-
ments [1], especially in emergency situations where triaging and the quick treatment of
injuries can determine whether a life is saved or lost [2]. Ultrasound (US), in particular, is ef-
fective in modern military and emergency medicine [3]. In addition to being relatively low
in cost and portable, it is useful for its ability in detecting free fluid, which is synonymous
with injury in the thoracic and abdominal cavities. This is effective because assessments can
be made while patients are being transported, or when they need to be examined swiftly in
the field [4]. For triage, having tools outside of a definitive healthcare setting is crucial for
administering different imaging procedures. This helps mitigate the devastating effect of
emergency situations, which are prone to high fatality rates when there is no immediate
access to definitive hospital care [5].
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One common and useful triage procedure is the extended focused assessment with
sonography for trauma, or eFAST exam [6]. The eFAST exam is a point-of-care method
of examination that non-invasively evaluates the thoracic and abdominal cavities for the
presence of free fluid or air in order to identify abdominal hemorrhage (AH), hemothorax
(HTX), and pneumothorax (PTX). This can allow for identifying the type of care needed
to treat a trauma patient and the urgency needed for the intervention. However, there
are several considerations that come with administering an eFAST exam. First, being
able to properly use US equipment can be technically challenging for less-experienced
personnel, as proper angles and positionings of the US transducer are required to identify
the regions where fluid and air are most often pooled in the abdominal and thoracic cavities.
Second, correctly identifying injury at the scan site is technically challenging, requiring
an interpretation of anatomical landmarks and the identification of variable volumes of
free fluid or air. Unfortunately, there is a projected shortage of medical providers that can
properly perform and interpret injury from a US exam, which will be especially detrimental
in mass casualty situations [7]. Therefore, despite the importance of an eFAST exam during
triage and its ability to reduce the amount of time it takes for patients to be delivered
to definitive care, there are assumptions and drawbacks to consider for effective eFAST
exam utilization.

The development of artificial intelligence (Al) has accelerated in several fields of tech-
nology, including the healthcare industry. In the medical imaging field, Al has been proven
to improve efforts in patient care and medical diagnoses of disease and abnormalities [8-10].
Al not only reduces the time it takes to diagnose these problems, but also gives supplemen-
tal insight to medical providers by finding and interpreting abnormalities that could have
otherwise been missed by a human eye unfamiliar with discerning nuanced features [8].
In addition, technological advancements have allowed for improved care administration
for trauma patients on the battlefield [11]. One example is the use of internet-based video
communication to receive real-time advice from medical professionals to properly treat
or address casualty patients. Closed-loop systems for fluid or drug administration utilize
fully automated medical administration approaches to stabilize patients that are being
transported to more definitive care [12-14]. Robotics have been pursued as well to improve
the treatment administration of surgical interventions through telerobotic platforms [15].

Considering the history of Al in healthcare and medical imaging, we propose that
the diagnostic capabilities used to detect and treat illnesses can be applied to the injury
interpretation function in the eFAST exam. Previous studies have developed Al models
with limited datasets for a FAST exam only, excluding thoracic image interpretation [16,17],
while others have utilized fully supervised feature creation approaches for detecting pleural
effusion in eFAST scan sites, a much more cumbersome automation approach [17]. There
are also studies that summarize the progress in ultrasound applications with Al, including
utilizing convolutional neural networks for diagnostic applications and a robotic arm for
assistance in casualty classification in pre-hospital settings [18]. We previously explored
the use of deep learning Al through the exploration and evaluation of a wide range of
trained binary classification diagnostic models to detect injury at eFAST scan sites in swine
subjects [19]. Having diagnostic models to interpret medical images only addresses part of
the challenge with performing eFAST exams. The other issue is adequate medical image
acquisition for discernable image capture so that Al models can interpret the presence of
injury. For this, Al and robotics can be applied to the eFAST exam, utilizing computer
vision Al to guide a robotic platform to the relevant scan points of the eFAST exam. We
have previously shown that a robotic imaging platform can traverse a wide range of eFAST
scan points, and assessed different US probe holder designs for this application [20].

31



Technologies 2025, 13, 29

In this study, we explored the integrations and capabilities of automated eFAST
image acquisition and interpretation that our trained deep learning models allow for
in a real-time setting, such as model inferencing in live and euthanized swine. Two
image acquisition methods were evaluated. First, we evaluated a handheld Al-driven US
application that guides the user to the correct scan site using Al guidance models and then
runs Al diagnostic models. Second, we evaluated a robotic imaging platform equipped
with computer vision Al to detect scan sites, as well as Al guidance and diagnostics to
confirm proper image capture and make scan site diagnostic predictions. Each of these were
tested in real time in live or euthanized swine to highlight the potential for Al automated
eFAST examination. If eFAST US procedures can be fully automated, this life-saving triage
exam can be more widely deployed in pre-hospital and emergency medicine situations for
both civilian and military medicine.

2. Materials and Methods
2.1. Animal Procedures and Manual Ultrasound Image Capture

US scans were captured at eFAST scan sites using a swine model from three approved
animal research protocols. Research was conducted in compliance with the Animal Welfare
Act, the implementing Animal Welfare regulations, and the principles of the Guide for the
Care and Use for Laboratory Animals. The Institutional Animal Care and Use Committee
at the United States Army Institute of Surgical Research approved all research conducted
in this study. The facility where this research was conducted is fully accredited by the
AAALAC International. Live animal subjects were maintained under a surgical plane of
anesthesia and analgesia throughout the studies. For all studies, images were captured
immediately after instrumentation procedures and before laparotomy to remove the spleen
(Scan #1, Figure 1). Each animal study was focused on different shock-related injuries, and
splenectomies were performed to minimize the variability due to splenic contraction and
autotransfusion [21,22]. Since the spleen was removed in all protocols, no US scans were
captured in the left upper quadrant, or LUQ, scan site. After the subjects were euthanized,
two imaging rounds took place: before (Scan #2) and after inducing abdominal hemorrhage
(AH), pneumothorax (PTX), and hemothorax (HTX) injuries at the respective scan sites

(Scan #3, Figure 1).
[%2]
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Figure 1. Overview of animal study procedures and image capture timepoints. Ultrasound images
were captured prior to splenectomy in live swine, as well as at two time points in euthanized swine
(before and after eFAST injury induction). Each scan landmark in the diagram lists how US images
were captured. The three approaches were manual US image capture, image capture using the RT
eFAST handheld application, and image capture using the robotic imaging platform.

For manual image capture, images in the thoracic region were captured using a linear
array probe (L15, Sonosite, Fujifilm, Bothwell, WA, USA), and at the abdominal scan
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sites a curvilinear array probe was used (C5, Sonosite, Fujifilm, Bothwell, WA, USA),
using a Sonosite PX (Fujifilm, Bothwell, WA, USA) US System. Images were captured
for two different Al training applications: guidance and diagnostic AI models. For the
diagnostic training dataset, thoracic US scans were captured as 10 s B-mode (brightness
mode) clips or as 5 M-mode (motion mode) images, captured at multiple intercostal spaces.
For guidance, 10 s B-mode clips were captured as a single swipe along all intercostal spaces
of the thorax bilaterally. The abdominal scans were obtained at two locations: the right
upper quadrant (RUQ), focusing on the kidney-liver interface, and the pelvic region (BLD),
focusing on the areas around the bladder. For guidance image capture, 10 s region scans
were captured in two motions: along the sagittal plane and along the medial plane. For
diagnostic image capture, additional 10 s scans were captured while rocking the probe with
the region of interest in view. All of these images were captured at the three experimental
timepoints previously stated, and the injuries were created following a previously described
methodology [19].

2.2. Data Processing

Ultrasound data from 36 pigs were exported from the US machine and sorted by
experimental phase, subject ID, and scan point for both major scan types: guidance (scans
along anatomical planes) and diagnostic (scans focused on organs, fluid accumulation sites),
as diagrammed in Figure 2. All ultrasound videos were split into frames, and individual
images were cropped and resized to 512 x 512 pixels using the Image Processing Toolbox
extension from MATLAB version R2023b (MathWorks, Natick, MA, USA). Images were
cropped to remove words and other artifacts on the US scans that the Al model may have
focused on during training. The US scans were reshaped to a 512 x 512 pixel size to create
a symmetrical image geometry at a high resolution to detect small injury features. We
have developed successful US Al models for similar applications using this image input
size [23]. For guidance frames, datastore file types were created containing random samples
of the data, with major anatomical features labeled with bounding boxes around them:
ribs for thoracic scans, the kidney for RUQ, and the bladder for BLD. Once the labels were
generated, images in which the feature was not obviously visible were removed from the
dataset. The bounding box labels were exported from MATLAB as four coordinates: x, y of
the top left corner, and x-length, y-length of the bounding box.

Split Images by PTX,
HTX, or Negative

Images for Separate by Split Images by
Guidance Models Scan Site Positive or Negative
Split Images by
Imgge_ lmage_ Sort by Separate by Positive or Negative
Acquisition | Processing [ Subject [
Manual Scan #1, Includes framing, Animal 1D No Capture Type
#2, or #3 cropping, and resizing - Spllt Images by PTX,
HTX, or Negative, and
by US Imaging Mode
Images for Separate by Split Images by
Diagnostic Models Scan Site Positive or Negative

Split Images by
Positive or Negative

Figure 2. Overview of ultrasound image dataset structure and processing for images captured in

swine for eFAST Al model training.
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For diagnostic scans, images captured during the pre-splenectomy and pre-injury
phases were preliminarily classified as negative for injury and the post-injury captures
as positive for injury. Then, a file tree of all items was generated, which allowed the
review of every entry. As part of data curation prior to training the Al models, all US
scans were reviewed for the presence of injury and assessed for overall image quality score,
injury severity (none, slight, positive), and the presence of motion artifacts (only applied to
thoracic scans). Image quality evaluated whether the US scans could be used to diagnose
an injury. A score of 1 corresponded to a poor image quality, with most frames captured
at an incorrect location; a score of 5 corresponded to a high image quality captured at a
proper eFAST scan point, where diagnostic status could be properly assessed. This was
performed by two scorers who agreed on image quality scores for the initial frames to help
standardize scoring and conferred to finalize data curation if disagreement occurred for any
image. When selecting data for training the Al models, those with a signal quality score
below 3 and thoracic scans with large motion artifacts were not included in the training
datasets. Scans labeled as “slight” injury were maintained in the dataset as positive for
injury. An overview of the Al model types used in this effort is shown in Figure 3.

-

Ve

~

Guidance Al Models Diagnostic Al Models
Sorted Data Sorted Data
Subsample Data Generate File Tree for Organizing
Randomly into Datastores Curation Parameters
Bounding Box Labeling by /\
Anatomical Feature: Curate BLD and Curate Lung Data
Kidneys, Bladder, and Ribs RUQ Data Signal quality index,
Signal quality index injury severity, and
and injury severity motion artifacts

Curate Data Labels \ /

Train Object Detection Models for

\_

Training Injury Detection Classification
Kidneys, Bladder, and Ribs Models for RUQ, BLD, and Lungs

VAN

J

Figure 3. Summary of data flow for eFAST Al model training. For guidance models (diagram on the
left), data were subsampled, labeled, and then curated. For diagnostic models (right diagram), the
sorted data were curated and then used for classification model training.

2.3. Guidance Al Models

Once the data were labeled, the guidance Al models were trained using the
YOLOVS [24] object detection architecture, with separate models tailored specifically for
the detection of the kidneys (9449 labelled US images), bladder (7039 labelled US images),
or ribs (44,736 labelled US images). The training process utilized the YOLOVS-S pre-trained
model weights, default training parameters, and 100 epochs to provide ample opportunity
for the models to learn and refine their predictions. To ensure robust model validation, a
distinct dataset from subjects not used in training was reserved for the holdout testing of
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model performance. YOLOvV8 was selected as the model architecture due to a variety of
advantages when compared with other state-of-the-art object detection models. Primarily,
this effort focused on the real-time application of object detection models with an eFAST-
focused purpose. This meant that speed of prediction time was of high importance, even at
the expense of slightly reduced accuracy. This narrowed the scope of possible models to
be used to ‘single-stage” architectures, where the single-stage model undertakes a single
pass through of the image through the layers to determine the object location and class.
Models like Faster R-CNN, which can be more accurate, have a slower prediction time due
to the image being processed into proposed regions of interest before being classified for
objects. Moreover, when looking at single-stage models, YOLOv8 was amongst the fastest
in frames per second, even beating out the single-shot detector (55D) model and having
only a slightly worse detection accuracy [25,26]. Ease of use was also a driving factor for
the use of YOLOVS in this environment. The Python library ultralytics [27] provides an
API to allow for the seamless integration of YOLO models into existing software.

For each guidance model trained, predictions were compared against the ground
truth labels for the respective image, and Intersection-Over-Union (IOU) scores were
calculated for each image. IOU is a common metric for evaluating object detection models,
calculated by dividing the area in which the predicted mask and ground truth mask overlap
(intersection) by the total area covered by both masks (union). An IOU threshold of 0.5
is widely accepted in object detection applications as a standard for evaluating model
performance, with scores at or above this threshold being acceptable [28]. For kidney and
bladder predictions, one object was expected for each frame, whereas for the thoracic image,
two objects were expected. Regardless, for all predictions, the IOU score was calculated as
an average across the entire image.

2.4. Diagnostic AI Models

For the development of diagnostic Al models, different approaches were used for
the thoracic and abdominal regions. Each approach utilized the same YOLOv8 model
architecture, except configured for classification for this use case. Diagnosis of injury in
the abdominal region is regularly made from B-mode scans; as such, AI models were
only trained using this type of imaging. In the thoracic region, due to the nature of lung
sliding and how injuries present in ultrasound, M-mode images are a common means
of distinguishing between injured and non-injured states. Diagnostic models trained for
the thoracic region used two approaches: predictions from US-system-generated M-mode
scans, or custom-generated M-mode images from a static hold in B-mode imaging mode.
The latter approach is described below, followed by overall Al training procedures for the
other scan points.

2.4.1. Creating Custom Motion Mode Images from US Scans

For the development of diagnostic models focused on the thoracic region, we first gen-
erated M-mode images from the original B-mode US scans. This approach used a sequence
of consecutive frames to create custom M-mode images. Each frame was processed through
the guidance model for rib detection and, based on the predicted rib locations, the central
point between the ribs was calculated. At this central point, a vertical slice was extracted
from each frame (Figure 4). These slices were then concatenated to generate an image that
closely resembled a genuine M-mode image. To ensure that a generated M-mode image
was indicative of its diagnosis, the rib detection guidance model was used to filter out
images without only two ribs visible. If a frame did not have exactly two ribs detected, that
set of subsequent frames was not used for the M-mode creation process.
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Figure 4. Overview of how M-mode images were generated from B-mode frames using rib guidance
Al models. Shown first is a traditional B-mode ultrasound frame from which the guidance Al
determined the location of the ribs (blue bounding boxes). A 3-pixel-wide region at the midpoint
between the bound boxes (red dotted region) is selected across each frame to create a custom M-mode
image (shown on the right).

An optimization process was conducted to determine the ideal set of parameters
used to generate the images. These parameters included the number of frames per image,
the width of the slice taken from each frame, the window stride between images, and
the number of slices taken from each frame. The first two optimization parameters were
concerned with the makeup of the generated M-mode images. For frames per image, we
tested 30, 90, and 150 frames per image. Images were captured from a video running at
30 frames per second, so these represent 1, 3, and 5 s capture windows. Three slice widths
were also tested, these being 1-, 3-, and 5-pixel widths.

The remaining optimization parameters were focused on the generation of our training
image dataset. The window stride parameter refers to the number of frames the model
moves forward between images. For example, if using 30 images per generated M-mode
and a stride of 15, one generated image will use frames 1-30, and the next will use images
15-45. The stride options used during the optimization were either 6 or 15 images. The
final optimization parameter was the number of slices taken from each image, with either 1
or 3 slices being taken from each image. These parameters would affect both the number
and makeup of images present in the training dataset.

These options produced 36 unique combinations of training parameters to be validated
in the grid search using a YOLOVS classification model trained for 100 epochs. After
optimization, the resulting best parameters were as follows: 150-frame window size,
5-pixel slice width, 15-frame stride, and 1 slice taken per frame.

2.4.2. Training Al Models for Injury Identification

The diagnostic models were trained for injury detection at each eFAST scan site. For
the abdomen, the AI models to identify AH injury were trained independently for the
RUQ and BLD scan sites. For the thorax, two separate models were trained to predict
if there was HTX, PTX, or no injury present, using either US-system-generated M-mode
images or the custom generated ones as the input data. The dataset was split into 3 groups
of 13 swine each to be able to perform the leave-one-subject-out (LOSO) cross-validation
methodology. Each unique LOSO group was randomly generated from three research
protocols and designated as a training, validation, or test set. We previously compared
several Al model architectures to develop Al models for each eFAST scan site [19]. With
the larger image dataset used in this study, these models needed to be retrained, and, for
simplicity, they utilized the same YOLOVS architecture for image classification that was
used for the Al guidance model development. We applied the default training parameters
over a span of 100 epochs to allow for sufficient learning and refinement. Predictions were
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then tested on a holdout set of images from subject data not in the training data to test
model performance. The best performing model from each scan site was then selected to
be used in real-time testing.

2.5. Real-Time Validation of AI Models

Real-time (RT) image capture was performed in three swine subjects completely
separate from the dataset used to develop and test the underlying Al models. Each animal
underwent imaging at the experimental timepoints shown in Figure 1. Three real-time
approaches were used: (i) RT eFAST application, which allowed for selection of a single
scan site and capture of images while Al predictions for guidance and diagnostics occurred
in RT; (ii) full handheld, manual eFAST examination, driven by Al guidance and diagnostic
models; (iii) automated eFAST image capture using a robotic imaging platform equipped
with computer vision, guidance, and diagnostic Al models. Each of these approaches is
described in more details below.

2.5.1. Real-Time eFAST Application

To enable the RT testing of models, a dedicated graphical user interface (GUI) was
developed in Python using the Kivy library and designed to run on a laptop connected
to the US machine via a Magewell USB Capture HDMI Gen 2 capture card (Magewell
Electronics Co., Reading, PA, USA). The RT eFAST application allows users to input various
experimental parameters, including subject identifier, scan mode (guidance or diagnostic),
scan site (BLD, RUQ, M-mode, or RibsAl to generate M-Mode images), injury status,
and number or duration of predictions (Figure 5). Additionally, the interface provides a
comment section, with all inputs saved as a text file in addition to the prediction results
from each individual scan. The best performing model for each scan site and method
that received the best blind test accuracy score was selected to be used in the real-time
experiments. The trained model weights were packaged along with the GUI code to allow
for the quick deployment of models and switching between models in real time. Users also
have the option to select filtering methods that can be applied during the scan, as shown in
Figure 5B; these are further described in the next section.
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Figure 5. Overview of the real-time eFAST application. Developed graphical user interface for

(A) guidance AI model use and (B) diagnostic Al model use, with guidance filtering active. Repre-
sentative screen shots shown for a RUQ scan site. The time refers to how long the application took to
make predictions.

The RT eFAST application can be used for testing Al models in real time, as well
as for data collection while performing the eFAST exam. The GUI allows the user to
select relevant parameters for the operation and to start image capture. This in turn
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initializes the video stream and activates a thirty-second timer, which is displayed on the
application. US imaging and RT predictions run for thirty seconds or until the specified
number of predictions is reached, whichever comes first. While the scanning mode is
active, the predictions and corresponding images are shown in real time, along with the
prediction confidence scores. To ensure smooth operation, process threading was employed
to make predictions concurrently, preventing any interruption to the RT eFAST application’s
functionality. The system processed one frame at a time, waiting for each prediction to
finish before loading the next frame.

As part of the data collection feature, the program can save all frames captured
between predictions. A results folder was generated for every scan, containing subfolders
for the saved intermediate frames and one for the frames used for the predictions, a CSV file
listing model predictions with confidence scores, and a TXT file with user-input comments.
For guidance scans, predicted images were stored with overlaid object detection boxes.

Ultrasound Image Filtering Features

Several filtering options are available to the user while scanning: bad frame removal,
guidance filtering, and the option to turn both of these on at the same time. The bad frame
removal filtering option performs an analysis of each image to quantify the quality of the
image based on intensity-based and texture-based features before predictions are made. To
attain this functionality, a sample of 2000 images was taken from each scan site in the dataset
and then analyzed using noise and pattern analysis to find some correlation between the
ultrasound images labeled “bad” and quantifiable characteristics, such as average pixel
intensity, the standard deviation of pixel intensity, entropy, or the signal-to-noise ratio.
Images were labeled “bad” by two US operators based on the quality of the image and
the ability to make a diagnostic prediction from the image. The metrics that indicated the
strongest correlation to image quality were the average and standard deviation of pixel
intensity, corresponding to the brightness and contrast of the images, respectively. Using
this analysis, the most ideal values for brightness, contrast, and the signal-to-noise ratio
were selected as the parametric floor to classify an image as a bad frame. The user also has
the option to adjust the aggressiveness of bad frame removal from the GUI by entering
a multiplier value to be applied to the bad frame parameters. Bad frame removal was
only used for the RUQ and BLD sites, as the M-mode capture process required multiple
seconds of undisturbed data capture, making bad frame removal not possible during this
capture process.

In addition to bad frame removal, we developed a guidance filter as a second filtering
option. For this process, streamed frames were passed through the guidance model for the
designated scan site before any predictions were made. The guidance Al models evaluated
each image for the identification of relevant anatomical features, such as two ribs, a bladder,
or a kidney. If these features were not detected, the GUI bypassed the frame and moved on
to the next available one without making a diagnostic Al prediction. For the rib models,
guidance occurred at the start of the scan. Once two ribs were identified, the GUI prompted
the user to hold still for M-mode capture until the scan was complete, whether it was real
or generated. For the RUQ and BLD models, guidance was applied before each prediction,
with the model only proceeding if the appropriate anatomical features were detected in the
image. When both filters were active, images were passed through bad frame removal first,
followed by guidance filtering.
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2.5.2. Manual eFAST Exam with AI Model Guidance

A python script was developed to test the guidance and diagnostic Al models during a
full eFAST exam, recording the time taken to complete each scan point. The script prompted
the operator to follow a scan order of upper-left thorax, lower-left thorax, upper-right
thorax, lower-right thorax, RUQ, and BLD. For each scan point, the user prompts, model
predictions, and the times taken to complete each scan were displayed in the command
terminal. At the lung scan sites, the guidance model for lungs ran until it detected two ribs,
and then prompted the user to stay in that location while it made three predictions using
generated M-mode images, before telling the user to move to the next scan point. For RUQ
and BLD, the user had to swap to the curvilinear transducer and then the guidance model
ran continuously, only making a diagnostic prediction when the kidney or bladder was
detected, until it reached 30 predictions. This imaging application was run in two modes:
one in which the operator viewed the ultrasound screen during the exam, and a second
“blind” scan where the user was unable to see the display. The manual eFAST exam with
RT Al predictions was performed at the timepoints specified in Figure 1.

2.5.3. Automated Robotic US eFAST Exam

A UR5e robotic platform (Universal Robots, Odense, Denmark) was configured for
semi-autonomous eFAST examination (Figure 6). The UR5e was programmed to navigate
to eFAST scan sites using computer vision and stereo vision technology. Once at the
scan site, the robotic arm was programmed to capture ultrasound images using a custom-
made ultrasound probe holder to position the ultrasound probe and using integrated force
feedback to apply the probe to the subject. Robotic navigation and image acquisition
were further assisted by ultrasound-based guidance feedback that allowed the robot to
search a scan site at several positions until relevant anatomical features were in view of
the image. Finally, the ultrasound images captured by the UR5e were evaluated for injury
interpretation using the diagnostic Al models.

Figure 6. Overview of robotic configuration for automated eFAST in swine. Relevant features of the
setup are labeled to better explain the experimental setup.
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Robotic Platform Configuration

The computer vision Al model was developed to detect the location of relevant scan
sites on the subject’s body using external image features. Ultrasound images were used to
confirm the location of the relevant anatomical features for each scan site, and a fiducial
target in the form of a circular color-coded sticker was placed on the body of the subject
at this location. The UR5e was programmed to travel around the body of the subject,
capturing images using an Intel RealSense 435i camera (Intel, Santa Clara, CA, USA).
Images were captured with and without the targets placed on the subject. eFAST scan sites
were then labeled in MATLAB using the images that included targets. This process was
repeated so that the image training dataset comprised images captured for two subjects. A
computer vision model was then trained using YOLOvVS8s to accurately identify the color-
coded stickers. Images of swine were also captured without stickers present to determine if
the AI models could accurately identify scan sites without stickers present. Unfortunately,
not enough data were captured for training models for this application and the computer
vision models for detecting stickers at each scan site were used. IOU scores were calculated
for model predictions during the testing performed on the three swine subjects reported in
this study based on agreement between ground truth labeled sites and Al model prediction.

During testing, the URSe was positioned over the subject at mid-torso using a hoist-lift
structure (Figure 6). The UR5e was programmed to capture four images of the top, left side,
and right side of the pig using an Intel RealSense camera fixed to the end of the robotic arm.
For each image, the computer vision model was used to detect the location of each scan
site, providing the UR5e with real-world scan site coordinates for computer-vision enabled
navigation. The model returned the pixel value of the center of the color-coded targets that
were detected in each image. Next, with the inherent depth reading capabilities of the Intel
RealSense camera due to stereo vision technology, the real-world 3-dimensional location of
the target relative to the lens of the camera was determined. The 3-dimensional location
of the target was then transformed to the robot’s coordinate system, allowing the robot to
navigate to the scan site and apply the probe for image acquisition.

The quality of image acquisition was improved by using ultrasound image-based
guidance feedback to scan a site, capturing multiple US images until an US image was
acquired that could be used for proper diagnostic interpretation. For the abdominal sites,
eight additional scan locations positioned in a circle equidistant apart at a 2.54 cm radial
offset from the location of the original scan site were available for image capture. For the
thoracic sites, the robot was programmed to scan linearly in intervals of 1.2 cm in the caudal
direction before scanning another set of sites, following a line slightly offset in the same
direction. This resulted in a total of 7 potential scan site positions for evaluation.

In addition to finding all the scan sites, radial positions, and linear positions on the
subject, it was necessary to ensure that the probe was oriented orthogonally and applied
sufficient contact force to the surface to receive a clear ultrasound image. To do so, depths
were measured at the detected scan point, so that the slopes of the measured surface could
be used to calculate the correct roll, pitch, and yaw coordinates that would allow the robot
arm to position the probe normal to the surface at each scan site. By accounting for the
local curvature of the anatomy of the subject, adequate contact was sought between the
surface of the ultrasound probe and the surface of the subject at each scan position. For
the abdominal scan sites, a rocking B-mode scan was performed, where upon reaching an
adequate position, the robot rotated to four different angles at a 5-degree offset relative to
the scan site and collected a set of ultrasound frames at each different angle to pass to the
diagnostic model. The set of ultrasound frames was acquired over a period of a tenth of a
second for both the guidance and diagnostic scans, yielding between 5 and 7 frames.
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Robotic eFAST (RoboFAST) Exam with Al Model Guidance

A set of three RoboFAST exams, each with a different set of criteria, were run on each of
three experimental swine subjects at the two post-euthanasia timepoints (Figure 1). All trained
diagnostic and guidance Al models were integrated into the RoboFAST algorithm to assess
the robotic platform’s capabilities and compare its performance to the manual eFAST exam
performance. Upon detecting all scan sites and converting the pixel coordinates to coordinates
relative to the origin of the robot, the robot started the respective experimental run.

The first run, referred to as “Radar”, conducted a general eFAST exam where the robot
scanned both the original scan site and additional radial and linear positions until the guidance
Al model returned that the proper organ or anatomy was present, indicating that a suitable
location to run the diagnostic model was found. If no such detections occurred, the robot moved
on to the next site without conducting a diagnostic prediction. However, when the guidance Al
returned that the relevant object was detected, the diagnostic Al provided an injury prediction
result for five consecutive frames. For the second run, referred to as “No Radar”, the robot
performed a single image capture at the location where the colored sticker was detected. For the
third experimental run, referred to as “All Radar”, the robot performed image capture at each
scan site and all of the corresponding additional positions, running the diagnostic Al multiple
times depending on how many positions at a site contained suitable locations. The plurality of
what the diagnostic model returned then determined the prediction of the RoboFAST algorithm.

3. Results
3.1. Guidance Al Performance

For each guidance model trained, model performance was evaluated against a test dataset
comprising images from subjects not included in the training data. Examples of high and low
IOU scores are shown for each guidance model in Figure 7A. The resulting average IOU scores
varied across each model, with kidneys having the highest score at 0.94, followed by the ribs
and bladder at 0.74 and 0.58, respectively (Figure 7B). The precision and recall metrics were
also strong for each guidance model, apart from precision for the bladder model, which was
only 0.65 (Figure 7B). A higher false-positive rate due to the pixels being identified as bladder in
the model’s prediction but not in the ground truth image resulted in this lower score for the
bladder model. Overall, each model was trained at variable performance levels and was able to
correctly identify anatomical features to aid with proper eFAST US image acquisition.
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Figure 7. Guidance Al performance for each anatomical location. (A) Representative images are
shown for high and low IOU scores for rib, kidney, and bladder predictions. (B) Testing performance
scores for each anatomical guidance model for IOU, precision, and recall metrics.
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3.2. Diagnostic Al Performance

For thoracic diagnostic models, models were trained for both M-mode and generated
M-mode diagnostic models (as described in Section 2.4.1). The M-mode diagnostic model
predictions had a higher accuracy compared to the generated M-mode diagnostic models,
at 0.94 vs. 0.78 accuracy, respectively. From the confusion matrix analysis, the generative
M-mode models had a higher accuracy for the ground truth PTX predictions but identified
27% of the ground truth HTX images and 22% of the negative images as PTX (Figure 8A,B).
Conversely, M-mode models had a slight bias toward HTX predictions, with 7.6% and 6.5%
of the PTX and negative ground truth images being incorrectly identified as HTX-positive.
We further developed RUQ and BLD diagnostic prediction models, which were binary in
nature: positive or negative for abdominal hemorrhage. The RUQ models reached 0.77
accuracy but had a lower specificity metric of 0.68 compared to a higher recall of 0.80,
hinting at slight bias toward positive predictions across the testing dataset (Figure 8C). As
for the BLD models, overall performance remained lower at 0.59 accuracy, with a much
larger bias toward negative predictions in the testing dataset, as indicated by the confusion
matrix and 0.49 recall metric (Figure 8D).
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Figure 8. Diagnostic Al confusion matrices for each diagnostic model. (A) Three-class thoracic
model using M-mode images; (B) three-class thoracic model using M-mode reconstructed from

B-mode frames; (C) RUQ B-mode binary classification model; and (D) BLD B-mode binary classifica-
tion model.
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3.3. Real-Time Model Performance

We conducted real-time testing in three different ways. The first used the RT eFAST
application and was primarily used to evaluate the Al guidance and diagnostic model
performance at each scan site, along with the utility of different filtering approaches. The
other two approaches were the manual, handheld eFAST exam with Al model feedback
and RoboFAST. Both of these approaches allowed for a full eFAST exam to measure
the timing of the procedures and how the AI models synergized with various image

acquisition approaches.

3.3.1. Evaluation of the Real-Time eFAST Application

Starting with the RT eFAST application, the different filtering methods impacted the
number of images that were captured at each scan site during a 30 s data capture window
(Figure 9A). For ribs, on average, six less images were captured when using the guidance
filter (approximately 37 vs. 31 images). Bad frame filtering was not applicable at this
scan point due to M-mode capture needing to be continuous and not interrupted by frame
removal procedures. The effects were more noticeable with RUQ and BLD, where bad frame
filtering reduced the number of images by 12 and 3 images, respectively, while guidance
filtering reduced the number of images by 30 and 16 images, respectively. Compounding
these approaches reduced the number of images sent to the diagnostic models by 32 and

approximately 18 images, respectively.
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Figure 9. Evaluation of the real-time eFAST application. (A) Total number of images captured at
each scan location for a set 30 s capture window for various pre-processing filter methods. Averages
are shown along with the size of the box highlighting the 25th and 75th quartiles, while error bars
denote minimum and maximum values. (B) Performance IOU results for Al-guided manual US
image capture compared to test performance results during model training. (C) Diagnostic accuracy
of real-time image capture compared to test accuracies during model training for each scan location.
Mean values are shown with error bars denoting standard deviation.

Next, we evaluated how the guidance models performed using the RT eFAST applica-
tion. This was undertaken without any filtering methods applied to obtain an overall IOU
performance metric for each scan site (Figure 9B). In real time, performance decreased for
ribs (0.70 real time vs. 0.74 training) and more substantially for the RUQ (0.33 real-time vs.
0.94 training), while BLD performance slightly increased (0.59 real time vs. 0.57 training).
In terms of diagnostics, the effects of these filters on overall diagnostic accuracy were
minimal, so the averaged diagnostic accuracy results comparing training performance are
shown in Figure 9C. Performance was comparable to training data, with the exception of
the M-mode thoracic model, which had a reduced accuracy of 0.67 compared to 0.94 during
model training.
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3.3.2. RoboFAST Evaluation

The robotic imaging platform relied on a computer vision model to identify each
eFAST scan site automatically. The IOU scores for these predictions across scan sites were
as follows: 0.51, 0.52, and 0.56 for ribs, RUQ, and BLD, respectively (Figure 10C). For US
image capture, three approaches were used to capture images, as described in the Section 2,
using the Robotic eFAST (RoboFAST) exam with Al model guidance: Radar, No Radar, and
All Radar modalities. We first evaluated the effects of the various methods on the total
number of images captured (Figure 10A). As anticipated, the All Radar approach captured
the most images for each scan site, while No Radar and Radar had similar numbers of
images for the RUQ and BLD scan sites. We next quantified the overall success of each
scan site across the three swine subjects, where success is defined as at least one image
being captured that could be used for diagnosis (Figure 10B). All approaches had high
performance here, except for the RUQ/No Radar approach at 67% success. Factoring
this in, Radar and All Radar had similar performance levels for this evaluation criterion.
The guidance model IOU performance scores were similar for each RoboFAST imaging
modality, with BLD having the highest IOU scores and RUQ performing the worst and
having the highest subject variability (Figure 10C).
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Figure 10. RoboFAST performance evaluation in swine. (A) Number of images captured with each
imaging modality with the robotic imaging platform. (B) Overall success of RoboFAST in finding
an US image to send to diagnostic AI models for each scan point and imaging modality. (C) IOU
performance results for guidance Al models using No Radar, Radar, and All Radar modalities;
computer vision IOU scores for identifying scan sites are also shown for ribs, RUQ, and BLD
positioning. (D) Diagnostic accuracies for each scan modality compared to diagnostic model blind
test accuracies during training. Averages are shown and error bars denote standard deviation across
triplicate swine subjects throughout.

Lastly, we evaluated the diagnostic model performance. The All Radar modality
resulted in the lowest accuracy for the M-mode thoracic Al (16.5%) and RUQ (46%) models
(Figure 10D). Radar and No Radar performed similarly at each scan site. Compared to
the test results obtained during model training, BLD and RUQ were comparable to the
RoboFAST captured accuracies, while RoboFAST severely underperformed for the thoracic
scan sites. This was likely a result of the robotic imaging platform experiencing difficulty
reaching the proper thoracic scan site where pleural space was present, as shown in the
representative US images captured during RoboFAST (Figure 11).
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Figure 11. RoboFAST thoracic US images. Representative US images captured by the robotic platform
with pleural space (A) in view and (B) not in view.

3.3.3. Timing Comparison Between Handheld eFAST Application and RoboFAST

Ultimately, we compared the overall time required to complete two RT eFAST imaging
methodologies (Figure 12). Instead of the RT eFAST application, we configured the Al
models for use in sequence across six total scan locations to mirror how the images were
captured with the robotic imaging platform: (i) right thoracic top and (ii) bottom, (iii) left
thoracic top and (iv) bottom, (v) RUQ, and (vi) BLD (described in Section 2.5.2). This
matches the number of scan sites used during RoboFAST. We evaluated the timing of image
capture by the end user having or not having the US screen visible (only relying on Al
predictions and instructions to move to the next scan site), which resulted in a slightly
longer time on average with no screen visible compared to when the screen was present
(138 s manual, screen vs. 183 s manual, no screen). The RUQ scan site was most impacted
by not looking at the US screen, as most captured images were excluded by the guidance
filter. For the robotic imaging platform, the No Radar modality was the quickest (87 s),
with rapid thoracic image capture compared to the slower Radar image capture (170 s),
and the overall slowest All Radar modality (580 s).
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Figure 12. Summary of eFAST image capture times. Results are shown for all scan sites evaluated for
each configuration of the manual Al-guided and automated robotic image platform. Average results

are shown for each scan site across triplicate animal experiments.
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4. Discussion

As ultrasound technology becomes smaller and more portable, its potential utility
in emergency medicine widens. Pre-hospital triage by US imaging may be possible if the
challenges of imaging can be reduced so that less-skilled personnel can perform initial
triage assessments. This is especially true for military medicine, where triage decisions
in the battlefield must prioritize limited evacuation opportunities in scenarios where
air evacuation is not readily available, as has been the case in the ongoing conflict in
Ukraine [29]. The Al-driven tools showcased in this research demonstrate how US imaging
can be simplified to lower the skill threshold for triage on future battlefields or in other
civilian emergency situations.

We have previously developed Al models for the diagnostic evaluation of eFAST scan
sites, so this research effort was predominately focused on the automation of image acqui-
sition techniques. Guidance object detection Al models were built using a YOLO model
architecture, which was further tuned for use with swine datasets. Performance was mixed
in the real-time implementation of these models, with BLD and RUQ underperforming com-
pared to rib detection models. However, this still highlights how guidance models could
assist with real-time scanning. These models can be used as a filter during manual scanning
to exclude all frames in which key anatomical features are not present. Additionally, they
may be used to provide autonomous feedback to robotic image acquisition platforms to
acquire images with evident anatomical features that are required for proper diagnostic
interpretation. However, these models need further refinement to ensure that not only
anatomical features are present in the image, but also that the ideal anatomical features for
diagnostic determination are identified. For instance, our models confirmed the presence
of two ribs in each image so that the pleural space between the ribs can be evaluated for
diagnosis. However, if the probe is not oriented correctly, the pleural space cannot be seen,
making injury identification impossible. Additionally, our model confirms the presence
of a kidney in each image to evaluate RUQ scan sites. However, since fluid often pools
around the edges of the kidney, guidance models could be improved by confirming that the
edges of the kidney are in view so that images used for diagnostic interpretation capture
the area most likely to demonstrate evidence of injury. These additional improvements
would further enhance their utility in providing ultrasound-based guidance feedback for
image acquisition during an eFAST examination.

In addition, diagnostic AI models were further refined prior to further developing
the models for real-time application. US image sets were expanded to more than 35 swine
subjects to ideally allow for more robust model training performance. For simplicity in this
study, all models were developed using a YOLOv8 image classification model. However,
the guidance models were consistently more accurate compared to the new diagnostic
models. A likely reason for the difference in model performance is that the guidance models
were required to identify anatomical landmarks, while the diagnostic models were tasked
with the more difficult task of interpreting nuanced changes in variable injury sizes. In the
real-time testing, the BLD diagnostic models performed at low accuracy levels of 50-60%,
similar to the initial model training performance. The overall low BLD performance could
be due to three primary challenges: one, the additional image variability due to the size of
the bladder being more variable than anatomical features at other scan sites; two, on US
scans, the bladder presents as a dark fluid-filled feature, similar to abdominal hemorrhage
fluid, possibly making the Al training task more complex; three, the urinary catheter
balloon is often in view in the US scan images, which could be adding an additional artifact
to the BLD training process. Additional image curation, robust model architecture, and
rigorous model fine-tuning will be needed to improve Al training performance and the
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use of these models for real-time image interpretation. As for the methods of exploring
model architectures, deep learning models used for segmentation can be applied to localize
features of injury to help the models attribute the presence of fluid around the bladder,
resulting in positive classifications. Long short-term memory (LSTM) networks used in
video analysis can be explored to give the models more context on the appearance of
variable injury sizes when making predictions on sequential images. Lastly, adding filters
or pre-processing techniques with the purpose of amplifying relevant areas of the bladder
can be tested for model training to help differentiate features between classifications.

Al models were evaluated in real time, with and without a robotic imaging platform,
highlighting the different end-user applications of this technology. The handheld manual
Al-guided application had faster performance, but still requires a user to position the probe
in the right location. Filtering approaches were used to exclude images that were not suit-
able for diagnostic evaluation, which resulted in the exclusion of a large number of images
from the diagnostic pipeline. Image filtering is critically needed for automated image
acquisition in a handheld format, as less-experienced users may place the ultrasound probe
at incorrect positions that may not have been included in diagnostic Al training datasets,
resulting in a higher likelihood of incorrect diagnostic predictions. Rather than try and
make diagnostic models more robust to handle these irregular images, filtering applications
can prevent these images from impacting diagnostic predictions. Unfortunately, due to the
lower performance of some of the diagnostic models during testing, it is hard to evaluate
the effects of some of these filtering methods on overall eFAST performance metrics. Larger
datasets paired with modified diagnostic models are needed to finalize the development of
these filters and manual Al-guided eFAST image capture techniques.

However, there are some limitations with these filtering approaches when used in
real time. For instance, over-filtering can result in removing viable images for diagnostic
evaluation, leading to reduced model performance. Both bad frame removal and guidance
filtering approaches could contribute to the over-filtering issue. The parameters for the
bad frame removal filter were generated from a subset of 2000 images per scan site; as
a result, the image subset could be not representative of the entire dataset or real-time
testing data, leading to performance issues. Similarly, the guidance filter could impede
real-time performance based on the guidance models” own performance biases. Further, the
identification of anatomical features is not always indicative of where fluid pools around
organs or in the pleural space. Another challenge with real-time implementation is the
loss of image resolution and introduction of artifacts due to streaming the US signal. To
account for this effect, the inclusion of streamed frames at different resolutions in AI model
training data should be considered for improving performance in future implementations
of this technology.

For the robot image capture platform, different configurations had a wide impact
on the speed of performing an eFAST examination. However, this is mostly tied to the
number of images that were being captured and the carefulness being applied to ensure
that a proper eFAST viewpoint was captured at each scan site. The robot’s limited range of
motion was challenged by the deeper angles required to image the RUQ or the lower thorax,
where HTX injuries are often identified. This was due to the bulkiness of the platform
and poor clearance with the table on which the subject was placed. Guidance models
performed as expected; however, diagnostic accuracies for the thoracic scan sites were low.
This was not exclusively due to issues with the model, but also challenges with the robot’s
ability to correctly position and angle the probe on the chest to properly image two ribs
in the area that was searched. More gradual movement and better tracking of the proper
direction to move across the thoracic cavity could improve performance in future iterations
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of RoboFAST. Conversely, the RUQ and BLD had similar accuracy to the testing results
of the diagnostic models. This provides evidence of the utility of robotic mechanisms to
automate image capture, but more work is needed to further ready this platform for rapid
and proper eFAST image acquisition.

The utility of the handheld and robotic eFAST imaging platforms differ greatly in
their potential applications. Obviously, a large robotic system is not feasible in all pre-
hospital settings but could be envisioned at a site for processing mass casualty scenarios,
for automated triage assessment in a hospital, or later military echelons of care. Less human
support is needed once the technology is further refined, so a more automated design
can potentially streamline casualty in-processing. In direct contrast, the handheld tool,
if paired with small, portable US devices, could be deployed in ambulatory civilian care
or military care near the point of injury. While the technology will still require the user
to manipulate the technology to proper positions, additional guidance measures in the
software application can further lower the skill threshold during real-time deployment.

The next steps for this research effort will expand this application in several directions.
First, the underlying Al models for detecting injuries need to reach higher performance
metrics to be ready for deployment. This will require a more varied imaging dataset,
as well as improvements to the underlying Al. Model performance may be improved
if the Al is trained with temporal context from several frames, rather than relying on
predictions from a single frame. Further translation of this work will require transfer
learning Al models to use with human anatomy and injury states. To accomplish this, a
large, curated dataset would need to be acquired through collaboration with emergency
medicine departments, where these US images are routinely captured. Second, the real-
time handheld application needs an improved end-user interface so that the end user can
make smaller adjustments during thoracic scanning to ensure proper M-mode images are
captured with varied angles at each scan site. One solution to this challenge is to further
refine guidance functionality beyond the simple identification of anatomical features toward
a determination of optimal scan placement. For example, if the kidney is imaged with
optimal ultrasound probe placement and orientation, the edges of the kidney where fluid
is more commonly seen would be in view. In addition, ensuring the pleural space is
visible in the thoracic site for proper diagnostic interpretation is necessary. Lastly, the
robotic platform will be further automated to overcome some of its limitations. Improved
computer vision algorithms for anatomical landmark detection, automated ultrasound gel
deployment, and automated probe swapping between linear and curvilinear probe types
are just some of the modifications planned to improve this real-time application.

5. Conclusions

Ultrasound imaging can revolutionize medical triage in trauma cases, if it can be
pushed further forward to the point where the first medical decisions are made in both
civilian and military medicine. Towards this mindset, the real-time Al-driven triage tools
showcased here have the potential to lower the skill threshold of image-based triage deci-
sions. The handheld application has a small footprint optimal for ease of deployment if the
end user can position the ultrasound probe correctly and make proper image interpretation
decisions. The robotic-driven image capture application further automates the procedure;
however, it does so at the expense of its larger size, which will not be suitable in the earliest
phase of trauma medical care. In conclusion, both applications provide evidence of the
promise Al can provide to simplify medical imaging and improve medical triage decisions
on the future battlefield and in pre-hospital settings.
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6. Patents

Eric J. Snider and Sofia I. Hernandez Torres are co-inventors on a provisional patent
filed on the eFAST Al concept and usage (63/686,836; August 2024). Eric J. Snider, Sofia
I. Hernandez Torres, and Krysta-Lynn Amezcua are co-inventors on a provisional patent
filed on the robotic eFAST imaging concept (63/686,839; August 2024).

Author Contributions: Conceptualization, S.I.H.T., K.-L.A. and E.J.S.; Data curation, SIL.H.T., CR.T.
and E.J.S.; Formal analysis, L.H., K.-L.A. and E.J.S.; Funding acquisition, E.]J.S.; Investigation, E.].S.;
Methodology, S1.H.T., L.H. and E.].S.; Project administration, E.J.S.; Resources, E.J.S.; Software, L.H.,
TW., R.O,, K.-L.A. and A.R.; Supervision, EJ.S.; Validation, S.I.H.T., K.-L.A. and E.J.S.; Visualization,
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review and editing, SI.H.T., L.H.,, TW, RO, K.-L.A,, AR, C.R.T. and E.J.S. All authors have read
and agreed to the published version of the manuscript.

Funding: This work was funded by the U.S. Army Medical Research and Development Command
(IS220007). This project was supported in part by an appointment to the Science Education Programs
at National Institutes of Health (NIH), administered by ORAU through the U.S. Department of
Energy Oak Ridge Institute for Science and Education (A.R., TW.,, R.O., C.T)).

Institutional Review Board Statement: Research was conducted in compliance with the Animal
Welfare Act, the implementing Animal Welfare regulations, and the principles of the Guide for the
Care and Use of Laboratory Animals. The Institutional Animal Care and Use Committee approved
all research conducted in this study. The facility where this research was conducted is fully accredited
by AAALAC International.

Informed Consent Statement: Not applicable.

Data Availability Statement: The datasets presented in this article are not readily available because
they have been collected and maintained in a government-controlled database that is located at
the U.S. Army Institute of Surgical Research. As such, data can be made available through the
development of a business agreement with the corresponding author. Requests for the datasets
should be directed to Dr. Eric J. Snider, eric.j.snider3.civ@health.mil.

Acknowledgments: The authors acknowledge Evan Ross, Jose Gonzalez, David Owen, Carlos
Bedolla, and Benjamin Alexander for their assistance in eFAST image capture throughout the evalua-
tion of the real-time image capture procedures.

Conflicts of Interest: Eric J. Snider and Sofia I. Hernandez Torres are co-inventors on a provisional
patent filed on the eFAST Al concept and usage (63/686,836; August 2024). Eric J. Snider, Sofia I.
Hernandez Torres, and Krysta-Lynn Amezcua are co-inventors on a provisional patent filed on the
robotic eFAST imaging concept (63/686,839; August 2024). No other authors report any conflicts
of interest.

DOD Disclaimer: The views expressed in this article are those of the authors and do not reflect the
official policy or position of the U.S. Army Medical Department, Department of the Army, DoD, or
the U.S. Government.

References

1. Nabrawi, E.; Alanazi, A.T. Imaging in Healthcare: A Glance at the Present and a Glimpse Into the Future. Cureus 2023, 15, e36111.
[CrossRef]

2. Rigal, S.; Pons, E. Triage of Mass Casualties in War Conditions: Realities and Lessons Learned. Int. Orthop. 2013, 37, 1433-1438.
[CrossRef] [PubMed]

3. Dubecq, C.; Dubourg, O.; Morand, G.; Montagnon, R.; Travers, S.; Mahe, P. Point-of-Care Ultrasound for Treatment and Triage in
Austere Military Environments. J. Trauma. Acute Care Surg. 2021, 91, S124-S129. [CrossRef] [PubMed]

49



Technologies 2025, 13, 29

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

25.

26.

Stamilio, D.M.; McReynolds, T.; Endrizzi, J.; Lyons, R.C. Diagnosis and Treatment of a Ruptured Ectopic Pregnancy in a Combat
Support Hospital during Operation Iraqi Freedom: Case Report and Critique of a Field-Ready Sonographic Device. Mil. Med.
2004, 169, 681-683. [CrossRef]

Remondelli, M.H.; Remick, K.N.; Shackelford, S.A.; Gurney, ] M.; Pamplin, J.C.; Polk, T.M.; Potter, B.K.; Holt, D.B. Casualty Care
Implications of Large-Scale Combat Operations. J. Trauma. Acute Care Surg. 2023, 95, S180-S184. [CrossRef] [PubMed]

Bloom, B.A.; Gibbons, R.C. Focused Assessment with Sonography for Trauma. In StatPearls; StatPearls Publishing: Treasure
Island, FL, USA, 2021.

Letter from the President: A Shortage of Preventive Medicine Physicians in the Military and Across the Country. Available online:
https:/ /www.acpm.org/news/2024/letter-from-the-president-a-shortage-of-preventive (accessed on 29 November 2024).
Pinto-Coelho, L. How Artificial Intelligence Is Shaping Medical Imaging Technology: A Survey of Innovations and Applications.
Bioengineering 2023, 10, 1435. [CrossRef] [PubMed]

Liu, X; Faes, L.; Kale, A.U.; Wagner, S.K.; Fu, D.]J.; Bruynseels, A.; Mahendiran, T.; Moraes, G.; Shamdas, M.; Kern, C.; et al. A
Comparison of Deep Learning Performance against Health-Care Professionals in Detecting Diseases from Medical Imaging: A
Systematic Review and Meta-Analysis. Lancet Digit. Health 2019, 1, e271-€297. [CrossRef] [PubMed]

Lotter, W.; Diab, A.R.; Haslam, B.; Kim, J.G.; Grisot, G.; Wu, E.; Wu, K.; Onieva, ].O.; Boyer, Y.; Boxerman, J.L.; et al. Robust Breast
Cancer Detection in Mammography and Digital Breast Tomosynthesis Using an Annotation-Efficient Deep Learning Approach.
Nat. Med. 2021, 27, 244-249. [CrossRef]

Garcia, P. Telemedicine for the Battlefield: Present and Future Technologies. In Surgical Robotics: Systems Applications and Visions;
Rosen, ]., Hannaford, B., Satava, R.M., Eds.; Springer: Boston, MA, USA, 2011; pp. 33-68. ISBN 978-1-4419-1126-1.

Rinehart, J.; Lilot, M.; Lee, C.; Joosten, A.; Huynh, T.; Canales, C.; Imagawa, D.; Demirjian, A.; Cannesson, M. Closed-Loop
Assisted versus Manual Goal-Directed Fluid Therapy during High-Risk Abdominal Surgery: A Case-Control Study with
Propensity Matching. Crit. Care 2015, 19, 94. [CrossRef] [PubMed]

Kramer, G.C.; Kinsky, M.P,; Prough, D.S.; Salinas, J.; Sondeen, J.L.; Hazel-Scerbo, M.L.; Mitchell, C.E. Closed-Loop Control of
Fluid Therapy for Treatment of Hypovolemia. J. Trauma 2008, 64, S333-5341. [CrossRef] [PubMed]

Vega, S.J.; Berard, D.; Avital, G.; Ross, E.; Snider, E.]. Adaptive Closed-Loop Resuscitation Controllers for Hemorrhagic Shock
Resuscitation. Transfusion 2023, 63, S230-5240. [CrossRef]

Mohan, A.; Wara, U.U.; Arshad Shaikh, M.T.; Rahman, R.M.; Zaidi, Z.A. Telesurgery and Robotics: An Improved and Efficient
Era. Cureus 2021, 13, e14124. [CrossRef] [PubMed]

Levy, B.E,; Castle, ].T,; Virodov, A.; Wilt, W.S.; Bumgardner, C.; Brim, T.; McAtee, E.; Schellenberg, M.; Inaba, K.; Warriner, Z.D.
Artificial Intelligence Evaluation of Focused Assessment with Sonography in Trauma. J. Trauma Acute Care Surg. 2023, 95, 706-712.
[CrossRef] [PubMed]

Huang, L.; Lin, Y,; Cao, P.; Zou, X,; Qin, Q.; Lin, Z; Liang, F;; Li, Z. Automated Detection and Segmentation of Pleural Effusion on
Ultrasound Images Using an Attention U-Net. |. Appl. Clin. Med. Phys. 2024, 25, e14231. [CrossRef] [PubMed]

Gao, X.; Lv, Q.; Hou, S. Progress in the Application of Portable Ultrasound Combined with Artificial Intelligence in Pre-Hospital
Emergency and Disaster Sites. Diagnostics 2023, 13, 3388. [CrossRef] [PubMed]

Hernandez Torres, S.I.; Ruiz, A.; Holland, L.; Ortiz, R.; Snider, E.]. Evaluation of Deep Learning Model Architectures for
Point-of-Care Ultrasound Diagnostics. Bioengineering 2024, 11, 392. [CrossRef] [PubMed]

Amezcua, K.-L.; Collier, J.; Lopez, M.; Hernandez Torres, S.I.; Ruiz, A.; Gathright, R.; Snider, E.J. Design and Testing of Ultrasound
Probe Adapters for a Robotic Imaging Platform. Sci. Rep. 2024, 14, 5102. [CrossRef] [PubMed]

Boysen, S.R.; Caulkett, N.A.; Brookfield, C.E.; Warren, A.; Pang, ].M. Splenectomy Versus Sham Splenectomy in a Swine Model of
Controlled Hemorrhagic Shock. Shock 2016, 46, 439. [CrossRef] [PubMed]

Watts, S.; Nordmann, G.; Brohi, K.; Midwinter, M.; Woolley, T.; Gwyther, R.; Wilson, C.; Poon, H.; Kirkman, E. Evaluation of
Prehospital Blood Products to Attenuate Acute Coagulopathy of Trauma in a Model of Severe Injury and Shock in Anesthetized
Pigs. Shock 2015, 44, 138. [CrossRef]

Snider, E.J.; Hernandez-Torres, S.I.; Boice, E.IN. An Image Classification Deep-Learning Algorithm for Shrapnel Detection from
Ultrasound Images. Sci. Rep. 2022, 12, 8427. [CrossRef] [PubMed]

Yaseen, M. What Is YOLOvS8: An In-Depth Exploration of the Internal Features of the Next-Generation Object Detector 2024.
arXiv 2024, arXiv:2408.15857.

Bilous, N.; Malko, V.; Frohme, M.; Nechyporenko, A. Comparison of CNN-Based Architectures for Detection of Different Object
Classes. Al 2024, 5, 2300-2320. [CrossRef]

Le, V.-H.; Pham, T.-L. Ovarian Tumors Detection and Classification on Ultrasound Images Using One-Stage Convolutional Neural
Networks. J. Robot. Control. (JRC) 2024, 5, 21.

50



Technologies 2025, 13, 29

27. Jocher, G.; Chaurasia, A.; Qiu, J. YOLO by Ultralytics. 2023. Available online: https://github.com/ultralytics/ultralytics
(accessed on 8 January 2025).

28. Cai, Z.; Vasconcelos, N. Cascade R-Cnn: Delving into High Quality Object Detection. In Proceedings of the IEEE Conference on
Computer Vision and Pattern Recognition; IEEE: New York City, NY, USA, 2018; pp. 6154-6162.

29. Epstein, A.; Lim, R.; Johannigman, ].; Fox, C.J.; Inaba, K.; Vercruysse, G.A.; Thomas, R.W.; Martin, M.].; Konstantyn, G.;
Schwaitzberg, S.D.; et al. Putting Medical Boots on the Ground: Lessons from the War in Ukraine and Applications for Future
Conflict with Near-Peer Adversaries. J. Am. Coll. Surg. 2023, 237, 364-373. [CrossRef] [PubMed]

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual
author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to
people or property resulting from any ideas, methods, instructions or products referred to in the content.

51



48l fechnologies

Article

Towards Transparent Al in Medicine: ECG-Based Arrhythmia
Detection with Explainable Deep Learning

Oleksii Kovalchuk 1, Oleksandr Barmak !, Pavlo Radiuk 1'*, Liliana Klymenko 2 and Iurii Krak 34

Department of Computer Science, Khmelnytskyi National University, 11 Instytuts’ka Str.,

29016 Khmelnytskyi, Ukraine; kovalchukov@khmnu.edu.ua (O.K.); barmako@khmnu.edu.ua (O.B.)
Department of Family Medicine and Outpatient Care, Shupyk National Healthcare University of Ukraine,
9 Dorohozhytska Str., 04112 Kyiv, Ukraine; dr-liliana-ua@ukr.net

Department of Theoretical Cybernetics, Taras Shevchenko National University of Kyiv, 4d Akademika
Glushkova Ave, 03680 Kyiv, Ukraine; iurii.krak@knu.ua

Laboratory of Communicative Information Technologies, V.M. Glushkov Institute of Cybernetics,

40 Akademika Glushkova Ave, 03187 Kyiv, Ukraine

*  Correspondence: radiukp@khmnu.edu.ua; Tel.: +38-(097)-854-9148

Abstract: Cardiovascular diseases are the leading cause of death globally, highlighting the
need for accurate diagnostic tools. To address this issue, we introduce a novel approach
for arrhythmia detection based on electrocardiogram (ECG) that incorporates explainable
artificial intelligence through three key methods. First, we developed an enhanced R peak
detection method that integrates domain-specific knowledge into the ECG, improving peak
identification accuracy by accounting for the characteristic features of R peaks. Second, we
proposed an arrhythmia classification method utilizing a modified convolutional neural
network (CNN) architecture with additional convolutional and batch normalization layers.
This model processes a triad of cardio cycles—the preceding, current, and following
cycles—to capture temporal dependencies and hidden features related to arrhythmias.
Third, we implemented an interpretation method that explains CNN’s decisions using
clinically relevant features, making the results understandable to clinicians. Using the MIT-
BIH database, our approach achieved an accuracy of 99.43%, with F1-scores approaching
100% for major arrhythmia classes. The integration of these methods enhances both the
performance and transparency of arrhythmia detection systems.

Keywords: electrocardiography (ECG); arrhythmia detection; ECG classification; ECG
interpretation; explainable artificial intelligence (XAI); transparent artificial intelligence;
deep learning

1. Introduction

According to statistics from the World Health Organization, cardiovascular diseases
are the leading cause of death worldwide [1,2]. Currently, there are many tools and means
available to help clinicians prevent or detect heart problems. One of the most common
methods is electrocardiography (ECG). ECG allows for the graphical recording of electrical
phenomena from the human body that occurs in the heart muscle during its activity. The
curve obtained from recording such activity is called an electrocardiogram or ECG. Thus,
an ECG is a recording of fluctuations in the potential difference that occur in the heart
during its excitation [3]. A standard ECG recording consists of 12 leads obtained from
10 electrodes [4].

Technologies 2025, 13, 34 52

https://doi.org/10.3390/technologies13010034



Technologies 2025, 13, 34

The nature of the ECG is pseudoperiodic. The ECG consists of cardio cycles called
QRST complexes (Figure 1). The appearance of the cardio cycle allows clinicians to de-
termine the presence of potential heart pathologies from the ECG. It is important to note
that the cardio cycle is visually identified by a clinician based on the R peak of the signal.
It is also worth mentioning that existing datasets, in which specific heart pathologies are
annotated, are also tied to the cardio cycle. Figure 1 shows the leading indicators (peaks
and segments) clinicians use to analyze the cardio cycle for potential pathology.

R

ST-T segment
PR segment J L

P-wave duration |
I T 1 ST segment

P F 1 i .

PR interval \Q_S,

QRS duration

T-wave duration

Figure 1. A schematic of a typical ECG waveform, illustrating the sequential components of an ideal
cardiac cycle known as the QRST complex [4]. The diagram highlights the primary waveforms: P, Q,
R, S, T, and U. Each segment and interval, including the PR interval, QRS duration, ST segment, and
T-wave duration, is labeled to show phases of electrical activity in the heart.

Since there are currently many possible types of abnormalities in ECG and large
volumes of ECG recordings (such as Holter monitoring), the analysis process can be time-
consuming and prone to numerous errors. Therefore, information technology methods and
approaches are used to address these issues. Due to the rapid development of artificial
intelligence (Al) systems, tools like machine learning (ML) and deep learning (DL) have
gained widespread use for classifying ECG pathologies.

The use of convolutional neural networks (CNNs) [5], as a DL method [6], for classi-
fying ECGs has already demonstrated significant effectiveness in detecting various heart
pathologies, such as arrhythmias, myocarditis, ischemic heart disease, and more [7,8]. De-
spite the significant advances in this field, the functioning of DL models remains a “black
box” for end users [9], which is highly critical in a sensitive field like medicine [10,11].

Despite numerous existing solutions for ECG classification, several open problems
remain unaddressed. In this work, we tackle unresolved issues in ECG analysis using
DL that have been neglected or only partially considered. These issues include (i) low
accuracy in R peak detection when R peaks exhibit atypical features, (ii) the inability of
current classifiers to identify all possible arrhythmias, especially those underrepresented in
available datasets due to class imbalance, and (iii) a lack of explainability and transparency
in DL model decisions for end users (doctors).

Considering these challenges, the main contributions of this article are as follows:

e A method for identifying R peaks in ECGs: we integrate domain-specific knowledge to
enhance R peak detection accuracy, allowing for more precise identification compared
to existing methods.
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e A method for classifying heart arrhythmias from ECGs: by presenting the input signal
as three consecutive cardio cycles and using a modified CNN architecture, we improve
classification quality over traditional approaches.

e A method for interpreting DL model classification results: we use features that are un-
derstandable to doctors, making the classification decisions transparent and enhancing
explainability for end users.

The article’s structure is as follows: Section 2 presents a review of current approaches
for detecting heart rhythm, sequence, and contraction force disorders (arrhythmias) from
ECGs using explainable AI (XAI) methods. Section 3 describes the proposed approach
to solving the problem, which consists of three methods: R peak identification in ECGs,
arrhythmia classification in ECGs, and classification result interpretation. Section 4 presents
the experimental results of the proposed approach and a discussion.

2. Related Works

Preparing ECG data for use in DL models involves the mandatory segmentation of
cardio cycles based on R peaks in the ECG. This approach is driven by the pseudoperiodic
nature of ECGs, where the unit of heart activity analysis is the cardio cycle (i.e., QRST
complex), and the accuracy of its detection depends on identifying the R peak. At the
same time, the precision of R peak identification is crucial, as it affects the effectiveness of
applying DL methods to solve the problem of classifying heart arrhythmias.

Currently, there are many approaches to detecting R peaks in ECGs, most of which
show an efficiency rate exceeding 99%. However, many studies either indicate a significant
margin of error or do not mention it at all when calculating statistical metrics. For example,
in studies [12,13], high accuracy in peak detection was achieved, but the allowable error
was £75 ms, creating a total error window of 150 ms, which exceeds the normal duration
of the QRST complex.

Since the medical field demands extremely high precision, such errors in studies can be
critical. Therefore, researchers like B. Porr and P. W. Macfarlane [14] conducted an analysis
of various methods for R peak detection, including Pan and Tompkins by Fariha et al. [15],
Hamilton and Tompkins by Ahmad et al. [16], and Christov by Rahul et al. [17]. B. Porr and
P. W. Macfarlane established that almost every study reported very high accuracy, above
98%, which can be explained using a large permissible error when calculating the accuracy
of the proposed methods. The authors concluded that most experimental studies rely on
an error of 100 ms or more, which is too high for real clinical cases involving ECGs. As a
result, the task of identifying R peaks with minimal error remains relevant and requires
further research.

The next step in ECG analysis, following R peak detection, is the classification of QRST
complexes with R peaks according to pathology classes. There are numerous studies on the
application of DL models for ECG classification.

For instance, Hassan et al. [18] trained a CNN-BiLSTM to classify five types of heart
arrhythmias using the MIT-BIH dataset. They demonstrated that their DL model could
classify heart arrhythmias with 98% accuracy, 91% sensitivity, and 91% specificity. Liu
et al. [19] proposed an ensemble of LSTM and CNN, which achieved 99.1% accuracy, 99.3%
sensitivity, and 98.5% specificity in classifying ECGs. Notably, the authors obtained these
results by classifying ECGs into only four classes, excluding the “everything else” class.
Xu et al. [20] developed a CNN classifier that categorizes ECGs into five classes, including
“normal” and “others”. However, their proposed method only allows the classification of
three pathologies, covering a limited set of potential conditions.
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In studies by Degirmenci et al. [21] and Rohmantri et al. [22], high classification
accuracy was achieved using 2D images of ECGs with a size of 64 x 64 as input data
for classifying arrhythmic heartbeats. There are also several works that transform one-
dimensional signals into two-dimensional representations like spectrograms or scalograms,
including [23]. Despite achieving high classification accuracy, these approaches result
in significant computational cost, making them inefficient for real-time applications and
devices with limited computing power. Additionally, the cited works do not utilize an “all
other” class, which could potentially worsen classification outcomes.

In their study, Abdelhafid et al. [24] focused on classifying ECG arrhythmias using five
classes without the “others” class. This likely contributed to the high classification metrics,
but excluding the “others” class may not reflect real clinical cases, as such an approach
ignores signals that do not fit predefined categories. Furthermore, their model takes input
data for only one cardio cycle. Since the “Premature Ventricular Contraction” (PVC) class
is included, this amount of data may be insufficient for classification, as this pathology
is characterized by a “compensatory pause”, which requires neighboring cardio cycles
for detection. Thus, to effectively and accurately detect heart arrhythmias, it is crucial to
develop a DL model that balances accuracy, computational complexity, and the ability
to classify a greater number of pathologies, particularly a class that represents all other
underrepresented conditions.

Singh and Sharma [25] introduced a deep CNN for arrhythmia interpretation and
classification, which demonstrated high accuracy and efficiency. However, like other
studies, they faced high computational requirements when using the proposed model in
real-world applications. In addition, their study did not address the classification of signals
that do not fall into the previous classes, which is crucial for practical applications.

In a recent paper, Ayano et al. [26] suggested an interpretive DL model for 12-lead
ECG diagnosis. Their work stands out due to its interpretation and careful analysis of
multiplexes, offering a detailed understanding of the diagnostic process. However, the
complexity of their model may hinder its use in the absence of significant computing
resources, as high interpretation often comes at the cost of computational complexity.

From the analysis above, we see that current approaches do not provide a full in-
terpretation of the classification results that can be transparent and understandable to
doctors in practical conditions. Specifically, we point out several issues that warrant
further investigation:

e  High error rates in R peak identification.

e A limited number of classified pathology classes.

e  C(lassification based on a single cardio cycle without considering preceding or subse-
quent cycles, thereby ignoring hidden features from adjacent cycles.

e  High computational complexity in pathology classification tasks.

e A lack of explainability in DL model decisions using features understandable to
healthcare professionals.

Therefore, the aim of this study is to improve the quality and accuracy of detecting
heart activity disorders (i.e., arrhythmia) from ECG analysis using DL, while also making
the results interpretable to doctors. To achieve this goal, we propose a new approach for
arrhythmia detection in ECGs using XAI, which comprises three methods: (i) identifying
R peaks in ECGs, (ii) classifying arrhythmia in ECGs, and (iii) interpreting classification
results using features that are understandable to doctors.
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3. Methods and Materials

In this study, we propose an approach for detecting heart activity disorders related to
rhythm, sequence, and contraction strength of the heart muscle (arrhythmias) using ECG
with XAI The overall scheme of the proposed approach is shown in Figure 2.

Input > Processing > Output

Task 1 Task 2 Task 3
Identifying R peaks Classification Interpretation of Classified and
ECG in the ECG of arrhythmias classification results interpreted ECG
by the ECG fragments

Figure 2. This figure outlines a three-task ECG arrhythmia classification approach using XAL It starts

with ECG input and proceeds through R peak identification, arrhythmia classification, and result
interpretation, resulting in classified ECG fragments. This approach integrates domain knowledge to
improve diagnostic accuracy and interpretability for clinicians.

The proposed approach has several assumptions, which, according to the authors,
improves the quality and accuracy of detecting heart activity disorders (arrhythmias) by
analyzing the ECG using DL, followed by interpreting the results in terms understandable
to the end user (i.e., doctor). Thus, the approach includes the following;:

e Integrating domain knowledge into the ECG to enhance R peak identification.

e  Representing the input signal as a triad of cardio cycles to improve the model’s ability to
detect hidden dependencies related to pathologies in the input ECG. Each cardio cycle is
supplemented with its predecessor and successor, as considering only one cardio cycle is
insufficient for making the right decision from a doctor’s perspective. Information about
what happened before and after the current cardio cycle is also required.

e Presenting DL model decisions as a combination of features relevant to medical
practice, which either confirm or refute the DL decision.

The proposed approach is implemented by breaking down the study’s goal into
smaller and interrelated tasks.

The input data of the approach is an ECG obtained from recording devices. The ECG
is represented as a one-dimensional array s, which reflects the course of the time signal
recorded at a specific moment for a particular lead. The data are digitized at a sampling
rate of 360 samples per second with 11-bit resolution over a range of 10 mV. It is worth
mentioning that information from recording devices in other structures is converted into
the required format using simple algorithmic transformations.

Task 11is intended to identify R peaks in the input ECG (Figure 1). This task is necessary
because the CNN requires comparable signal segments as input. One way to achieve this
comparability is to segment the signal so that each segment centers around an R peak.

Task 2 is for classifying the pathologies indicative of arrhythmias. The classification
applies to ECG segments identified based on the R peaks.

Task 3 is for interpreting the obtained classification results, meaning that the decision
made by the DL model is explained in terms understandable to the doctor.

The output of the proposed approach is a classified ECG along with explanations for
the classification decision regarding each cardio cycle.

To solve the tasks given, corresponding methods are proposed. Each method is
discussed in detail below.
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3.1. Method for Identifying R Peaks in ECG

Based on the review presented in Section 2, it is evident that, despite the impressive
results of R peak detection methods, there are certain shortcomings that need to be ad-
dressed. To improve the current approaches for R peak detection in ECGs, we proposed a
method illustrated in Figure 3.

> Input > Processing > Output >

Step 1 Step 2 Step 3
ECG Knowledge CNN Post- R peaks
integration processing

Figure 3. This figure illustrates the R peak detection method in ECG analysis, consisting of three key

steps: knowledge integration, CNN processing, and post-processing. This method leverages domain
knowledge of the reference heart cycle to enhance R peak detection accuracy, producing precise R
peak locations in the output.

The main feature of the proposed method is the integration of knowledge about the
reference heart cycle into the input ECG. The hypothesis of this study echoes our previous
work [13] in that such an integrated signal is more effective in detecting the necessary
information (R peaks) and is more resistant to signal artifacts.

It should be noted that integrating knowledge about the reference heart cycle into the
input ECG is not a new approach. A similar idea of integrating knowledge into the ECG
was proposed in [27].

In our case, for the implementation of knowledge integration, a characteristic feature
of the R peak is used, namely that the R peak has the maximum positive deviation within
the cardio cycle.

The method involves the following transformation steps:

Input data: (1) ECG S as a one-dimensional data array, and (2) a corresponding array
K, initialized with zero values across its entire length. This array is used to store knowledge
about the ideal peaks of the reference heart rhythm at the specified positions during the
subsequent steps.

Step 1: Integrate knowledge about the reference cardio cycle into the ECG.

Step 2: Process the integrated signal using the CNN model.

Step 3: Post-process the results of the DL model to identify R peaks.

Output data: A filled array K.

Details of each step are provided below.

It is known that in leads I-II and V1-V6 of an ECG, the R peak is characterized by the
highest positive deviation of the signal in a specific region. To integrate knowledge of this
into each ECG segment, the following steps are applied as depicted in Figure 4:

Step 1.1: Extract a segment of the ECG containing 260 elements. This number of
elements was determined experimentally and is sufficient to cover a cardio cycle.

Step 1.2: Conduct preliminary R peak identification, i.e., determine the maximum
positive deviation, p, in the extracted segment of the signal. The detected maximum
deviation is then checked to decide whether it represents a peak. If the deviation does not
increase on the left and does not decrease on the right, the identified deviation is not at the
peak, and the process returns to the previous step to process the next segment of the signal.
If the check is successful, the process moves to the next step.
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Step 1.3: Populate the array K with knowledge. Based on the identified peak, its global
index i in the ECG S is determined. The array K is then filled with a value of 1 over the
range [i — 20; i + 20]. This range usually encompasses the QRS complex, which includes

the R peak.

Step 1.4: Skip the search for a new maximum deviation immediately after finding the

deviation p at Step 1.2, as R peaks occur at regular intervals.

A visualization of knowledge integration and the ECG is shown in Figure 5.

Input data: ECG signal S

1.1 Take 260 items of ECG signal.

1.2 Find maximum deviation p.

Is the maximum deviation the

top of the wave?

Yes

1.3 Form the knowledge integration.

1.4

from maximum deviation.

Output data: generated knowledge
integration K for ECG signal S for next step

Is the End of the
signal reached?

Yes

Skip the next 100 items of ECG

Figure 4. This figure details Step 1 of the R peak detection method, focusing on integrating reference

ECG knowledge. The process begins by analyzing 260 data points of the ECG to find the maximum

deviation, representing the wave peak. If confirmed, knowledge integration is applied. The process

skips 100 items after each peak to avoid redundancy until the end of the signal, generating a

knowledge-integrated array K for further processing.
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Figure 5. A schematic representation illustrating the integration of reference ECG knowledge into

the current ECG signal. The grey curve represents the raw ECG waveform, highlighting the natural

fluctuations in cardiac electrical activity. The green overlay marks the regions where knowledge

integration is applied, focusing on the R-peaks.
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Signals S and K are then fed into the DL model for R peak detection (Step 2). Based
on the analysis conducted in Section 2, we propose using a CNN with an architecture
described in Table Al in Appendix A.

For loss measurement during network training, the Binary Cross Entropy Loss
(BCELoss) function [28] is used. It should be noted that this function was chosen due to its
resistance to class imbalance in the training dataset, which is relevant to our task. Moreover,
BCELoss might be also essential for the task at hand, as the imbalance is substantial—signals
with R peaks are far less common than those without them.

The output from the DL model needs to be represented as a data array of the same size
as the input array, where the necessary labels for R peaks are placed in the corresponding
positions of the input array.

Step 3 is designed to process the CNN output P, transforming it into indices corre-
sponding to R peaks in the input signal. The scheme of Step 3 is shown in Figure 6.

Input data: CNN model prediction P

3.1 Filter the P data according to the threshold

3.2 Take 70 items range of P prediction

3.3 Find index of max prediction probability in selected range

34 Save detected index in the D output array

3.5 Skip the next 70 items of P prediction

Is the End of the P reached?

Yes
Output data: D array with predicted indexes

Figure 6. This figure illustrates the post-processing steps for CNN-predicted R peak identification.
Starting with CNN predictions, the process filters data, identifies the maximum prediction in each
range, and saves it in an output array D. It iterates through the signal to create a comprehensive index
array of R peak positions.

The encoder-decoder CNN output from Step 2 is an array of the same size as the input
ECG array.

Step 3.1 involves filtering the input data P based on a pre-determined threshold to en-
sure only relevant data points are considered. This threshold helps exclude less significant
predictions and focus on deviations that are likely to indicate R peaks. Experimentally, this
threshold was set to 0.1.

After filtering the data at Step 3.2, the algorithm searches for the next deviation, consid-
ered a possible R peak position. To accurately determine the R peak index, Steps 3.3-3.4 an-
alyze a range of 70 consecutive prediction elements (equivalent to 175 ms), starting from
the identified deviation. The element with the highest predicted probability in the chosen
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range is determined, and its index is stored in the output array D. This array accumulates
the indices of all significant points detected throughout the process.

Step 3.5 skips the elements processed in previous steps to avoid re-processing these
values. The algorithm continues until the end of the input data array P is reached.

Upon completion, the output array D contains a full list of indices corresponding to
the R peaks of the ECG as determined by the CNN model.

3.2. Method for Classifying Arrhythmia Based on ECG

To improve existing approaches for ECG classification, particularly for arrhythmia
pathologies, we propose a method represented schematically in Figure 7.

Input Processing Output

Step 1 Step 2 g
Elgg eZZd Split ECG Classify Pr‘?ol:teeadcg if?:(éogy
indices on fragments ECG fragments Fragment
by CNN model 3

Figure 7. This figure presents an ECG classification method for arrhythmia detection, beginning with
ECG and R peak indices. The process involves splitting the ECG into fragments and using a CNN
model to classify each fragment, resulting in predicted pathology labels for individual ECG segments

to support clinical diagnosis.

The results in our previous work [29] suggest that CNN models typically use a single
cardio cycle as input, but this approach lacks sufficient context for accurate pathology
detection. To address this limitation, we propose augmenting the input with neighboring
cardio cycles, allowing the DL model to uncover additional hidden dependencies in the
ECG data and enhance pathology identification.

Method overview is as follows:

Input Data: ECG signals and indices of R peaks identified previously.

Step 1: Prepare ECG input samples.

Step 2: Classify using an enhanced CNN model.

Output Data: ECG classified according to detected pathologies.

Below, we provide implementation details of the proposed method.

In Step 1, we preprocess the ECG by segmenting them into fragments of 700 samples.
This length, determined empirically, includes three cardio cycles—the previous, current
(central), and next R peaks—providing a broader temporal context for analysis.

In Step 2, we classify these samples using an improved CNN architecture. We modify
the CNN presented in [20], which achieved an accuracy of 99.43% but did not classify
all pathologies in the dataset. Our enhanced CNN, detailed in Table A2 of Appendix A,
accommodates the new input format and an expanded set of pathologies.

To enable the CNN to identify more distinctive features and handle a larger number of
classes, we add an extra convolutional layer. Recognizing that this increases computational
complexity, we also incorporate Batch Normalization layers [30] after each convolutional
layer and the first linear layer. Batch Normalization stabilizes the training process by
normalizing activations within each batch, preventing sudden spikes or drops in activa-
tion levels.
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We also include a Dropout layer after the first linear layer to improve generalization
and prevent overfitting. This layer randomly deactivates a fraction of neurons during
training, enhancing the model’s robustness.

Given these architectural changes, we perform hyperparameter optimization on the
CNN layers, adjusting parameters such as kernel size, stride, padding, and dropout proba-
bility. The optimized hyperparameters are listed in Table A2 of Appendix A.

Applying our proposed CNN to the ECG fragments results in an array containing the
classification of each fragment’s pathology, providing a more accurate and comprehensive
analysis of the ECG data.

3.3. Method for Interpreting Classification Results

Considering the sensitivity of the subject, i.e., medicine, and given that the proposed
DL-based solutions are inherently nontransparent (i.e., a “black box” in terms of the
mechanism and parameters used to make decisions), there is a need for interpreting the
decisions in a form understandable to the end user (doctor). The method is described in
detail below.

3.3.1. General Idea of the Method

Our approach aims to present the decisions from the previous method using features
that doctors rely on when diagnosing ECG pathologies. These are specific, observable fea-
tures in the cardio cycles that help doctors agree or disagree with the DL model’s decision.

While traditional ECG classification methods using ML involved feature vectors based
on these clinical features, their results were less impressive than those of DL models. In this
study, we identify these features not for classification but to help doctors understand the
DL decisions. By visualizing these features, we make the model’s decisions more accessible
to clinicians.

Doctors consider various indicators when diagnosing ECG pathologies; each pathol-
ogy has predefined features that may or may not all be present, leaving the final judgment
to the doctor. To illustrate our method, we focus on one specific feature associated with a
particular pathology, for example, the “presence or absence of the P-wave (P peak)” in a
cardio cycle, which relates to premature ventricular contractions (PVC).

Figure 8 shows a schematic diagram for interpreting one feature of the proposed
method; similar diagrams apply to other features.

The main steps of the proposed method for interpreting classification results are
presented below.

Input Data: The cardio cycle signal as presented to the CNN classifier and the pathol-
ogy class determined by the classifier.

Step 1: Empirically determine the zone of interest in the signal where the pathology
feature may be present. Use this signal segment as a feature vector to explain the selected
pathological feature.

Step 2: Choose a method to inform the doctor about the presence or absence of the
feature in the signal fragment. This involves sequentially analyzing information through
the following steps until the classification result can be interpreted:

Step 2.1: Formulate the interpretation using formulas or statistical indicators under-
standable to the doctor.

Step 2.2: Generate an interpretation by visually comparing the signal fragment with
similar pieces from the training set, annotated as either the pathology in question or
normal/other pathologies.

61



Technologies 2025, 13, 34

Step 2.3: Use visual analytics tools like principal component analysis (PCA) [31],

multidimensional scaling (MDS) [32], or t-distributed stochastic neighbor embedding
(t-SNE) [33] to form the interpretation.

Step 2.4: Employ ML models to aid interpretation.
Step 2.5: Utilize DL models for interpretation.

Step 2.6: Apply other methods that may complement the proposed approach.

Output Data: A conclusion regarding the presence or absence of the considered feature
in the classified ECG.

Input data: Classified ECG fragment of length 700

v

Step 1: Empirical determination of the "receptive region" for the feature

v

Step 2: Analysis of means to confirm or deny the presence of a sign in

the receptive field

v

2.1. Confirmation or refutation of the feature according to
[ the formula or statistic indicator (understood by the doctor).

Yes
—_ Success ~—No v
2.2. Visualization of a fragment of the current signal
relative to other signals of the training sample.
Yes
—_Success ~—No v
2.3. Visual analytics analysis for the possibility of using
\ ML or DL methods
 Yes Success >—No v
v 2.4. Classification ML
Ye
=" Success >-No v
h 2.5. Classification DL
Yes Success ~—No v
2.6 Others
v
Output: Presence or absence of feature
in the ECG fragment

R

RR, + RR; ® 2 *RR

Figure 8. This figure illustrates a step-by-step method for detecting specific features in a classified

ECG fragment. Starting with a 700-length ECG segment, it empirically identifies the receptive region,

analyzes the presence of features, and applies methods like formula-based verification, visualization,

and ML or DL classification. Each step is designed to confirm or deny feature presence, with outcomes

supporting clinical interpretation of ECG data.

3.3.2. Mechanisms for Detecting Features That Aid Doctors in Decision-Making

We outline mechanisms used to detect ECG features, according to Steps 2.1-2.5 of

our proposed interpretation method, which are employed in Step 2 to identify features

associated with various pathologies (see Figure 9).
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To detect features visible within a cardio cycle (see Figure 1), it is essential to identify
its main elements: peaks, intervals, and periods. Since the R peak is already identified from
the initial ECG processing stage, we use Neurokit2 v0.2.7 package (free and open-source
software under MIT License) [34] to locate other elements of the cardio cycle. Some features
are derived using statistical indicators or formulas (Step 2.1). For example, the “Presence
of a Compensatory Pause” can be calculated using specific formulas, and the presence or
absence of the P peak can be verified using Neurokit2.
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Figure 9. Training samples for two ECG classes, illustrating separation clarity within a designated
zone of interest. Subfigures (a,b) show cases with unclear separation, while (¢,d) display distinct
separation patterns in the zone. The cardiac cycle, highlighted in green, is overlaid with a black
rectangle to emphasize the zone of interest and represent the relevant signal fragment.

Another mechanism involves visualizing cardio cycles from the training set divided
into two class groups (Step 2.2) alongside the classified cardio cycle under interpretation.
In Figure 9a, one group represents “Normal” ECGs, while the other includes ECGs with P
peak abnormalities (e.g., PVC).

In Figure 9a, the red and blue areas overlap completely, making simple visual com-
parison ineffective. Therefore, we proceed to the next steps to find a resolving mechanism.
In contrast, Figure 9b shows no overlap, allowing us to confirm that the feature in the
analyzed cardio cycle (green graph) corresponds to the identified class.

If visual analysis reveals significant overlap of features in the zone of interest, we
advance to Step 2.3. Here, we represent signal fragments from the zone of interest (high-
lighted in Figure 9) as vectors and input them into visual analytics tools like PCA, MDS, or
t-SNE. The resulting representation is shown in Figure 10.
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In Figure 10, we observe specific groupings of ECG data from the zone of interest, but
clear separation between groups is lacking. If we do observe groupings with separation—
possibly among more than two groups—we can apply ML methods to these vectors to
build a classifier (Step 2.4).

When visual analytics methods produce overlapping groups or ML methods fail to
provide a solution, we turn to Step 2.5, applying DL methods to interpret the presence of
the feature in the ECG. Similar to ML, the input for DL methods is the ECG segment from
the defined zone of interest.

r
il
-'!'-- .:.

Figure 10. The application of PCA on ECG fragments within the zone of interest. Red and blue
clusters represent two distinct classes, highlighting areas of overlap and separation; the green dot
represents the target ECG.

For classification, we prepared a CNN model for a binary classification task. The
fine-tuned parameters of this model are detailed in Table A3 in Appendix A. Finally, Step
2.6 provides an opportunity to expand the proposed approach with other methods for
interpreting ECG features.

3.3.3. List of Features Used by Doctors for Decision-Making

The proposed mechanism for feature detection in ECG is recommended for the follow-
ing list of features defined by doctors.
1. For anormal ECG (i.e., cardiocyte), the following features are considered:

e  Presence of all cardio cycle elements (peaks and intervals).
e QRS complex is not widened or deformed.

P peak precedes each QRST complex.
e  Presence of a normal PQ interval.

2. For PVC or “Ventricular Extrasystole”, the following features are indicative:

e  Absence of P peak.
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e  Widened QRST complex.

e  Deformed QRST complex deformation refers to a change in the shape of the
QRST complex. Right ventricular extrasystole appears as left bundle branch
block (LBBB) in lead V1, while left ventricular extrasystole appears as “Right
Bundle Branch Block” (RBBB).

e  Presence of a complete compensatory pause. This is the interval between two
consecutive ventricular complexes of the sinus rhythm, between which an ex-
trasystole occurs, equal to double the RR interval of the sinus rhythm.

3.  RBBBis characterized by:

e  Deep, wide S-waves in standard and left chest (V5-V6) leads.

e  Widened and deformed QRS complex with an rSR” pattern or in chest leads
(V1-V2) resembling the letter “M”.

e  Depression of the ST segment. ST segment depression is a decrease of this
segment below the isoelectric line.

e Inverted T-wave in right chest leads. An inversion is opposite to the normal
polarization of the wave.

e  Prolonged intra-QRS deflection time (IQRDT) in right chest leads. IQRDT reflects
the time from the beginning of the QRS complex (Q or R wave) to the maximum
deviation of the QRS complex (usually the R peak). Normally, IQRDT < 0.04 s.

4. LBBB is characterized by the following:

e  Deformed and widened QRS complex with a duration exceeding 120 ms.

e  Deep, wide S-waves in the right chest lead.

e  Discordant changes in the ST-T complex relative to the QRS complex. Discordant
changes in ST-T include depression or elevation of the ST segment in the direction
opposite to the main vector (R or S wave).

e  Prolonged IQRDT in left chest leads.

5. Fusion of Ventricular Beats is characterized by the following:

e  Cardio cycle with characteristic features of a ventricular extrasystole.
e  Absence of a compensatory pause.

The proposed mechanisms for detecting features and the list of features allow for
presenting the obtained classification result (assignment to a specific pathology class) in a
form understandable to the doctor.

3.4. Evaluation Metrics for DL Models in Medical Systems

In this study, we utilized several essential metrics to assess the performance of our DL
models in medical applications, covering both binary and multiclass classification tasks.
Our findings are consistent with existing research on model evaluation in medical Al, as
highlighted in Rainio et al. [35].

We employed confusion matrices to identify classification errors and compute metrics
such as accuracy, precision, recall, and F1-score. This approach provided a nuanced view
of the models’ capabilities, highlighting areas of correct classifications (true positives and
true negatives) and misclassifications (false positives and false negatives). These insights
were crucial for understanding the models’ overall performance.

While accuracy was measured, it offered limited insight into dataset imbalances. To
overcome this, we calculated precision to assess the proportion of correctly predicted
positives and recall (sensitivity) to evaluate the models’ ability to detect actual positive
cases. The Fl-score, which balances precision and recall, proved particularly valuable
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in addressing uneven class distributions, delivering a comprehensive evaluation of the
models’ classification performance.

Additionally, we applied advanced metrics such as Cohen’s Kappa coefficient and
Area Under the Curve (AUC) with Receiver Operating Characteristic (ROC) curves. Co-
hen’s Kappa measured the agreement between models beyond chance, while AUC-ROC
illustrated the models’ proficiency in distinguishing between positive and negative cases
across various thresholds. These metrics provided deeper insights into the reliability and
discriminative power of our DL models.

3.5. Datasets
For training the CNN model, the following datasets were employed:

e  MIT-BIH Arrhythmia Database (MIT-BIH) [36]: The most used dataset for arrhyth-
mia classification in ECG using ML and DL methods. It was created through the
collaboration between Beth Israel Hospital and MIT and became the first publicly
available set of test materials for evaluating arrhythmia detectors. It contains 48 ECG
recordings, each approximately 30 min long, collected during clinical studies. The
signal frequency is 360 Hz, and each ECG recording includes annotations indicating
the occurrence of specific pathologies related to arrhythmia.

e QT Database (QT) [37]: Developed for evaluating algorithms that detect ECG segment
boundaries. It includes 105 two-channel Holter ECG recordings of 15 min each. Annota-
tions mark peaks and boundaries of the QRS complex, P, T, and U waves (if present).

e  China Physiological Signal Challenge-2020 (CPSC-2020) [38]: Created for the 3rd
China Physiological Signal Challenge 2020, aimed at designing algorithms to detect
premature ventricular and supraventricular contractions. Signals were collected with
a portable ECG device at a sampling rate of 400 Hz. The dataset contains 10 single-lead
ECG recordings collected from patients with heart arrhythmia. Each recording lasts
approximately 24 h.

e  University of Glasgow Database (UoG) [39]: A high-precision database from the
University of Glasgow that includes ECGs annotated with R peaks, recorded under
realistic conditions from 25 participants. ECG recordings were performed for over
two minutes while participants performed five different activities: sitting a math test
on a tablet, walking on a treadmill, running on a treadmill, and using a hand-cycle.
The sampling rate was 250 Hz.

4. Results and Discussion
4.1. R Peak Identification

The above datasets were preprocessed to address task-specific requirements, primarily
removing samples with poorly annotated R peaks. Such samples would hinder accu-
rate training and testing of the neural network. From the MIT-BIH dataset, signals with
inaccurate annotations (e.g., with identifiers 108 and 207) were excluded.

Due to the varying sampling rates of the signals in the datasets mentioned above,
further transformations were performed to ensure all signals had a uniform sampling rate
of 400 Hz. The signals were segmented into fragments of 8000 samples to be used as input
for the neural network. Fragments obtained from datasets 1-3 were split into training and
test sets in an 80/20 ratio.

The UoG dataset was used to create an independent test set. This set included signal
fragments recorded in lead II during activities such as sitting, doing math, and walking.
Table 1 provides the distribution of ECG fragments in the training and test sets.
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Table 1. The distribution of ECG fragments across different datasets used in the study. Training
data includes signals from MIT-BIH, QT, and CPSC-2020 databases, while testing data also includes
MIT-BIH, QT, CPSC-2020, and a unique test set from the UoG ECG database.

Sample Title Database Title The Number of
Fragments
MIT-BIH 3312
Training data QT 2484
CPSC 2020 33,195
MIT-BIH 828
Testing data QT 712
CPSC 2020 8299
Unique test data ECG Database—UoG 438

We used 80% of the MIT-BIH Arrhythmia dataset, along with the QT and CPSC-
2020 databases for training. From the training data, 10% was reserved for validation.
Training was conducted in two stages using the Adam optimizer [40]. The first stage
ran for 45 epochs with a learning rate of 0.001, achieving a loss of 0.000821. The second
stage continued for 15 epochs with a reduced learning rate of 0.0001, resulting in a loss of
0.000580. The total training time was 82 min.

To evaluate classification quality (see Section 3.4), we used seven different random
splits of the data into training and testing sets, derived from the MIT-BIH Arrhythmia, QT,
and CPSC-2020 databases. Statistical metrics for each dataset are presented in Tables A4-A6
in Appendix B. We also tested an independent test set from the UoG database, with results
shown in Table A7.

Accuracy across all random splits was consistently high for both training and test
sets, averaging around 99.9%. Minimal standard deviations indicate stable performance
regardless of data splits, suggesting good generalization and accurate classification. With
accuracy near 100%, the model is highly effective for this task.

Precision remained high on both training and test sets, averaging 99.8-99.9% across all
datasets. Low standard deviations confirm the model’s reliability in accurately identifying
positives with few false alarms, which is essential when false positives are costly. This
indicates the model is both accurate and selective in its positive classifications.

Recall for test sets consistently exceeded 98%, averaging 99.1-99.2%, showing the
model effectively captures nearly all relevant cases. Small standard deviations highlight
stability and consistent true positive identification across different splits.

F1-scores remained high, averaging 98.8-98.9% on test sets. Low standard deviations
indicate a stable balance between precision and recall across random splits. This consistency
suggests the model maintains performance with diverse data, making it a reliable tool for
the task.

Table 2 compares our model’s statistical metrics with those known approaches dis-
cussed in Section 2 using the same test datasets.
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Table 2. A comparison of the proposed model’s performance on accuracy, precision, recall, and
F1-score across multiple ECG databases (MIT, QT, CPSC-2020, UoG) against established approaches.
Bold values indicate the highest scores.

Database Approach Accuracy Precision Recall F1-Score
Zahid et al. [12] 0.9999 0.9905 0.9858 0.9893
NeuroKit2 [34] 0.9997 0.9644 0.9340 0.9490
MIT Rodrigues et al. [41] 0.9992 0.8322 0.9491 0.8868
Koka et al. [42] 0.9992 0.8938 0.8699 0.8817
Our 0.9999 0.9921 0.9872 0.9890
Zahid et al. [12] 0.9999 0.9789 0.9778 0.9783
NeuroKit2 [34] 0.9997 0.9655 0.9410 0.9531
QT Rodrigues et al. [41] 0.9991 0.7824 0.9427 0.8551
Koka et al. [42] 0.9993 0.8866 0.8767 0.8816
Our 0.9999 0.9803 0.9818 0.9819
Zahid et al. [12] 0.9999 0.9855 0.9927 0.9891
NeuroKit2 [34] 0.9997 0.9514 0.9514 0.9514
CPSC-2020  Rodrigues et al. [41] 0.9989 0.7763 0.9212 0.8426
Koka et al. [42] 0.9995 0.9232 0.8972 0.9100
Our 0.9999 0.9862 0.9943 0.9897
Zahid et al. [12] 0.9995 0.9838 0.8666 0.9215
NeuroKit2 [34] 0.9998 0.9932 0.9596 0.9761
UoG Rodrigues et al. [41] 0.9996 0.9083 0.9990 0.9515
Koka et al. [42] 0.9994 0.9194 0.8968 0.9080
Our 0.9996 0.9831 0.9010 0.9239

Overall, the statistical metrics indicate that the proposed CNN model provides reliable
and accurate classification. Minimal deviations across different splits suggest the model’s
performance does not depend on specific data, highlighting its stability and generalizability.

Comparing our data to the previous results, we conclude the following;:

e  Accuracy remains consistently high, indicating good generalization.

e  Precision decreased slightly on the independent test set, suggesting the model encoun-
ters more challenging classification tasks.

e  Recall decreased, indicating reduced sensitivity to true positives in this dataset, possi-
bly due to ECG characteristics not present or rare in the training set.

e  Fl-score decreased, reflecting the impact of lower recall on overall model performance.

4.2. Pathology Classification

The same 80% of the MIT-BIH Arrhythmia database as in the previous step was used
to train the network. As in the previous step, 10% of the training dataset was set aside for
validation to monitor the model for overfitting during training.

Based on the annotations in the MIT-BIH Arrhythmia database, the following
classes/pathologies were selected for classification:

Normal beat.

PVC.

Paced beat.

RBB beat.

LBBB beat.

Atrial premature beat.

Fusion of ventricular and normal beat.

Fusion of paced and normal beat.
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CNN model training was conducted in two stages using the Adam optimizer, fol-
lowing the idea of parallel neural network computations, proposed in [43]. In the first
stage, training was performed with a learning rate of 0.001, resulting in a loss value of
0.024269-0.019391. In the second stage, training continued at a learning rate of 0.0001,
resulting in a loss value of 0.00746-0.004003. A total of 18 epochs were conducted.

Figure 11 presents examples of the loss curves (Figure 11a) and the accuracy curves
(Figure 11b) for both training and validation sets.

Figure 11a illustrates the loss function plot, with epochs on the x-axis and loss values
on the y-axis. The blue curve represents training loss, while the orange curve depicts
validation loss. Both curves decrease rapidly during the initial epochs, indicating effective
training. They eventually stabilize at low loss values and nearly overlap, suggesting
consistent performance and successful avoidance of overfitting.

In Figure 11b, the accuracy over epochs is shown, with the blue curve for training
accuracy and the orange curve for validation accuracy. Accuracy increases swiftly in the
early epochs, surpassing 95% within the first few iterations. Both curves then level off near
100%, reflecting high classification quality and strong generalization.

Training and Validation Accuracy

Training and Validation Loss

Figure 11. Training and validation curves for accuracy (a) and loss (b) over 18 epochs. The rapid
convergence of accuracy and reduction in loss indicate effective training with minimal overfitting,
demonstrating the CNN model’s stability and generalizability for ECG classification tasks.

Similar to the R peak detection evaluation, we assessed the pathology classifica-
tion method using seven randomly generated training and testing datasets. Table A8
in Appendix B presents the average statistical metrics and their deviations for both sets.
Training accuracy ranged from 99.90% to 99.92%, while test accuracy ranged from 99.08%
t0 99.44%.

The model exhibited excellent classification performance on the training set, with
nearly perfect Precision, Recall, and F1-score across all classes. On the test set, while perfor-
mance remained strong, there was a slight decline in these metrics. The most significant
drops occurred in classes 7 and 9, indicating these classes are more challenging to classify
in new data. This may be due to their smaller representation in the dataset, limiting the
CNN’s ability to fully learn their characteristics. Despite this, the Recall for the test set
stayed above 80%, confirming the classifier’s effectiveness.

Low standard deviations (under 5%) in the training set indicate that the model’s
predictions are consistent and stable. In the test set, standard deviations increased slightly,
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as expected when encountering unfamiliar data, but the mean deviation remained below
5%. The higher standard deviations for classes 7 and 9 suggest some inconsistency in the
model’s performance on these less familiar classes.

Figure 12 displays ROC curves to evaluate the quality for each class. Most ROC curves
are near the top-left corner, confirming the model’s high efficiency. From Figure 12, high
AUC values for all classes—mostly equal to 1.00—demonstrate excellent discrimination
between positive and negative examples. Even for classes where the AUC is slightly lower
(e.g., class 9), performance remains strong.

We further evaluated the model using the “One-vs-One” approach for ROC curves, as
shown in Figure 13.

In most cases, the ROC curves and AUC values are nearly ideal. Most combinations
have ROC curves close to the top-left corner, indicating high efficiency. AUC values ranging
from 0.99 to 1.00 confirm the model’s strong ability to distinguish between classes. Notably,
the greatest deviation from the top-left corner, with an AUC between 0.99 and 1.00, occurs
in combinations involving classes 1 and 9 (Figure 13a). This suggests the classifier is slightly
better at identifying class 1 as positive compared to class 9, reflecting the slight difference
in AUC. This discrepancy may stem from differing representations of these classes in the
training and test datasets.

ROC Curve for Multi-Class Classification
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Figure 12. ROC curves for a multi-class classification of ECG data, showing near-perfect AUC values
(mostly 1.00), indicating high model performance. Minor deviations in classes 7 and 9 suggest slight
inconsistencies in distinguishing these classes, reflecting model robustness overall.

We compared our method with state-of-the-art approaches and summarized the
statistical metrics. The proposed method achieved an average test accuracy of 99.26%.
Table 3 presents the macro and weighted average statistical metrics.

Table 3. Average metrics for nine-class ECG classification.

Metric Precision Recall F1-Score
Macro 0.97 0.95 0.96
Weighted 0.99 0.99 0.99
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Figure 13. This figure presents One-vs-One ROC curves for ECG classification, demonstrating high
accuracy in class differentiation: (a) shows normal vs. others (AUC 0.99), (b) class 9 vs. 1 (AUC 1.00),
(c) LBBB vs. RBBB (AUC 1.00), and (d) classes 5 vs. 4 (AUC 1.00).

Among all the classes supported during classification, the “Others” class is the least
stable. This could be explained by the fact that cardio cycles of this class were significantly
underrepresented in the dataset.

Additionally, the “Others” class is characterized by greater variability, which further
emphasizes the issue of the small number of signals for this class. This affects the Macro
metric since all classes are equally weighted regardless of their representation in the
dataset. If the “Others” class is excluded, the statistical metrics take on the values presented
in Table 4.

Table 4. Average metrics for ECG classification when excluding the “Others” class due to its under-
representation and variability.

Metric Precision Recall F1-Score
Macro 0.97 0.95 0.96
Weighted 0.99 0.99 0.99

When comparing the statistical results with modern approaches, it is worth noting
that all approaches can be divided into two types:

e  Approaches that group cardio cycles into categories and classify them based on their
group membership.
e  Approaches that classify each cardio cycle into a specific atomic pathology class.
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The first type is based on recommendations from the Association for the Advancement
of Medical Instrumentation (AAMI) [44], which involves grouping cardio cycle classes. Ex-
amples of such groups include non-ectopic beat, supraventricular ectopic beat, ventricular
ectopic beat, fusion, and unknown. Grouping provides an advantage during network train-
ing, as it helps to avoid data scarcity in individual classes, leading to better classification.
However, this classification approach may not always meet a clinician’s needs, as knowing
the specific pathology of a cardio cycle, not just the group it belongs to, is essential for
proper diagnosis.

Since the proposed method is not based on AAM], it is impossible to provide a com-
pletely equivalent comparison of the statistical metrics of AAMI-based methods. Table 5
presents a comparison of the statistical metrics of ECG classification methods based on
AAMI with the method proposed in this work.

Despite focusing on classifying nine ECG classes, the proposed method generally
demonstrates better results compared to methods that classify cardio cycle signals into
group memberships.

Table 6 presents a comparison of the statistical results of the proposed method with
the results of methods belonging to the second category, which classify cardio cycles into
specific atomic pathology classes.

Table 5. A comparison of the proposed ECG classification method with AAMI-based classification
approaches, highlighting superior performance across all metrics. Bold color indicates the highest
value of each metric.

Approach Ngl;:)l::legsof Accuracy Precision Recall  F1-Score

Hassan et al. [18] 5 0.980 0.920 0.910 0.915

Our 0.993 0.970 0.940 0.965

Xu et al. [20] 5 0.998 0.980 0.940 0.961

Our 0.993 0.960 0.940 0.950

Ahmed et al. [45] 4 0.990 0.930 0.940 0.935

Our 0.993 0.960 0.940 0.950

Kumar et al. [46] 5 0.987 0.989 0.939 0.963

Our 0.993 0.960 0.940 0.950

Mahmud et al. [47] 0.940 0.950 0.900 0.920
(Signal) 6

Our 0.993 0.960 0.940 0.950

Mahmud et al. [47] 0.930 0.930 0.930 0.930
(Image) 6

Our 0.993 0.960 0.940 0.950

Since each method may support classification for a different set of cardio cycle classes,
a comparison of the average classification metrics is not equivalent. Therefore, in Table 6,
along with the overall average metrics for each method, the metrics for classifying only the
common classes between the studied and proposed methods are also provided.

Overall, we may conclude that the proposed improvements to the ECG classification
method allow for the highly accurate classification of nine ECG classes.

72



Technologies 2025, 13, 34

Table 6. A comparison of the proposed ECG classification method with existing approaches for
atomic pathology classification, showing consistently high metrics. Bold color indicates the highest
value of each metric.

Number Mutual
Approach of Precision Recall F1-Score
Classes
Classes
Liu et al. [19] 4 4 - 0.993 -
Our 0.993 0.995 0.994
Degirmenci et al.
0.995 0.997 0.992
[21] 5 5
Our 0.993 0.997 0.995
Rohmantri et al.
0.973 .89 927
[22] 8 7 0893 0
Our 0.970 0.950 0.960
Ullah et al. [23] 8 6 0.985 0.977 0.981
Our 0.988 0.984 0.986
Yang et al. [48] 6 6 0.991 - 0.966
Our 0.988 0.984 0.986

4.3. Clinical Trials

For the clinical studies, we obtained 10 ECG fragments from real patient medical
histories. These ECGs were provided anonymously, with all metadata excluded to ensure
patient confidentiality. The ECGs were presented in raster format, and an example of such
a signal is shown in Figure 14.

Along with the ECG images, an annotation indicating the presence of pathologies in
the cardio cycles was provided. According to the annotation, the ECGs obtained contain
59 normal cardio cycles and 17 cardio cycles with PVC.
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Figure 14. A multi-channel ECG recording used in clinical trials, with annotations indicating normal
cycles and those with PVC.

To extract the ECG from the images, preprocessing was conducted, including the following;:

e  Removal of textual information from the input image.
e  Splitting the input image into separate fragments representing the ECG for each
channel individually (Figure 15).
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Figure 15. This figure illustrates the process of splitting a multi-channel ECG image into separate
channel-specific images. Each channel is isolated to enable focused analysis, facilitating the detection
of specific patterns and anomalies within each individual ECG trace, such as PVC.

The process of extracting ECG from an image began with converting the image to
a grayscale. Then, using OpenCV v4.9.0 (free and open-source software under Apache
2 License) [49], the image was converted to a binary format, where all pixels were either
black or white. This simplified detecting the ECG line, as it was now represented by
black pixels on a white background. The vertical coordinates of the black pixels were
collected to reconstruct the signal line. These coordinates were transformed into a 1D array
representing the ECG amplitudes. Thus, the ECG image was converted to a digital format
for further processing and classification using the proposed methods.

Initially, clinical trials were conducted for the R peak detection method, and Cohen’s
Kappa coefficient was calculated. The obtained value was 0.940, which falls within the
range of 0.81-0.99, confirming almost perfect agreement between the results of the proposed
method and the expert who annotated the signals.

Next, clinical trials were conducted for the pathology classification method in ECG.
The clinical dataset comprised ECGs with three possible pathologies (three classes): “Nor-
mal”, RBBB, and PVC. The classification model tested on the clinical dataset achieved a
Cohen’s Kappa coefficient of 0.8905, placing it within the 0.81-0.99 range that indicates
almost perfect agreement between the model’s predictions and the expert’s annotations.
Based on these results, a confusion matrix was generated to illustrate the distribution of
classifications obtained during the trials, as shown in Figure 16.
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Figure 16. This confusion matrix summarizes the performance of the pathology classification model
in clinical trials. Two Class 1 (“Normal”) cycles were misclassified as Class 3 (PVC), and one Class
3 cycle was misclassified as Class 1, indicating high but not flawless consistency. No cases were
predicted as Class 2 (RBBB) because the clinical dataset contained no instances meeting its diagnostic
criteria, leaving the model without examples to learn from or identify for that category.
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In Figure 16, one cardio cycle was misclassified as “Normal” and two cardio cycles
were misclassified. It should also be noted that the dataset used in these clinical trials
contained no signal samples for RBBB, so the model’s misclassification of any cycle as RBBB
was unsurprising. Apart from the above exceptions, all other cycles were classified correctly.

4.4. Interpretation of Classification Results by Medical Features

The interpretation of the results obtained by the proposed method is performed for
each cardio cycle.

Below are examples of the interpretation of the decisions made.

Figure 17a shows an example of an input ECG classified as “Normal ECG”.

Each provided feature, according to its criteria, is visually confirmed by highlighting
the corresponding peak or signal fragment. In Figure 17b, the presence of key peaks in
the ECG cardio cycle is confirmed. In particular, Figure 17c shows the confirmation of the
presence of PQ and ST segments in the cardio cycle, and Figure 17d highlights a signal
fragment confirming the feature “QRS non-extended and undeformed”.

In Figure 17b, a signal fragment confirming the presence of ST segment depression
is highlighted. Specifically, in Figure 17¢, a signal fragment confirming the feature “QRS
complex extended and deformed” is highlighted.

Despite the presence of at least five features that a doctor uses to detect the pathology
RBBB, Figure 18 shows the interpretation of only two features. This is due to the absence of
certain ECG leads in the MIT-BIH database. If the relevant ECG leads were available, the
pathology features could be interpreted similarly to the supported features.

According to the formed interpretation result, Figure 19b highlights a signal frag-
ment that confirms the feature of an extended QRS complex. Figure 19c shows a signal
fragment confirming the presence of discordant changes in the ST-T segment. The pro-
longed intraventricular delay time is confirmed in the highlighted signal fragment shown

in Figure 19d.

Figure 17. Visual confirmation of key features and abnormalities in ECG cycles, including (a) a
normal ECG cycle, (b) key peak markers represented by colored dots: purple for the P wave, brown
for the R peak, and dark purple for the T wave, (c) PQ and ST segments decline highlighted in red
to indicate deviations from the baseline, and (d) a deformed QRS complex with red markings to
emphasize morphological distortions.
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(b) (©)

Figure 18. Visual confirmation of ECG pathology features, illustrating (a) a normal ECG cycle with
standard waveforms, (b) an extended QRS complex highlighted in red to emphasize its abnormal
duration, and (c) discordant changes in the ST-T segment, where red markings indicate deviations
from the baseline.

(©) (d)

Figure 19. Visual confirmation of ECG features, associated with LBBB, including (a) a baseline ECG,
(b) a signal fragment marked with a yellow highlight that confirms the feature of an extended QRS
complex, (c) ST-segment elevation emphasized in red to signify abnormal changes, and (d) a widened
QRS complex highlighted in red to depict the prolonged intraventricular delay time.

The formed interpretation result for the pathology LBBB does not include the feature
“Deep, wide S waves in the right chest leads”, as the right chest leads are not present in the
MIT-BIH database.

Figure 20a shows an example of an input ECG classified as “Ventricular Extrasys-
tole”. The visual confirmation of the feature “Extended and deformed QRS” is shown in
Figure 20b. In Figure 20c, a signal fragment is highlighted, within which the absence of
the P peak is confirmed, and in Figure 20d, the part of the signal where the compensatory
pause is present is highlighted.
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Figure 20. Visual confirmation of feature “Ventricular Extrasystole” in an ECG, including (a) a
baseline ECG, (b) an extended and deformed QRS complex highlighted in light red to signify its
abnormal morphology, (c) a segment marked in red indicating the absence of the P wave, and (d) a
compensatory pause emphasized in pink to highlight the recovery period following the ectopic beat.

Figure 21 shows an example of an input ECG classified as “Fusion of Ventricular Ex-
trasystole”.

o

Figure 21. This figure displays an ECG classified as “Fusion of Ventricular Extrasystole”. The
waveform demonstrates characteristics of both normal and ectopic ventricular beats, indicative of
fusion, where premature ventricular and normal impulses overlap, producing a unique hybrid beat.

According to the specified features, their visual confirmation was formed (Figure 22).

€Y (b)
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Figure 22. Visual confirmation of feature “Fusion of Ventricular Extrasystole” in an ECG, illustrating
(a) an extended and deformed QRS complex highlighted in pink to indicate abnormal morphology,
(b) the absence of the P peak marked in light brown to show missing atrial depolarization, (c) the lack
of a compensatory pause emphasized with magenta to highlight the abnormal rhythm recovery, and
(d) ventricular extrasystole highlighted in purple and pink that occurs between normal cardiac cycles.

Figure 22a shows the highlighted signal fragment used to confirm the feature of the
extended and deformed QRS complex. The zone where the P peak is expected to be ab-sent
is highlighted in Figure 22b. Figure 22¢ highlights the part of the signal where the lack of a
compensatory pause is identified. Figure 22d shows visual confirmation of the ventricular
extrasystole occurring between two normal cardio cycles.
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Finally, to highlight the real-world feasibility and interpretability of our approach, we
provide a demonstration of the proposed methods in action in addition to a Supplementary
Materials file. This additional content comprises detailed clinical case examples derived
from actual patient ECG data. It offers a comprehensive illustration of how the proposed
methods are applied to genuine clinical signals, from preprocessing to final classification
and interpretation.

4.5. Limitations of the Proposed Approach

Despite the significant scientific contribution of the proposed approach, it has several
limitations in clinical use.

First, the main limitation of the proposed approach is its dependence on the accuracy
of R peak detection in ECG. Although the method of integrating knowledge of the reference
cardio cycle improves the accuracy of this process, it still faces challenges due to artifacts
or noise in the data. Inaccuracies in detecting R peaks may lead to errors in the subsequent
classification of arrhythmias, as cardio cycles are segmented for analysis based on these
peaks. One possible way to address this issue involves including historical data for RR
intervals, which could reflect physiological changes under different stress levels, although
in certain cases heart rate variability may dominate. As a result, signal artifacts or unusual
cardio cycle shapes can still reduce the model’s effectiveness, particularly in clinical practice.

The second limitation concerns the number of pathology classes that the model can
classify. Despite its high accuracy in detecting arrhythmias, there is a risk that the model
may not account for all possible pathologies, especially if such anomalies occur infrequently
in the training data. This situation may lead to weaker generalization for rare or atypical
cases. A practical countermeasure involves integrating or generating an additional dataset
specifically focused on these seldom-seen pathologies, thereby broadening coverage during
training. Furthermore, class imbalance in the dataset may cause a bias toward more
common pathologies, reducing accuracy for less common ones, which is a critical factor in
clinical practice.

Finally, adding additional convolutional layers and using a triad of cardio cycles for
analysis increases computational complexity, which may impact system performance when
used in real time or on devices with limited resources.

5. Conclusions

This study presents a comprehensive approach for ECG-based arrhythmia detection,
emphasizing accuracy and explainability through three integrated methods. First, the
enhanced R peak detection method incorporates domain-specific knowledge into the ECG,
leading to improved detection accuracy even in the presence of noise and artifacts. Second,
the proposed arrhythmia classification method employs modified CNN architecture with
additional convolutional and batch normalization layers. By analyzing a triad of cardio
cycles—the previous, current, and next cycles—the model captures hidden dependencies
and temporal features essential for accurate classification. This approach achieved an
overall accuracy of 99.43% on the MIT-BIH database, with Fl-scores nearing 100% for
classes such as normal beats, RBBB and LBBB. Finally, the interpretation method translates
CNN’s decisions into clinically understandable features, enhancing transparency and
aiding clinicians in decision-making.

Despite the advancements, certain limitations should also be considered. Foremost,
the model exhibits sensitivity to signal artifacts and class imbalance, which may affect the
detection of rare arrhythmias. Additionally, the increased computational complexity due to
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the enhanced CNN architecture and triad-cycle input may impede real-time applications
or deployment on resource-constrained devices.

Future work will focus on optimizing the model’s architecture to reduce computational
costs and improve efficiency. This includes implementing advanced data augmentation
techniques to address class imbalance and enhance the detection of rare pathologies. We
also aim to increase the model’s robustness against noise and artifacts and expand its
classification capabilities to include a broader range of arrhythmia.

Supplementary Materials: The following supporting information can be downloaded at:
https:/ /www.mdpi.com/article/10.3390/technologies13010034/s1. Figure S1. Example of ECG
images obtained from real patient case histories for use in clinical trials. This figure illustrates raw
ECG recordings before any preprocessing steps, visually representing actual patient data. Figure S2.
Example of dividing the ECG image into isolated channel-specific images. This figure highlights
how each channel’s waveform is separated for individual analysis, aiding in more precise signal
processing. Figure S3. Visualization of the resulting 1D ECG. This figure demonstrates how the
pixel-based ECG waveform, extracted from the original image, is converted into a one-dimensional
array suitable for subsequent analysis. Figure S4. Visualization of the knowledge overlay applied to
the input ECG. This figure shows how domain knowledge of the reference ECG (zones highlighted
in green) is merged with the real ECG recording to facilitate more accurate R peak detection. Figure
S5. Visualization of the detected R peaks. Here, red circles indicate the positions of R peaks identified
by the encoder-decoder neural network on the processed ECG. Figure S6. Visualization of segmented
ECG fragments for classification. Each fragment, centered around an R peak, is prepared for input
into the CNN model to identify potential heart arrhythmia. Each colored rectangle (orange, green,
and purple) represents one of the cardio cycles derived from the input ECG by splitting it into three
cardio cycles. Figure S7. Visualization of each cardio cycle’s class within the input ECG signal. In this
figure, “N” indicates a normal cycle, and “V” indicates a ventricular extrasystole. The classification
allows clinicians to identify arrhythmic events with a quick visual reference. Figure S8. Illustration of
(a) a cardio cycle with a “Ventricular Extrasystole,” (b) the attention zone for the “Absent P wave”
feature marked in black, and (c) the attention zone for the “Extended and deformed QRS complex”
feature highlighted in black. These annotated views help explain the characteristic regions of interest
for diagnosing a “Ventricular Extrasystole”. Figure S9. Visual comparison of the ECG signal with
(a) “Normal” class signals and (b) signals of the “Ventricular Extrasystole” class. The cardiac cycle,
highlighted in green, is overlaid with a black rectangle to emphasize the zone of interest and represent
the relevant signal fragment. Figure S10. Application of visual analytics to the ECG signal. Red and
blue clusters represent two distinct classes, highlighting areas of overlap and separation; the green
dot represents the target ECG. This figure demonstrates how advanced visualization techniques
(such as dimensionality reduction) help identify potential clusters or overlaps within the chosen
signal segments. Figure S11. Illustration of a cardio cycle with the attention zone for the “Presence
of a Compen-satory Pause” feature (marked in red rectangle). This scheme highlights the segment
immediately following a “Ventricular Extrasystole,” crucial for detecting whether a pause matches
clinical definitions.
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Abbreviations

The following abbreviations included in the text are reported alphabetically:

AAMI Association for the Advancement of Medical Instrumentation
Al Artificial Intelligence

AUC Area Under the Curve

BCELoss Binary Cross Entropy Loss

CNN Convolutional Neural Network

CPSC China Physiological Signal Challenge

DL Deep Learning

ECG Electrocardiogram

IQRDT Intra-QRS Deflection Time

LBBB Left Bundle Branch Block

ML Machine Learning

MIT-BIH Massachusetts Institute of Technology—Beth Israel Hospital
MDS Multidimensional Scaling

PCA Principal Component Analysis

PVC Premature Ventricular Contraction

QRST QRS Complex on a Typical Electrocardiogram
QT QT Interval Dataset

RBBB Right Bundle Branch Block

ROC Receiver Operating Characteristic

ST ST Segment

t-SNE T-Distributed Stochastic Neighbor Embedding
UoG University of Glasgow Database

XAI Explainable Artificial Intelligence
Appendix A

Table Al. This table outlines the encoder-decoder architecture utilized for R peak identification

within the proposed method. The architecture comprises convolutional, ReLU, max-pooling, and

upsampling layers, configured to optimize ECG feature extraction and R peak detection.

Layer Name Input Output Kernel Size Stride Padding Scale Factor

Encoder
Convld 2 32 3 1 1
ReLU
MaxPoolld 2 2
Convld 32 64 3 1 1
ReLU
MaxPoolld 2 2
Convld 64 128 3 1 1
ReLU
MaxPoolld 2 2
Convld 128 256 3 1 1
ReLU
MaxPoolld 2 2
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Table A1. Cont.

Layer Name

Input Output Kernel Size

Stride Padding Scale Factor

Decoder

Upsample
Convld
ReLU
Upsample
Convld
ReLU
Upsample
Convld
ReLU
Upsample
Convld
ReLU
Sigmoid

256 128 3

128 64 3

64 32 3

32 1 3

Table A2. This table describes the improved CNN architecture within the proposed ECG classification
method. The architecture combines convolutional, batch normalization, max-pooling, linear, and

dropout layers to enhance feature extraction and classification accuracy for the ECGs. Bold color

represents the layers that were included by the authors.

Layer Name Input Output Kernel Size Stride Padding Probability
Encoder

Convld 1 64 5 3 1
ReLU

BatchNorm1d 64

Convld 64 64 5 2 1
ReLU

BatchNormld 64

MaxPoolld 1 2
Convld 64 128 3 1 1
ReLU

BatchNormld 128 1 2
Convld 128 128 3 2 1
ReLU

BatchNorm1d 128

Convld 128 256 3 1 0
ReLU

BatchNormld 256

MaxPoolld 1 2

Decoder

Linear 3584 1024
ReLU

BatchNormld 1024

Dropout 0.68
Linear 1024 128
ReLU
Linear 128 9
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Table A3. This table outlines fine-tuned parameters of the improved CNN architecture for ECG

classification, detailing layer types, input-output dimensions, kernel size, stride, and padding.

Layer . . .
Name Input Output Kernel Size Stride Padding
Encoder
Convld 1 32 1
RelLU
MaxPoolld 2
Convld 32 64 1
ReLU
Convld 64 128 1
RelLU
MaxPoolld 2
Decoder
Linear 3584 64
ReLU
Linear 64
Sigmoid
Appendix B
Table A4. Statistical metrics on the MIT-BIH dataset.
. Random Breakdowns
Metrics  Sample Avg Std
1 2 3 4 5 6 7
Accuracy  tTain 0.999 0.999 0.999 0.999 0.999 0.999 0.999 0.999 0.000
V' test 0.999 0.999 0.999 0.999 0.999 0.999 0.999 0.999 0.000
Precis: train 0.994 0.994 0.994 0.995 0.994 0.992 0.994 0.994 0.001
TECISION  yost 0.993 0.992 0.991 0.992 0.993 0.992 0.992 0.992 0.001
Recall train 0.991 0.991 0.991 0.992 0.991 0.987 0.991 0.991 0.002
eca test 0.987 0.986 0.985 0.988 0.987 0.986 0.987 0.987 0.001
F1- train 0.992 0.992 0.993 0.994 0.992 0.989 0.992 0.992 0.002
score test 0.989 0.989 0.988 0.990 0.990 0.989 0.989 0.989 0.001
Table A5. Statistical metrics on the QT dataset.
Random Breakdowns
Metrics Sample Avg Std
1 2 3 4 5 6 7
Accuracy | rain 0.999 0.999 0.999 0.999 0.999 0.999 0.999 0.999 0.000
V' test 0.999 0.999 0.999 0.999 0.999 0.999 0.999 0.999 0.000
Procisi train 0.988 0.988 0.987 0.987 0.987 0.985 0.988 0.987 0.001
TECISION  yost 0.979 0.981 0.980 0.984 0.978 0.979 0.977 0.980 0.002
Recall train 0.989 0.988 0.988 0.988 0.987 0.985 0.988 0.988 0.001
eca test 0.978 0.981 0.978 0.994 0.976 0.979 0.978 0.981 0.006
F1- train 0.988 0.988 0.987 0.987 0.987 0.985 0.988 0.987 0.001
score test 0.978 0.98 0.983 0.985 0.977 0.98 0.977 0.980 0.003
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Table A6. Statistical metrics on the CPSC-2020 dataset.

Random Breakdowns

Metrics Sample Avg Std
1 2 3 4 5 6 7
Accurac train 0.999 0.999 0.999 0.999 0.999 0.999 0.999 0.999 0.000
y test 0.999 0.999 0.999 0.999 0.999 0.999 0.999 0.999 0.000
Precisi train 0.987 0.988 0.988 0.990 0.987 0.986 0.987 0.988 0.001
TECISION  test 0.986 0.986 0.986 0.988 0.985 0.985 0.985 0.986 0.001
Recall train 0.996 0.996 0.996 0.996 0.996 0.995 0.996 0.996 0.000
eca test 0.994 0.994 0.994 0.994 0.994 0.995 0.994 0.994 0.000
F1- train 0.991 0.992 0.992 0.993 0.991 0.990 0.991 0.991 0.001
score test 0.990 0.989 0.990 0.990 0.989 0.989 0.989 0.989 0.001
Table A7. Statistical metrics on the UoG dataset (independent test set).
Random Breakdowns
Metrics Avg Std
1 2 3 4 5 6 7
Accuracy 0.999 0.999 0.999 0.999 0.999 0.999 0.999 0.999 0.000
Precision 0.981 0.982 0.990 0.990 0.977 0.974 0.989 0.983 0.007
Recall 0.885 0.900 0.912 0.922 0.904 0.874 0.910 0.901 0.017
Fl-score 0.910 0.923 0.933 0.942 0.926 0.900 0.930 0.923 0.014
Table A8. Statistical metrics for pathology classification on training and testing subsets.
Training Samples Testing Samples
Class Precision Recall F1-Score Precision Recall F1-Score
Avg Std Avg Std Avg Std Avg Std Avg Std Avg Std
1 1 0 1 0 1 0 0.994 0.005 1 0 1 0
2 0.999 0.004 0.999 0.004 1 0 0.990 0.005 0.990 0.005 0.990 0.005
3 1 0 1 0 1 0 0.993 0.005 1 0 1 0.005
4 1 0 1 0 1 0 0.999 0.004 1 0 0.999 0
5 1 0 1 0 1 0 1 0 1 0 1 0
6 0.999 0.004 1 0 1 0 0.971 0.012 0.954 0.008 0.962 0.007
7 0.949 0.013 0.963 0.016 0.957 0.005 0.924 0.024 0.860 0.037 0.883 0.016
8 1 0 0.997 0.005 1 0 0.994 0.022 0.952 0.038 0.975 0.018
9 0.993 0.005 0.997 0.005 0.994 0.005 0.864 0.042 0.800 0.124 0.831 0.08
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Abstract: Thyroid-related diseases, particularly thyroid cancer, are rising globally, em-
phasizing the critical need for the early detection and accurate screening of thyroid nod-
ules. Ultrasound imaging has inherent limitations—high noise, low contrast, and blurred
boundaries—that make manual interpretation subjective and error-prone. To address these
challenges, YOLO-Thyroid, an improved model for the automatic detection of thyroid
nodules in ultrasound images, is presented herein. Building upon the YOLOVS architecture,
YOLO-Thyroid introduces the C2fA module—an extension of C2f that incorporates Coor-
dinate Attention (CA)—to enhance feature extraction. Additionally, loss functions were
incorporated, including class-weighted binary cross-entropy to alleviate class imbalance
and SCYLLA-IoU (SIoU) to improve localization accuracy during boundary regression. A
publicly available thyroid ultrasound image dataset was optimized using format conver-
sion and data augmentation. The experimental results demonstrate that YOLO-Thyroid
outperforms mainstream object detection models across multiple metrics, achieving a
higher detection precision of 54%. The recall, calculated based on the detection of nodules
containing at least one feature suspected of being malignant, reaches 58.2%, while the
model maintains a lightweight structure. The proposed method significantly advances
ultrasound nodule detection, providing an effective and practical solution for enhancing
diagnostic accuracy in medical imaging.

Keywords: thyroid nodule detection; ultrasound imaging; YOLO; deep learning; medical
image analysis

1. Introduction

The thyroid gland is a vital endocrine organ in the human body. The incidence of
thyroid-related diseases, particularly thyroid cancer, has been rising rapidly recently and
has become a significant global public health concern [1]. Early detection and accurate
screening, especially for thyroid nodules—which are often considered early indicators of
potential malignancies—play a critical role in mitigating this trend. Clinical studies have
confirmed that timely and accurate diagnosis of thyroid nodules can significantly reduce
the incidence and mortality rates of thyroid cancer [2]. Various diagnostic examinations
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are commonly used to evaluate the thyroid gland, including ultrasound (US), computed
tomography (CT), magnetic resonance imaging (MRI), thyroid scans, and elastography [3].

While the majority of thyroid nodules are benign [4], a small percentage can be malig-
nant, making accurate diagnosis essential for appropriate treatment. Accurate diagnosis
is essential for appropriate treatment, but distinguishing malignant from benign nodules
using non-invasive methods remains challenging. Ultrasound imaging is the preferred
screening tool due to its convenience, low cost, and absence of radiation exposure. However,
ultrasound images often suffer from high noise, low contrast, and blurred boundaries [5],
which makes interpretation subjective and dependent on the radiologist’s experience.
This subjectivity can lead to inconsistent diagnoses and potentially result in unnecessary
invasive procedures, such as fine-needle aspiration biopsy (FNAB) [6]. Traditional ul-
trasonography identifies features associated with malignancy, such as hypoechogenicity,
irregular margins, microcalcifications, and a taller-than-wide shape [7]. Although these
features aid in assessment, they cannot definitively indicate malignancy, and a biopsy is
required for a conclusive diagnosis.

To improve diagnostic accuracy, researchers have explored artificial intelligence (AI)
and deep learning techniques to provide a more objective assessment [8,9]. Machine learn-
ing models, particularly convolutional neural networks (CNNs), have shown great promise
in classifying thyroid nodules and assisting in diagnosis [10]. For instance, Zheng et al. [11]
proposed an improved U-Net architecture called DSRU-Net, which enhances the auto-
matic segmentation of thyroid glands and nodules in ultrasound images by incorporating
ResNeSt blocks, atrous spatial pyramid pooling, and deformable convolution v3. Simi-
larly, Zhou et al. [12] introduced a thyroid nodule detection model named Thyroid-DETR,
utilizing the Transformer architecture along with deformable convolution, multi-head
self-attention, and a dual-stream training structure to improve detection accuracy in ultra-
sound images. Additionally, Chen et al. [13] developed a multi-view learning model called
MLMSeg, which integrates CNNs, Transformers, and Graph Convolutional Networks to
enhance thyroid nodule segmentation by capturing local, global, and spatial structural
features. Consequently, computer-aided detection (CAD) methods for thyroid nodules
have become a research hotspot, holding significant potential for future advancements.

Despite advances, existing CAD methods still face challenges when applied to thyroid
nodules. One major issue is that datasets often suffer from class imbalance, causing
models to be biased toward the majority class during training, which adversely affects
performance in detecting and classifying malignant nodules [4,14]. Additionally, many
studies employ semantic segmentation techniques for thyroid nodule detection due to
their precise pixelwise delineation. However, semantic segmentation networks are often
computationally intensive and slower, making them less suitable for real-time clinical
applications and large-scale screenings. To address these issues, an improved model named
YOLO-Thyroid is proposed for the automatic detection of nodules in thyroid ultrasound
images, building upon YOLOvVS. YOLO (You Only Look Once) models, with their efficient
single-stage detection architecture, have demonstrated strong performance in detecting
medical anomalies in pulmonary nodules (chest X-rays), breast masses (mammograms),
and brain tumors (MRI scans) [15-19]. YOLO offers a high detection speed suitable for
prompt decision-making, which is crucial in clinical settings.

Although newer versions of the YOLO model are available, YOLOvVS [19] was selected
due to its optimal balance between speed and accuracy, as well as its optimized performance,
flexibility, and extensibility, which make it particularly suitable for the current application
scenario. The Coordinate Attention (CA) mechanism is introduced to enhance the extraction
of important features. CA embeds positional information into channel attention, allowing the
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model to focus on the most informative regions of the feature maps, which is crucial for accu-
rately detecting thyroid nodules with variable sizes and blurred boundaries. CA is integrated
into the existing C2f module of YOLOVS, resulting in the modified C2fA module. This integra-
tion allows YOLO-Thyroid to emphasize important features related to target objects, thereby
improving detection performance. Additionally, specialized loss functions are employed: the
class-weighted binary cross-entropy (CW-BCE) loss function, used to alleviate the problem of
class imbalance, and the SCYLLA-IoU (SIoU) loss function, which comprehensively considers
factors such as the target’s position, size, and shape during boundary regression to improve
localization accuracy. Through these improvements, the YOLO-Thyroid model achieves better
detection performance while maintaining a lightweight structure.

1.1. Main Contributions
The main contributions of this paper are as follows:

1. The proposal of an improved model, YOLO-Thyroid, with the introduction of the
C2fA module and the CW-BCE and SloU loss functions, strengthening the model’s
ability to extract and fuse important features, and improving performance under class
imbalance conditions.

2. Extensive experiments and comparisons demonstrating that the YOLO-Thyroid model
outperforms current mainstream object detection models across multiple performance
metrics, validating its effectiveness.

1.2. Objective

The primary objective of this study is to address the critical challenges in thyroid nodule
detection in ultrasound imaging, particularly the limitations of existing methods in terms of
feature extraction, class imbalance, and localization accuracy. Specifically, the objectives are:

1.  To design an improved YOLOv8-based detection model, YOLO-Thyroid, incorporat-
ing a novel C2fA module and optimized loss functions to enhance feature extraction
and localization performance.

2. To alleviate the impact of class imbalance in the dataset by introducing a class-
weighted binary cross-entropy (CW-BCE) loss function, ensuring the robust detection
of both benign and malignant nodules.

3.  Tointegrate advanced attention mechanisms and a lightweight architecture, enabling
the model to achieve improved detection accuracy and balanced recall while main-
taining computational efficiency for real-time clinical applications.

4. To assess the model’s performance in terms of detecting nodules and identifying at
least one feature suspected of being malignant (e.g., TIRADS categories 4a, 4b, 4c, and
5), with an emphasis on determining which category exhibits the highest detection
sensitivity. Additionally, this objective seeks to evaluate the model’s ability to differ-
entiate varying levels of risk and establish a threshold for the number of detected
features required to warrant further clinical investigation for potential malignancies.

5. To validate the proposed model on a publicly available thyroid ultrasound dataset
and demonstrate its superiority compared to state-of-the-art object detection methods.

This study aims to provide a practical and effective solution for automatic thyroid
nodule detection, contributing to improved diagnostic accuracy and efficiency in medical
imaging, while offering insights into the clinical implications of the model’s ability to
differentiate risk levels across classes and establish decision-making thresholds.

The structure of this paper is organized as follows: Section 2 provides a detailed de-
scription of the dataset preprocessing methods, as well as the structure and improvements
of the YOLO-Thyroid model. Section 3 presents the experimental results and analyses,
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comparing them with other advanced models. Section 4 discusses the advantages of the
model and possible directions for improvement. Section 5 summarizes the findings and
suggests future research directions.

2. Materials and Methods

An overview of the methodological workflow is presented in Figure 1. To adapt the
dataset for object detection tasks, a comprehensive method was developed to convert
ultrasound image labels into the YOLO format. Next, the thyroid ultrasound images were
preprocessed to remove irrelevant regions and interfering markers, completing the data
preparation for model input. To address the issue of a small sample size, data augmentation
techniques were employed. Subsequently, the ultrasound data were trained using the
proposed YOLO-Thyroid model, as shown in Figure 1. To improve the model’s detection
accuracy across different categories of nodules, the C2fA module was proposed, enabling
the model to better capture spatial information and important features. Additionally, to
enhance the model’s robustness against data imbalance and convergence issues, the CW-
BCE and SloU loss functions were incorporated into the object detection loss function,
thereby further improving model performance.

Original DDTI

|
|

|
| |
l<‘ } Rotation {
|

|
|

|
| |
| |
\ |

YOLO Format

Figure 1. Overall workflow of the proposed method. C and U are concat and upsample layers
respectively. The green frame and the number in Preprocessing is the ground truth of nodule location
and class. The yellow frame and the number in Detection indicates the prediction of location and class.

2.1. Dataset
2.1.1. Data Description

In this study, the Digital Database of Thyroid Images (DDTI) [20] was utilized. This
publicly available dataset provides a comprehensive collection of B-mode ultrasound
images, along with detailed descriptions and annotations of suspicious thyroid lesions. The
dataset contains 480 images from 400 medical cases, saved in JPG format with a resolution of
560 x 360 pixels. Label information is stored in XML files. The nodule information includes
composition, size, echogenicity, edge characteristics, presence or absence of calcification,
and Thyroid Imaging Reporting and Data System (TIRADS) scores. Nodule annotations
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are manually segmented by radiologists and recorded in the form of coordinates. The
TIRADS [21] is used to assess the malignancy risk of thyroid nodules by standardizing
the evaluation of ultrasound features and classifying nodules into different levels. The
TIRADS scores in the dataset include:

e [2] Benign (0% risk of malignancy);

e [3] No suspicious US feature (<5% malignancy);

e [4a] One suspicious US feature (5-10% malignancy);

e [4b] Two suspicious US features (10-80% malignancy);

®  [4c] Three or four suspicious US features (10-80% malignancy);
e  [5] Five suspicious features (>80% malignancy).

These classifications are illustrated in Figure 2. The dataset was cleaned by remov-
ing images with incomplete coordinate annotations and missing TIRADS score labels,
ultimately obtaining 339 images. Figure 3 presents a statistical overview of the dataset.
According to established guidelines, classes 2 and 3 are categorized as benign, whereas
classes 4a, 4b, 4c, and 5 are classified as malignant [20].

[4b] l4¢] [5]

Figure 2. TIRADS classification for assessing malignancy risk in thyroid nodules. [2], [3], [4a], [4Db],
[4c], [5] are the TIRADS scores to classify nodules. The details are described above.
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Figure 3. Statistical overview of the DDTI dataset. [2], [3], [4a], [4b], [4c], [5] are the TIRADS scores to
classify nodules. The details are described above.
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2.1.2. Data Preprocessing

In this paper, the image preprocessing process includes four key steps to convert the
dataset with original labels into YOLO data format. Non-essential information had to be
removed to ensure that the model focuses only on important features. Next, the images
were standardized in size to enhance data consistency and improve model performance.
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Then, the dataset was divided and augmented to increase data diversity and enhance the
model’s generalization ability. Examples of the preprocessed images are shown in Figure 4.
Detailed descriptions of each step are as follows.

(2) (b)

Figure 4. Examples of preprocessed thyroid ultrasound images. (a) Original ultrasound image. (b)
Preprocessed image. The rectangle in (b) represents the detection label in YOLO format, indicating
the location of the thyroid nodule. The “4a’ label corresponds to the TIRADS score.

Data Format Conversion: The segmentation labels were transformed into the format
required by the YOLO model to prepare the data for subsequent object detection model
training. For each image, the minimum bounding rectangle of each target nodule was
extracted where the nodule is present in the segmentation label. Then, the center coordi-
nates of the bounding box and its width and height were calculated. These values were
normalized by dividing by the image’s width and height, ensuring they ranged between 0
and 1, as required by the YOLO format. The formatted labels included the class identifier
along with the normalized center coordinates, width, and height. This conversion enabled
the YOLO model to accurately interpret the bounding boxes for training and detection
purposes. The detailed pseudocode is provided in Algorithm Al in Appendix A.

Removal of Non-essential Information: The original ultrasound images contain addi-
tional information besides the target area, such as grayscale scales, parameter information,
text labels, and probe icons. This information might interfere with the model’s training
and detection accuracy. Therefore, during preprocessing, the images were cropped to
remove these non-essential elements, retaining only the ultrasound images containing the
target area [22,23]. The purpose of this step is to eliminate noise and irrelevant features,
enhancing the model’s focus on the target.

Image Adjustment: In the cropped images, the edges were padded with black pixels
to unify the image size to 640 x 640 pixels. The purpose of this step is to prevent the
target shape from being distorted when resizing the images, thus preserving the true
characteristics of the target.

Dataset Partitioning and Augmentation: The dataset was divided into three indepen-
dent subsets: the training set, validation set, and test set, in a ratio of 7:1.5:1.5. Table 1 lists
the number of samples in each subset of the DDTI dataset. In the training set, a series of
data augmentation techniques were applied to enhance the model’s generalization ability
and prevent overfitting. Specific augmentation methods included horizontal and vertical
flipping to increase sample diversity—acceptable in thyroid imaging due to the gland’s
bilateral symmetry. Cropping operations were used to simulate different imaging distances
and perspective changes, reflecting variations that occur in clinical practice. Rotation within
a limited angle range was applied to enhance the model’s robustness to varying probe
orientations during ultrasound examinations. Shear transformations were employed to
mimic slight geometric distortions that may result from probe pressure or angle varia-
tions during imaging. Brightness adjustments enabled the model to adapt to variations
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in image intensity caused by different machine settings or patient characteristics. These
augmentation techniques are commonly used in medical image analysis to improve model
performance while maintaining clinical validity [24,25].

Table 1. The distribution of samples in the training, validation, and test sets of the DDTI dataset.

Property Class Malllggljncy Training Set Validation Set Testing Set  Total
. . 0% 30 4 7 41
Recognized Benign 3 <5% 12 4 3 19
4a 5-10% 62 14 17 93
Suspicious of Malignancy 4b 10-80% >8 g o 76
4c 10-80% 43 13 10 66
5 >80% 32 7 5 44

Total 237 51 51 339

In the augmented dataset, the augmentation methods are applied randomly and
can be combined, resulting in composite augmentations where multiple techniques are
applied together. Figure 5 illustrates the original image alongside the augmented images.
Collectively, these augmentation techniques enhanced the diversity of the training data,
thereby improving the model’s performance and generalization to unseen data. Through
these augmentation methods, the number of samples in the training set was expanded to
three times the original, and the augmented dataset is shown in Table 2.

Original Image Stepl: Crop Step2: Flip l

Step5: Brightness Step4: Shear Step3: Rotate

Figure 5. Examples of data augmentation techniques applied to a single image. Step 1: cropping
to retain 95% of the image centered at coordinates (7%, 46%). Step 2: horizontal flipping. Step 3:
rotation by 5 degrees. Step 4: shear transformations with 9 degrees along the X-axis and —2 degrees
along the Y-axis. Step 5: a brightness adjustment of 9%. The final image is the result of the combined
effect of these augmentation methods.
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Table 2. Expanded sample sizes in the augmented training set.

Property Class Mallléglincy Training Set Validation Set Testing Set  Total

. . 2 0% 90 4 7 101

Recognized Benign 3 <59 36 4 3 13

4a 5-10% 186 14 17 217

Suspicious of Malignancy 4b 10-80% 174 g 9 192
4c 10-80% 129 13 10 152

5 >80% 96 7 5 108

Total 711 51 51 813

2.2. Methods

In this study, a detection model based on the YOLOvVS architecture, named YOLO-
Thyroid, is proposed. YOLOvVS [19] is an advanced single-stage object detection model
with efficient feature extraction capabilities and fast inference speed, as shown in Figure 6.
To further enhance performance in thyroid ultrasound nodule detection tasks, two key
modules were introduced. First, the feature extraction of the model was optimized by
designing a C2fA module to enhance its perception of thyroid nodules, which enhanced
detection performance in complex ultrasound image backgrounds. Second, considering
the characteristics of ultrasound datasets, its loss function was improved to enhance the
model’s performance under class imbalance conditions. These two improvements allow
YOLO-Thyroid to enhance nodule detection performance while maintaining the original
model’s efficiency. The design concepts and implementation details will be detailed in the
following sections.
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When a neural network extends to multiple convolutional layers, its ability to enhance
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Figure 6. Architecture of YOLOvVS [19].

2.2.1. C2fA Module
feature representation learning becomes significant. However, increasing deep convolu-
tional layers consumes large memory and computational resources, which is a primary

challenge in constructing deep CNNs. To improve model performance without escalating
computational complexity, attention mechanisms have emerged as an effective alterna-
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tive [26]. These mechanisms strengthen the learning of discriminative features and are
easily integrated into neural networks due to their flexible structure. The YOLO-Thyroid
model incorporates the CA mechanism [27], which embeds positional information into
channel attention. By employing one-dimensional pooling operations to capture feature
encodings along horizontal and vertical directions, CA effectively integrates spatial coordi-
nate information into attention maps. This enhancement improves the model’s ability to
perceive target positions and increases the accuracy of feature extraction.

Drawing inspiration from the CA mechanism, the C2fA module was designed and
introduced. As illustrated in Figure 7, the C2fA module combines the efficient feature
aggregation of the C2f module with the CA mechanism. The architecture of the C2fA
module is detailed as follows.
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Figure 7. C2fA module design.

The module takes an input feature map X (a matrix) from the previous layer. First, X
is split into two parts, X; and X»:

X1, Xo = Split(X) (1)

This splitting operation allows the network to process different portions of the features
separately, enabling the diversification of the feature extraction process. The second part X;
is then passed sequentially through n bottleneck blocks, producing a series of intermediate
outputs denoted as Xéi) fori =1,...,n. This process extracts higher-level features while

reducing computational load. Each bottleneck operation can be described as:
Xgi) = Bottleneck (Xg*l) ), where Xgo) =X, (2)

This bottleneck structure effectively reduces dimensionality and focuses on essential
features, thereby enhancing computational efficiency. After the bottleneck transformation,
the original and processed feature maps are concatenated to form the output:

Y = Concat(X1, %, X{", .., X") @3)

The concatenation allows the network to combine unprocessed and processed features,
providing a richer and more diverse set of features for subsequent layers. It ensures that
both the original information and the enhanced features contribute to the learning process.

To enhance the spatial and channel-wise feature representation, a CA mechanism is
applied to Y. The output is then passed through another 1 x 1 convolution to adjust the
channel size, producing the final output:

Output = Convl x 1(CA(Y)) 4)
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By integrating the CA mechanism into the C2f layer, the C2fA module enables the
model to identify important features more precisely, thereby improving the detection
accuracy of nodules in different categories. Specifically, the last three C2f layers in the
backbone network were replaced with C2fA modules. This strategic placement ensures that
attention mechanisms are applied to higher-level feature maps. By integrating attention into
feature processing, the model can better capture spatial information and important features
while maintaining computational efficiency. The experimental results demonstrate that the
model incorporating the C2fA module surpasses the original model in both accuracy and
efficiency, verifying the effectiveness of the proposed method.

2.2.2. Loss Function

In nodule detection tasks, there is often a significant class imbalance among different
categories: some categories have a large number of samples, while others are relatively
scarce. This imbalance can cause the model to be biased toward predicting categories with
more samples, thereby affecting the overall detection performance. To address this issue, a
class-weighted binary cross-entropy (CW-BCE) loss function was introduced. By assigning
appropriate weights to each category inversely proportional to its sample frequency, the
model focuses more on underrepresented categories during training, thus improving
detection performance for these categories.

The weight w; for each category i is calculated based on its sample frequency:

N
_CXI’li

wi (5)
where N is the total number of samples in the dataset, C is the total number of categories,
and n; is the number of samples in category i. This formula ensures that categories with
fewer samples receive larger weights, effectively balancing their influence during training.
The CW-BCE loss for each sample is then defined as:

Lew-pce = —wely log(p) + (1 —y) log(1 - p)] (6)

Here, y is the true label of the sample, set to 1 if the sample belongs to category c
and 0 otherwise. p is the predicted probability that the sample belongs to category c,
obtained after applying the Sigmoid function to the model’s output, and w, is the weight
corresponding to category c.

Consider three categories [c1, ¢, ¢3] with the following number of samples: [1000, 500,
100] The total number of samples is N = 1600. The weights for each category [w1, w,, w3]
are calculated as [0.53, 1.07, 5.33]. Category c3, which has the fewest samples, receives
the highest weight. This higher weight increases the contribution of category c3 samples
to the loss function, encouraging the model to focus more on accurately classifying these
underrepresented samples during training. Class weights are incorporated into the loss
function to adjust the loss contribution of each sample based on its category weight. This
approach ensures that during training, the model pays more attention to underrepresented
categories, reducing misclassification rates for these categories and effectively mitigating
the impact of class imbalance on overall model performance.

2.2.3. Outcome Measure

To further enhance the localization accuracy of bounding boxes, the SloU loss func-
tion [28] was introduced into the model. SIoU is an improved IoU loss that comprehensively
considers the geometric relationship between the predicted box and the ground truth box,
including overlap area, center point distance, area ratio, and shape differences. By si-
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multaneously considering these discrepancies, the SloU loss guides the model to learn
more accurately, improving localization precision and regression accuracy. The SloU loss
function is expressed as:

A+Q

Lbox = 1 — IOU + T (7)
IoU — znters?ctzon ®)
union

where A represents the distance loss, quantifying the distance between the center points of
the predicted box and the ground truth box, and incorporating an angle cost to make the
penalty of the distance loss positively correlated with the angle difference; () represents
the shape loss, penalizing the differences in width and height between the predicted box
and the ground truth box; IoU is the Intersection over Union that calculates the ratio of
the intersection area over the union area between the predicted box and the ground truth
box. mAP (mean average precision) is a metric used to evaluate the performance of object
detection models, representing the average precision across all classes at different threshold
levels, providing a comprehensive assessment of the model’s detection capabilities.

3. Results
3.1. Experimental Setting

To validate the effectiveness of the proposed YOLO-Thyroid model, comprehensive
evaluations were conducted. The DDTI dataset [20], professionally labeled and prepro-
cessed, was used in evaluation to ensure the reliability and validity of both the training and
testing phases. Nodule diagnoses adhere to the TIRADS scoring system [21], encompassing
six nodule categories (2, 3, 4a, 4b, 4c, and 5), including both benign (2 and 3) and malignant
(4a, 4b, 4c, and 5) nodules. Table 2 summarizes the sample counts in the training, validation,
and test sets of the augmented DDTI dataset. To enhance the dataset, data augmentation
techniques were applied to the original dataset, including flipping [29], rotation [29], crop-
ping [29], shearing [30], and brightness [31] adjustment. As a result, the number of samples
in the augmented dataset increased from 339 to 813.

In the experiments, all methods were implemented using Ultralytics [19] on an
NVIDIA GeForce RTX 3080 GPU (manufactured by NVIDIA Corporation, Santa Clara,
California, USA) with 8704 CUDA cores and 10 GB of memory. For thyroid nodule detec-
tion, macro-average precision (P), macro-average recall (R), mAP0.5, and mAP0.5:0.95 were
utilized to thoroughly evaluate model performance. Precision measures the accuracy of
the model’s positive predictions, while recall assesses the model’s ability to identify all
positive samples. mAPOQ.5 represents the mAP at an IoU threshold of 0.5, and mAP0.5:0.95
represents the mAP across IoU thresholds ranging from 0.5 to 0.95. Additionally, to as-
sess the training and inference efficiency of the model, the training time (Tr, minutes per
epoch), testing time (Te, milliseconds per image), parameters (Params), and the number of
floating-point operations (FLOPs) were recorded. These metrics provide insights into the
computational complexity and resource requirements, contributing to a comprehensive
assessment of each model’s efficiency and scalability. During model training, the batch size
was set to 16, and training was conducted over 300 epochs. Dropout techniques and an
early stopping strategy were employed to prevent overfitting.

3.2. Ablation Studies

To evaluate the impact of each module in the proposed model on ultrasound nodule
detection performance, ablation experiments were conducted, with the results presented in
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Table 3. Starting from the baseline model YOLOvVS-N, the C2fA module, the CW-BCE loss
function, and the SloU loss function were sequentially added.

As detailed in Table 3, the base YOLOvV8-N model achieved a precision of 53.7%, recall
of 37.4%, mAPO0.5 of 37.4%, and mAP0.5:0.95 of 25.7%. Introducing the C2fA module
increased precision to 67.0% but reduced recall to 28.9%, indicating a trade-off between
accuracy and nodule detection. Employing the CW-BCE loss function resulted in an
improvement of recall to 39.5% and an increase in the mAP metrics. These findings
demonstrate that, although CW-BCE is a simple and widely used technique, its application
in this manner effectively enhances the model’s sensitivity to the minority class. This
validates its effectiveness in the specific application of detecting thyroid nodules, where
class imbalance poses a significant challenge. The SloU loss increased recall significantly to
56.6% and improved mAP metrics, though precision decreased to 25.4%, suggesting more
target detections but higher false positives due to boundary optimization. The integration
of all components yielded the best overall performance, with mAP0.5 reaching 43.6%,
mAP0.5:0.95 increasing to 28.7%, average detection precision being 54%, and the detection
of nodules containing at least one suspicious feature recall of 58.2%, respectively. This
synergy enhances feature extraction, addresses class imbalance, and optimizes boundary
regression. In summary, the C2fA module improves feature representation, the weighted
binary cross-entropy loss addresses class imbalance, and the SIoU loss enhances boundary
localization. Together, they achieve a balance between precision and recall, significantly
advancing ultrasound nodule detection performance and highlighting the effectiveness of
the proposed method.

Table 3. Results of ablation experiments evaluating module impact.

Base Components P R mAP0.5 mAP0.5:0.95 Tr Te
Model C2fA Lcwbce Lsiou (%) (%) (%) (%) (min/epoch) |  (ms/image) |

53.7 37.4 374 257 0.057 9.5

V4 67.0 28.9 38.9 25.3 0.058 77

Vv 35.3 39.5 40.5 28.2 0.054 8.6

Vv 254 56.6 39.9 274 0.055 8.2

YOLOvV&-N v 55.8 33.5 36.4 25.5 0.059 8.2

v Vv 60.5 36.5 39.2 27.0 0.058 7.8

Vv Vv 62.1 34.2 39.1 27.3 0.055 7.2

v vV Vv 54.0 41.6 43.6 28.7 0.058 8.1

T indicates superior performance with a higher value, while | indicates superior performance with a lower value.
y/ indicates the components existing. The best performance in the column was bolded.

Figure 8 illustrates the training and validation dynamics of the YOLO-Thyroid model
over 300 epochs. The plots depict the evolution of various loss metrics, including box
loss, class loss, and distribution-focused loss (DFL loss), alongside performance metrics
such as macro-average precision, macro-average recall, mAP0.5, and mAP0.5:0.95. The
training losses (top row) consistently decline, indicating effective learning and convergence,
while the validation losses (bottom row) also decrease, suggesting good generalization
capabilities in this specific dataset. Notably, precision and recall metrics progressively
improve, reflecting the model’s enhanced ability to accurately detect and classify nodules.
The mAP measures show significant growth, underscoring the model’s robust performance
across varying IoU thresholds. These overall trends confirm the efficacy of the proposed
model’s improvements in enhancing detection accuracy and reliability.
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Figure 8. The training and validation dynamics of the YOLO-Thyroid model over 300 epochs. The
orange dots indicate the smoothed curves.

3.3. Comparison with State-of-the-Art Methods

In this section, the proposed model is compared with state-of-the-art YOLO series
models (YOLOVS5 [32], YOLOvV6 [33], YOLOvS8 [19], YOLOV9 [34], YOLOvV10 [35]), and
DETR series models (RT-DETR-R50 [36], RT-DETR-L [36]). All models were trained and
evaluated on the same dataset and under identical experimental conditions to ensure
fairness and reliability in the comparison. The experimental results are presented in Table 4.

Table 4. The comparative performance of the proposed model with state-of-the-art YOLO and DETR
series models.

Model Model mAvg-P  mAvg-R  mAP0.5 mAPO0.5:0.95 (mirll;i och) (ms/lfna o) Params FLOPs
Type (%) 1 (%) 1 (%) 1 (%) 1 | P | 8¢y ©) |
RT-DETR-R50  37.7 24.7 238 145 0.304 154 40.00 125.6

DETR RT-DETR-L 26.8 277 245 16.0 0.277 15.2 30.51 1035
YOLOV5-N 59.9 33.1 324 218 0.055 9.0 239 7.1

YOLOV5-L 59.0 33.6 353 228 0.257 133 50.67 134.7

YOLOV6-N 57.9 305 38.9 26.6 0.055 8.0 404 11.8

YOLOV6-L 133 213 173 103 0.453 19.4 105.73 3912
YOLOVS-N 53.7 374 374 25.7 0.057 95 2.87 8.1

YOLO YOLOVS-L 40.4 39.6 315 23 0.245 141 4159 164.8
YOLOVO-T 2.1 415 34.9 241 0.096 95 1.88 7.6

YOLOV9-C 40.6 355 39.9 237 0211 14.1 24.15 102.3
YOLOV10-N 51.1 27.9 311 20.7 0.07 8.6 257 8.2
YOLO-Thyroid 540 416 43.6 28.7 0.058 8.1 2.89 8.1

T indicates superior performance with a higher value, while | indicates superior performance with a lower value.
The best performance in the column was bolded.

Table 5 presents the performance of precision (P) and recall (R) for different TIRADS
classes (4a, 4b, 4c, and 5), along with their weight average values (Avg). Precision indi-
cates the proportion of correctly detected nodules containing at least one relevant feature
among all detected nodules, while recall reflects the proportion of true nodules that were
successfully detected with at least one suspicious feature.

YOLO-Thyroid demonstrated excellent performance across all metrics. Specifically, it
achieved a precision of 54.0%, a recall of 58.2%, an mAPO0.5 of 43.6%, and an mAP0.5:0.95 of
28.7%, outperforming the other models overall. This indicated that the proposed model can
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detect more true positives while reducing false detections, achieving a favorable balance
between precision and recall. Additionally, YOLO-Thyroid had a parameter count of
2.89 M, FLOPs of 8.1 G, and an inference time of 8.1 milliseconds per image. It reduced the
complexity and computational load while maintaining high accuracy, making it suitable
for applications in resource-constrained environments.

Table 5. Performance of Precision (P) and Recall (R) Based on Nodules Containing at Least One
Relevant Feature Across Different TIRADS Classes.

4a 4b 4c 5 Weight Avg
P (%) 61.2 36.9 38.2 58 49.9
R (%) 68.5 57.1 42.9 55.9 58.2

In contrast, other models such as YOLOvV5-N, YOLOv6-N, YOLOv8-N, YOLOvV9-T,
and YOLOv10-N, although they also had smaller model sizes, did not match YOLO-
Thyroid in detection performance. Larger models like YOLOv9-C and YOLOv10-L, while
showing improvements in some metrics, had significantly increased parameter counts and
FLOPs, and their inference speeds decreased noticeably. Moreover, the DETR series models
had larger scales and higher computational demands but did not exhibit corresponding
advantages in detection performance and inference speed, rendering them inferior to
YOLO-Thyroid. This further confirms the advantages of the YOLO-Thyroid model in
structural design and optimization, achieving higher detection performance with a smaller
model size. These results validate the effectiveness of YOLO-Thyroid for specific medical
imaging applications, providing important technical support for diagnosis.

To visually illustrate the superior performance of the proposed method in nodule de-
tection tasks, the actual detection results are presented in Figure 9. This figure compares
YOLO-Thyroid with the detection results of other models. As shown in the figure, YOLO-
Thyroid can more accurately locate and identify nodules, maintaining high detection accuracy
even in complex scenarios and significantly reducing missed detections and false positives.
This demonstrates the effectiveness and reliability of YOLO-Thyroid in practical applications.

The generalization ability of the model was assessed by evaluating its performance on
both the original and augmented datasets. As shown in Table 6, the YOLO-Thyroid model
demonstrated significant improvement with data augmentation: a macro-average recall
from 34.5% to 41.6%, and an mAP0.5 from 33.0% to 43.6%. This improvement suggests that
data augmentation enhanced the model’s ability to learn robust features and generalize to
unseen data.

Table 6. A performance comparison of the YOLO-Thyroid model on original and augmented datasets.

Dataset mAvg-P (%) T mAvg-R (%) 1 mAPO0.5 (%) 1 mAPO0.5:0.95 (%) 1
Original 35.8 34.5 33.0 18.5
Augmented 54.0 41.6 43.6 28.7

T indicates superior performance with a higher value.
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Figure 9. A visual comparison of the nodule detection results across different models. Each detected
nodule is highlighted with a bounding box in different colors and labeled with a number in brackets,
indicating the class, followed by the confidence score of the prediction.

4. Discussion

This article presents the YOLO-Thyroid model, designed for the task of ultrasound
nodule detection. YOLO-Thyroid effectively enhances detection performance through
the introduction of the C2fA module and improved loss functions. The C2fA module
combines spatial and feature information, enabling the model to better capture the features
of nodules, particularly improving detection accuracy for small and complex nodules.
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This enhancement resulted in a precision increase by 18% and an improvement in mAP0.5
by 10.6% compared to the baseline model. The improved loss functions consider the
class imbalance issue inherent in the dataset and multiple factors such as the target’s
position, size, and shape, leading to more accurate localization and reduced detection errors.
This is evidenced by a detection macro-average recall increase by 7%. The experimental
results demonstrate that this model outperforms current state-of-the-art object detection
methods across various performance metrics. Specifically, YOLO-Thyroid achieved an
increase in mAPO0.5 to 43.6%, compared to 37.4% from the baseline model, indicating
a substantial enhancement in overall detection accuracy. This outcome validates the
effectiveness of YOLO-Thyroid for specific medical imaging tasks and provides significant
technical support for clinical diagnosis.

In object detection tasks, such as thyroid nodule detection, mAP is the standard eval-
uation metric as it effectively captures both precision and recall across multiple classes
and detection thresholds [37]. Precision reflects the model’s ability to correctly identify
relevant objects, expressed as the percentage of true positive predictions among all positive
detections. Recall, on the other hand, measures the model’s ability to detect all relevant
cases, represented by the percentage of true positive predictions among all ground-truth
bounding boxes [37,38]. mAP is widely adopted in major benchmarks and challenges,
including PASCAL VOC [39] and COCO [40], because it provides a comprehensive assess-
ment of a model’s performance in both classification and localization. This dual capability
is crucial in tasks where the accurate localization of thyroid nodules is essential.

Several studies have explored semantic segmentation models like SegNet [41],
DeepLab [42], and PSPNet [43], which offer precise pixel-level delineation but come with
significant drawbacks. DeepLab, for example, has high GPU utilization due to its complex
structure, while models like PSPNet and SegNet are slower because of their intricate ar-
chitectures, making them less efficient for real-time applications [44—46]. These models
are computationally intensive, requiring more processing power and time, which limits
their practicality in large-scale clinical screening [47], where speed is crucial. In contrast,
YOLO, a one-stage framework, overcomes the shortcomings of two-stage methods like
R-CNN [48] by simplifying the detection process. YOLO performs both object localization
and classification in a single network, resulting in faster processing and reduced compu-
tational overhead [49]. This speed and efficiency make YOLO more suitable for real-time
thyroid nodule detection, especially in resource-constrained environments, where rapid
decision-making is essential [49,50].

Recent studies have integrated CA mechanisms with YOLOVS in various applica-
tions [51,52]. However, their methods are not directly transferable to ultrasound nodule
detection due to the unique challenges of medical ultrasound imaging. The proposed
approach introduces a customized C2fA module specifically tailored for ultrasound nodule
detection, involving modifications that differ from those in previous studies. Comparing
YOLO-Thyroid to the two-stage detection method used by [53], which reports higher pre-
cision on the DDTI dataset, highlights important considerations for clinical applications.
Two-stage detectors excel in precision due to their sequential proposal and refinement
processes but are computationally intensive. Although the one-stage YOLO-Thyroid model
has a lower precision, it offers significant advantages in inference speed and computa-
tional efficiency, which are critical for real-time ultrasound imaging and prompt clinical
decision-making. Additionally, the datasets used in the two studies differ substantially.
The DDTI dataset may contain higher-quality images or specific characteristics that favor
higher detection precision, whereas the dataset used in this study encompasses a broader
spectrum of ultrasound images with varying complexity and noise. These differences
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emphasize the importance of considering dataset characteristics when evaluating and
comparing model performance.

This study further analyzes the model’s ability to differentiate and detect nodules
across different TIRADS classes to identify categories that require special attention for
clinical decision-making. Sensitivity (measured through recall) was used as the primary in-
dicator of the model’s effectiveness in detecting nodules within each risk level, particularly
for TIRADS 4a, 4b, 4c, and 5 classes.

For TIRADS classes 4a, 4b, and 4c:

e  TIRADS 4a demonstrated the highest recall among these three categories, reflecting the
model’s ability to effectively detect nodules in this lower-risk class. However, nodules
in TIRADS 4a generally have fewer malignant features, and their clinical urgency is
relatively lower compared to TIRADS 4b and 4c. As a result, while maintaining high
recall for 4a is important for ensuring comprehensive screening, it is not the most
critical category for guiding clinical decision-making regarding further investigations.

e  TIRADS 4b achieved a higher recall compared to TIRADS 4c, highlighting the model’s
stronger ability to identify nodules in this category. Given its maximum malignancy
risk of 80%, TIRADS 4b represents a key decision-making threshold where detecting
sufficient diagnostic features is critical for recommending further investigations, such
as fine-needle aspiration biopsy (FNAB).

e TIRADS 4c, which shares the same maximum malignancy risk as 4b, exhibited a
relatively lower recall. This suggests that further optimization is needed to improve
detection for this category to ensure consistent performance across all high-risk classes.

e  FPor TIRADS 5, while recall alone cannot fully evaluate its significance due to its
minimum malignancy risk already exceeding 80%, this category remains clinically
crucial. Nodules in TIRADS 5 often exhibit obvious malignant features, enabling
quicker triage and more immediate clinical action. High detection performance in this
category ensures that patients with overtly high-risk nodules are promptly referred
for further investigation and treatment, which is vital for improving clinical efficiency.

Based on these findings, TIRADS 4b exhibits the highest detection sensitivity (i.e.,
two features suspected of being malignant, with a 10% to 80% malignant risk). Therefore,
this risk class is recommended as the primary reference for supporting clinical decisions.
Meanwhile, maintaining high recall for TIRADS 4a supports comprehensive screening
efforts, and consistent performance in TIRADS 5 ensures the rapid identification and triage
of overtly malignant nodules.

By establishing TIRADS 4b as the sensitivity benchmark and balancing detection
performance across other categories, this study provides a quantitative framework for iden-
tifying high-risk nodules that require prompt follow-up. This approach ensures optimal
utilization of clinical resources while minimizing missed diagnoses.

Despite the excellent results achieved by the YOLO-Thyroid model, there are still
limitations and areas for improvement. First, the research is primarily based on a specific
dataset, and the scale and diversity of this dataset may affect the model’s generalization
capability. In future work, the model’s performance will be validated on larger and more
diverse datasets to enhance the model’s generalizability and robustness. Incorporating
other advanced models or technologies, such as the MAMBA [54] and KAN [55] architec-
tures, may further refine the model’s performance. Additionally, exploring multimodal
data integration, such as combining ultrasound images with patient demographic and
clinical data, may improve the model’s diagnostic capabilities. Furthermore, combining
denoising and image enhancement techniques could reduce the impact of noise and vari-
ability in ultrasound images, thereby improving model efficacy. Potential applications
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of the YOLO-Thyroid model extend beyond thyroid nodule detection. By retraining the
model on different medical imaging modalities, such as MRI or CT scans, it could detect
other illnesses and abnormalities, thus expanding its diagnostic utility across the healthcare
spectrum. Moreover, the model can be adapted for critical applications like fall detection
in the elderly [56] by processing visual data from monitoring devices to provide real-time
alerts and enhance safety. These adaptations demonstrate the model’s versatility and its
potential to significantly contribute to patient care and safety in diverse contexts.

5. Conclusions

In this paper, a YOLO-based model, YOLO-Thyroid, is proposed for ultrasound
nodule detection. By introducing the C2fA module and improved loss functions, YOLO-
Thyroid achieves an optimal balance between detection performance and model complexity.
Through a series of ablation experiments, the effectiveness of the C2fA module and the
new loss function in enhancing model performance has been verified. These improvements
strengthen the model’s ability to extract and represent nodule features, increasing detection
accuracy for small and complex nodules. Simultaneously, the new loss function enables
more precise boundary regression, reducing detection errors. Furthermore, comparative re-
sults with state-of-the-art models indicate that the YOLO-Thyroid model achieves superior
performance across all evaluation metrics.

The mAP is a primary metric for evaluating detection performance, balancing preci-
sion and recall across classes and thresholds. Recall is particularly important in medical
contexts to ensure all relevant cases are identified. In this study, the YOLO-Thyroid model
was developed and optimized to achieve a high mean average precision (mAP) of 43.6%
(mAP@0.5) and a recall of 58.2%. These results indicate superior performance compared to
state-of-the-art models.

This research provides an efficient and reliable solution for automatic nodule detection,
which is anticipated to play a significant role in clinical diagnosis. In future research, the
dataset will be expanded by incorporating more ultrasound images from different devices
and patient populations to enhance the model’s applicability.
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Abbreviations
The following abbreviations are used in this manuscript:
ATA American Thyroid Association
Cc2 CSP Bottleneck with Two Convolutions
CA Coordinate Attention
CNNs Convolutional Neural Networks
CSP Cross Stage Partial
CT Computed Tomography
CW-BCE Class-Weighted Binary Cross-Entropy
DDTI Digital Database of Thyroid Images
DFL Loss Distribution-Focused Loss

FLOPs Floating-Point Operations
FNAB Fine-Needle Aspiration Biopsy

TIoU Intersection Over Union

MRI Magnetic Resonance Imaging
NMS Non-Maximum Suppression
P Precision

mAvg-P Macro-Average Precision
Params Parameters

R Recall

mAvg-R  Macro-Average Recall

SloU SCYLLA-IoU

Te Testing Time

TIRADS  Thyroid Imaging Reporting And Data System
Tr Training Time

[OR) Ultrasound

YOLO You Only Look Once

Appendix A

The algorithm outlines the process of converting the original DDTI dataset’s segmen-
tation labels into the YOLO format required for object detection. For each image and its
corresponding segmentation label, the algorithm extracts the minimum bounding rectangle
that encompasses the target nodule by identifying the smallest and largest x and y coordi-
nates where the nodule is present. It then calculates the center coordinates of this bounding
box by averaging the minimum and maximum x and y values and determines the width
and height by computing the difference between the maximum and minimum coordinates.
The normalized center coordinates, width, and height, along with the class identifier of the
nodule, are combined to form the YOLO label for each image.

Algorithm A1 Conversion of Original DDTI to YOLO Format

Input: Original DDTI with images and their corresponding segmentation labels
Output: YOLO-formatted label dataset

1. for each image I; and its segmentation label L; in Original DDTI do

2. Load I;and L;

3. Extract bounding box coordinates:

4. Xmins Xmax = min/max(x | Li(x,y) = 1)

5 Yoins Ymax = min /max(y | Li(x,y) = 1)
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6. Compute YOLO format parameters:
7 Xcenter = (xmin + xmax)/z

8. Yeenter = (ymin + ymax) /2

9 width = Xpax — Xpin

10. height = Yiax — Ymin

11. Normalize coordinates:

12. Xcenteryom = Xcenter/image_width
13. Yeenteryorm = ycenter/image_Width

14. widthnorm = width/image_width
15. heightnorm = height/image_height
16. Create YOLO label:

17. Lyoto = [class_id, Xcenter, oy » Ycenterom» Widthnorm, heightnorm
18. Save Ly, to YOLO label file
19. end for
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Abstract: Malaria is a significant global health issue, especially in tropical regions. Accurate and
rapid diagnosis is critical for effective treatment and reducing mortality rates. Traditional diagnostic
methods, like blood smear microscopy, are time-intensive and prone to error. This study introduces a
deep learning approach for classifying malaria-infected cells in blood smear images using convolu-
tional neural networks (CNNs); Six CNN models were designed and trained using a large labeled
dataset of malaria cell images, both infected and uninfected, and were implemented on the Jetson TX2
board to evaluate them. The model was optimized for feature extraction and classification accuracy,
achieving 97.72% accuracy, and evaluated using precision, recall, and F1-score metrics and execution
time. Results indicate deep learning significantly improves diagnostic time efficiency on embedded
systems. This scalable, automated solution is particularly useful in resource-limited areas without
access to expert microscopic analysis. Future work will focus on clinical validation.

Keywords: malaria; images; convolutional neural network

1. Introduction

Malaria is an infectious disease caused by parasites of the genus Plasmodium, which
is transmitted to people through the infected mosquito bite of the genus Anopheles. Ac-
cording to the World Health Organization (WHO), in 2020 more than 240 million cases of
malaria and approximately 627,000 deaths were estimated in the world, being a cause of
mortality in tropical and subtropical regions [1]. Timely and accurate diagnosis of malaria
is relevant for effective treatment and mortality reduction [2,3].

Traditionally, the diagnosis of malaria is made through optical microscopy, where a
blood sample is observed under a microscope as shown in Figure 1, where trained expert
personnel identify and quantify the presence of parasites [4]. However, this method is
laborious, requires a significant level of expertise, and is subject to human error. In this
context, diagnostic automation using deep learning techniques has emerged as a support
tool for these experts to improve the accuracy and efficiency of malaria diagnosis [5].

Deep learning, a machine learning subdiscipline, has demonstrated outstanding per-
formance in various image classification tasks, leveraging convolutional neural networks
(CNNSs) to extract highly relevant features from images [6-8]. These techniques have
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been successfully applied in the classification of various diseases through medical images,
showing potential to transform clinical diagnosis [9-12].

The Jetson TX2 is a board developed by NVIDIA Enterprise. The features that have
can bring us the capability [13] to handle powerful and portable software.
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Figure 1. Malaria diagnosis process using images of a patient’s blood sample.

For the detection, we [14] propose two deep learning architectures based on
convolutional-recurrent neural networks. The first one implements a convolutional long
short-term memory, while the second uses a convolutional bidirectional long short-term
memory architecture. Vijayalakshmi et al. [15] propose a deep neural network model
for identifying infected falciparum malaria parasites using a transfer learning approach.
This proposed transfer learning approach can be achieved by unifying the existing Visual
Geometry Group (VGG) network and Support Vector Machine (SVM). The VGG19-SVM
model achieves 93.1% classification accuracy in identifying infected falciparum malaria
parasites in microscopic images, outperforming existing CNN models. In [16], the authors
propose a simple neural network training strategy for highlighting the infected pixel re-
gions that are mainly responsible for malaria cell classification. The results show that there
is an improvement in classification accuracy, achieving 97.2% compared to 94.49% for a
baseline model.

The methods developed in this work achieved an accuracy of 99.89% in the detection
of malaria-infected red blood cells. Another proposed method is shown in Ref. [17], where
they used deep learning combined with VGG to perform the classification of parasitized
and uninfected blood smear cell images; their proposed approach achieved an accuracy
of 96.02%. A similar work is Ref. [18], where they present some of their progress on the
highly accurate classification of malaria-infected cells using deep convolutional neural
networks. On the other hand, Ref. [19] proposes a comprehensive computer-aided diagnosis
(CAD) scheme for identifying the presence of malaria parasites in thick blood smear
images, achieving 89.10% detection accuracy, 93.90% sensitivity, and 83.10% specificity.
Ref. [20] presents the deep learning model using convolutional neural networks that
accurately differentiates malaria-infected red blood cells; this model was 99.5% accurate
in classifying and also exhibited sensitivity and specificity values of 100% and 91.7%,
respectively. Silka et al., Ref. [21], show a novel convolutional neural network (CNN)
architecture for detecting malaria from blood samples with a 99.68% accuracy. Additionally,
they propose an analysis of model performance on different subtypes of malaria. The use
of embedded boards like the Jetson Board is wide in many fields [22], like medical, farming,
speech recognition, robotics, image processing, autonomous driving, and drones, including
face recognition. Ref. [23] mentions the use of CNN for that purpose, where they used
a Jetson TX2 specifically for this job, and they obtained the result of the recognition in
an average time of 0.3 s and a minimum recognition rate above 83.67%. In another case
of use, Ref. [24] exhibits a convolutional neural network to estimate the center of a gate
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robustly so it can pass through the gate in autonomous drone racing. Ref. [25] relates the
experimentation of benchmarking programs to revealed the rules that handle the GPU
inside the Jetson TX2 board, addressing through these programs features like block resource
requirements, kernel durations, and copy operations.

Especially in medicine, studies such as Ref. [26] study work related to the pain of the
chest and fall posture-based vital sign detection using an intelligence surveillance camera to
address the emergency during myocardial infarction. They use an embedded convolutional
neural network called single-shot detector Inception V2 and single-shot detector MobileNet
V2 inside a Jetson Nano NVIDIA Board. The accuracy that they obtained is 76.4% and an
average recall of 80%.

Ref. [27] focuses on the use of the deep learning model VGG19, achieving 97% accuracy
on boards Jetson Nano and Jetson TX2, working with computed tomography of lungs to
classify COVID-19. In Ref. [28], they focus on the use of convolutional neural network
models like AlexNet and GoogleNet to classify benign and malignant moles beneath the
use of a Jetson TX2 board. The accuracy rates are up to 74%.

In Ref. [29], they detect the traffic flow with an average processing speed of 37.9 FPS
(frames per second) and an accuracy of 92%, using a vehicle detection algorithm based on
YOLOV3 (You Only Look Once) in a Jetson TX2.

In Ref. [30], they present a benchmark analysis of 3D object detection using Jetson
boards such as Nano, TX2, AGX, and NX. They explore the use of the TensorRT library, to
optimize a deep learning model, for faster inference and lower resource utilization. They
report that, on average, each of the mentioned boards consumes 80% of GPU resources.

A study related to Sugar Beet Seed Classification is mentioned in Ref. [31]. The study
includes the use of YOLOv4 and YOLOv4-tiny in the boards of Jetson Nano and TX2,
and the accuracy reported is in the range of 81-99% for monogerm seeds and 89-99%
for multigerm seeds on Jetson Nano, while 88-99% for monogerm seeds and 90-99% for
multigerm seeds are reported using Jetson TX2.

Finally, in Ref. [32], a CNN proposal is presented, and the statistical validation of the
results demonstrates the use of pre-trained CNNs as a promising tool for feature extraction
for the purpose of classifying malaria parasite detection.

In this paper, we present a deep-learning-based approach for malaria cell image
classification. We used a convolutional neural network to differentiate between infected and
uninfected cells, evaluating the performance of the model in terms of accuracy, sensitivity,
and specificity. Furthermore, we compare the results obtained with a previous work
published in IEEE Access where large and heavy deep learning type recognition systems
are used [14] versus the new approaches adapted to the Jetson TX2 board. We also discuss
the clinical implications of our research.

Our goal is to provide an automated portable tool that can assist healthcare profession-
als in malaria diagnosis, improving accuracy and reducing the time required for sample
analysis. We also aim to host and execute this design in integrated systems such as FPGAs
and/or microcomputers. Through this research, we seek to contribute to the global effort
to control and eventually eradicate malaria.

2. Materials and Methods
2.1. Dataset and Hardware

For this study, we used a malaria cell imaging dataset obtained from the National
Library of Medicine and the Lister Hill National Center for Biomedical Communications be-
cause it is one of the most used databases in this type of analysis. It contains blood samples
and images set from probable malaria-infected people analyzed under a microscope, as
shown in Table 1. The folder has 27,560 96 x 96 pixel color images of Giemsa-stained blood
samples obtained from 193 patients and distributed evenly between images of parasitized
and uninfected RBCs. The research related to the data was approved by the Institutional
Review Board of the Office of Human Subjects Research (OHSR) (Protocol number 12972
and approval date 25 June 2015) [33]. The implementation of the model was carried out
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using the TensorFlow and Keras framework [34], running on a Windows 10 Pro operating
system on a PC equipped with an Intel(R) Core(TM) i9-10900X CPU @ 3.70 GHz processor,
manufactured in Dalian, Liaoning, China. On the other hand, we adapt the code into the
Jetson TX2 board, which has 2 NVIDIA Pascal architecture GPU cores and 4 ARM cores
along with 8GB of RAM [13].

Table 1. Image examples from the malaria database and their preprocessing steps.

Parasitized

Uninfected

PR: Parasitized (Resized [64 x 64])

PU: Uninfected (Resized [64 x 64])

PR (Grayscale)

PU (Grayscale)

2.2. Convolutional Neural Network Architecture

The images in the dataset were preprocessed to ensure the consistency and quality
necessary for training the deep learning model. Preprocessing stages included: Resizing:
all images were resized to 64 x 64 pixels to reduce computational load and ensure uniform
input to the model. Gray Scale: To speed up the process, the images were transformed
grayscale to work with less data. Normalization: The pixel values 0-255 of the images were
normalized to the range [0, 1]. The compact and efficient convolutional neural network
(CNN) architecture specifically designed for malaria cell image classification is detailed in
this section. The model architecture includes, as shown in the Figure 2, the following layers:
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Figure 2. Architectures used in the experiments (32 x 32,32 x 32 x 32,48 x 48, 48 x 48 x 48, 64 x 64,
and 64 x 64 x 64).

Input: Input layers for 64 x 64 x 1images (width, height, and gray channel). Con-
volutional: Six architectures were tested; the first three of them used two convolutional
layers with 3 x 3 filter sizes, changing the number of filters on 32, 48, and 64, respectively,
while the other three architectures used three convolutional layers using the same varia-
tion in the filters (32, 48, and 64), each followed by a ReLU activation layer and a 2 x 2
max-pooling layer. Dense: The first three architectures used one fully connected layer
with their respective variations, according to the filters used as 32, 48, and 64; the last three
architectures used two fully connected layers, the first with 128 units and the second with
their respective quantity of filters 32, 48, and 64. Output: An output layer with a unit and
sigmoid activation for binary (parasitized /non-infected) classification.

2.3. Model Training
The model was trained using the preprocessed dataset with the following settings:

e  Loss function: binary cross entropy. Optimizer: Adam, with an initial learning rate of
0.001. Evaluation metrics: accuracy, specificity, recall, precision, and F1-score.
Data split: The dataset was split into 80% for training and 20% for validation.
Epochs: The model was trained for 50 epochs with a batch size of 32. Evaluation and
Validation Model performance was evaluated using a separate test dataset not used
during training. Performance metrics included overall accuracy, specificity, recall,
precision, and Fl-score. In addition, confusion matrices were generated to analyze
false positives and false negatives. The codes are available in the repository Ref. [35].

3. Results

The convolutional neural network (CNN) models designed and trained in this study
demonstrated remarkable performance in classifying malaria cell images. Below, in Figure 3,
are detailed results of key evaluation metrics obtained during testing:
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Figure 3. Training and Validation Accuracy by architectures through the epochs.

In binary classification, the following metrics are commonly used to evaluate the
performance of a model: accuracy, precision, sensitivity, specificity, and Fl-score (see
Appendix A).

The averages of cross-validation of precision and loss curves during training and
validation are presented in Figure 4, respectively. The organization of the plots is given
by the filter quantity. The curves indicate stable convergence and good generalization
of the model without significant indications of overfitting. The lowest architecture is
remarkable, and the average values for each metric using cross-validation are accuracy:
93.11%, specificity: 94.59%, recall: 91.63%, precision: 94.42%, and F1-Score: 93.01%, as
long as the highest give it the values of accuracy: 94.28%, specificity: 95.45%, recall:
93.11%, precision: 95.34%, and F1-Score: 94.21%. Figure 3 illustrates the behavior of each
architecture along the validation stage.
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Figure 4. Average of cross-validation results.
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According to the properties of the models shown in Figures 5 and 6, it is important to
mention the time required to execute the network for the lowest architecture is 1131.77 s
and the weight of the model is 1.52 MB. The confusion matrices are shown in Figure 7.
Relevant information was obtained using the Jetson TX2, as the device to read the model
and classify the images, contained in the dataset is shown in Tables 2 and 3.
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Figure 5. Execution time by architectures.
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Figure 6. Model weight by architectures.

114



Technologies 2024, 12, 247

Table 2. Metrics obtained through the execution of classification on a complete dataset. Performance
obtained using the model for classification in Jetson TX2.

Model K-Fold  Accuracy  Specificity Recall Precision F1-Score
1 97.27 98.64 95.98 98.68 97.31
2 97.32 98.73 95.99 98.77 97.36
32 x 32 3 97.44 98.72 96.22 98.75 97.47
4 97.11 98.89 95.46 98.93 97.16
5 97.28 98.84 95.82 98.88 97.32
1 97.12 99.03 95.36 99.06 97.18
2 97.64 98.97 96.39 99 97.68
32 x 32 x32 3 97.71 99.04 96.46 99.06 97.74
4 97.59 98.52 96.7 98.55 97.61
5 97.7 98.93 96.53 98.95 97.73
1 97.27 98.83 95.8 98.87 97.31
2 97.23 98.79 95.77 98.83 97.27
48 x 48 3 97.46 98.73 96.26 98.77 97.5
4 97.19 98.83 95.65 98.87 97.23
5 97.05 98.88 95.35 98.93 97.1
1 96.67 98.66 94.83 98.72 96.73
2 97.48 98.97 96.08 99 97.52
48 x 48 x 48 3 97.8 99 96.66 99.02 97.83
4 97.67 99.04 96.37 99.06 97.7
5 97.75 98.87 96.67 98.9 97.77
1 97.26 98.86 95.77 98.9 97.31
2 97.25 98.79 95.8 98.82 97.29
64 x 64 3 97.4 98.68 96.19 98.72 97.44
4 97.5 98.89 96.19 98.92 97.53
5 97.32 98.82 95.91 98.86 97.36
1 97.67 99.07 96.36 99.09 97.71
2 97.66 98.93 96.46 98.96 97.69
64 x 64 x 64 3 97.88 99.06 96.75 99.08 97.9
4 97.72 99.05 96.47 99.07 97.76
5 97.67 98.96 96.44 98.99 97.7

Table 3. Average accuracy and time of execution per sample through images of the complete dataset.

Model Accuracy Classification Execution(s)
32 x 32 97.28 0.0014876
48 x 48 97.55 0.0015972
64 x 64 97.24 0.0023
32 x 32 %32 97 .47 0.0025032
48 x 48 x 48 97.35 0.0034522

64 x 64 x 64 97.72 0.0038254
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4. Discussion

The obtained results indicate that a small and efficient CNN architecture can be
effectively used for malaria cell image classification, and the feed-forward speed of CNN
execution is 33.98 times faster than designs published in 2022 [14]. According to the weight
of the architectures that are shown in Figure 6, it has the potential to be implemented in
portable devices for use in resource-limited areas (see Table 4). It can be useful to do a
comparison with another disease as reported in Ref. [36], where they propose a hybrid CNN
architecture, implementing InceptionV3, ResNet-50, VGG16, and DenseNet to classify brain
tumors, where they report 71.54% to 95.5% in accuracy metric; the runtime mentioned is in
the range of 3.2 to 5.6 min and the memory utilization in GB is from 2.7 to 4.8. On the other
hand, it will be a plausible challenge to compare the behavior against the results of [37],
where they report an accuracy of 94.82%, a 97.34 Fl-score, 96.74 precision, 97.10 sensitivity,
and 84.75 specificity in the lung nodule classification; the model that they develop uses
2.61 MB.
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Table 4. Comparative results with previous work, using images of 64 x 64 pixels.

Reference Accuracy Lowest Classification Execution Time
Alonso-Ramirez A. A. et al. (2022) Ref. [14] first approach 99.89% 0.125s
Alonso-Ramirez A. A. et al. (2022) Ref. [14] second approach 99.89% 0.130s
Alonso-Ramirez A. A. et al. (2024) minimal arch 97.28% 0.0014876 s
Alonso-Ramirez A. A. et al. (2024) maximum arch 97.72% 0.0038254 s

5. Conclusions

In this study, we have developed and evaluated a compact and efficient convolutional
neural network (CNN) architecture for malaria cell image classification and compared it
with 49 different CNN architectures. Our results demonstrate that the proposed model
achieves high accuracy (97.72%), sensitivity (93.4%), specificity (95.1%), and F1-score (94.2%)
using the architecture 64 x 64 x 64, significantly achieving the reduction in computational
processing and speed of execution compared to the work we published in 2022. In Figure 6,
we noticed that by appending another convolutional layer and its corresponding max
pooling layer, the matrix of weights reduced its dimensions, which provoked a lighter-
weight model. The use of a compact CNN architecture not only optimizes the computational
load but also facilitates its implementation on portable or embedded devices, which is
crucial for its application in environments with limited resources. The computational
efficiency of the model, with inference times of 0.0038254 s and 2.65 megabytes of model
weight in memory, underlines its potential to provide fast and accurate diagnoses in
real-time. It is important to notice that 33.98 times faster is the new proposal versus the
previous one.

These findings highlight the feasibility and effectiveness of deep learning techniques
in the field of automated diagnosis of infectious diseases using embedded boards such as
Jetson TX2. Implementation of our model in clinical settings could improve the speed and
accuracy of malaria diagnosis, thereby reducing the workload of healthcare professionals
and improving outcomes for patients. Future work will focus on clinical validation of the
model on various hardware configurations and in different geographic environments. Ad-
ditionally, the integration of our approach with other diagnostic methods will be explored
to create a comprehensive malaria detection platform.

In conclusion, image classification of malaria cells using a small and efficient deep
learning architecture in embedded systems represents a significant advance in the fight
against malaria, offering a promising tool to improve diagnosis and ultimately contribute
to the reduction in the mortality associated with this disease.
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Appendix A
Accuracy is the ratio of correctly predicted observations to the total observations.

Accuracy = IP+1IN
Y= TP T IN + FP + FN

(A1)
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where

e TP = True Positives;

e TN = True Negatives;
e FP = False Positives;
e FN = False Negatives.

Precision (also called positive predictive value) is the ratio of correctly predicted
positive observations to the total predicted positives.

TP

Precision = TI’7+FP

(A2)
Sensitivity, also known as recall or true positive rate, is the ratio of correctly predicted
positive observations to all observations in the actual class.

TP
Sensitivity (Recall) = TP L TN (A3)

Specificity, also called the true negative rate, measures the proportion of correctly
identified negatives out of the actual negatives.

TN

TN + FP (Ad)

Specificity =

The F1-score is the harmonic mean of precision and recall, providing a balance between

the two.

Precision x Recall
Fl=—2x Precision + Recall (A5)
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Abstract: Assessing musculoskeletal disorders (MSDs) in the workplace is vital for improving worker
health and safety, reducing costs, and increasing productivity. Traditional hazard identification
methods are often inefficient, particularly in detecting complex risks, which may compromise risk
management. This study introduces a semi-automatic platform using two motion capture sys-
tems—an optical system (OptiTrack®) and a Bluetooth Low Energy (BLE)-based system with inertial
measurement units (IMUs), developed at the Biomedical Engineering Laboratory, Universidad de
Concepcién, Chile. These systems, tested on 20 participants (10 women and 10 men, aged 30 + 9 years
without MSDs), facilitate risk assessments via the digitized NIOSH Index method. Analysis of er-
gonomically significant variables (H, V, A, D) and calculation of the RWL and LI showed both
systems aligned with expected ergonomic standards, although significant differences were observed
in vertical displacement (V), horizontal displacement (H), and trunk rotation (A), indicating areas for
improvement, especially for the BLE system. The BLE Inertial MoCap system recorded mean heights
of 33.87 cm (SD = 4.46) and vertical displacements of 13.17 cm (SD = 4.75), while OptiTrack® recorded
mean heights of 30.12 cm (SD = 2.91) and vertical displacements of 15.67 cm (SD = 2.63). Despite
the greater variability observed in BLE system measurements, both systems accurately captured
vertical vertical absolute displacement (D), with means of 32.05 cm (SD = 7.36) for BLE and 31.80 cm
(SD = 3.25) for OptiTrack®. Performance analysis showed high precision for both systems, with
BLE and OptiTrack® achieving precision rates of 98.5%. Sensitivity, however, was lower for BLE
(97.5%) compared to OptiTrack® (98.7%). The BLE system’s F1 score was 97.9%, while OptiTrack®
scored 98.6%, indicating both systems can reliably assess ergonomic risk. These findings demonstrate
the potential of using BLE-based IMUs for workplace ergonomics, though further improvements in
measurement accuracy are needed. The user-friendly BLE-based system and semi-automatic platform
significantly enhance risk assessment efficiency across various workplace environments.

Keywords: IoT motion capture technology; ergonomic risk assessment; musculoskeletal disorders
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1. Introduction

One of the most significant challenges for ergonomics is ensuring a safe and comfort-
able working environment that allows workers to perform tasks efficiently and without
risk to their health [1-4]. Work-related musculoskeletal disorders (MSDs) primarily affect
the back, neck, shoulders, and both upper and lower limbs, encompassing any damage or
disorder of the joints or other tissues [5]. Studies have demonstrated a correlation between
the occurrence of musculoskeletal disorders and occupational risk factors such as lifting
movements, vibrations, and poor posture [6]. According to the European Agency for Safety
and Health at Work, 43% to 46% of musculoskeletal disorders are back-related [4].

To assess the risk of developing musculoskeletal disorders at workstations, time
and motion studies should be conducted to identify repetitive movements and tasks,
and assess their impact on worker’s health and well-being [7]. Tools such as motion
analysis and direct observation can be used to collect data and take measures to improve
workstation ergonomics.

The National Institute for Occupational Safety and Health (NIOSH) Lifting Equation [8]
is a widely acknowledged tool for evaluating the risk of low back pain from lifting activities
using the NIOSH Lifting Index (LI) (Equation (1)) and Recommended Weight Limit (RWL):

L
LI=zwr M

where L is the mass of the load in kg.

Despite its widespread adoption, measurements from positions such as the midpoint
of the ankles and the midpoint between the central knuckles using tools like measuring
tape, goniometers, and video analysis could be challenging [3] and time-consuming in real
environments, introducing a degree of uncertainty in the results [9].

Recent advancements in technology have prompted a shift towards more precise and
efficient methods of ergonomic assessment. Specifically, the integration of wearable inertial
sensors and machine learning algorithms has opened up new possibilities for real-time and
objective risk classification [10]. Moreover, the inclusion of kinematic data such as trunk
speed and acceleration has been shown to potentially enhance the predictive power of the
NIOSH Lifting Equation for low back pain risk [11].

The present study aims to compare two advanced motion capture systems: an optical
system and a custom Bluetooth Low Energy (BLE)-based inertial system, for their efficacy
in manual material handling risk assessment using the NIOSH Lifting Index. While optical
systems have been the gold standard due to their high precision, they are often costly and
not easily adaptable to various work environments [12]. In contrast, inertial systems offer
portability, ease of use, and the potential for real-time data collection [13], presenting a
cost-effective alternative for ergonomic risk assessment [14-16].

By leveraging the inertial measurement capabilities and evaluating them against
established optical systems, this study seeks to contribute to the field of occupational health
and safety by enhancing traditional methodologies and providing a more objective and
efficient risk assessment process. This could facilitate earlier identification of ergonomic
risk factors and help in implementing preventive measures to mitigate the incidence of
MSDs in the workplace [17].

2. Materials and Methods
2.1. Design and Setup

The proposed method involves developing and testing a semi-automatic platform
capable of capturing and estimating factors according to the NIOSH method, using the
Unity development environment (version 2020.3). 20 subjects (10 males and 10 females)
aged 30 + 9 years without musculoskeletal disorders from the city of Concepcién, Chile
were recruited. These subjects performed two activities related to lifting and lowering
loads in a controlled laboratory environment. The activities were simultaneously recorded
using both the OptiTrack® motion capture systems (NaturalPoint, Corvallis, OR, USA) and
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BLE-based inertial sensors developed at the Biomedical Engineering Laboratory of the
Universidad de Concepcién.

2.2. Computerized Risk Assessment Tool
Digitization of the NIOSH Method

Chilean labor regulations specify a set of methods for assessing risks related to manual
handling of loads [18]. When tasks involve activities of lifting and lowering loads, and
a risk is identified in these activities using prior evaluation scales such as the Manual
Handling Assessment Charts (MAC) and the Variable Manual Handling Assessment Chart
(V-MAC) to evaluate the risk more thoroughly, the Lifting Index (LI) is used to assign the
risk level. The NIOSH method considers seven factors (see Equation (2)):

RWL =CC x FH X FV x FD x FA x FM X FC, (2)
where:

e  Horizontal Distance Factor (FH) (Equation (3)):

1 ifH<25
FH=(2 if25<H <63, ®)
0 ifH>63

where H is the maximum horizontal distance measured from the hands to the midpoint
of the line that joins the ankles. This term is measured at the start (when the load is
picked up) and finish (when the load is last set down before releasing it) of the lift as
horizontal distance in centimeters.

®  Vertical Distance Factor (FV) (Equation (4)):

FV =

{1—(0.003><|V—75) if0 <V <175 @

if V> 175

where V is the vertical distance from the hands to the floor. This term is measured
at the start (when the load is picked up) and finish (when the load is last set down
before releasing it) of the lift in centimeters.

e Displacement Factor (FD) (Equation (5)):

1 if D < 25
FD ={082+ (%) if25 < D < 175, 6)
0 if D > 175

where D is the absolute value of the difference between the finish (when the load is
last set down before releasing it) and start (when the load is picked up) heights of the
lift in centimeters.

¢ Coupling Factor (FC): Classification of the quality of the hand-object interaction (e.g.,
sharp edge or handle-grip). The quality of the coupling is classified as good, regular,
or poor (see Table 1).

Table 1. Coupling factor values [18].

Type of Coupling Coupling Factor
V <75cm V > 75cm
Good 1.00 1.00
Regular 0.95 1.00
Poor 0.90 0.90

122



Technologies 2024, 12, 180

e Asymmetry Factor (FA) (Equation (6)):
1—(0.0032x A) if0< A <135
Fa = {17 (00032 A) O < A 135 ®)
0 if A > 135

where A is the angle of the object’s displacement relative to the front of the worker’s
body (sagital plane) at the beginning of the lift. The angle is measured in degrees, at
the start (when the load is picked up) and finish (when the load is last set down before
releasing it) of the lift.

e Frequency Factor (FM): This represents the average number of lifts per minute, mea-
sured over at least a 15-min period. It is obtained using Table 2.

Table 2. Frequency factor values by activity duration and vertical distance extracted from [18].

<1h <2h <8h
Jrea. y 75em V>75em V<75eam V>75em V<75cm V> 75cm
(Lifts/min)
<02 1.00 1.00 0.95 0.95 0.85 0.85
0.5 0.97 0.97 0.92 0.92 0.81 0.81
1 0.94 0.94 0.88 0.88 0.75 0.75
2 0.91 0.91 0.84 0.84 0.65 0.65
3 0.88 0.88 0.79 0.79 0.55 0.55
4 0.84 0.84 0.72 0.72 0.45 0.45
5 0.80 0.80 0.60 0.60 0.35 0.35
6 0.75 0.75 0.50 0.50 0.27 0.27
7 0.70 0.70 0.42 0.42 0.22 0.22
8 0.60 0.60 0.35 0.35 0.18 0.18
9 0.52 0.52 0.30 0.30 0.00 0.15
10 0.45 0.45 0.26 0.26 0.00 0.13
11 0.41 0.41 0.23 0.23 0.00 0.00
12 0.37 0.37 0.21 0.21 0.00 0.00
13 0.34 0.34 0.00 0.00 0.00 0.00
14 0.31 0.31 0.00 0.00 0.00 0.00
15 0.28 0.28 0.00 0.00 0.00 0.00
>15 0.00 0.00 0.00 0.00 0.00 0.00

For frequency values lower than 0.2 lifts per minute, consider the value corresponding to 0.2 lifts per minute.

* Load Constant (CC): This represents the maximum mass that can be safely lifted
under ideal conditions and is determined based on the gender and age of the workers.
If there are employees of both genders and various ages, the value that corresponds to
the group with the lower lifting capacity is selected (see Table 3).

Table 3. Load constant values by gender and age [18].

Gender and Age Load Constant (kg)
Men (18-45 years) 25
Women (1845 years) 20
Men (<18 or >45 years) 20
Women (<18 or >45 years) 15

Also, this method assigns a risk index to the activity based on the calculation of the LI,
as shown in Table 4.

To illustrate, consider a 35-year-old male factory worker (CC = 25 kg) who regularly
takes 9.5 kg (L = 9.5) boxes twice per minute from the ground (V =0, FV =0.78, D =78
and FD = 0.88) to a dating and sealing machine at 78 cm from the floor, without trunk
rotation (A = 0 and FA = 1) over a 7-h shift (FM = 0.65). The boxes lack handles (Poor
Coupling and FC = 0.9), and the distance between the hands and the vertical line passing
through the ankles is approximately 46 cm (H = 46 and FH = 0.54). Utilizing the formula
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presented in Equations (1) and (2), the calculation of the RWL = 542 and LI = 1.75,
respectively. This indicates the worker is lifting loads beyond the recommended weight
limit at the start, implying a risk of musculoskeletal injury (see Table 4).

Table 4. Risk classification on the basis of the LI (lifting index) extracted from [18].

LI Risk Classification
LI<1 Acceptable
I<LI<2 Risk: low level
2<LI<3 Risk: high level
LI>3 Risk: very high level

The application of the NIOSH method can be affected by the assessor’s experience
and the precision of instruments used to obtain the H, V, A, and D measurements. This
variability may compromise the consistency of risk assessments. Furthermore, the tra-
ditional evaluation process, being time-consuming and reliant on manual calculations,
is prone to errors. In response, a semi-automated software platform was developed to
implement the NIOSH method, enabling the determination of RWL, LI, and risk level.
The platform workflow methodology supports the input of data from a custom Bluetooth
Low Energy-Based Inertial Motion Capture System, and from Biovision Hierarchy (BVH)
motion files, typically generated by MoCap systems (see Figure 1).

Mation capture system * |
. /

o

These motion capture systems
can be based on the use of inertial
sensors or optoelectronic system

} l through the use of markers.

Motion file export |

\, Y,
[ Motion file import \
\_ Y,
Automatic manneguin scaling ]
based on gender and height )

Extracting of variables

H, v and A at the origin
and destination of the survey |

Beginning of evaluation by ]
NIOSH lifting index

e

. S
Autormnated calculation of risk facters:
- Sex and age -~
- Shift length and lifts per minute —= Task data entry |
- Horizontal, vertical distance and angle of asymmetry ~
- Type of grip used and weight of load

ez, Do you need to no
“.add another subtask? - subtask?
Automated calculation of risk factors: Recommended we\ght “m,t

- Sex and age . . allowance and lift index
- shift length and lifts per minute -{ Task data entry |
- Horizontal, vertical distance and angle of asymmetry
- Type of grip used and weight of load
¥

/ ™
Recommended weight limit
allowance and lift index

\.

Figure 1. Flowchart for risk assessment using the proposed platform [Own elaboration].

The interface is divided into two parts: real-time feature extraction section and the
risk evaluation section.
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Real-time feature extraction section: Unity® (Unity Technologies, San Francisco, CA,
USA) version v2020.3 was used to develop the motion analysis platform. This platform
features a computerized mannequin composed of 61 segments [19,20], which conforms
to the anthropometric dimensions of the Chilean working population as outlined by
Castellucci et al. [21]. The scaling of the mannequin’s segments is tailored based on
the height and gender of the subject being evaluated, following the guidelines proposed
by Pheasant and Haslegrave [22]. This virtual model is capable of simulating various
postures from a BVH file or the data from the custom BLE-based Mocap system, which
can be imported and manipulated according to user specifications. The variables H, V, A,
and D are determined through the projection of predefined anatomical points within the
platform [23]. Figure 2 illustrates the aforementioned motion analysis platform.

Risk evaluation section: This section is divided into three parts (see Figure 3). The
first one collects general information such as company name, date, tasks performed, and
language preference, with options for analyzing either single or multitask activities. The
second one is designated for entering lifting variables like load mass, lifting height, fre-
quency, and reach, from either the task’s start or finish. Based on these inputs, the third
and final part automatically computes each factor’s values (CC, FH, FD, FV,FM, FA, FC),
the RWL, and the LI, thereby facilitating rapid risk classification and enhancing the safety
and health evaluation process in workplace settings.

Genero C)
Altura (Cm) Distancia H: 30.4
Avanzado
- Distancia V: 37.2
Dist V mano der: 36.7
Dist V mano Izq: 37.6

Angulo A: 67.5
Maxima H: 30.4
Maxima V: 129.1

Maxima A* 00

AN ;WL B o i T,
b) Play | Stop NIOSH_Gustavo

Figure 2. The motion analysis platform utilizing BVH files, enabling (a) adjustment of body seg-
ment lengths according to gender and height, (b) BVH file importation for temporal analysis, and
(c) extraction of H, V, and A values at any given moment.

2.3. Motion Capture Systems
2.3.1. Optoelectronic Mocap System

Optoelectronic systems are recognized as the gold standard in human motion capture
and serve as the benchmark for validating other motion capture technologies [24-26].
These systems record and track reflective markers in real-time, achieving frequencies up to
2000 Hz. Despite their precision, their use has predominantly been confined to laboratory
settings. This limitation stems from spatial requirements, the necessity for precise camera
positioning, and specific angle demands, which collectively hinder their application in
real-world work environments. A major obstacle is marker occlusion, where a marker’s
position cannot be reconstructed because it is hidden by the shelf, body, or load in too many
camera views [27-29].

The OptiTrack® motion analysis laboratory used in this study was conformed of eight
Prime x22 cameras (NaturalPoint, Corvallis, OR, USA) and passive markers of 14 mm
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diameter located on the body using the Plug-in Gait guidelines. The cameras boast a
resolution of 2.2 MP and frame rate of 240 frames per second. The Mocap system is
located at the Ergonomics Building, Faculty of Biological Sciences of the Universidad de
Concepcién. The optoelectronic MoCap system setup is shown in Figure 4.

. Information about the task
and evaluating company

Sunvey informaton

- . Factors calculated from
e input data

Figure 3. Digitized NIOSH platform (data entered in example).

Figure 4. The motion analysis laboratory setup featuring an optoelectronic system alongside eval-
uation elements. The calibration volume dimensions were 5 m in length, 3 m in width, and 2 m
in height.

2.3.2. BLE-Based Inertial Mocap System

IMU-based systems are frequently used in human motion studies [30]. IMUs comprises
an accelerometer, a gyroscope, and a magnetometer. They can be worn directly on the body
and do not suffer from occlusion, making them suitable for field studies in real working
environments. They are also less expensive and more time-efficient to set up compared
to optical motion capture systems, and hence, making them more versatile and quicker to
deploy [31-33].
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The inertial MoCap system used in this study was developed in the Biomedical
Engineering Laboratory at the Universidad de Concepcién, and comprises 18 measurement
units. Its primary feature is the utilization of Bluetooth 5.0 for wireless communication to a
central acquisition computer running a specialized program for ergonomic risk assessment.
The organization of the sensor connections and communication is based on a “tree topology”
network, where 5 of the 18 sensors function as central units and the remaining ones as
peripheral units (see Figure 5).

The sensor organization is as follows:

*  Head sensor (Central Unit 1) connects with three peripherals (thoracic spine, lumbar
spine, and sacral spine).

e The right shoulder sensor (Central Unit 2) connects with three peripherals (right arm,
right forearm, and right hand).

e The left shoulder sensor (Central Unit 3) connects with three peripherals (left arm, left
forearm, and left hand).

e Right thigh sensor (Central Unit 4) connects with two peripherals (right leg and
right foot).

e Left thigh sensor (Central Unit 5) connects with two peripherals (left leg and left foot).

e A Bluetooth USB serial dongle is a hub for the five central units and connects to the PC.

Data Frame: 640 bytes
BLE-USB Data Transmission : 25 Hz

Data Frame: 128 bytes
Central unit sampling: 100 Hz
BLE Notifications: 25 Hz

Data Frame: 128 bytes
Central unit sampling: 100 Hz
BLE Notifications: 25 Hz

i TN N N \ e
‘ePeripheraIu “’Peripheral\ “’Peripheral\‘ [Peripheral| (Peripheral| ‘ePeripheraI\ (Peripheral| [Peripheral ‘ePeripheraI\
\2a | 2 )| 2 | \1a J 1w )| 1. ) 3 Jlo3 s )
NP "\ N\
Data Frame: 32 bytes Data Frame: 32 bytes Data Frame: 32 bytes
Peripheral sensor sampling: 100 Hz Central Peripheral sensor sampling: 100 Hz Peripheral sensor sampling: 100 Hz
BLE Notifications: 25 Hz Unit 4 BLE Notifications: 25 Hz BLE Notifications: 25 Hz
/’ \ \
YR N //,,,,, N //,,\\ ’// RN /J\
(Peripheral\ ‘Peripheral\‘ ;’Peripheral\\ ‘c’PeripheraI\‘ 'Peripheral| (Peripheral)
| 4 ) e ;| ab ) | sa | e ,| 5b )
o PR o/ \\ ,,/ N /// N / \\ //
Data Frame: 32 bytes Data Frame: 32 bytes
Peripheral sensor sampling: 100 Hz Peripheral sensor sampling: 100 Hz
BLE Notifications: 25 Hz BLE Notifications: 25 Hz

Figure 5. Bluetooth 5.0 tree topology implemented for the wireless communication of the custom
inertial motion capture system, where: Central Units 1 to 5 represent the head, right shoulder, left
shoulder, right thigh, and left thigh sensors, respectively. Peripheral 1a to 1c represent thoracic,
lumbar, and sacral spine sensors. Peripheral 2a to 2c and 3a to 3c represent arm, forearm, and hand
sensors for the right and left sides, respectively. Peripheral 4a to 4b and 5a to 5b represent leg and
foot sensors for the right and left sides, respectively. The Peripheral Idle represents a virtual device
that contains dummy data to maintain the frame format for each central node.

Each sensor unit (central and peripheral) integrates a 9-degree-of-freedom Inertial
Measurement Unit (IMU) consisting of a 3-axis accelerometer, 3-axis gyroscope, and 3-axis
magnetometer. The system uses a BNOO55 from Bosch Sensortec, an STM3214 series
microcontroller from STMicroelectronics, and a Bluetooth Low Energy v5.0 (BLE v5.0)
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working as a Host Processor. The BLE’s main characteristics ensure a maximum data
throughput of 2 Mb/s at low energy consumption, allowing for approximately six hours of
continuous measurements in our case.

Each sensor measures global quaternion rotations at a frequency of 100 Hz, organized
into 8-byte frames. Unlike inertial sensors that connect directly to a central computer or
using a router or Wi-Fi hub, to ensure low power consumption typically used in BLE
applications, the stability of the topology, and communication via BLE notifications, a
pipeline was used where each central and peripheral unit accumulates four samples.
This approach results in each sensor sending notifications at a lower rate of 25 Hz to the
central units. The central units organize their data, including the peripheral units” data,
creating a 128-byte data frame, which is then sent via notifications to the BLE-USB hub at
25 Hz. This ensures that notifications are generated within the time constraints of the BLE
protocol, maintaining communication stability and guaranteeing a sampling rate of 100 Hz.
Additionally, this allows the limbs and the dorsal trunk to be measured independently
from the other units, as they are composed of separate central units.

Upon powering the peripheral units, they send advertising packets scanned by the
central units. When the central units scan their peripherals, they request connections. Once
the central unit establishes connections with all its corresponding peripherals, it starts
sending advertising packets for the BLE-USB hub to recognize and initiate connection
requests. After the connection with the hub is established, the Service Discovery process
starts, followed by subscription to the notifications from the connected central units and
enabling inertial sensor sampling. This, in turn, causes the central units to subscribe
to the notifications from their corresponding peripherals and enables sampling of their
respective measurement units. All the connection and communication protocol mentioned
is illustrated in Figure 6.

Figure 7 displays the positioning of each inertial sensor that comprises the designed
suit. It also illustrates the method by which the data are transmitted from the sensors to
the computer.

2.4. Test Procedure

Before the trials, each participant signed an informed consent approved by the Vice-
rectory for Research and Development of the Universidad de Concepcién, code CEBB
794-2020. Each subject was asked to perform two lifts (Task 1 and Task 2) of a load to a
shelf located in front of them (Figure 8A,B). The load was a plastic box with dimensions
42 x 15 x 32 cm (width x height x depth) and a fixed mass of 9 kg. The target shelf was
74 cm wide and 39 cm long, with fixed heights of 32 and 79 cm. The protocol consisted
of lifting the box from the ground, using a “Good” grip (FC = 1), and placing it on the
aforementioned shelf. This activity was designed to create variation in the measurements
of H,V, A, and D. For the remaining factors related to the method, a 7-h workday was
assumed, with a lifting frequency of two lifts per minute followed by a sound rhythm to
control it (FM = 0.65).

The H, V, A, and D measurements at both the start and finish of the lift were deter-
mined using a manual goniometer and a tape measure. These tools were also used to mark
positions on the ground and on the shelf, providing a traditional measurement to take the
necessary measurements to calculate the reference values that are the Gold Standard in
this study. These data allowed us to compute the lifting index traditionally for comparison
with the proposed semi-automatic system.

The expected values for these metrics were based on the ergonomic standards outlined
in the Technical Guide for Manual Handling of Loads from the Chilean Social Security.

These values provide a baseline from which deviations in sensor measurements can
be assessed, enabling a direct comparison of the accuracy and reliability of the inertial and
optoelectronic systems in capturing key ergonomic metrics.

At the end of the tests, Biovision Hierarchy (BVH) motion files were exported from an
optoelectronic MoCap system for each subject and imported into the proposed platform.
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Figure 8A,B show the experimental tasks conducted, illustrating the path from the
initial position. Specifically, Figure 8A corresponds to Task 1, with a fixed trunk rotation of
45° without foot movement from the initial position. Conversely, Figure 8B represents Task
2, with a fixed trunk rotation of 90° without foot movement from the initial position.
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Figure 7. Wiring diagram of the generated suit (a) front, side, and rear view of the positioning of
each of the inertial sensors that make up the sensorized suit; (b) descriptive diagram of data flow via
Bluetooth from the suit to a computer.
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Figure 8. Tasks 1 (A) and 2 (B) for ergonomic risk evaluation.
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2.5. Statistical Analysis and Performance Assessment

A comprehensive analysis methodology was used to assess risk across 20 subjects.
Three distinct assessment tools were used: a traditional reference method involving manual
measurements with a tape measure and a digital goniometer, an optoelectronic system
(OptiTrack®), and a custom BLE-based inertial sensor system. The core of our analysis
was to compare the ergonomically significant variables H, V, A, and D captured by these
instrumented methods.

The analysis included a statistical evaluation of the variability and accuracy of these
variables, with the aim of identifying any significant differences in the data collected by the
instrumented methods.

The assessment of normality or data distribution was performed using the Shapiro—
Wilk test. In this case, none of the distributions of the measured metrics (H, V, A, and D)
were normal.

The performance of both systems was quantitatively evaluated using four key metrics:
Precision, Sensitivity, F1 Score, and Accuracy.

®  Precision measures the proportion of correctly identified positive cases (i.e., instances
where risk is present) out of all cases predicted as positive by the system. A high
precision rate indicates that when the system predicts a risk, it is likely to be correct.

e  Sensitivity (also known as recall) assesses the system’s ability to correctly identify
actual positive cases (i.e., instances where actual risk is present) among all cases. High
sensitivity means the system effectively captures most of the at-risk tasks without
missing many.

e F1 Score provides a balance between precision and sensitivity, considering both false
positives and false negatives. This metric is particularly useful when the class distri-
bution is uneven. Scores close to 100% indicate high precision and high sensitivity.

e Accuracy represents the ratio of correctly predicted observations to the total number
of observations.

The analysis results and graphs were created using Matlab R2023b (MathWorks, Apple
Hill Campus, Natick, MA, USA).

3. Results

The evaluation of ergonomic risks associated with manual load handling tasks was
conducted using both Bluetooth Low Energy (BLE) and optical (OptiTrack®) motion capture
systems. The analysis focused on comparing the distribution and statistical metrics of
horizontal displacement (H), vertical displacement (V), trunk rotation (A), and vertical
absolute displacement (D) captured by both systems. This section presents the results
obtained from these analyses. The expected values for H, V, A, and D were predetermined
based on ergonomic standards [18].

3.1. Distribution of Ergonomic Metrics

The distribution of the ergonomic metrics V, H, A, and D for the BLE Inertial MoCap
and optical systems is illustrated through a series of box plots.

Figure 9 shows the variability in measurements of vertical displacement (V) and
horizontal displacement (H) among participants. The BLE Inertial MoCap system displayed
a wider range of values, showing a higher variability compared to the optical system.
However, both systems are aligned with the expected values. The variability could reflect
either inherent differences in the population or measurement technology, or a combination
of both. In this case, the variability observed is due in part to participants not always
staying within the requested markers, as well as differences in anthropometric assumptions
made by the measurement systems. Outlier data were not treated, as the intention was to
demonstrate the full and realistic functionality of our proposed system.
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extend to 1.5 times the interquartile range, and points outside are outliers.

In Figure 10, the angle of trunk rotation (A) measurements indicate an alignment
between the BLE Inertial MoCap and optical systems, with both aligned with the expected
task-specific values.
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Figure 10. Distribution of ergonomic metric A (Trunk Rotation) captured by BLE and optical system.
Segmented lines correspond to expected values from each task.
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The box plots in Figure 11 reveal a discrepancy between the systems in measuring
vertical absolute displacement (D), with the BLE Inertial MoCap system exhibiting a broader
spread of values.
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Figure 11. Distribution of ergonomic metric D captured by BLE Inertial MoCap and optical system.
Segmented lines correspond to expected values from each task.

Table 5 summarizes the distribution metrics obtained from each motion capture system.

Table 5. Means and standard deviations of horizontal displacement (H), vertical displacement (V),
vertical absolute displacement (D), and trunk rotations (A) for BLE Inertial MoCap and optical
systems. Here, A1 denotes the results from Task 1 and A2 from Task 2.

Metric Mean Standard Deviation
H (cm)
BLE Inertial MoCap 33.87 4.46
Optical 30.12 291
V (cm)
BLE Inertial MoCap 13.17 475
Optical 15.67 2.63
D (cm)
BLE Inertial MoCap 32.05 7.36
Optical 31.80 3.25
A1 (degrees)
BLE Inertial MoCap 37.35 12.81
Optical 38.55 2.78
A2 (degrees)
BLE Inertial MoCap 73.65 16.47
Optical 96.60 4.00
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3.2. Lifting Index and Recommended Weight Limit

The Lifting Index (LI) and Recommended Weight Limit (RWL) were calculated to
assess ergonomic risks associated with lifting tasks.

Figure 12 visualizes the risk levels based on LI values. The majority of measurements
fall within the acceptable to low risk categories, indicating that the tasks performed are
within ergonomic safety limits.
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Figure 12. Distribution of the lifting index (LI) estimated by the developed platform using BVH files
from each motion capture system: BLE Inertial MoCap and optical. Here, the green area is acceptable
risk, yellow is low level risk, and orange is high level risk.

Similarly, Figure 13 illustrates the RWL estimations, which shows the reliability of
both systems and the developed semi-automatic platform in identifying ergonomic risk
levels associated with the manual handling tasks.

Tables 6 and 7 summarizes the distribution metrics obtained from each motion cap-
ture system.

Table 6. Means and standard deviations of LI1 and LI2, along with expected values, for BLE Inertial
MoCap and optical systems. Here, LI1 denotes the results from Task 1 and LI2 from Task 2.

Metric Mean Standard Deviation
LI1 BLE 1.22 0.23
LI1 Optical 1.07 0.10
LI1 Expected 1.16 0.13
LI2 BLE 1.55 0.24
LI2 Optical 1.50 0.18
LI2 Expected 1.47 0.16
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Figure 13. Distribution of the recommended weight limit (RWL) estimated by the developed platform
using BVH files from each motion capture system: BLE Inertial MoCap and optical.

Table 7. Means and standard deviations of RWL1 and RWL2, along with expected values, for BLE
Inertial MoCap and optical systems. Here, RWL1 denotes the results from Task 1 and RWL2 from

Task 2.
Metric Mean Standard Deviation

RWL1 BLE (kg) 7.59 1.49

RWL1 Optical (kg) 8.44 0.82

RWL1 Expected (kg) 7.83 0.89
RWL2 BLE (kg) 591 0.83

RWL2 Optical (kg) 6.04 0.75

RWL2 Expected (kg) 6.17 0.70

3.3. Correlation and Statistical Significance

A Spearman correlation analysis was conducted to evaluate the agreement between
the BLE Inertial MoCap and optical systems in estimating LI with the proposed platform.
The analysis revealed a strong positive correlation, indicating that both systems produce
consistent LI estimations (see Figure 14).

Further analysis involved calculating the lifting index (LI) and recommended weight
limit (RWL) for assessing ergonomic risk. The LI and RWL values were derived for each
system and compared against expected benchmarks to determine risk levels.

Statistical tests, including Mann-Whitney U, were performed to assess the signifi-
cance of differences between the systems and expected values (see Table 8). The tests
showed that for certain metrics (V, H, and A), there were significant differences show-
ing areas for improvement in measurement accuracy or methodological adjustments for
future assessments.
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Figure 14. Spearman correlation matrix for the LI values obtained from the two motion capture
systems and the expected values.

Table 8. Significance of differences in metrics between BLE Inertial MoCap and OptiTrack® systems
with respect the expected values (* p-value < 0.05).

Metric p-Value
V OptiTrack® * 0.01
V BLE * 0.05
H OptiTrack® * 0.00
HBLE * 0.08
A OptiTrack® * 0.02
ABLE* 0.08
D OptiTrack® 0.42
D BLE 0.21
LIBLE 0.21
LI OptiTrack® 0.63
RWL BLE 0.21
RWL OptiTrack® 0.63

The performance obtained due the risk classification values are shown in Table 9.

e Precision: Both BLE Inertial MoCap and OptiTrack® systems achieved a precision rate
of 98.5%, indicating that the 98.5% risk categorizations they made were correct when
they predicted a risk.

e  Sensitivity: The BLE Inertial MoCap system exhibited a sensitivity of 97.5%, meaning
it could identify 97.5% of the tasks that were actually at risk. The OptiTrack® system
achieved a sensitivity of 98.7%.

e F1Score: The BLE Inertial MoCap system’s F1 score was 97.9%, and the OptiTrack®
system achieved an score of 98.6%.

e Accuracy: The BLE Inertial MoCap system'’s accuracy was 97.5%, and the OptiTrack®
system scored 98.5%.
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The OptiTrack® system demonstrated consistent performance across all metrics,
achieving a precision of 98.5%, sensitivity of 98.7%, F1 score of 98.6%, and accuracy of 98.5%.
The BLE Inertial MoCap system, while lower in sensitivity and accuracy, still showed robust
performance with a precision of 98.5%, sensitivity of 97.5%, F1 score of 97.9%, and accuracy
of 97.5%. These results shows that although the BLE system had minor variations in risk
detection, it still maintained a strong performance in precision and overall balance between
precision and sensitivity.

Table 9. Risk categorization performance of BLE Inertial MoCap and OptiTrack® Systems from the
LI values respect the expected metrics.

Metric BLE Inertial MoCap (%) OptiTrack® (%)
Precision 98.5 98.5
Sensitivity 97.5 98.7
F1 Score 97.9 98.6
Accuracy 97.5 98.5

4. Discussion

This study compares an optical system (OptiTrack®) and a BLE-based system with
IMUs in assessing ergonomic risks through the NIOSH Lifting Index. The analysis involved
the evaluation of key ergonomic variables (horizontal displacement H, vertical displace-
ment V, trunk rotation A, and vertical absolute displacement D), which are important in
calculating the Recommended Weight Limit (RWL) and Lifting Index (LI).

The findings revealed that both systems demonstrated high precision in LI-based risk
categorization, with the BLE Inertial MoCap system achieving a precision rate of 98.5% and
the OptiTrack® system achieving 98.5% as well (Table 9). This indicates that when risks
were identified by either system, they reliably reflected ergonomic concerns. However, it is
important to acknowledge that these conclusions are based on only two tasks, which cannot
fully represent the wide range of real-world settings. Additionally, the expected values for
Task 2 lie in the middle of the low-risk band, increasing the likelihood that any deviations
in the OptiTrack® or BLE values would remain in the same band. Therefore, it is important
to recognize that if the expected values were closer to the limits of the classification bands
(e.g., LI =1 or LI = 2), the metrics might not have been as strong as they are.

While the BLE Inertial MoCap system demonstrated lower sensitivity (97.5%) and
accuracy (97.5%) compared to the OptiTrack® system’s sensitivity (98.7%) and accuracy
(98.5%), it still performed robustly in real-world settings where versatility and ease of
deployment are crucial. Additionally, the BLE Inertial MoCap system’s F1 score of 97.9%
reflects a strong balance between precision and sensitivity, while the OptiTrack® system’s
F1 score of 98.6% reflects a higher overall performance. These results demonstrate the
potential of both systems in ergonomic risk assessment, although the superior performance
of the OptiTrack® system suggests that it may be more reliable in certain scenarios.

An observation from the results was the alignment of both systems with expected
ergonomic standards for measurements of H and V (Figure 9). The BLE Inertial MoCap
system exhibited higher variability in V measurements, which could be attributed to the
inherent nature of wearable systems that may be subjected to more noise and movement
artifacts than stationary optical systems. Despite this variability, the BLE Inertial MoCap
system’s measurements for D were consistent with those of the OptiTrack® system. How-
ever, the increased variability in some measurements, such as V and H, suggests that
further refinement of the BLE system is necessary to enhance its measurement accuracy:.

Significant differences were noted in the measurements of V, H, and A between the
systems (Table 8), highlighting specific areas for improvement in the BLE-based system.
These differences underline the need for ongoing refinement of BLE-based systems to
better match the accuracy of optical systems like OptiTrack®, especially when applied in
complex real-world environments. While both systems produced reliable LI estimations,
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the comparison between the systems’ performance and their proximity to the expected
ergonomic values shows that the BLE system may require additional adjustments to achieve
the same level of precision as OptiTrack®.

The results of this study align with previous research validating inertial measure-
ment units (IMUs) against optoelectronic systems. For instance, Robert-Lachaine et al.
demonstrated that IMUs provide accurate whole-body motion analysis, comparable to
optoelectronic systems [26]. However, it is important to note that these studies also em-
phasize certain limitations of IMUs, such as susceptibility to drift and noise, which may
explain some of the variability observed in the BLE Inertial MoCap system’s performance
in this study.

Moreover, critical ergonomic variables H, V, A, and D were essential in the risk
assessment methodology. These variables are fundamental in ergonomic risk evaluation, as
corroborated by Yunus et al., who developed a portable system for real-time biomechanical
risk assessment in repetitive tasks [34]. Nevertheless, the differences observed in the
measurements of V, H, and A highlight that, while the BLE Inertial MoCap system has
great potential for practical applications, it may still require refinement to match the level
of precision achieved by more established systems like OptiTrack®.

The practical applicability of BLE Inertial MoCap systems in real-world work environ-
ments, emphasized in this study, aligns with the findings of Giannini et al., who discussed
the advantages of inertial systems for field studies over optoelectronic systems, which are
often hindered by occlusion issues and high costs [32]. However, it is important to remain
cautious when generalizing these results, as additional testing and validation in a broader
range of tasks and environments are necessary to fully understand the limitations and
strengths of each system.

On the other hand, there are simpler systems that utilize straightforward methods for
measuring ergonomic risks associated with manual material handling [10,35]. However,
these systems incorporate complex algorithms and have only been tested in controlled
and unrealistic conditions, neglecting their practical applicability in real environments and
the possibility of detecting not only the presence of risk, but also identifying the specific
joint or segment at risk due to the lack of full-body sensorization. This highlights the
advantages of full-body motion capture systems like BLE and OptiTrack®, which provide a
more comprehensive analysis of ergonomic risks.

While both the BLE Inertial MoCap and OptiTrack® systems provide valuable tools
for ergonomic risk assessment, further research is needed to evaluate their performance in
more diverse and complex settings. The practical implications are significant for workplace
ergonomics, where rapid, accurate risk assessments are crucial for preventing muscu-
loskeletal disorders. The semi-automatic platform developed for this study facilitates more
efficient and precise risk assessments across diverse work environments using instrumented
MoCap technologies.

Future work will focus on minimizing the variability and enhancing the sensitivity of
BLE Inertial MoCap systems to match the reliability seen in optical systems. Additionally,
it will be important to investigate the specific scenarios in which each system excels and
determine the most appropriate contexts for their use.

This research advances the capabilities in ergonomic assessment, providing robust
tools that combine advanced technology with practical applications in workplace safety.

5. Limitations and Future Work

This study focused on validating the semi-automatic system rather than detecting risks
per se, and hence, a cohort of healthy subjects was used. Future studies should implement
the system in real-world conditions and evaluate subjects who present ergonomic risks
to provide a comprehensive assessment of its effectiveness in detecting and mitigating
musculoskeletal disorders in diverse workplace environments.
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Abbreviations

The following abbreviations are used in this manuscript:

MSDs Assessing musculoskeletal disorders

BLE Bluetooth Low Energy

IMUs Inertial Measurement Units

H Horizontal Displacement

A% Vertical Displacement

A Asymmetry Angle

D Absolute Vertical Displacement between Start and Finish
RWL Recommended Weight Limit

LI NIOSH Lifting Index

MoCap Motion Capture
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Abstract: Early attention to individuals who suffer falls is a critical aspect when determining the
consequences of such accidents, which are among the leading causes of mortality and disability
in older adults. For this reason and considering the high number of older adults living alone, the
development of automatic fall alerting systems has garnered significant research attention over the
past decade. A key element for deploying a fall detection system (FDS) based on wearables is the
wireless transmission method employed to transmit the medical alarms. In this regard, the vast
majority of prototypes in the related literature utilize short-range technologies, such as Bluetooth,
which must be complemented by the existence of a gateway device (e.g., a smartphone). In other
studies, standards like Wi-Fi or 3G communications are proposed, which offer greater range but
come with high power consumption, which can be unsuitable for most wearables, and higher
service fees. In addition, they require reliable radio coverage, which is not always guaranteed in
all application scenarios. An interesting alternative to these standards is Low Power Wide Area
Network (LPWAN) technologies, which minimize both energy consumption and hardware costs
while maximizing transmission range. This article provides a comprehensive search and review of
that works in the literature that have implemented and evaluated wearable FDSs utilizing LPWAN
interfaces to transmit alarms. The review systematically examines these proposals, considering
various operational aspects and identifying key areas that have not yet been adequately addressed
for the viable implementation of such detectors.

Keywords: LPWAN; wearable devices; fall detection; LoRaWAN; Sigfox; NB-IoT

1. Introduction

Interest in biomedical telemonitoring research has significantly increased worldwide
in recent years. This is due to its ability to monitor patients” and users” well-being remotely,
enabling personalized treatments within familiar environments at a much lower cost than
the traditional monitoring procedures carried out in specific facilities such as hospitals or
nursing homes [1]. Technological advancements in sensors, electronic elements’ miniatur-
ization, the evolution of communication networks, and artificial intelligence have led to
the development of low-cost wearable devices capable of monitoring vital and biometric
signals [2]. The detection of critical, health-affecting events such as falls becomes a funda-
mental aspect in remote supervision of elderly individuals or those with mobility issues.

Falls occur when balance is involuntarily lost, resulting in the body impacting the
ground or any other firm surface [3]. The World Health Organization (WHO) highlights that
falls are a significant public health concern, being the second leading cause of accidental
injury deaths worldwide. It is estimated that each year, approximately 684,000 individuals
die worldwide due to falls, with the population of adults aged over 60 experiencing
the highest number of fatal falls [4]. In addition, it has been projected that by 2050, the
population of individuals aged 60 and above will reach around 2.1 billion, representing
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approximately 22% of the global population [5]. Currently, about 37.3 million falls result in
severe injuries requiring medical attention. Nonetheless, timely medical intervention for
individuals who have experienced a fall can lower the risk of hospitalization by 26% and
reduce mortality rates by 80% [6]. For this reason, early detection of falls through remote
telemonitoring systems can enhance medical care and prevent complications associated
with fall accidents. In a generic manner, a fall detection system (FDS) can be defined as an
architecture capable of autonomously detecting falls experienced by a particular subject
and notifying caregivers as soon as these falls occur.

During the last decade, a wide variety of research related to fall detection has been
developed, as evidenced in existing literature [6-34]. According to studies, a classic
categorization of FDSs can be approached depending on the nature of the sensors involved
in the fall detection process. In this vein, three types of sensors are normally considered:
wearable devices, environmental systems, and video-based systems [26].

Video and environment-based systems, which can be grouped under the term “con-
textual detection systems” or “context-based systems”, present similar advantages and
drawbacks. Both methods use fall detection techniques involving the capture of environ-
mental data to monitor and track body movement. Consequently, both tracking systems
require the deployment and detailed configuration of sensors, cameras, and other devices
in specific areas within the user’s residence. Despite undeniable advancements in this type
of detector, several issues that limit their effectiveness persist.

The primary limitation lies in the coverage area itself, as contextual systems demand
sensor installation in constrained indoor spaces, typically within a room [10], where (in
any case) dead zones or blind spots for detection may also occur. Therefore, operationality
is significantly restricted to home monitoring scenarios while no ubiquitous user tracking
(and freedom of movement) is permitted. Additionally, privacy concerns arise from the
permanent use of cameras, while environmental sensors (such as microphones, motion
detectors, etc.) can be affected by various sources of spurious noise. Furthermore, external
items (furniture, pets, belongings) might fall within the tracking area and generate false
alarms [35].

On the other hand, wearable fall detection devices can be seamlessly incorporated into
clothing due to their reduced size. Due to the plummeting costs of wearables, they provide
a more economical solution with a lower energy consumption compared to context-based
systems. Typically, these devices include microcontrollers, IMU (Inertial Measurement
Unit) sensors, and, in some cases, barometers, which enable fall detection based on the
user’s acceleration, angular velocity, orientation, or altitude. Moreover, they feature a
wireless communication module, easing the remote monitoring and integration of the
tracking system into IoT (Internet of Things) networked platforms [36].

Despite technological advancements in fall detection, current systems face significant
challenges that limit their effectiveness in various contexts. One of the main issues is
the rate of false positives [37,38], where everyday activities like sitting down quickly
or bending over can be mistakenly identified as falls. This problem affects confidence
in detection systems and can lead to an overload of emergency services and caregivers.
Another critical challenge is user acceptance and comfort, as wearable devices need to be
worn constantly to function effectively, and not all users are willing or able to adapt to
this necessity [39]. Additionally, detection accuracy can be compromised in environments
with electromagnetic or physical interference [33], which can affect the sensors’ ability to
monitor user movements properly. However, one of the major challenges is the limited
autonomy of wearable devices due to data acquisition and transmission, which hampers
their prolonged operation and decreases their viability for continuous monitoring without
frequent recharges [40].

In this scenario, a technology emerges with significant potential for fall detection
in telemonitoring contexts: LPWAN (Low Power Wide Area Network) communications
are proficient in efficiently transmitting data across extensive distances while minimizing
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energy consumption, and hence, significantly increasing the autonomy of wearables, which
are typically powered by lightweight batteries with limited capacity.

Most wearable-based FDSs integrate short-range communications, such as Bluetooth
Low Energy (BLE) [41-43] or, to a lesser extent, ZigBee [44—46]. Although these technologies
minimize battery drainage, they require placing a gateway or relay node in the close vicinity
of the user, capable of forwarding the alarms received from the wearable to the remote
monitoring point (e.g., via Wi-Fi or 3G networks). This role is usually performed by a
smartphone, which the user must carry permanently, a situation that is not always possible
in all the application scenarios. An alternative to a “transportable” gateway is directly
integrating medium-range (Wi-Fi) long-range cellular communications, such as 3G or 4G,
into the wearable. In fact, certain high-end smartwatches already incorporate these wireless
interfaces. However, these technologies demand significant energy to operate [47—49]. This
noticeably constrains the autonomy of the wearable, which is usually not powered by
high-capacity batteries to reduce its weight. Additionally, these interfaces require being
within the radio coverage of the corresponding Wi-Fi access point or cellular base station,
which, depending on where the system is intended to be deployed, is not always available.
In addition, the use of cellular communications adds a monthly service cost to the FDS
application.

In contrast, LPWAN networks offer a low-power architecture with long-range coverage,
making them particularly advantageous when deployed in outdoor environments [47,50]. LP-
WAN technologies, such as LoORaWAN (Long Range Wide Area Network) and Sigfox, are
well-suited for IoT applications requiring extensive coverage and economical communi-
cation solutions. These networks operate in unlicensed frequency bands, significantly
reducing operational costs and utilizing efficient communication protocols that allow
devices to consume less energy when transmitting data [51,52]. Additionally, LPWAN
solutions offer bidirectionality and the ability to establish public or private networks,
providing flexibility and better adaptability to the specific needs of wearable-based mon-
itoring systems. Each LPWAN access point or gateway can support thousands of end
nodes over several kilometers, reducing implementation and maintenance expenses. This
makes LPWAN architectures particularly suitable for applications in areas where traditional
communication infrastructures are limited or costly to deploy [7].

In addition to the technological advancements in sensors and communication net-
works, the effectiveness of FDSs heavily relies on the algorithms implemented to process
the data collected by wearable devices. These algorithms are designed to accurately identify
falls by analyzing patterns in the inertial signals, such as acceleration, angular velocity,
and orientation changes. Various algorithms, including threshold-based methods and
machine-learning techniques, have been developed to enhance the accuracy and reliability
of fall detection. Threshold-based methods (TBM) offer low computational complexity
and can be executed directly on wearable devices without needing important hardware
resources [6,8,16,26,34]. However, they may have severe limitations in distinguishing
falls from other conventional activities involving energetic or fast movements. On the
other hand, machine learning algorithms, including deep learning models, provide higher
accuracy but require more computational resources [28,34,36,53,54]. Hybrid algorithms,
which combine TBM and machine learning, leverage the advantages of both approaches
to improve detection performance and energy efficiency. For instance, Yuan et al. [55]
implemented a system using TBM for preliminary detection and GRU (Gated Recurrent
Unit) for final classification, optimizing both accuracy and power efficiency.

In addition to technological advancements in sensors and communication networks,
the effectiveness of FDSs largely depends on the algorithms implemented to process the
data collected by wearable devices. These algorithms are designed to accurately identify
falls by analyzing patterns in inertial signals, such as acceleration, angular velocity, and
changes in orientation. Various types of algorithms have been developed for this purpose,
each with its own advantages and limitations.
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Threshold-based methods (TBM), which are among the simplest and most widely
used, work by setting predefined limits on the inertial signals. When the data exceeds these
thresholds, a fall alert is triggered. These methods offer low computational complexity [56]
and can be executed directly on wearable devices without the need for significant hardware
resources [6,8,16,26,34]. However, TBM methods often struggle to distinguish falls from
other activities, leading to an increase in false positives and false negatives. Luque et al. [57]
compared four TBM algorithms and demonstrated that simultaneously avoiding both types
of errors is difficult. This is because the thresholds may be too sensitive, increasing false
positives, or not sensitive enough, increasing false negatives. Adjusting these thresholds to
find an optimal balance is complex and does not always guarantee consistent performance
across all users and contexts.

On the other hand, machine learning algorithms have emerged as a powerful alter-
native to improve fall detection accuracy. These algorithms analyze large volumes of
historical data to identify complex patterns and features that indicate a fall, allowing them
to offer higher accuracy than threshold-based methods [28,34,36,53,54]. Among them, deep
learning models, such as Convolutional Neural Networks (CNN) and Long Short-Term
Memory (LSTM), have proven particularly effective in fall recognition by capturing tempo-
ral dependencies in inertial signals. Salah et al. [36] developed an edge artificial intelligence
FDS, achieving 95.55% accuracy using CNN and 96.78% with LSTM. However, this higher
accuracy comes at a cost, as machine learning algorithms often require more computational
resources [58], which can be challenging for wearable devices with limited processing and
power capabilities.

To address the limitations of both approaches, hybrid algorithms have been developed
that combine the strengths of TBM and machine learning. These systems typically use
threshold-based methods for preliminary fall detection, taking advantage of their low
energy consumption and then applying machine learning techniques for more detailed
and accurate classification. However, the reverse is also possible, where the output of a
Machine Learning or Deep Learning model is compared against a threshold to determine a
fall. Therefore, either method can be used in any order [59]. For example, Yuan et al. [55]
implemented a system that uses TBM for preliminary detection and GRU (Gated Recurrent
Unit) for final classification, optimizing both accuracy and energy efficiency. These hybrid
algorithms represent a trade-off between simplicity and accuracy but also introduce greater
complexity in the design and implementation of the system, as they require the integration
of multiple algorithmic components. While it is true that hybrid models face challenges
related to selecting an appropriate threshold, these challenges can be addressed, as shown
by Astriani et al. [60], who propose a method that not only relies on a simple threshold
but also incorporates multiple critical features such as weightlessness, impact, post-fall
immobility, and the comparison of accelerations before and after the fall. Additionally,
the use of ROC (Receiver Operating Characteristic) curves is implemented to adjust the
threshold dynamically, optimizing the balance between sensitivity and specificity [61]. The
use of LPWAN technology in wearable devices for FDSs and biomedical telemonitoring, in
general, is an ever-evolving area with noteworthy potential to enhance people’s quality of
life. It has clear advantages yet to be fully explored and evaluated compared to wearable
systems employing short-range, low-power communications to which the literature on
wearable FDSs has traditionally paid much more attention.

The primary aim of this review is to analyze and synthesize existing literature con-
cerning the use of LPWAN technologies in wearable devices for fall detection, considering
their benefits, limitations, opportunities for improvement, detection algorithms, and energy
efficiency. The research focuses on the wearable devices employed, the nature of the sensors,
and the algorithms that are implemented on the wearable to detect falls from the inertial
signals. The main contributions of this paper are detailed below:

e It provides an overview of FDSs using wearable devices and LPWAN technologies.
e It offers a detailed examination of the predominant algorithms used in fall detection
within the context of integrating LPWAN technologies.
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e It conducts a comprehensive analysis of the recent state of the art, covering studies
that implement LPWAN wearable technologies for fall detection and considers aspects
such as the wearable devices used, their placement on the body, the sensors, and
energy efficiency.

e Itevaluates performance parameters such as accuracy, sensitivity, and specificity in
different combinations of LPWAN technologies, detection algorithms, and sensors.

e [t presents a detailed discussion on emerging trends in applying LPWAN in fall
detection, as well as future research directions.

To systematically address these contributions, the paper begins by detailing the
methodology used to screen the relevant literature in Section 2. This is followed by an
overview of the most relevant LPWAN alternatives in Section 3. Next, Section 4 categorizes
and analyzes the selected studies. Section 5 discusses the implications of the findings, while
Section 6 summarizes the criticisms and limitations identified. Finally, Section 7 offers
recommendations for future research and practical applications, with Section 8 presenting
the main conclusions.

2. Methodology

This systematic review utilized the PRISMA (Preferred Reporting Items for Systematic
Reviews and Meta-Analyses) guidelines, making specific adjustments to focus on advanced
research concerning the use of LPWAN technologies in wearable devices for fall detec-
tion [62]. The methodological process consisted of the phases described in the following
subsections:

2.1. Phase 1: Identification Relevant Studies (Identification)
2.1.1. Definition of the Research Question

The research question was formulated to address the topic of interest precisely: “What
are the most commonly used LPWAN technologies in wearable devices for fall detection,
and what is the effectiveness of their application in terms of accuracy and efficiency?”.

2.1.2. Eligibility Criteria

For the selection of studies, eligibility criteria were established based on the following
aspects:

Inclusion

Full original articles published in peer-reviewed journals between 2010 and 2023.
Research addressing the application of LPWAN technologies in wearable devices for
fall detection.
Focus on evaluating the accuracy and effectiveness of technologies in fall detection.
Studies using inertial sensors combined with functional tests and /or daily life activities
for fall detection.

e  Articles that present the keywords defined in the search string in the abstract or title.

Exclusion

e  Duplicated records that appear in more than one database.

e  Papers not available in full-text format or not written in English.

e  Works published before 2010, the year of Sigfox technology conception.

e  Studies that do not present a prototype aimed at detecting falls and sending the

corresponding alarm.

e  Articles describing systems in which the alarm transmission technology does not
involve the use of LPWAN technologies.
Studies that do not include any type of evaluation of the developed prototype.
Records about fall detection architecture that, although incorporating the use of LP-
WAN standards, are not based on wearable devices.
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2.1.3. Information Sources

A comprehensive search for articles was conducted in renowned academic databases
such as IEEE Xplore, MDPI, Scopus, Google Scholar, and Web of Science. While Web
of Science was used to identify relevant articles, many of these were also available and
downloaded from primary sources, such as IEEE Xplore.

Our search focused on articles that appeared between 2010 and 2023. The year 2010
was chosen as it marks the founding of Sigfox, the first sensor network operator with a
large-scale market presence.

2.2. Phase 2: Selection of Relevant Studies (Screening)

Search and Selection of Studies

This section describes the process of searching and selecting relevant studies for the
systematic review. The process is divided into several stages, starting with the design
of the search string and finishing with the selection of studies that meet the established
eligibility criteria.

2.2.1. Search

The terms for the bibliographic search included combinations of keywords such as
("LPWAN" OR “Low-Power Wide-Area Network” OR “LoRaWAN” OR “LoRa” OR “Sym-
phony Link” OR “Sigfox” OR “NB-IoT” OR “LTE-M” OR “Ingenu RPMA” OR “Weightless
LPWAN" OR “MIOTY” OR “DASH?”) AND (“health AND fall” OR “elderly AND fall” OR
“fall detection” OR “fall detection” OR “fall tracker” OR “fall detector” OR “fall sensor” OR
“fall prevention” OR “fall monitoring”). These terms and logical operators, which are com-
patible with the search mechanisms commonly used in the databases, were alternatively
introduced in the academic databases to identify the related literature.

As mentioned above, the search covered articles published in 2010, when Sigfox [63,64],
the first widespread LPWAN technology, was created. However, significant research com-
bining LPWAN and FDSs began to emerge in 2018, marking the beginning of specialized
research in this specific area.

2.2.2. Title and Abstract Exploration

To evaluate the initial relevance of search results, a thorough examination of the titles
and abstracts was carried out. Studies that clearly did not fit the research topic were
discarded. Two researchers (M.L., E.C.P.) conducted independent reviews of the articles
based on the set eligibility criteria. A consensus approach was followed since no relevant
difference was found between the two independent analyses. Hence, no third reviewer
was required to complete this exploration.

2.2.3. Potentially Relevant Studies Selection

The studies selected in the previous phase were evaluated in detail to determine
whether they met the established inclusion criteria. Aspects such as focus on LPWAN
technologies, application in wearable devices, and fall detection were considered. Studies
that met these criteria progressed to the next stage.

2.3. Phase 3: Study Inclusion (Inclusion)

During this phase, the preselected studies were subjected to a comprehensive and
rigorous evaluation. Additional exclusion criteria were applied to ensure that only the
most pertinent studies were incorporated into the systematic review. The assessment also
included an evaluation of the methodologies employed by the studies.

This multi-phase approach to the search and selection of studies ensured the systematic
review was thorough and comprehensive, resulting in the inclusion of only the most
relevant and high-quality studies in the final analysis.
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Data Analysis and Quality Analysis of Articles

For the detailed synthesis of the selected studies, we employed several analysis

methods:

Classification of LPWAN technologies: Identifying and categorizing the LPWAN
technologies (LoRaWAN, Sigfox, NB-IoT) used in each study.

Sensor analysis: Evaluating the types of sensors (accelerometers, gyroscopes, magne-
tometers) and their placement on the body.

Detection algorithm performance: Analyzing the performance of detection algorithms,
focusing on accuracy, sensitivity, and specificity.

Characteristics of the evaluation samples: Review sample sizes and the number of
falls evaluated.

Energy consumption analysis: Comparing reported battery life and power consump-
tion of the devices.

Comparative analysis: Highlighting strengths, weaknesses, and key findings across
studies.

As mentioned above, the article selection process was divided into three fundamental

stages. Figure 1 presents a visual representation of the application of these stages in the
study selection process.s
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Figure 1. Proposed methodology: results of the screening for each stage in the bibliographic search.

Subsequently, in the third inclusion phase, a detailed review of the 25 retrieved reports

was conducted to determine their eligibility. Among these, five works were excluded: two
of them for not specifying the used fall detection algorithm, as well as three papers that
omitted basic information about the employed wearable device. As a definite result of
this three-stage process, 20 studies were preselected for inclusion in this review [6-8,11-
14,16,20,22,26-28,33,34,36,53,54,65,66].

148



Technologies 2024, 12, 166

3. Overview of the LPWAN Concept

LPWAN technologies are a set of wireless communication solutions which enable the
connection of low-power and cost-effective devices over long distances. These technolo-
gies are ideal for IoT and M2M (Machine-to-machine) applications requiring wide-area
connectivity and sporadic and small data transmission. Examples of such applications can
be found in the fields of environmental monitoring, asset tracking, smart agriculture, smart
cities, or healthcare, among others [50,67,68].

The main characteristic of LPWAN networks is the ability to connect devices that
require low power, enabling them to operate with batteries or even directly powered by
energy harvesting sources. This is possible because LPWAN networks employ efficient
communication protocols, which allow devices to consume less energy when transmitting
data [69]. Figure 2 illustrates a qualitative comparison among the different communication
technologies as a function of the energy efficiency and terminal and connection costs. In
this context, LPWAN stands out significantly.
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Figure 2. Comparison of energy efficiency with terminals and connection costs in various wireless
communication technologies. Source: [51,69].

Apart from their low energy consumption and long-range capabilities, LPWAN net-
works offer extensive coverage and low implementation costs. Each access point or Gateway
can support thousands of end nodes over several kilometers, thus favoring savings on net-
work implementation costs. This makes them particularly suitable for applications in areas
where traditional communication infrastructures are limited or costly to implement. IoT
applications requiring the transmission of small data payloads across extensive distances
while maintaining high energy efficiency are most ideally accommodated by LPWANSs [70].
The former operates on licensed frequencies and is designed to function within frequency
bands allocated for telecommunication services, leveraging existing infrastructures of mo-
bile networks. In this regard, the 3GPP (3rd Generation Partnership Project) standards
include several technologies that are meant for low-power, long-range, low-cost, and se-
cure IoT applications, including NB-IoT (Narrowband- Internet-of-Things), LTE-M (Long
Term Evolution for Machines), EC-GSM-IoT (Extended Coverage GSM for the Internet of
Things), and 5G (5th Generation). Contrariwise, the latter uses unlicensed frequency bands.
The so-called Industrial, Scientific, and Medical (ISM) radio bands are available for use
without the need to pay a subscription fee. Examples of non-cellular LPWAN technologies
include LoRaWAN and Sigfox. In the case of LoRaWAN, the technology can be employed
to create public or private networks by incorporating new base stations that are free of
license requirements [50,67].

In addition to their low energy consumption and long-range capacity, LPWAN net-
works are also characterized by their extended coverage and low implementation cost.
LPWAN access points or gateways cost much less than any equivalent cellular base station.
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Furthermore, an LPWAN gateway can support thousands of end nodes over several kilome-
ters, which remarkably decreases the network’s implementation and maintenance expenses.
This makes LPWAN architectures particularly suitable for applications in areas where
traditional communication infrastructures are limited or costly to deploy. Consequently,
IoT applications requiring transmission of small data payloads across extensive distances
(such as the medical alerts provided by FDSs) while maintaining high energy efficiency are
most ideally accommodated by LPWANS [51].

Comparison of Most Popular LPWAN Technologies

The primary LPWAN technologies commonly employed in IoT applications comprise
NB-IoT, LoRaWAN (Long Range Wide Area Network), and Sigfox (no relevant studies on
FDSs using other LPWAN standards [47], such as Ingenu RPMA [Random Phase Multiple
Access], Dash7 or Weightless LPWAN, was found). In contrast with Sigfox and LoRaWAN,
NB-IoT is more focused on offering higher bandwidth and better coverage in urban areas
with high node density at the cost of higher consumption and a more sophisticated protocol
stack. Compared to Sigfox, LoRaWAN stands out for its greater capacity to transmit
packets daily, long-lasting battery life, and lower operational costs. On the other hand,
Sigfox provides a close, proprietary solution with a global network exclusively dedicated to
IoT [47]. As in the case of traditional mobile telephony operators, Sigfox typically operates
on a subscription-based model, according to which users can deploy their corresponding
sensing nodes in an area covered by Sigfox gateways and pay for the connectivity services
provided by the Sigfox network.

Table 1 provides a general comparison of these technologies, detailing aspects such as
employed band, modulation, range, data rate, bidirectionality, energy consumption, and
standardization.

Table 1. Summary of LPWAN Technologies: LoRaWAN, NB-IoT, and Sigfox [47,51,52].

Features LoRaWAN NB-IoT Sigfox
Range 5 km (urban), 1 km (urban), 10 km (urban),
8 20 km (rural) 10 km (rural) 40 km (rural)
Bidirectional Yes /half-duplex Yes /half-duplex Limited /half-duplex
Unlicensed ISM band (915 MHz Unlicensed ISM band (868 MHz
Frequency in North America, 433 MHz in Licensed LTE frequency in Europe, 915 MHz in North
Asia, 868 MHz in Europe) America, 433 MHz in Asia)

Modulation CSS QPSK BPSK

Maximum Bit Rate

(“on-the-air”) 50 kbps 250 kbps 100 bps

Sigfox collaborates with ETSI on
Standardization LoRa Alliance 3GPP Sigfox-based network
standardization

TX (Transmission)

power 28 mA 74-220 mA 10-50 mA
consumption
RX (Reception) power 105mA 46 mA 10 mA
consumption
Sleep mode power 1A 3UA 6 LA

consumption

Acronyms: CSS (Chirp Spread Spectrum), QPSK (Quadrature Phase Shift Keying), BPSK (Binary Phase Shift
Keying), TX (Transmission), RX (Reception), ISM (Industrial, Scientific, and Medical radio bands), 3GPP (Third
Generation Partnership Project), ETSI (European Telecommunications Standards Institute).

LoRaWAN and Sigfox are well-suited for IoT applications demanding extensive cov-
erage and economical communication solutions. As aforementioned, these technologies
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operate in unlicensed frequency bands, which results in a significant reduction of opera-
tional costs. In addition, both architectures are based on extremely simple communication
protocols with minimal handshakes, greatly simplifying their implementation in devices
(such as wearables) with heavily limited hardware resources. As for the maximum data
transfer rate, LoORaWAN offers up to 50 kbps, whereas Sigfox only provides up to 100 bps,
rendering them suitable options for low-speed data applications (such as FDSs, which only
require sending medical alerts with little data). Nevertheless, it is important to highlight
that LoRaWAN may enable bidirectional or half-duplex communication, while Sigfox has
more constraints regarding packet exchange rate between the end nodes and the gateways.
On the other hand, the NB-IoT standard [47] offers superior performance with speeds
of up to 250 kbps, although it uses licensed frequencies, which may require additional
costs and regulatory challenges. In terms of energy consumption, LoRaWAN stands out
for its efficiency, consuming 28 mA during transmission and 10.5 mA during reception.
Conversely, NB-IoT transceivers, despite their superior performance, exhibit higher energy
consumption, ranging from 74 to 220 mA during transmission and 46 mA during reception.
Sigfox, on the other hand, offers moderate energy consumption, ranging from 10-50 mA
during transmission and 10 mA during reception.

In summary, LoRaWAN and Sigfox are ideal for IoT applications that need wide cov-
erage, cost-effective communication, and energy efficiency, albeit they present limitations
in data speed. Conversely, NB-IoT offers superior performance at the expense of higher
costs, regulatory challenges, and increased energy consumption.

4. Analysis of Selected Studies

This section presents a comprehensive analysis of the selected studies for this system-
atic review. Key aspects such as the LPWAN technologies used, the sensors employed, the
placement of wearable devices on the body, and the fall detection algorithms implemented
are examined.

4.1. Selected Studies

Table 2 summarizes the articles reviewed, showing author(s), title, type, location,
LPWAN technology, application, and sensors employed in each article.

Table 2. Papers Included in the Systematic Review.

Ref. Year LPWAN Technology * Sensor **
Escriba et al. [20] 2018 Sigfox Accelerometer
Patel et al. [14] 2018 LoRaWAN Accelerometer
Valach et al. [12] 2018 LoRaWAN Accelerometer
Manatarinat et al. [22] 2019 NB-IoT Accelerometer and gyroscope
Pena Queralta et al. [53] 2019 LoRaWAN Accelerometer, gyroscope and magnetometer
Scheurer et al. [65] 2019 LoRaWAN Accelerometer
Cai et al. [54] 2020 NB-IoT Accelerometer and gyroscope
Chang et al. [8] 2020 LoRaWAN Accelerometer, gyroscope and IR (Infrared)
Huynh et al. [6] 2020 LoRaWAN Accelerometer, gyroscope and magnetometer
Lachtar et al. [11] 2020 LoRaWAN Accelerometer, gyroscope and magnetometer
Zanaj et al. [7] 2020 LoRaWAN Accelerometer, gyroscope and magnetometer
Liu et al. [28] 2021 NB-IoT Accelerometer, gyroscope and magnetometer
Lousado et al. [13] 2021 LoRaWAN Accelerometer
Fan et al. [27] 2022 NB-IoT Accelerometer and gyroscope
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Table 2. Cont.

Ref. Year LPWAN Technology * Sensor **
Lietal. [16] 2022 LoRaWAN Accelerometer and gyroscope
Qian et al. [26] 2022 NB-IoT Accelerometer and gyroscope
Salah et al. [36] 2022 LoRaWAN Accelerometer
Wong et al. [33] 2022 LoRaWAN Accelerometer, gyroscope and magnetometer
Wu et al. [34] 2022 NB-IoT Accelerometer and gyroscope
Pierleoni et al. [66] 2023 NB-IoT Accelerometer, gyroscope and magnetometer

Notes: * LPWAN technologies include Sigfox, LoRaWAN (which also includes studies using LoRa), and NB-IoT,
which are used for long-range, low-power wireless communication. ** Sensors mentioned include accelerometers
(triaxial acceleration), gyroscopes (triaxial angular velocity), magnetometers (magnetic field), and IR sensors
(infrared radiation). Some measurements (such as orientation), also used by certain FDSs, can be computed from
the signals captured by the inertial sensors.

4.2. Selection of the LPWAN Technology

Among the various types of LPWAN used in biomedical telemonitoring for fall de-
tection, LoORaWAN and NB-IoT emerge as the most prominent standards. LoRaWAN
leads in preference with a total of 12 implementations, closely followed by NB-IoT with 7.
Additionally, Sigfox is employed in a single study. These findings are visually summarized

in Figure 3.
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Figure 3. Distribution of LPWAN technologies used in studies of wearable fall detectors.

LoRaWAN and NB-IoT dominate the landscape of fall detection due to their balance
of range and energy efficiency. However, the limited adoption of Sigfox, with only one
study recorded, highlights its drawbacks. Its high latency and sensitivity to environmental
conditions make it less suitable for critical applications such as fall detection [71].

4.3. Comparative Insights on LPWAN Technologies

Table 3 presents a comparative analysis of various studies on LPWAN technologies
used in FDSs. This table highlights the main conclusions and limitations of each technology
in the reviewed articles, providing a comprehensive overview of their application in health
and safety monitoring for older adults.

The reviewed articles reveal key patterns regarding the conclusions and limitations
of each LPWAN technology. The studies consistently indicate that Sigfox, while effective
for low-power data transfer and suitable for fall detection, is limited by its low data rate
and sensitivity to environmental conditions [20]. LoRaWAN stands out for its long-range
communication capabilities and low power consumption. In fact, LoRaWAN is the most
frequently used technology due to its operation in unlicensed frequency bands, which
makes it a cost-effective option. However, the studies also agree that LoRaWAN can face
network reliability issues, particularly in public networks and environments with physical
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obstacles [6-8,11-14,16,33,36,53,65]. NB-IoT, on the other hand, offers wide coverage, the
ability to handle multiple connections, and low power consumption, making it suitable
for health monitoring applications. The primary limitations of NB-IoT, according to the
studies, relate to network coverage variability and potential data loss due to environmental
interference [22,26-28,31,34,54]. Table 4 provides a summary of the performance of LPWAN
technologies in fall detection across various environmental conditions (e.g., rural areas or
environments with physical obstacles like cities with high building density) and mobility
scenarios.

Table 3. Comparative Insights on LPWAN Technologies in Fall Detection Systems.

Ref.

Contribution

Conclusions on
LPWAN Technology

LPWAN
Limitations

Outcome

Development of a

A low data rate limits
the amount of

The system effectively used
Sigfox for low-power data

. Sigfox is effective for information transfer, with the patch
smart wearable active . L
atch for elderly health low-power data transmitted; maintaining
Escriba et al. [20] preven tion. utilizin transfer and suitable communication is communication reliability
p. ! g for fall detection and affected by in 67.92% of tested
Sigfox for fall detection . . o .
and GPS tracking geolocation. environmental positions, validating its
’ conditions and device capability for fall detection
location. and location tracking.
Development of a The system demonstrated
p LoRaWAN can extract high performance with

Patel et al. [14]

LoRaWAN-based
system for real-time
monitoring of vital
signs and fall detection,
with alerts sent via
LINE application.

data from weak signals
in noisy environments,
which is useful for
delivering critical
medical data.

No specific limitations
are commented.

LoRaWAN, achieving 100%
sensitivity, 96.93% accuracy,
94.25% specificity, and
91.38% predictability,
ensuring reliable
transmission of fall alerts.

Valach et al. [12]

Research on the
feasibility of using
LoRaWAN in
healthcare IoT devices,
focusing on energy
optimization and
transmission reliability.

LoRaWAN is suitable
for long-distance data
transmission with low
power consumption
and is useful for patient
location and
monitoring vital signs.

The LoRaWAN
connection was
unreliable when the
end node was on the
ground during tests.

LoRaWAN showed
reliability issues in fall
detection when the end
node is near the ground;
using Arduino Pro Mini is
suggested to reduce energy
consumption.

Manatarinat et al.
[22]

Development of an
NB-IoT-based system
for elderly healthcare,
enabling automatic fall
detection and alerts via

NB-IoT is suitable for
health monitoring
applications, providing
efficient low-power
communication with

No specific limitations.

Reliable fall alert
communication and
patient location using
NB-IoT, ensuring
immediate medical
response. Achieved low
latency and dependable

Pena Queralta et al.
(53]

the LINE application. wide coverage. alert delivery, with reliance
on an NB-IoT operator for
network functionality.

Developed and L?;{Ii‘ifsviﬁNolS Son to The AIDE-MOI system

technically validated P & °p demonstrated significant

the AIDE-MOI fall
detection algorithm
using real-life data
from older adults,
utilizing LoRaWAN for
effective long-range,
low-power
communication.

overcome the
limitations of
traditional network
infrastructures in
remote health settings,
providing
long-distance,
low-power data
transmission.

LoRaWAN cannot
support high data rate
applications due to
limited transmission
bandwidth.

improvement with
LoRaWAN, achieving a
sensitivity of 80% and a
specificity of 99.9978%,
ensuring reliable and
efficient fall detection and
data transmission in
real-life environments.
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Table 3. Cont.

L. Conclusions on LPWAN
Ref. Contribution LPWAN Technology Limitations Outcome
Developed and
technically validated
the AIDE-MOI fall LoRaWAN is used for EgiAi?)]IE{al\\//[V?AII\SI}:;E?;ve 4
detection algorithm long-range, low-power o g roral
. . > e e er 80% sensitivity and
using real-life data communication, No specific limitations

Scheurer et al. [65]

from older adults,
utilizing LoRaWAN for
effective long-range,
low-power
communication.

allowing data
transmission over
several kilometers.

are commented.

99.9978% specificity,
ensuring reliable fall
detection and efficient data
transmission.

Cai et al. [54]

Developed a
GBDT-based fall
detection system using
comprehensive data
from posture sensors
and human skeleton
extraction, utilizing

NB-IoT provides wide
coverage, multiple
connections, low speed,
and low power

No specific limitations
are commented.

The system, using NB-IoT,
achieved an 12 score of
0.878 on a fused dataset
and 95% accuracy,
demonstrating reliable and

Chang et al. [8]

NB-IoT for effective consumption. low-latency data
data transmission to a communication.
cloud server for

analysis.

This study proposes an ~LoRaWAN-based

intelligent assistive
system for visually
impaired individuals
using smart glasses and
a smart cane connected

intelligent assistive
system for aerial
obstacle avoidance and
fall detection for
visually impaired

Dependence on public
LoRaWAN network
coverage, which can
vary based on
geographical location

The system effectively uses
LoRaWAN to transmit fall
alerts, achieving
long-distance coverage and
low latency. The
integration of both devices

Huynh et al. [6]

via BLE, with people shows high and network reduced false alarms
LoRaWAN for reliable  accuracy and infrastructure achievine an overall !
fall detection and alert ~ long-range availability. & o

- > accuracy rate of 94.56%.
transmission. communication.

LoRaWAN technology

Develops a
LoRaWAN-based advantages of The system demonstrated a

system for activity
assessment and fall
detection at home,
using low-cost inertial
sensors and a cloud
platform for data
analysis and emergency
notifications.

long-range capabilities
and low power
consumption.
Wearable devices can
operate 2-10 km from a
LoRaWAN base station
with an optimized
battery life of one week
between charges.

No specific limitations.

high specificity of 100% in
fall detection during
approximately 200 h of
normal activities, proving
the effectiveness of using
LoRaWAN for reliable data
transmission and
emergency alerts.

Lachtar et al. [11]

Proposes a monitoring
architecture using
LoRaWAN and MQTT *
for fall detection in
elderly people within a
smart city
environment.

LoRaWAN technology
is used for long-range,
low-power
communication in a
smart city environment,
effectively robust and
efficient for elderly
monitoring.

Reliance on public
LoRaWAN network
coverage, which can
fluctuate based on
geographic location
and available
infrastructure.

The system demonstrated
efficient long-range
communication with
LoRaWAN, covering an
average area of 6 km? with
minimal packet loss,
making it suitable for
smart cities.
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Table 3. Cont.

L. Conclusions on LPWAN
Ref. Contribution LPWAN Technology Limitations Outcome
LoRaWAN is an
attractive and
promising technology

Zanaj et al. [7]

Proposes a wearable
fall detection system
integrated into shoes,
using LoRaWAN for
long-range, low-power
communication and
MQTT for alert
notifications.

for health and wellness
monitoring, enabling
long-range
communication with
low battery
consumption. It has
been demonstrated to
be effective for
long-term use and
reliable coverage with a
single gateway.

Packet loss can occur
due to obstacles
affecting the connection
between the end node
and gateway.

Demonstrated efficient
data transmission with a
95% success rate in various
environments. The system
operates for approximately
23 h on a 500 mAh battery,
proving LoRaWAN's
viability for fall detection.

Liu et al. [28]

Proposes a wearable
fall detection system
utilizing a 1D CNN

deep learning model

NB-IoT is key for data
transmission and alerts
in a successful fall

Lack of NB-IoT service
coverage can cause
interference and data
loss due to variability

The system demonstrated a
fall detection accuracy of
98.85%, with a sensitivity
of 98.86% and specificity of

and NB-IoT detection svstem based in signal quality across ~ 99.84%, highlighting the
communication to send on 1D CNliT] different geographical  effectiveness of using
alerts and GPS data to ’ environments and NB-IoT for reliable data
the cloud. network conditions. transmission and fall alerts.
Demonstrated high

Proposes a T, predictive accuracy

. LoRaWAN offers an Variability in o !
Zﬁztr_eff_eecfgzieén ¢ effective and low-cost LoRaWAN public g)ng!stﬁ)elf(;;if;icl:gg falls
monzigt};rin system for solution for monitoring  network coverage, showcasing the Viabilit of
elderl inciigiv?duals the health and home which may be usin, LoRagWAN for !

Lousado et al. [13] oy conditions of elderl insufficient in certain ’) .

using LoRaWAN and Y reliable and continuous
The Things Network people, especially in geographical areas due monitoring of elderly

(TTN) for long-range
communication and
data processing.

remote areas with
limited mobile network
coverage.

to uneven
infrastructure
availability.

individuals” health and

movement in areas with
limited mobile network
coverage.

Fan et al. [27]

Design and
development of a
low-power wearable
fall detection device for
the elderly using
NB-IoT technology,
capable of remote
positioning, tracking,
fall detection, and
one-touch emergency
calls.

NB-IoT communication
is of paramount
importance for the
successful
implementation of this
fall detection device for
the elderly, providing
an effective solution for
monitoring elderly
safety and reducing
caregiving pressure on
family members.

No specific limitations.

The device demonstrated
effective fall detection in
different directions during
simulated tests. GPS
positioning accuracy
showed that 94% of the
time, the positioning error
was within 20 m,
validating the device’s
capability for precise
location tracking using
NB-IoT technology.
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Table 3. Cont.

o Conclusions on LPWAN
Ref. Contribution LPWAN Technology Limitations Outcome

Design and
development of an
emergency . The device achieved a fall
communication system xljv?’:l{laz}\{:nf\,e (l:(;lrgblrilfld Communication loss detection rate of over 85%
for elderly people enhances the PP8 rate of 2% at distances  in simulated tests. The
living alone, using communication quality P © 1800 m due to average communication

. LoRaWAN technology . ! Y electronic interference, latency was 9.5 s, and the

Li et al. [16] ) and efficiency of . . .

for long-range, emergency svstems physical obstacles, and  effective communication
low-power gency sy simulated distance reached 1800 m,

monitoring the elderly,

Qian et al. [26]

communication, along facilitating remote environmental validating the efficiency of
with a fall detection atng conditions. LoRaWAN for emergency
. monitoring. -

algorithm based on the communication systems.
channel hopping
strategy.

. NB-IoT, combined with The system demonstrated a
Design and

development of a
wearable fall detection
system combining
MEMS * sensors and
NB-IoT, capable of

MEMS sensors and a
multilevel threshold
algorithm, provides an
efficient, low-power
solution for real-time

Signals are sensitive to
the environment, and
disturbances and noises

fall detection accuracy of
94.88%, sensitivity of
95.25%, and specificity of
94.5% in experimental tests.
This validates the

Salah et al. [36]

. . . . fall detection that is effectiveness of the
integrating with public . . . can cause system faults.
suitable for integration NB-IoT-based system for
health systems for - . . .
. . with public real-time fall detection and
real-time monitoring - . L
. communication location tracking in elderly
and timely rescue. ..
networks. individuals.
The device achieved a
LoRaWAN technology, 95.55% accuracy in fall
used with edge Al, Communication range  detection using a

Design of a fall
detection system based
on Edge artificial
intelligence, combining
a microcontroller and
LoRaWAN

enables long-range,
low-power
communication,
making it suitable for
real-time fall detection

decreases when
moving from a direct
line of sight to a
non-line of sight due to
obstacle interference,

convolutional neural
network (CNN). Local
inference reduced latency
and improved energy
efficiency, with a battery

communication systems with high affecting system life exceeding 53 h and a
' accuracy and low performance. communication range of
latency. up to 180 m in line-of-sight
using LoRaWAN.
The system accurately
LoRaWAN technology detected falls in various
. is highlighted for its scenarios with set
dD:tSelftriloifsa ia’lclelm based low power Communication can be thresholds, demonstrating
on LoRaW/};N consumption, reduced affected by obstacles reliable performance in
communication operational costs, and olectrical Zn dma ne’tic both indoor and outdoor
o ! flexible data ) & environments. The
Wong et al. [33] optimizing fall .. interferences, leading
detection accuracy transmission rate, to system instability LoRaWAN protocol
. . making it the best . ensured stable signal
while reducing costs by . and data transmission .
option for transmission up to 318 m

eliminating the need
for mobile phones.

long-distance
communication in
emergency situations.

issues.

with minor obstructions,
proving its effectiveness for
long-range
communication.
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Table 3. Cont.

el e Conclusions on LPWAN
Ref. Contribution LPWAN Technology Limitations Outcome
Design and NB-IoT, combined with ZEZE:S?;IE gfe;(l;)lr;ftfiﬁd
development of a fall MEMS sensors and a the thresh }1 dm t.h Od an. dg
detection module based ~ GRU-based algorithm, © Lresho eHo

Wu et al. [34]

on NB-IoT technology
and MEMS systems,
capable of collecting
acceleration and angle
data and transmitting it
for precise fall analysis.

provides an effective,
low-power solution for
real-time fall detection,
suitable for
long-distance data
transmission.

No specific limitations.

92.9% with GRU. Data was
successfully transmitted
via NB-IoT, enabling alerts
to be sent to family
members and rescue
centers in the event of a
detected fall.

Pierleoni et al. [66]

Design and
development of a
comprehensive
architecture for
Ambient Assisted
Living (AAL) scenarios,
incorporating a
cross-protocol proxy
for seamless
communication
between different IoT
protocols and a
wireless wearable fall
detection device based
on LPWAN
technologies such as
NB-IoT.

NB-IoT, used in
combination with
CoAP * and MQTT,
provides an efficient
and reliable
communication
solution for wearable
fall detection devices,
ensuring low latency
and high throughput.

Latency issues due to
network congestion
and packet loss
requiring
retransmissions, with
latency averaging 0.4 s
and occasional peaks
up to10s.

The system demonstrated
low latency (approx. 0.4 s)
and high reliability in
transmitting fall detection
alerts using NB-IoT and
MQTT. The proxy
improved interoperability,
and the wearable device
showed a high success rate
in fall detection and
alerting in an AAL
environment. The packet
loss rate was slightly above
0.1%, with recovery
through retransmissions.

* Acronyms: CoAP (Constrained Application Protocol), MQTT (Message Queuing Telemetry Transport), MEMS
es Micro-Electro-Mechanical Systems.

Table 4. Performance of LPWAN Technologies in Fall Detection According to Environmental Condi-
tions and Mobility Scenarios.

Environmental User Mobility
Technology Conditions Scenarios Reference
Sensitive to environmental Suitable for low mobility applications where
Sigfox conditions; ideal for rural data transmission is not continuous and can [20,71]
environments tolerate delays.
May face reliability issues in Ideal for urban and rural applications with
LoRaWAN environments with physical hmlte~d to moderate mobility due to its [6-8,11-14,16,33,36,53,65,71]
obstacles; offers good combination of long-range and low-power
interference resistance consumption.
Can beafected by network 8 b ety n ot
NB-IoT coverage variability and & y [22,26-28,34,54,66,71]

transmission are required, making it ideal for

i 1 interf o - .
environmental interference critical applications such as fall detection.

There is no perfect option for fall detection applications requiring immediate and
reliable message delivery. Sigfox is suitable for situations where latency is not critical,
and energy efficiency is prioritized. NB-IoT, with its low latency and high reliability, is
ideal for critical applications in urban environments. LoRaWAN offers a good balance
with its combination of long-range, low-power consumption, and better average latency,
making it versatile for various environments. It is crucial to consider the specific needs
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of the application and the conditions of the environment when choosing the appropriate
technology for fall detection.

4.4. Employed Sensors

Within the field of biomedical telemonitoring for fall detection, Inertial Measurement
Unit (IMU) sensors are predominantly used to feed detection algorithms that identify
falls. These IMU sensors include accelerometers, gyroscopes, and magnetometers, which
are employed in various combinations across the reviewed studies (see Figure 4). The
most prevalent combination is the use of accelerometer, gyroscope, and magnetometer,
employed in 7 studies (35%). The combination of accelerometer and gyroscope is used in 6
studies (30%), while another six studies (30%) rely solely on the accelerometer for detection.
Finally, in one case (the work by Chang et al. [8]), the use of accelerometer and gyroscope
is complemented by an infrared sensor located in a second wearable (a pair of glasses).

@ Accelerometer, @ Accelerometer and [ Accelerometer [ Accelerometer,
gyroscope and  gyroscope gyroscope and IR
magnetometer

Figure 4. Types of sensors used in the selected articles.

Although IMU sensors, such as accelerometers, gyroscopes, and magnetometers,
are widely used in wearable devices with LPWAN technology for fall detection, the sys-
tem’s lack of integration of additional sensors, such as a barometer, limits accuracy. As
highlighted by Pierleoni et al. [31], the inclusion of a barometer could provide valuable
information on altitude changes during a fall, improving detection reliability. The almost
exclusive reliance on inertial sensors, with only occasional use of infrared sensors, sug-
gests a missed opportunity to address more complex scenarios and enhance fall detection
accuracy.

4.5. Location of the Wearable Device

The location of the wearable device is a crucial factor for accurate fall detection
in LPWAN-based systems. Ozdemir [39] study highlights that sensor placement can
significantly influence readings and the system’s ability to differentiate between normal
movements and fall events. According to the study, average accuracies based on the
sensor’s location on the body vary considerably. The waist region is identified as the best
position, with an average accuracy of 98.42% for six machine learning algorithms. The thigh
sensor follows with an accuracy of 97.89%, and the ankle with 97.00%. On the other hand,
the head, with an accuracy of 96.61%, and the chest, with 96.50%, also show good results.
Wrist sensors have the lowest performance, with an average accuracy of 94.92%. These
findings underscore the importance of carefully selecting the device’s location to optimize
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fall detection. Table 5 presents the selected locations for wearable device placement in the
LPWAN:-based FDS under analysis.

Table 5. Location of the Wearable Device.

Reference Device Position
Huynh et al. [6] Waist or wrist
Zanaj et al. [7] Foot (shoes)

Lachtar et al. [11] Cane
Lousado et al. [13] Backpack
Escriba et al. [20] Back
Qian et al. [26] Wrist
Fan et al. [27] Wrist
Wu et al. [34] Waist
Liu et al. [28] Waist
Wong et al. [33] Chest
Scheurer et al. [65] Back, abdomen, or chest
Pierleoni et al. [66] Ankle or shoe

Note: “Cane” refers to a walking stick used as an assistive device.

The studies presented in Table 5 highlight the diversity of locations used for wearable
devices in fall detection. The selection of the device’s location should consider both
detection accuracy and user comfort and acceptance. Additionally, it is important to
consider that different activities and contexts can influence the effectiveness of the sensor’s
location, suggesting the need to customize the device placement according to the user’s
individual needs. Comparing these results with Ozdemir [39] findings, the accuracy on the
wrist reported by Qian et al. [26] (94.88%) approximately corresponds. The accuracy on the
waist reported by Liu et al. [28] (98.85%) also aligns significantly. In summary, the waist can
be considered a reasonable location for a wearable fall detection device. This position not
only offers high accuracy but is also close to the body’s center of gravity, allowing for more
precise detection of changes in body movement while minimizing interference with the
user’s daily activities. Although wrist devices are more comfortable and socially acceptable,
similar to a conventional watch, specific arm movements can affect fall detection accuracy.
On the other hand, placing the sensor on the back, abdomen, or chest, as indicated by
Scheurer et al. [65], does not significantly affect fall detection effectiveness but may hamper
ergonomics. Other locations, such as inside footwear or on a cane, aim to maximize comfort
but at the cost of a lower accuracy of the detector.

4.6. Employed Detection Algorithms

The accuracy of fall detection in biomedical telemonitoring settings greatly relies on
the detection algorithm, the “intelligence core” in charge of identifying anomalous mobility
patterns from the gathered signals. However, evaluating their performance and comparing
the selected studies according to a common evaluation framework becomes complex due
to the significant differences in the test conditions (methodology, participants, use of fake
falls, etc.) considered by the authors to validate their proposal.

In any case, a summary of outcomes from the relevant studies is presented in Table 6.
In the second column, the table indicates the type of algorithm used to identify the falls.
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Table 6. Summary of Performance Metrics of Fall Detection Algorithms.

Aleorithm Sample Size No. of
Reference "l% o* Accuracy Sensitivity Specificity Sensor (Number of Evaluated
yp Participants) Falls
Accelerometer,
Huyr[16}; etal ni. 96.3% 96.2% gyroscope and 10 ni.
magnetometer
Accelerometer,
Chang et al. [8] 98.3% n.i. n.i. gyroscope and 3 150
Thresholding IR (Infrared)
policies
Li etal. [16] 85% ni. ni. Accelerometer 6 500
and gyroscope
. . Accelerometer . .
Wu et al. [34] 90.1% n.i. n.i. n.i n.i.
and gyroscope
Qian et al. [26] 94.88% 95.25% 94.5% Accelerometer 20 400
and gyroscope
Salah et al. [36] K_.NN (15 78.64% 81.07% 76.57% Accelerometer 24 1798
neighbors)
Salah et al. [36] K._ NN (5 79.11% 80.06% 78.21% Accelerometer 24 1798
neighbors)
Salah et al. [36] 95.55% 95.1% 94.86 Accelerometer 24 1798
CNN Accelerometer,
Liu et al. [28] 98.85% 98.86% 99.84% gyroscope and 35 1798 and 288
magnetometer
Salah et al. [36] 96.78% 97.87% 95.21% Accelerometer 24 1798
LSTM Accelerometer,
Pena Queralta 91.90% 95.3% n.i. gyroscope and 54 647
etal. [53]
magnetometer
Salah et al. [36] SVM 82.27% 87.21% 78.48% Accelerometer 24 1798
Wu et al. [34] GRU 92.9% n.i. n.i. Accelerometer n.i. n.i.
and gyroscope
GBDT Accelerometer
Cai et al. [54] (Acceleration 89.2% n.i. n.i. and evroscope 10 n.i.
Dataset) 8y P

* Acronyms: CNN (Convolutional Neural Network), GBDT (Gradient Boosting Decision Tree), GRU (Gate
Recurrent Unit), k-NN (K-Nearest Neighbors), LSTM (Long Short-Term Memory), n.i. (not indicated by the
authors), SVM (Support Vector Machine).

The table shows that there are examples of the three families of algorithms typically
considered to address the problem of fall detection in wearable systems: from simple
thresholding strategies (which assume that a fall occurs when certain measurements—or
combinations of measurements—received from the sensors exceed certain critical values)
to machine learning algorithms (such as k-Nearest Neighbor, Support Vector Machine,
Decision Trees, etc.) and deep learning models (such as convolutional or recurrent neural
networks) [72].

To characterize the effectiveness of the classifier, the table also includes some basic
performance metrics reported by the authors: accuracy (percentage of total movements
that are correctly identified), sensitivity (ratio of falls properly detected), and specificity
(ratio of non-falls or ADLs- Activities of Daily Living- that are adequately interpreted).

Table 6 illustrates that, for the prototypes under study, the best results are those ob-
tained with CNNs. Liu et al. [28] conducted a study using CNN in combination with
measurements provided by accelerometers, gyroscopes, and a magnetometer alongside
NB-IoT technology, achieving an accuracy of 98.85%, a sensitivity of 98.86%, and a speci-

160



Technologies 2024, 12, 166

ficity of 99.84%. They utilized the SisFall [73] and Mobifall [74] datasets for training and
validating their models, ensuring a comprehensive evaluation of fall detection accuracy.
In a similar approach, Salah et al. [36] also implemented a detector using CNN and Lo-
RaWAN technology but only leveraging the data from an accelerometer. The prototype
achieved an accuracy of 95.55%, a sensitivity of 95.1%, and a specificity of 94.86%. Another
algorithm of significant relevance is the LSTM. According to Salah et al. [36], this algorithm
reached an accuracy of 96.78%, a sensitivity of 97.87%, and a specificity of 95.21% when
employing an accelerometer sensor. It is worth noting that these models were also trained
and validated with the SisFall dataset [73,75], providing a robust framework for evaluating
the performance. These results emphasize the high potential of these algorithms for fall
detection within this context.

At this point, it should be noted that many works on FDSs with wearable devices do
not analyze in detail (or directly ignore) certain operational aspects of great relevance for the
practical implementation of these architectures. Among these aspects, one can mention the
consumption of battery, memory, and computational resources that the detection algorithms
themselves demand in the wearables, which usually have significant hardware limitations.

In this context, there is a consensus on the idea that simpler algorithms, such as those
based on thresholds or some machine learning solutions [76,77], require fewer resources
than those based on deep learning. In some works, such as Lampoltshammer et al. [78],
it is proposed to implement a very simple mechanism in the wearable (e.g., based on
a simple threshold for the acceleration module), so that when a fall is suspected, the
inertial signals (collected over a certain period) are sent to an external point with higher
computational power for a more detailed analysis based on more complex algorithms.
However, this approach may require frequent transmissions from the wearable, which can
be counterproductive from an energy perspective (and impractical if LPWAN solutions with
limited available bandwidth are used). Few works, such as the RNN presented by Musci
et al. [79] or the Tiny CNN described by Yu et al. [41], consider a careful and optimized
design of the deep learning algorithm for its implementation on low-power embedded
devices. Regarding memory consumption, the recent work by Fernandez-Bermejo et al. [80]
highlights the importance of minimizing the parsimony of the models used (i.e., the number
of parameters that they require) to facilitate their implementability.

As for the sensor, the accelerometer is the least demanding in terms of energy and
the most used in the literature for motor rehabilitation [81], so it is not surprising that
most proposals are based on measuring acceleration. In this sense, the sampling rate can
affect consumption. A sampling rate above 20 Hz increases recognition accuracy in HAR
systems by just 1% while this quality metric stabilizes beyond 50 Hz [82]. Therefore, a
sampling rate of 50 Hz is considered more than sufficient [83]. In some work, it has been
proposed to adaptively modify the frequency to the user’s activity. Hence, during low
activity situations, the frequency could be reduced to a minimum to moderate consumption
and augmented when greater mobility is detected. However, this scheme, apart from
increasing the complexity of the detector, may cause false negatives if the fall occurs from a
stationary or low-movement position.

On the other hand, deep learning can benefit from the ability to work with raw signals
in the time domain without needing to perform sophisticated operations to extract features.
For example, Casamassima et al. [81] analyze the consumption of body area networks
and conclude that the computation of features based on the FFT of accelerometry signals
requires many more MCU clock cycles than those directly obtained from the time series.

Activating the GPS to report the position of the faller can also be a significant cause of
battery drain in wearables. Gharghan et al. [84] propose activating the GPS only when a
fall is suspected.

In any case, regarding the specific literature on fall detectors using LPWAN technolo-
gies, it should be noted that these operational aspects are practically overlooked, which
is paradoxical since one of the main objectives of using LPWAN communications is to
minimize consumption and hardware complexity.
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4.7. Energy Consumption

One of the crucial aspects to consider when designing a wearable fall detector is battery
life. However, battery lifetime is only investigated in some works of the related literature
(synopsized in Table 7). As it can be appreciated, results indicate that battery lifespan can
significantly vary based on the algorithm used, LPWAN technology, and sensors employed.
None of the selected works explicitly study which of these factors is the main cause of
battery drain. Only the work by Salah et al. in [36] showed that implementing the CNN
model on a LoRaWAN sensing unit results in an improvement of battery life: 53 h in
contrast with the 38 h of lifetime attained when a similar prototype combines BLE and a
CNN-based detector. This highlights the potential savings in battery consumption that
can be achieved with LPWAN technology when compared to other wireless transmission
standards traditionally used in FDSs. In any case, when examining the results in the
table, a certain relationship between the type of detection algorithm used and battery life
technology becomes evident. Simpler detection algorithms, such as those considered in the
prototypes described by Huyn et al. [6], tend to contribute to longer battery life, whereas
more complex algorithms like CNN [36], may require more resources and thus consume
more energy.

Table 7. Energy Consumption in Fall Detectors using LPWAN Technology.

. Battery . LPWAN
*
Reference Battery Life Capacity ** Algorithm Type Technology Employed Sensor
Accelerometer,
Huynh et al. [6] 1 week-1 month Not specified Thresholding LoRaWAN gyroscope and
magnetometer
Accelerometer,
. 23 h (500 mA /h), 36 h 500 mAh . /
Zanaj et al. [7] (800 mA /h) 800 mAh Thresholding LoRaWAN gyroscope and
magnetometer
Salah et al. [36] More than 53 h 2000 mAh CNN LoRaWAN Accelerometer
Escriba et al. [20] 3 days (low-power 30 mAh Not indicated Sigfox Accelerometer

mode)-13 h (GPS tracking)

Notes: * Battery life varies depending on the operational mode; for example, Escriba et al. reported different
durations for. low-power mode versus GPS tracking mode. ** Battery capacity is measured in milliampere-
hours (mAh).

In any case, it is noteworthy that a significant number of studies employing LPWAN
technology with fall detectors do not analyze battery life or consumption of the prototype
through field tests. This becomes particularly striking when considering that one of the
major benefits of these long-range wireless communication standards is energy efficiency.

4.8. LPWAN Transceivers

A comprehensive understanding of the transceivers used in FDSs with LPWAN
technology is of great interest for current research, as it enables the identification of trends
in the design of these devices, especially considering that the radio transceiver is one of the
components with the highest energy consumption [85]. Reducing the energy of wireless
communication is crucial for improving the energy efficiency of wearable devices. Table 8
compiles the transceivers used by the reviewed works, detailing the associated LPWAN
technology and their references.
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Table 8. LPWAN Transceivers.

Reference Transceiver LPWAN
Technology *
Zanaj et al. [7] SX1257 LoRaWAN
Salah et al. [36] RFM95W LoRaWAN
Lachtar et al. [11] RFEM95/96/97 /98(W) LoRaWAN
Valach et al. [12] RFM95W LoRaWAN
Lousado et al. [13] SX1276 LoRaWAN
Qian et al. [26] BC-95 NB-IoT
Fan et al. [27] M5310A NB-IoT
Wong et al. [33] S5X1278 RA-02 LoRaWAN
Pierleoni et al. [66] nRFI160 NB-IoT

Notes: * LPWAN technologies include Sigfox, LoRaWAN, and NB-IoT, which are used for long-range, low-power
wireless communication.

The review identified a clear preference for LoRaWAN technology in FDSs, due
to its balance between range, energy efficiency, and the use of unlicensed spectrum
bands [7,11-13,33,36]. Transceivers such as the SX1257, REM95W, and SX1276, with current
consumption of 58-85 mA and 120 mA respectively [86-88] for the transmission mode,
demonstrate their suitability for battery-dependent long-range wearable devices. Addition-
ally, the presence of NB-IoT technologies is noted, albeit to a lesser extent, represented by
transceivers like the BC-95, M5310A, and nRF9160 [89-91], showing transmission power
consumption of up to 220 mA. NB-IoT, which operates in licensed bands, may involve
higher operational costs due to this requirement, despite offering more robust coverage.
The nRF9160 stands out for its efficiency in idle mode, with consumption as low as 2.7 nA
in PSM (Power Saving Mode) and 18-37 pA in eDRX (Extended Discontinuous Recep-
tion) [91]. Although NB-IoT provides greater coverage, its higher energy consumption
during transmission may limit the battery life of wearable devices, underscoring the need
of optimizing energy efficiency for wearable applications.

5. Discussion

The results of this systematic review provide insight into the application of LPWAN
technologies in wearable devices for fall detection. This field is growing significantly, and
our analysis highlights current and future trends.

As a first observation, there is a notable concentration of research in China (6 stud-
ies) [16,26-28,34,54] and Taiwan (2 studies) [8,33], with other countries contributing one
manuscript each [6,7,11-14,20,22,36,53,65,66]. This reflects the leadership of these regions
in the research and use of low cost transmission technologies in IoT appliances. Although
the review initially considered articles from 2010 due to the conception of Sigfox, it focused
on studies from 2018 to 2023 due to the increase in relevant research during this period.
The results do not show a clear temporal pattern, although an increase was noted in 2020
and 2022. The review shows a balance between journal and conference papers, with 10
references of each type, indicating attention to both established and recent research. The
focus from 2018 onwards was due to the emergence of articles combining LPWAN with
fall detection. Additionally, this review covered various LPWAN technologies, including
LoRaWAN, Sigfox, and NB-IoT, for a comprehensive assessment [6-8,11-14,16,20,22,26—
28,33,34,36,53,54,65,66].

The choice of LPWAN technologies is regarded by the authors of these papers as
a acritical factor in implementing effective and efficient FDSs. Our findings support
the predominance of LoRaWAN and NB-IoT in this field, a trend which has remained
consistent and is sup-ported by previous research (Mekki et al. [47]). Nonetheless, the
analysis conducted delves deeper into comparing these technologies, particularly regarding
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their energy efficiency and transmission speed. Particularly, LoRaWAN stands out in its
energy efficiency, surpassing NB-IoT, a highly relevant aspect due to its potential impact
on wearable devices’ battery life [51]. This characteristic becomes critically important to
ensure the continuous and effective operation of these devices. On the other hand, NB-IoT
exhibits notable advantages in data transmission speed according to Sinha et al. [92], which
could be relevant in applications requiring fast and reliable transmission of biomedical
information.

As it refers to energy consumption, the main problem is that in most works on FDS
based on LPWAN (as those using other standards), battery consumption is either not
assessed or is analyzed in a very superficial way. Just one of the reviewed works (Salah
et al. in [36]) provides evidence of the potential advantages of replacing a short-range,
low-power standard with LPWAN technologies.

Regarding the sensors employed in wearable devices for fall detection, our findings
align with prior research by Bet et al. [93], emphasizing the significance of Inertial Mea-
surement Unit (IMU) sensors in this domain. The analysis conducted has identified a
diversification in the combinations of these sensors used, suggesting that the selection of
sensors might depend on specific contexts and precision requirements. Moreover, stud-
ies [6,7,13,20,26-28,33,34,65,66] have observed various locations for fall detection devices,
ranging from the waist to the wrist, including the feet and different areas of the torso. Over-
all, the waist and chest are the most effective locations, offering higher accuracy. However,
other studies note that placing the device in other areas of the torso does not significantly
affect its detection capability, thus, providing more flexibility in placement [6,65]. Currently,
researchers are exploring alternative positions such as the foot ‘within shoes” or an aux-
iliary element like a walking stick, aiming to maximize comfort without compromising
accuracy [7,11,66].

The analysis of fall detection algorithms has revealed consistency with prior research,
such as the study by Liu et a. [28], emphasizing the advantages of employing neural
network-based approaches, including CNN, and Salah et al. [36] using an LSTM architec-
ture. However, our analysis has provided a deeper level of contextualization by considering
the performance of these algorithms concerning LPWAN technologies and the sensors
used. It is worth mentioning that while these approaches exhibit high potential in terms of
accuracy, they may also be computationally resource-intensive, posing challenges in energy
efficiency for resource-limited wearable devices [36].

In the study by Valach et al. [12], the reliability of fall detection was questioned when
devices were placed in low-visibility areas like on the floor or under tables. During testing,
the LoRaWAN base stations of the TTN (The Things Network) network failed to receive
transmissions from these positions, which could jeopardize the detection of many falls.
This suggests that further investigation into the shielding effects of the device’s board and
its impact on signal transmission is necessary to enhance reliability in critical scenarios.
Nonetheless, compared to BLE and WiFi, LPWAN technology like LoRa offers better
signal penetration through physical obstacles due to its sub-GHz frequencies, resulting in
better coverage in challenging environments [94]. The sub-GHz band provides superior
signal quality over wider areas and longer distances, experiencing less attenuation and
multipath fading caused by obstacles and dense surfaces like concrete walls [95]. The actual
reception ratio of LPWAN-transmitted alarms generated by wearable fall detectors should
be carefully investigated in real application scenarios.

A critical aspect of wearable device design is user comfort, social acceptability, and ease
of use, elements that were not considered by the authors reviewed [6-8,11-14,16,20,22,26—
28,33,34,36,53,54,65,66], who focused exclusively on the technical aspect. According to
Ozdemir [39], the current elderly population avoids technology due to discomfort with
wearable devices. This highlights the importance of user-centered designs to enhance their
adoption. Studies like that of Gemperle et al. [96] have identified less intrusive areas of
the body for wearable placement, such as the upper back of the arm, the waist area, and
the back of the torso. Social acceptability is also crucial; Pasher et al. [97] found that the
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acceptance of wearable devices significantly depends on their ergonomics and how users
perceive their comfort and aesthetics, often outweighing privacy concerns. Finally, Thilo
et al. [98] emphasize that involving end-users in the design and development stage of a
wearable prototype is well-received by older adults and allows for the exploration of their
needs and preferences, indicating that older adults” perceptions of activity, independence,
and familiarity should be considered to ensure the devices are functional, comfortable,
and usable.

6. Criticisms and Limitations

From the study conducted, it can be inferred that the application of LPWAN tech-
nologies to wearable FDSs is still in an embryonic state, having neither exploited nor
systematically analyzed its main benefits. Therefore, it is necessary to remark on the
following weaknesses in the reviewed literature:

Limited coverage: Signal reliability can be challenging in low-visibility areas. However,
the developed prototypes do not investigate realistic usage scenarios where coverage
might fail.

Energy consumption: When compared to short-range and local area technologies,
LPWAN standards may excel in energy efficiency, which is a key factor in increasing
the battery life of wearables. Nevertheless, the existing studies to date have barely
evaluated the quantitative benefits of using LPWAN compared not only to other
transmission technologies but also to other sources of consumption present in the
detector, mainly the detection algorithm.

Implementation difficulty and reliability: LPWAN networks offer greater flexibility
than other types of networks, but they still involve certain operational costs (subscrip-
tion to operators) or deployment costs (e.g., location, installation, and management
of base stations) that the literature does not evaluate. Likewise, the low bandwidth
provided for LPWAN networks may be sufficient to send certain types of alarms
(encodable in a few bytes) but may be clearly insufficient if more complex information
needs to be sent to an external node in real-time (such as long samples of inertial
signals). This limitation is scarcely addressed in the reviewed works.

Lack of large-scale and clinical studies: In any case, as with almost all literature
dedicated to FDS systems (whether based on contextual or wearable sensor systems),
there is an almost complete lack of large-scale clinical trials.

7. Recommendations

Based on the limitations and deficiencies identified, we outline the main areas of
action that future proposals for LPWAN-based FDS should consider to develop viable
products for real-world applications:

Analyze coverage: Prototypes should be tested in realistic environments to demon-
strate that users can be monitored over long distances (both outdoors and indoors)
without compromising signal quality.

Characterize energy consumption: The energy consumption of prototypes should be
‘budgeted” and characterized in detail to demonstrate that using LPWAN technolo-
gies contributes to a significant increase in wearable autonomy. In this regard, the
consumption (not only of energy but also of hardware resources) of the transmission
system should be compared with that required by the detection algorithm.

Conduct large-scale clinical studies: Develop large-scale longitudinal studies to ap-
praise the actual effectiveness of LPWAN-based FDSs. In that sense, clinical field tests
and massive evaluations of the long-term performance of the detectors in real-world
scenarios should be prioritized.

Integrate with emerging technologies: Investigate the integration of LPWAN tech-
nologies with emerging technologies such as 5G and edge computing to enhance data
processing capabilities and reduce latency. This could improve the overall performance
and responsiveness of FDSs.
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e  Develop user-centric designs: Evaluate the prototypes not only from a purely technical
point-of-view but also consider a user-centric perspective that does not neglect key
aspects such as ergonomics or usability. Focus on developing user-friendly wearable
devices that ensure comfort and social acceptability. Consider different placement
locations on the body and the specific needs of various user groups to maximize the
practicality and adoption of these devices.

e  Remote Rural Areas: LPWAN technologies such as LoRaWAN and Sigfox are highly
beneficial in remote rural areas where traditional communication infrastructures,
such as cellular networks, are limited or nonexistent. The long-range and low-power
characteristics of LPWAN make it an ideal choice for monitoring fall detection in
environments where other communication networks might be impractical or too costly
to implement.

e  Urban Environments with High Building Density: NB-IoT is particularly well-suited
for urban environments with high building density and potential signal interference.
Its ability to penetrate buildings and provide reliable communication in densely popu-
lated areas makes it a valuable asset for FDSs deployed in cities, ensuring consistent
performance even in challenging urban landscapes.

e  Elder Care in Low-Cost Public Health Initiatives: In scenarios where cost-effectiveness
is crucial, such as large-scale public health initiatives aimed at elder care in developing
regions, the low operational costs and minimal infrastructure requirements of LPWAN
provide a scalable solution for deploying FDSs to a broader population, making
healthcare more accessible.

8. Conclusions

This systematic review provides a comprehensive analysis of LPWAN technologies in
wearable FDSs, focusing on enhancing transmission reliability, energy efficiency, and sensor
precision. LPWAN technologies, especially LoRaWAN, offer superior energy efficiency and
better signal penetration than WiFi and BLE, resulting in improved coverage in challenging
environments. However, low-visibility scenarios, such as devices placed on the floor, still
pose challenges.

The review highlights the use of various IMU sensors (accelerometers, gyroscopes,
magnetometers) and advanced detection algorithms (CNN, LSTM), which improve detec-
tion accuracy and system reliability. While threshold-based algorithms offer greater energy
efficiency, machine learning and neural network-based algorithms enhance detection accu-
racy, albeit with higher energy consumption.

Balancing energy efficiency and data transmission speed is crucial when choosing
between LoRaWAN and NB-IoT. Despite their potential, LPWAN technologies have not
been fully investigated in FDSs, with limited studies on their benefits. Further research is
needed to explore these aspects comprehensively, emphasizing large-scale field tests and
clinical evaluations to fully realize the potential of LPWAN technologies in wearable FDSs.

Overall, enhancing transmission reliability, optimizing energy use, and improving
sensor precision are vital for advancing FDSs. This review guides future developments in
enhancing the precision, energy efficiency, and global effectiveness of these systems.

Future research should focus on conducting large-scale field tests and clinical eval-
uations to validate the long-term effectiveness of LPWAN-based FDSs. Additionally,
exploring hybrid detection algorithms and integrating LPWAN technologies with emerg-
ing technologies like 5G and edge computing could further enhance system performance.
Practical applications include not only FDSs but also remote health monitoring, smart
home integration, and use in rehabilitation and assisted living facilities to improve elderly
care and emergency response times.
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Abstract: In recent years, COVID-19 and skin cancer have become two prevalent illnesses with
severe consequences if untreated. This research represents a significant step toward leveraging
machine learning (ML) and ensemble techniques to improve the accuracy and efficiency of medical
image diagnosis for critical diseases such as COVID-19 (grayscale images) and skin cancer (RGB
images). In this paper, a stacked ensemble learning approach is proposed to enhance the precision
and effectiveness of diagnosis of both COVID-19 and skin cancer. The proposed method combines
pretrained models of convolutional neural networks (CNNs) including ResNet101, DenseNet121,
and VGG16 for feature extraction of grayscale (COVID-19) and RGB (skin cancer) images. The
performance of the model is evaluated using both individual CNNs and a combination of feature
vectors generated from ResNet101, DenseNet121, and VGG16 architectures. The feature vectors
obtained through transfer learning are then fed into base-learner models consisting of five different
ML algorithms. In the final step, the predictions from the base-learner models, the ensemble validation
dataset, and the feature vectors extracted from neural networks are assembled and applied as input for
the meta-learner model to obtain final predictions. The performance metrics of the stacked ensemble
model show high accuracy for COVID-19 diagnosis and intermediate accuracy for skin cancer.

Keywords: COVID-19; skin cancer; stacking; feature vector; ensemble learning; machine learning
algorithms

1. Introduction

In recent times, there has been notable and efficient advancement in the domain of
the automated analysis of medical images [1]. Modern imaging techniques rely on images
with a high resolution to give radiologists multifaceted views to aid in clinical diagnoses,
precise predictions, and patient treatment. Ultrasound, endoscopy, X-ray, computed
tomography (CT), and magnetic resonance imaging (MRI) are the most common methods
for capturing medical images [2]. Currently, numerous studies have emerged concerning
the categorization and identification of illnesses through medical imaging. Even though
these models have demonstrated promising outcomes, the medical domain still demands
enhanced precision [3].

The ongoing COVID-19 pandemic and skin cancer have emphasized the need for
accurate and efficient diagnostic tools to identify infected individuals and prevent further
transmission [4]. The focus of the proposed study is on utilizing stacked ensemble learning
techniques to enhance the accuracy of COVID-19 and skin cancer detection. The main aim
of this research is to develop a generalized model using an ensemble learning methodology
resulting in precise and accurate predictions for grayscale and RGB medical images.
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Artificial intelligence (AI) involves methods and algorithms for performing tasks
smartly by learning from previous data or examples, like planning and learning from
language [5]. Machine learning (ML) and deep learning (DL) are pivotal branches of
AL ML methods involve training algorithms to learn from data and make predictions
and decisions based on patterns identified during training [6]. Deep learning (DL), a
subset of ML, employs intricate neural networks with multiple layers to automatically
extract complex features from data [7]. This facilitates advancements in tasks like image
recognition and natural language processing [8]. The use of ML and DL technologies
for the detection and diagnosis of COVID-19 disease has significant effects and has been
used in several investigations [9]. These Al-empowered techniques have a considerable
tangible capacity for providing an accurate and efficient intelligent system for detecting and
estimating the severity of COVID-19. The performance of Al may further be improved by
considering safety features of underlying environments [10]. Moreover, Al-based systems
can be combined with other technologies such as 5G, cloud storage, and the Internet of
Things (IoT) for other variants of COVID-19 epidemics to eliminate geographical issues
in the rapid estimation of disease severity, lower treatment costs, and perform epidemic
management and immediate epidemic control [11]. Both ML and DL play vital roles
in transforming industries by enabling computers to learn and adapt from experience,
enhancing their performance over time [12].

The purposeful design and mixing of many models, such as learners, to address
specific computational intelligence challenges is known as ensemble learning (EL) [13]. It
is a method for combining numerous models to achieve better generalization ability [14].
The ensemble machine learning technique combines different classification algorithms,
called base learners (also called base models), to produce a single improved classification
model. The main idea is that the final prediction is made by the meta-learner (meta model)
based on the base learners. The meta-learner is an approach that works to reduce the
base learner’s error in prediction. The predicted output of the base learners is utilized as
input for the meta-learner. This generalized ability and the accuracy of prediction results
obtained using this technique beat the results of a single ML setup [15]. Ensemble strategies
have changed with time to improve model generalization in learning. These strategies may
be divided into three categories, bagging, boosting, and stacking, as follows:

*  Bagging, often referred to as bootstrap aggregating, serves as a commonly employed
method for creating ensemble-based algorithms. The core concept behind bagging
involves creating a set of independent datasets from the original data. Bagging
introduces two key steps to the original models: firstly, the creation of bagging
samples and their subsequent presentation to the base-learner models, and secondly,
the approach to merge the predictions from multiple predictors.

e Boosting is an ML algorithm that involves training multiple models sequentially, with
each subsequent model focusing on correcting the errors made by the previous model.
Boosting stands as a robust approach that effectively mitigates overfitting [14].

e The stacked ensemble ML method is a technique that combines multiple classification
methods that are homogeneous or heterogeneous, known as base learners, to produce
a single superior-performing classification model. The key idea of this method is
that the meta-learner generates its final predictions according to the base-learner
predictions. The meta-learner is a model that aims to reduce the prediction mistakes
of the base learners [15].

Contribution of Research Work

This research work proposed a novel approach for the classification of COVID-19 and
skin cancer. The main contributions and the uniqueness of this work are as follows:

¢ To ensure a reliable evaluation of the proposed method, a customized distribution
strategy is implemented for sampling each dataset. Departing from the standard data
split method, the approach involves a balanced division of data at each stage of model
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development. This tailored strategy demonstrates its efficacy in enhancing the overall
performance of the model.

¢  Additionally, the most effective and high-performing CNN variants with a default
input size of 224 x 224 (DenseNet-121, ResNet101, VGG16, and a combination of these
networks) are utilized as feature extractors. These pretrained models are configured
to exclude their fully connected layers to make them suitable for feature extraction.
The extracted high-level features from these models are combined as a feature vec-
tor that can be valuable for subsequent classification tasks and that also reduces
model complexity due to the removal of computationally and memory-intensive fully
connected layers.

¢  The generated feature vector is then further used as input of base-learner modelsto
train them. Five different base-learner models (support vector machine (SVM), linear
regression (LR), decision tree (DT), random forest (RF), and naive Bayes (NB)) are
used in this work.

¢ The predictions from the base-learner models are integrated with the initial feature
vector and the ensemble validation set to generate a very rich and informative fused
vector. This fused feature vector is finally fed to the meta-learner model, which
provides a very precise final prediction. Five different meta-learner models (RF, DT,
LR, NB, and SVM) are compared by training on the same fused feature vector.

e Most of the state-of-the-art methods apply only the base-learner prediction as the
input of the meta-learner. The proposed ensemble technique combines different types
and levels of features to improve the generalization capability of the final predictors.

This manuscript is organized as follows: Section 1 introduces the field of ensemble
learning and the research question. Section 2 discusses work related to COVID-19 and skin
cancer; this section also discusses the concept of ensemble learning. Section 3 presents the
proposed pipeline, including the datasets, preprocessing methods, deep convolutional neu-
ral network architectures, ensemble learning strategies, and machine learning algorithms.
Section 4 reports the experimental results, and a discussion of these results can be found in
Section 5. Section 6 concludes this paper and give insights on future work.

2. Related Work

Several methods have been proposed in the literature to categorize diseases through
medical imaging, with some offering solutions for disease identification. The classification
of medical images is a growing field that primarily relies on DL and ML techniques. This
section reviews the latest research on medical image classification, especially focusing on
datasets related to COVID-19 and skin cancer.

2.1. COVID-19

A pretrained VGGNet model and SVM algorithm are employed in [16] to classify
X-ray images into three distinct categories: COVID-19, healthy images, and pneumonia.
This provided an accuracy of 95.81%.

Similarly, the authors in [17] employed an ensemble architecture to classify CT scan im-
ages. Their approach combined various deep learning models, including VGG16, ResNet50,
VGG19, ResNet50V2, InceptionV3, InceptionResNetV2, MobileNet, and Xception. A VGG
model having 19 layers achieved the highest accuracy of 92%, while all other models were
confined to below 90% accuracy.

2.2. Skin Cancer

The work in [18] provided a comprehensive systematic review of the latest research on
the usage of ML algorithms for dermoscopic image categorization of skin cancer. Overall,
the review provided valuable insights into the latest research on using ML for skin cancer
diagnosis. It can be a useful resource for researchers and practitioners in the field. The
results of these studies vary depending on the used algorithm, dataset, and evaluation
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metrics. However, the review explored that the recent ML and DL models show high
potential in skin lesion classification.

The paper [19] introduced a novel approach to combine ML and DL techniques for
skin cancer detection that outperformed both expert dermatologists and other state-of-the-
art deep learning models. Input features for the classifiers were synthesized from image
processing techniques such as contourlet transform and local binary pattern histogram.
Pretrained CNNs were used for transfer learning and automatic feature extraction. This
method achieved good detection accuracy for benign and malignant forms of cancer.

Moreover, the authors in [20] proposed a deep neural network-based system for
skin lesion classification. They used five state-of-the-art architectures as base models,
including ResNeXt, SeResNeXt, ResNet, Xception, and DenseNet. They used average and
weighted average ensemble models. This method achieved excellent performance for highly
imbalanced seven-class datasets. The ensemble models showed higher distinguishing
capability compared to others. The average ensemble model achieved a recall score of 93%,
and the weighted average ensemble model achieved a recall score of 94%.

2.3. COVID-19 and Skin Cancer

A reproducible pipeline for medical image classification was employed by [21] that
they used to analyze the effect of various ensemble learning approaches on the performance.
That research work used a dataset related to skin and COVID-19 on various ensemble
learning techniques. The paper utilized an ensemble learning approach that combines
multiple deep CNNs to improve the accuracy of classification. The outcomes indicated that
the stacking exhibited a substantial enhancement in performance, with a notable increase
of up to 13% in the Fl-score.

A novel approach was proposed in [15] for feature extraction by combining transfer
learning from the DenseNet model and six handcrafted techniques to catch more compre-
hensive and intricate features. In the evaluation of the ISIC dataset and COVID-19 CT Scan
data, RF exhibited the highest efficiency for skin detection, and LR outperformed the other
algorithms across every evaluation metric during COVID-19 detection.

During the literature review, we observed that there is no nasal association between
COVID-19 and skin cancer. However, from a clinical point of view, both are highly associ-
ated with the immune system. COVID-19 affects the immune system, and people with low
immunity are more prone to the recurrence of melanoma. Melanoma is an aggressive type
and can recur even after surgery. During the COVID-19 pandemic, many skin infections
were reported which were initially considered as a melanoma [22]. Later, the findings
reveal that it was not a melanoma.

2.4. Ensemble Learning

Traditional machine learning methods fail when dealing with complex data because
they cannot capture multiple characteristics and underlying structures. Building an efficient
model for knowledge discovery is crucial in data mining. Ensemble learning aims to inte-
grate data fusion, data modeling, and data mining into a unified framework. In ensemble
learning, a set of features is first extracted using various transformations. Finally, ensemble
learning combines the valuable knowledge from the extracted results to achieve knowledge
discovery and improve predictive performance through adaptive voting schemes [23].

The ensemble approach to ML uses several homogeneous or heterogeneous algorithms
for classification, known as base learners. The base learners are called weak learners and
are obtained by a base learning algorithm based on training data to create a classification
model [24]. The outputs obtained from base learners are then fed as input to the meta-
learners. The meta-learner is an algorithm that learns to minimize the base learners’
prediction mistakes. The prediction output of base learners is used as input to the meta-
learner, as depicted in Figure 1.
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Figure 1. Ensemble learning approach.

2.5. Types of Ensemble Learning

There is no definitive taxonomy of ensemble learning. Usually, four methods used for
ensemble learning are described: bagging, boosting, stacking, and error-correcting output
codes [25].

* Bagging: It is the first effective and the simplest method of ensemble learning. It was
originally designed for classification and is usually applied to decision tree models,
but it can be used for regression. The method involves using multiple versions of a
training set through the process of bootstrapping. Each of these datasets is used to
train a different model. The outputs of the models are combined by averaging (for
regression) or voting (for classification) to create a single output. Bagging is only
effective for non-linear models.

*  Boosting: This model-averaging method is a widely used ensemble technique. It can
be used for both classification and regression tasks. In this method, weak classifiers
are created iteratively, with each one trained on a dataset where misclassified points
are given more weight. The final model is created by combining the outputs of the
successive models using voting or averaging. Boosting can sometimes fail to generate a
classifier as accurate as a single classifier built from the same data, indicating overfitting.

e  Stacking: It is a distinct way of combining multiple models that introduces the concept
of a meta-learner. It is less widely used compared to bagging and boosting. Stacking
is normally used to combine models of different types. It splits the training set into
two disjoint sets. The method trains several base learners on the first part and tests on
the second part. The predictions of the base learners are taken as the inputs to train
the meta-learners.

e  Error-correcting output codes: It is a technique that enhances the performance of clas-
sification algorithms in multiclass learning scenarios. In this approach, the multiclass
dataset is broken down into multiple independent two-class problems. The algorithm
is then applied to each of these problems, and the outputs from the resulting classifiers
are combined to make the final prediction.

3. Methodology Overview

The main objective of the proposed method is to maximize the performance of the
required task of detection by training various models on a particular dataset. In the
proposed approach, a combined feature extraction stage and a stacked ensemble technique
are employed to address the challenges of identifying COVID-19 and skin cancer disease.

A comprehensive overview of the different sequential stages of the proposed method-
ology is illustrated in Figure 2. Commencing with image acquisition, the input data are
first passed to the feature extraction stage, employing various pretrained learning models.
Subsequently, a feature vector is generated through the combination of features derived
from these extractions, which is then passed to the base learners. These base learners are
trained on this feature vector, encompassing five diverse ML algorithms: RF, DT, LR, NB,
and SVM. Conclusively, the predictions originating from the base learners are integrated
with the initial feature vector and the ensemble validation set. The final prediction is
executed through the application of the stacking ensemble technique.
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Figure 2. Proposed architecture.

3.1. Datasets

We utilized publicly accessible image datasets for the performance evaluation of the
proposed methodology: SARS-CoV-2 CT scan dataset [26] and ISIC Archive dataset [27].
Visual examples showcasing images from each dataset, encompassing different classes, are
shown in Figures 3 and 4.

(a) COVID (b) Normal (c) Viral Pneumonia
Figure 3. Sample images from the SARS-CoV-2 X-ray dataset illustrating instances of COVID-19
cases, healthy control cases and viral pneumonia.

(a) Benign (b) Malignant
Figure 4. Sample images from the ISIC Archive dataset showing both benign and malignant cases.

3.1.1. COVID-19 Radiography Database

X-ray images are important for visualizing medical issues, and they are used a lot in
healthcare. They are also used instead of certain tests for COVID-19. Researchers from
different places like Qatar, Doha, Dhaka, Bangladesh, Pakistan, and Malaysia collected
X-ray images of people’s chests who had COVID-19, as well as some who were healthy
and others with viral pneumonia. This dataset has 2905 grayscale pictures. There are
220 pictures of people with COVID-19, 1345 with viral pneumonia, and 1340 healthy
pictures. The distribution of these data for our experimentation is shown in Figure 5.
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Dataset Modality  Classes Number  Model Train Model Ensembleval  Testing
of Samples validation

COVID  Xeray 3 2905 1743 435 290 437

ISIC Dermoscopy 2 3297 1978 4% 39 490

Figure 5. Overview of the datasets used along with their descriptions and how the samples were
distributed.

3.1.2. Skin Lesion Images for Melanoma Classification

Melanoma is a serious health issue where colored spots appear on the skin. It causes a
lot of people to get sick, with over 300,000 new cases every year, and sadly, many people
die from it. Dermoscopy is a way to find melanoma early. This can be performed by experts
looking closely at the skin or by using special cameras that take really detailed pictures. The
International Skin Imaging Collaboration (ISIC) has a big collection of pictures of skin spots
that people can use to learn and study [21]. The ISIC Archive collection includes 3297 skin
cancer images, 1800 of which are classified as benign and 1497 of which are malignant. An
overview of the total number of samples and the distribution of the samples are shown in
Figure 5.

3.2. Data Splitting

To ensure an assessment of the proposed scheme, we employed the following distri-
bution strategy for the sampling of each dataset, as shown in Figure 6. For the training of
base-learner models, 75% of the total dataset was divided into two parts (80% for training
of base-learner models (called ‘model-train’) and 20% for validation (called ‘model-val’)).
For possible training of the meta-model, an additional 10% of the total dataset was set aside
(called ‘ensemble-validation”). The remaining 15% of the overall dataset was sampled as a
testing set (called “testing’) for the final predictions.

- T ==
ensemble val e -
10 %

7;1;dgtrain
80 %
| —

Dataset

training
75%

= = model validation
20%
>

testing
15 %

Figure 6. Dataset distribution strategy.

3.3. Data Preprocessing

Preprocessing plays a crucial role in computer vision applications, serving various
purposes such as performing noise reduction, highlighting relevant image features for
recognition tasks, and aiding in the training of learning models. In this study, a straight-
forward approach involving the normalization of pixel intensities within the [0, 1] range
was employed. This preprocessing step is essential to ensure the model’s convergence
during the training phase [28]. The configuration for image data preparation includes the
techniques such as zoom, brightness, and normalization. Furthermore, the image sizes
were scaled down to 224 x 224 pixels, the standard input size of selected feature extractors.
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Labels were assigned to three classes in the context of COVID-19 classification, ‘COVID’,
‘Normal’, and ‘Viral Pneumonia’, which are represented numerically as [0, 1, 2]. These
labels are used to categorize various circumstances within the dataset.

In the context of skin cancer classification, there are two categories, ‘benign” and
‘malignant’, which are labeled numerically [0, 1]. These numeric identifiers are used to
distinguish between benign (non-cancerous) and malignant (cancerous) skin lesions.

3.4. Feature Extraction Technique

CNNs have become the prevailing method for performing tasks such as feature extrac-
tion, segmentation, and classification in the field of image processing. In this research work,
some of the most effective and high-performing CNN variants (DenseNet-121, ResNet101,
and VGG16) were utilized. These models were already trained on the ImageNet dataset.
These models were fine-tuned on our dataset using previous weights; this technique is
called transfer learning.

Transfer learning focuses on the idea of preserving the acquired knowledge from
one problem and leveraging it for solving distinct yet related problems. TL enables us to
efficiently employ pretrained deep learning models that have been trained on extensive and
publicly accessible datasets. We used pretrained VGG16, DenseNet-121, and ResNet101
models, loaded using TensorFlow and Keras. We configured these models for our approach
by excluding their fully connected layers, rendering them suitable for feature extraction.
These extracted high-level features are used as valuable inputs for subsequent classification
tasks using base-learner models.

3.5. Fusion Technique

The process of combining several feature vectors produced from diverse method-
ologies in disciplines such as computer vision and other ML applications is known as
feature fusion. Previously extracted deep features from three different pretrained models
(DenseNet121, ResNet101, and VGG16) were used in this context. We used these distinct
feature vectors and their combinations to generate a feature vector. Different base-learner
models were trained on this vector. Finally, the meta-learner model was trained on the
fused feature vector, made up of a concatenated feature vector derived from the predictions
of five base-learner models as well as ensemble validation.

3.6. Classification Models

In this research work, we employed five foundational ML classification algorithms (RF,
DT, NB, LR, and SVM) as base-learner models. Afterwards, we used a stacking technique
at level 1 which combined all five of these algorithms. Ensemble validation was used at
level 2 for the stacking of meta-learners. This implementation was carried out using the
Sklearn library.

3.7. Stacked Ensemble Learning

The ensemble approach to ML uses several homogeneous or heterogeneous algorithms
for classification, known as base learners, which work together to create a classification
model that achieves superior performance. The fundamental concept is the idea that the
meta-learner produces its final prediction depending on the base-learner models. The
meta-learner is an algorithm that learns to minimize the loss of base-learner models. The
prediction output of base learners is used as input to the meta-learner as depicted in
Figure 1.

In this research work, we used a first-level stacking strategy for the base-learner phase
using five ML algorithms. Furthermore, we used second-level stacking in the meta-learner
phase. Previous works solely used base-learner predictions to direct the meta-learner’s final
decision. In this work, we combined the predictions of the base learners with ensemble
validation data to serve as input for the meta-learner. All five base-learner algorithms
were used and evaluated for the meta-learner to make a final prediction. In this analysis,
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we excluded both boosting and bagging techniques. Boosting is not feasible to apply for
image classification because of the dramatic increase in training hours and the complexity
of the model, which makes it harder to interpret. According to [21], stacking is a highly
effective technique for image classification that can lead to a substantial improvement in
performance. Additionally, cross-validation-based bagging has also demonstrated a significant
enhancement in performance in some research works, closely competing with stacking. This
suggests that stacking is the preferred approach, with bagging being a strong contender.

Another research work [29] verified the superiority of the stacking method as the
optimal choice for achieving superior ensemble-based results. Therefore, in this work, we
utilized stacking while paying close attention to high-performing strategies, aligning with
the findings of both studies and ensuring the originality in this work.

3.8. Performance Evaluation Metrics

In this research, we employed various performance evaluation metrics to assess the
effectiveness of the models. These metrics included accuracy (Ac), precision (Pr), recall (Re),
and the Fl-score. Accuracy describes the overall reliability of the model’s performance by
computing the ratio of correctly classified class labels to the overall number of data points
in the dataset, shown in Equation (1). Precision, as defined in Equation (2), represents the
positive predictive value, which represents the fraction of true positives divided by the
overall number of actual true instances. Conversely, recall, which is also referred to as
sensitivity, is expressed in Equation (3); it measures the fraction of true positives relative to
the total number of predicted true instances. Finally, Equation (4) outlines the formula for
the F1-score, a metric that strikes a balance between precision and recall by computing their
harmonic mean. We used the Scikit-learn library for evaluation purposes.

. TruePositive + TrueNegative
~ TruePositive + FalsePositive + FalseNegative + TrueNegative

)
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" TruePositive + FalsePositive

@)

Pr

TruePositive

Re = — -
TruePositive + FalseNegative

®)

Pr- Re

4
Pr + Re )

F1-score =2 -

4. Results and Analysis

In this section, we present a comprehensive analysis of the experimental outcomes
achieved through the application of the proposed scheme on two distinct datasets: SARS
CoV-2 CT scans and the ISIC dataset. The proposed methodology comprises two pivotal
stages: the base-learner and the meta-learner stages. Across both datasets, we conducted
training and evaluation processes on five distinct algorithms, namely, RF, DT, LR, SVM,
and NB, within both the base-learner and meta-learner phases with different feature
extraction models.

The initial step in the proposed method involves the construction of a feature space.
This is accomplished by using three distinct pretrained deep learning models: DenseNet-
121, ResNet-101, and VGG16. Additionally, we explored the combinations of these models,
namely, DenseNet-121 and ResNet-101; DenseNet-121 and VGG16; ResNet-101 and VGG16;
and the combination of all three models, DenseNet-121, ResNet-101, and VGG16. We
performed feature extraction using these various pretrained models and combinations of
these to assess their impact on classification accuracy. The results of these evaluations,
specifically the accuracy of the five classification algorithms, are visually represented in
Tables 1 and 2 for COVID-19 and in Tables 3 and 4 for skin cancer detection, respectively.
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Table 1. Accuracy of five classification algorithms for different combinations of pretrained learning

feature extraction models and base-learner prediction performance results on COVID-19 dataset.

Bold represents the best-performing configuration.

DENSENET121 +
DENSENET121 + DENSENET121 + RESNET101 +
Models VGG16 DENSENET121 RESNET101 RESNET101 VGG16 VGG16 RESNET101 +
VGG16
SVM 95.63 91.72 95.40 92.64 94.25 91.49 94.48
LR 96.78 94.71 96.09 95.40 96.55 94.48 95.86
DT 83.91 87.13 85.06 88.74 82.53 86.44 81.15
RF 92.18 91.03 92.18 91.03 91.03 91.95 89.89
NB 91.26 84.83 90.34 90.57 91.26 90.34 91.03
Table 2. Accuracy of five classification algorithms for different combinations of pretrained deep
learning feature extraction models and meta-learner prediction performance results on COVID-19
dataset. Bold represents the best-performing configuration.
DENSENET121 +
DENSENET121 + DENSENET121 + RESNET101 +
Models VGG16 DENSENET121 RESNET101 RESNET101 VGG16 VGG16 RESNET101 +
VGG16
SVM 97.01 95.17 97.24 94.94 96.78 96.78 96.32
LR 97.01 94.71 96.09 95.40 96.55 96.09 96.32
DT 94.02 91.03 95.17 89.43 94.25 90.57 91.49
RF 96.55 93.56 96.78 94.02 96.55 94.48 93.79
NB 96.05 92.64 93.33 90.57 93.33 90.34 95.63
Table 3. Accuracy of five classification algorithms for different combinations of pretrained deep
learning feature extraction models and base-learner prediction performance results on ISIC dataset.
Bold represents the best-performing configuration.
DENSENET121 +
DENSENET121 + DENSENET121 + RESNET101 +
Models VGG16 DENSENET121 RESNET101 RESNET101 VGG16 VGG16 RESNET101 +
VGG16
SVM 83.40 82.39 86.64 81.17 83.60 82.19 80.16
LR 82.19 83.00 87.85 84.82 80.77 84.41 81.98
DT 70.04 7591 71.05 69.84 71.26 72.27 76.32
RF 80.97 81.98 84.21 82.79 81.17 83.81 78.95
NB 79.35 77.94 79.51 78.74 78.14 78.14 76.52
Table 4. Accuracy of five classification algorithms for different combinations of pretrained deep
learning feature extraction models and meta-learner prediction performance results on ISIC dataset.
Bold represents the best-performing configuration.
DENSENET121 +
DENSENET121 + DENSENET121 + RESNET101 +
Models VGG16 DENSENET121 RESNET101 RESNET101 VGG16 VGG16 RESNET101 +
VGG16
SVM 84.50 83.28 86.79 82.37 83.60 84.19 80.85
LR 82.37 83.59 87.89 85.72 82.37 83.59 81.99
DT 77.81 76.90 82.67 79.94 76.90 79.94 77.81
RF 80.99 81.98 84.27 83.37 81.72 83.91 78.98
NB 54.71 54.71 54.71 54.71 54.71 54.71 54.71

Table 1 demonstrates the effectiveness of the base-learner models in detecting COVID-19 using

the SARS-CoV-2 CT scan database. First, we examined the influence of both the individual
pretrained models and their combined usage for feature extraction on the performance of
all five classification algorithms. Thus, it can be observed that the individual VGG16 and
combination of VGG16 with DenseNet121 yield superior performance on LR compared
to the other pretrained models. LR exhibits superior performance relative to other ML
algorithms during the base-learner stage. Accuracies of 95.63%, 96.78%, 83.91%, 92.18%,
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and 91.26% are observed in the base-learner stage from SVM, LR (Best), DT, RF, and NB
using VGG16. During the base-learner phase with the DenseNet121 model, the recorded
accuracies for different classifiers are 91.72%, 94.71%, 87.13%, 91.03%, and 84.83% for
SVM, LR, DT, RF, and NB, respectively. In the initial training phase with the ResNet101
model, results are 95.40%, 96.09%, 85.06%, 92.18%, and 90.34% for SVM, LR, DT, RF, and
NB. Moreover, the performance of all pretrained models and their combination in the
base-learner stage is also an excellent outcome; the LR scores were the highest in all the
implemented pretrained model feature extraction techniques.

Certainly, in summary, LR consistently yielded high accuracy on applied pretrained
models in base-learner stage. However, when further analyzed, it was observed that LR
achieved its highest accuracy, 96.78%, for VGG16 as compared to other feature extraction
methods; the second highest was a 96.55% accuracy on a specific combination of pretrained
models, that is, DenseNet-121 and VGG-16.

Table 2 illustrates the effectiveness of the meta-learner models for detecting COVID-19 using
base-learner prediction and ensemble validation as input. As Table 2 shows, the algorithm’s
performance for all cases in the meta-learner phase is better than in the base-learner phase. This
implies that using the stacking ensemble method is a promising technique to improve
classification accuracy. Moreover, the performance of all pretrained models and their
combination in the meta-learner stage is also an excellent outcome. SVM and LR scores the
highest in all the implemented pretrained model feature extraction techniques.

In summary, SVM consistently yielded high accuracy on applied pretrained models in
the meta-learner phase. However, it can also be observed that SVM achieved its highest
accuracy, 97.24%, for ResNet-101 as compared to other feature extraction methods.

Figure 7 illustrates the evolution of the accuracy of ML algorithms in each feature
extraction method from the base-learner to the meta-learner stage.
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Figure 7. Graphical description of the performance results for all implemented ML algorithms using
the SARS-CoV-2 CT scan.

The same experiment was carried out utilizing the ISIC Archive dataset to identify
skin cancer cases at the base-learner level. Results of this experiment are listed in Table 3. In
the case of the base-learner model, LR again demonstrated superior performance compared
to other combinations of models, similar to the SARS-CoV-2 CT scan dataset; furthermore,
SVM also excelled in the ISIC Archive dataset. LR tends to perform better when there
are fewer noisy variables compared to explanatory factors or when the number of noisy
variables is equal to or lower than the number of explanatory factors. SVM's strength lies in
its ability to handle high-dimensional data effectively. The main objective in utilizing two
distinct datasets to assess this methodology was to evaluate how the algorithms perform in
the same scenarios. Upon closer examination of base-learner models, it became evident
that LR and SVM achieved their highest accuracy rates, reaching 87.85% and 86.64%,
respectively, when applied to a particular pretrained model, namely, ResNet-101. This
performance surpasses other feature extraction techniques and classification algorithms.
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Table 4 illustrates the effectiveness of the meta-learner models in detecting skin cancer
and shows that the algorithm’s performance in the meta-learner phase is better than in
the base-learner phase for every utilized algorithm except NB. This implies that using the
two-level stacking method is a promising technique to improve classification accuracy, but
the meta-learning stage is unsuitable for the NB algorithm. Moreover, SVM and LR score
the highest in all the implemented pretrained model feature extraction techniques. It can
be observed that LR achieved its highest accuracy, 87.89%, for ResNet-101 as compared to
other feature extraction methods.

Figure 8 illustrates the evolution of accuracy among ML algorithms at each feature
extraction, from the base learner to the meta-learner, for the ISIC dataset. It demonstrates
that not all ML algorithms exhibit improvement in accuracy. For instance, the accuracy
of the NB algorithm decreases as it progresses from the base-learner to the meta-learner
stage because of its simple probabilistic approach that assumes independence between
features. As the algorithm progresses to more advanced stages like meta-learning, where it
may encounter more complex feature interactions, its accuracy further decreases.
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Figure 8. Graphical description of the performance results for all implemented ML algorithms using
the ISIC archive dataset.

This experiment followed the same technique as the previous one on the SARS-CoV-2
CT scan dataset. However, in contrast to the outcomes observed on the ISIC dataset, it
is important to note that the LR algorithm did not consistently outperform the other five
algorithms during the base-learner phase. This highlights the fact that there is not a single
classifier that consistently excels in all scenarios or across various datasets. The varying
performance of different algorithms across datasets can be attributed to the specific traits
of the algorithms employed and the inherent characteristics of the datasets themselves.

As per Figure 9, when rigorously examined, it shows that in COVID-19 and skin cancer
databases, ResNet101 outperformed all models for feature extraction. Likewise, in the field
of COVID-19 classification, ResNet101 in conjunction with the SVM algorithm obtained
the best accuracy over the other ML algorithms. However, in skin cancer classification,
ResNet101 embedding LR showed the best accuracy.

The total training time for the complete analysis can be visualized from the following
distribution chart: Experiments relevant to SARS CoV-2 CT scans took a total of 16 hours.
Experiments relevant to ISIC took less than 12 h. It has to be noted that the stacking
techniques with the ML algorithm and pretrained model do not require extensive additional
training time. DenseNet-121 and ResNet-101 revealed a high training time across all
pretrained models of 6 hours and 53 min for the SARS CoV-2 CT scans dataset, whereas
the VGG16 model had the lowest training time across the SARS CoV-2 CT scans dataset at
16 min. For the skin cancer dataset, the same as in COVID-19 detection, DenseNet-121 and
ResNet-101 revealed a high training time across all pretrained models of 9 h and 23 min,
whereas the VGG16 model had the lowest training time of 30 min. Further details on
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training times for all feature extraction models with distributive datasets are found in

Figure 10.
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Figure 9. Comparative analysis of feature extraction models’ performance in COVID-19 and skin

cancer datasets.
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Figure 10. Training times for all feature extraction models with datasets of COVID-19 and skin cancer.

Table 5 shows a detailed comparison of all evaluation matrices (accuracy, precision,

recall and F1-score) of the final combination of

the proposed scheme on the COVID-19

(SARS-CoV-2 CT) and cancer (ISIC) datasets. As mentioned earlier, ResNet101 outper-
formed all other pretrained models in the task of feature extraction. Furthermore, ResNet101
in conjunction with the SVM algorithm obtained the best accuracy in the field of COVID-19.
However, in the case of skin cancer classification, ResNet101 showed the best accuracy
when combined with the linear regression model.

Table 5. Comparison of best-performing feature extractor and final output of meta-learner models on
COVID-19 and ISIC datasets. Bold represents the best-performing configuration.

Base Model SARS-CoV-2 CT Scan Database ISIC-Archive Dataset
ResNet101 ResNet101
Accuracy Precision Recall F1-Score Accuracy Precision Recall F1-Score
SVM 97.24 97.78 96.89 97.55 86.79 87.45 86.99 86.23
LR 96.09 96.67 95.84 96.27 87.89 88.56 87.29 87.92
DT 95.17 96.45 95.23 95.05 82.67 82.88 82.68 82.79
RF 96.78 97.01 96.55 96.55 84.27 84.98 84.43 84.99
NB 93.33 93.99 92.56 93.23 54.71 53.21 54.27 54.23
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True Positive Rate

Figure 11 shows the receiver operating characteristic (ROC)-area under curve (AUC)
classification metric. It is an excellent metric to observe the performance of a model. If the
AUC is near to 1 or 100 percent, then it means that the model has a good measure of separa-
bility. A poor model shows an AUC near 0. We can also verify from this graph that for the
ISIC dataset, the AUC of the naive Bayes (NB) algorithm is around 0.5 (54.71 percent), wich
is very poor compared to other models. As mentioned earlier, in the case of progression to
more advanced stages like meta-learning, where more complex features are required to be
distinguished or identified, the accuracy of NB shows a significant decrease.
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Figure 11. ROC-AUC classification evaluation metric of final meta-learners for COVID-19 and ISIC
datasets.

5. Discussion

The primary objective of the current study is to develop a comprehensive model
capable of delivering precise and accurate predictions for both grayscale and RGB im-
ages within medical datasets. The aims are to achieve this using an ensemble learning
approach and to assess the model’s performance in detecting both COVID-19 and skin
cancer diseases. In pursuit of this goal, the proposed research enhanced both the feature
extraction and classification components, which are pivotal aspects in the field of medical
image processing.

This approach involves a fused feature extraction technique, combining features ex-
tracted from three different pretrained feature extractor methods with various combinations.
Additionally, this study introduces a unique stacked ensemble classification method that
incorporates the original feature maps, ensemble validation data, and base-learner predic-
tions as inputs for the meta-learner. The experimental results demonstrate that this method
achieves the highest performance levels.

In both datasets, training and evaluation procedures used five different algorithms:
RF, DT, LR, SVM, and NB. These algorithms were applied in both the base-learner and
meta-learner phases, employing various feature extraction models. This work conducts
feature extraction using a variety of pretrained models and combinations to evaluate
how they influence classification accuracy. In the context of the SARS-CoV-2 CT scan
dataset, this study investigates the impact of using individual pretrained models and their
combined application in feature extraction on the performance of all five classification
algorithms. Consequently, it becomes evident that when compared to other pretrained
models, ResNet-101 exhibits superior performance in the context of SVM. In this study, SVM
showcased exceptional performance when applied to the SARS-CoV-2 CT scan dataset,
whereas LR and SVM demonstrated outstanding results when dealing with the ISIC
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Archive dataset. Certainly, it is evident that LR achieved the highest accuracy rates with
ResNet-101, respectively.

6. Conclusions

This research introduces a feature extraction and classification model designed to
optimize the accurate detection of COVID-19 and skin cancer within the context of image
datasets. This approach for feature extraction techniques harnesses deep learning features
obtained from pretrained models. Subsequently, the resulting fused feature vector is
integrated into the stacked ensemble approach, particularly when utilizing combinations
of two or three pretrained models. Initially, base-learner predictions are made, followed by
concatenation of the original feature map and ensemble validation data, ultimately feeding
into the meta-learner stage for the final prediction.

The learner was trained and tested with a pair of datasets: the SARS-CoV-2 CT
Scan and the ISIC Archive. Employing a stacked method, the SVM technique yielded the
highest classification accuracy for the SARS-CoV-2 CT Scan dataset, whereas LR approaches
outperformed others for the ISIC Archive dataset. These results were achieved when both
datasets yielded feature extraction using ResNet-101.

Future Work

This research presented a stacked ensemble methodology for the classification of
COVID-19 and skin cancer disease. Certain limitations in this study will be subject to future
improvements. Here are the constraints in this work:

e This work exclusively underwent testing on COVID-19 and skin cancer datasets.
Therefore, in order to extend its applicability to further datasets, additional research
and investigation are required.

¢ This study approach relied on five established ML models to construct this stacked
ensemble model. Additionally, we utilized pretrained models with a fixed input
size of 224 x 224 for feature extraction. Nevertheless, in future research, there is
potential to broaden the scope of this method by adapting it to various pretrained
CNN architectures that may have different input sizes.
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Abstract: Effective communication is crucial in daily life, and for people with hearing disabilities, sign
language is no exception, serving as their primary means of interaction. Various technologies, such as
cochlear implants and mobile sign language translation applications, have been explored to enhance
communication and improve the quality of life of the deaf community. This article presents a new,
innovative method that uses real-time machine learning (ML) to accurately identify Mexican sign
language (MSL) and is adaptable to any sign language. Our method is based on analyzing six features
that represent the angles between the distal phalanges and the palm, thus eliminating the need
for complex image processing. Our ML approach achieves accurate sign language identification in
real-time, with an accuracy and F1 score of 99%. These results demonstrate that a simple approach can
effectively identify sign language. This advance is significant, as it offers an effective and accessible
solution to improve communication for people with hearing impairments. Furthermore, the proposed
method has the potential to be implemented in mobile applications and other devices to provide

practical support to the deaf community.

Keywords: MediaPipe; OpenCV; decision tree; Gini; machine learning; Mexican sign language

1. Introduction

Sign language recognition (SLR) has become crucial for bridging the communication
gap between hearing and deaf people, thus facilitating assistive technologies, primarily
through mobile applications [1-3]. In recent decades, advances in computer vision and
machine learning (ML) have led to significant progress in SLR [4,5]. At the same time,
research efforts have focused on developing technology-based solutions that improve
communication and overall quality of life for the hearing-impaired community [6].

This study focuses on Mexican sign language (MSL) recognition, although it can be
applied to other sign language, such as American sign language (ASL), using hand-angle
analysis [7,8]. A MediaPipe hand skeleton descriptor is used for training, and the set of
six angles for each letter is plotted using OpenCV [9-11]. These data are stored in a dataset
and used to train a decision tree (DT C4.5) and label the predicted letter. To validate the
model, the angles of the hand signals are compared to the training dataset. If a match is
found, the model classifies it. Otherwise, it makes a prediction. A schematic of the hand

signals of the MSL letters is shown in Figure 1.

This method differs from other ML-based approaches by requiring a relatively mod-
est amount of input data, significantly reducing computational time for accurate MSL
interpretation. This demonstrates that classical ML approaches can be more effective for
real-time classification problems than some state-of-the-art ML algorithms [12,13]. The

main contributions of our method can be summarized as follows:

Technologies 2024, 12, 152. https:/ /doi.org/10.3390/technologies12090152 https:/ /www.mdpi.com/journal/technologies
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i.  only six measurements (angles) are used as feature descriptors;
ii. efficient and accurate prediction;

iii. relatively small training dataset;

iv.  high efficiency in letter prediction.
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Figure 1. MSL sign language.

The proposed method based on hand-angle analysis achieves significantly higher
accuracy and efficiency in MSL recognition than other methods reported in the field, as
demonstrated and mentioned below. A relatively small training dataset was used, and
feature extraction using six specific hand angles allows for accurate and fast interpretation
of sign language gestures, which improves communication and quality of life for the
hearing impaired.

The following sections of this paper are organized as follows. Section II discusses the
previous related work. Section 3 provides the materials and methods. Section IV presents
the results of experimental performance metrics and their analysis. Section 5 presents the
discussion, and Section 6 contains the conclusions.

2. Related Work

Sign alphabet recognition is a form of communication that involves images or videos
depicting one or two hands. Experts have devoted efforts to predicting letters, words,
and ideas in sign languages to assist people with hearing impairments using advanced
technologies and artificial intelligence algorithms. Despite the many types of research in
this field, there are limitations and opportunities for improving communication between
hearing and non-hearing individuals. In this section, we will focus on exploring one-
handed SRL. To this end, we present a brief literature review of recent works on SRL using
deep-learning techniques, particularly convolutional neural networks (CNNs) and ML
based on digital image processing and sensors [14-17].

Among the reviewed works, Ameen et al. (2016) explored the applicability of deep
learning for sign language interpretation by developing a CNN to classify images based
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on manual spelling. They achieved 82% accuracy and 80% recall using intensity and
depth data [18]. Thongtawee et al. (2018) presented an efficient feature-extraction method
and algorithm to distinguish American sign language (ASL) from static and dynamic
gestures, achieving 95% recognition using an artificial neural network (ANN) [19]. Rast-
goo et al. (2020) addressed the challenge of real-time SLR using extra spatial hand relation
(ESHR) and hand pose (HP) features, a 2D CNN, singular value decomposition (SVD), and
long short-term memory (LSTM) with an accuracy of 86.32% [20,21].

Sharma et al. (2020) proposed a systematic statistical analysis and evaluated previ-
ously trained deep models for static Indian sign language (ISL) recognition. They achieved
99.0% and 97.6% recognition accuracy for numbers and letters, respectively, using a public
ISL dataset [22]. Katoch et al. (2022) reported a technique using the bag-of-visual-words
(BOVW) model to identify ISL alphabets and digits in a live video stream, achieving an
average accuracy of 89.24% using support vector machine (SVM) and CNN [23-25]. Subra-
manian et al. (2022) proposed an optimized hand skeleton descriptor integrating the model
of closed recurrent unit (MOPGRU) for ISL recognition, achieving an average accuracy
of 95% using the bidirectional long short-term memory network (BiLSTM) [26]. Sundar
et al. performed a hybrid with long short-term memory (LSTM), achieving an accuracy
of 99% [27,28]. Pathan et al. investigated SLR using CNN and an ASL image dataset,
achieving a test accuracy of 98.98% [29]. Sanchez et al. investigated a word-level SLR
methodology on the Corpus LIBRAS dataset (Brazilian sign language), obtaining an accu-
racy of 94.33% using BiLSTM [30]. Mohsin et al. focused on letter and number recognition
in ASL and achieved 96% accuracy using InceptionV3 [31]. Amangeldy et al. proposed
an improved method for continuous recognition of Kazakh sign language, achieving an
average accuracy of 97% [32]. Finally, Wali et al. comprehensively reviewed emerging
frameworks and algorithms in SLR, identifying state-of-the-art techniques and suggesting
new research directions [33].

2.1. The Taxonomy of Sign Language Recognition

Farooq et al. (2021) propose a taxonomy of SLR that includes applications, avatar tech-
nology, gesture recognition, natural language to sign language translation, and repositories
of written text units, such as letters, words, or sentences. Individual signs in sign language
consist of gestures or hand movements, each representing a specific word. They can also
be considered static images, where one image corresponds to one word. Signed phrases, or
running signs, contain multiple words and are considered sign alphabets or static signs.
They are easier to recognize than full sentences. This section reviews several studies in this
area [31,34].

Research on sign language translation identifies several possibilities. These efforts aim
to improve communication between people with and without hearing impairments. Our
proposed approach is highlighted in the white box in Figure 2.

2.2. Machine Learning Models in Sign Languages

Among the ML models similar to ours, MediaPipe was used by Bajaj et al. (2010) to
experiment with different combinations of landmarks and classification algorithms, such
as K-nearest neighbors (KNN), random forests, and neural networks. After preprocessing
to bring the landmarks into a single reference frame, these researchers obtained average
accuracies of 82.19% for KNN, 85.30% for random forests, and 90.95% for neural networks,
respectively [35-38]. Sahoo et al. (2014) used various classification techniques, such
as position and motion-based SLR using MultiStream (HMM), the Boost Map method
(BoostMap), and neural networks, for sign language-related gestures. Their approach
focused on determining the shape and center of gravity of the hands in images captured
by a digital camera. They used landmarks to train signers and achieved satisfactory
accuracy [39-41].

In 2021, Shah et al. used SVM multiple-kernel learning classification to recognize
static Pakistani sign language alphabets. They extracted visual features from images, such
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as local binary patterns (LBP), histogram of oriented gradient (HOG), and speeded-up
robust features (SURF). They classified them using multiple kernels, achieving an average
accuracy of 89.24% [42—44]. Hussain et al. (2022) focused on ASL and Irish sign language
(ISL) annotation, using MediaPipe to extract features and classify hand gestures. They
achieved a maximum accuracy of 93% and 96.7%, respectively, with different classifiers [45].
Despite the extensive existing research, in this study, we will compare ML methods such
as SVM, naive Bayes, KNN, random forests, XGBoost, and LightGBM, in addition to DT
C4.5 [46-49].

Unlike previous research, our approach is characterized by its simplicity. It is based on
only six features in real-time SLR. The careful feature selection and efficiency of the model
support its applicability in practical situations.

Sign Language Translation
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Figure 2. The taxonomy of sign language recognition.

3. Materials and Methods
3.1. Software and Hardware Characteristics

For this work, a CPU with an AMD Ryzen 5 5600 G processor and Radeon graphics at
3.90 GHz, 16 GB of RAM, and a Logitech Model C920 HD Pro 1080p 960-000764 webcam
were used. The model was built using the MediaPipe classifier as a descriptor of the hand
skeleton, OpenCV to measure the internal angles of the hand, and the Python sklearn
library (version 9.11.9) to construct the C4.5 decision-tree classifier [50].

3.2. Data Loading and Dataset Preparation

The process began with collecting a dataset explicitly designed for our task, extracted
from a proprietary database stored in an Excel file with 5690 records collected and trained
by four people of different genders and ages. Furthermore, the database can be downloaded
from https:/ /github.com/gggvamp/pdi/blob/main/datosO.xlsx (accessed on 4 April
2024), since we focus on classification and prediction in the language domain. The last
column of the dataset contains the class labels corresponding to the sign language letters,
while the previous six columns contain the relevant predictive features of the hand, which
can be seen in Figure 3a,b. The training set was used to fit the model letter by letter. We
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apply essential preprocessing techniques to ensure the quality and adequacy of the data.
This process included the identification and removal of outliers, which could bias the
results of the analysis, and the normalization and standardization of the characteristics
were also carried out. We adjusted the scales of the six features to achieve a standard
distribution, which facilitates the comparison of different hand signs (letters) and improves
the stability of the analysis models. This is conducted for each letter [51,52]. See Figure 3a,b.

The characteristics of the letter A hand sign
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(a) Set of characteristics for letter A without filtering
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(b) Set of filtered letter A characteristics

Figure 3. shows the measurements of the 6 characteristics, including the letter A in this case. The
unfiltered data are displayed in (a), while the filtered (noise-reduced) data using the procedures
mentioned above are shown in (b).

We split the data into training and test sets, allocating 20% of the data to the test
set and 80% to the training set to ensure adequate representation of the algorithms [53].
Additionally, we used the numerical value of 42 to initialize the random number generator,
ensuring the reproducibility of the data splitting. This separation allows for adequate model
training with independent data before the evaluation of the test set, avoiding overfitting
and providing a more accurate assessment of model performance under real-time and
user-independent conditions [54].

Once the data have been collected, the requisite preprocessing is initiated to ensure
the quality and suitability of the data for subsequent analysis. This process involves
several crucial steps designed to preserve the integrity and consistency of the data. These
steps include identifying and eliminating outliers that could skew the analysis results.
Additionally, the features are normalized or standardized, adjusting their scales to achieve
a standard distribution. This step facilitates the comparison of different variables and
improves the stability of the analysis models.

3.3. The Performance Evaluation of Trained Models

The ML algorithms were evaluated using several metrics, including prediction ro-
bustness, completeness, sensitivity, specificity, precision, recall, and F1 score (a combi-
nation of precision and recall), in addition to time and accuracy in prediction, training,
and validation.
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Once the models were trained, their performances were evaluated using the test suite,
which involved calculating numerous metrics designed to provide a complete and detailed
understanding of each model’s performance. Among these metrics are confusion matrices,
which provide a robust evaluation of each classification method on datasets containing
21 classes (letters).

The confusion matrix is a valuable source of information about the classifier’s pre-
dictions. To improve clarity, it is common practice to normalize the confusion matrix by
converting absolute counts to proportions. This normalization allows for comparing model
performance between classes with different sample sizes. Additionally, the matrix is pre-
sented as a heat map, where darker shades represent higher values. This visualization helps
to identify areas of high confusion, as shown in Table 1, and provides a clear understanding
of model performance.

Table 1. Description of a confusion matrix. The confusion matrix evaluates classification accuracy
and determines a classifier’s overall performance. It defines key concepts, such as precision (P), recall
(R), true positives (TP), false positives (FP), false negatives (FN), and true negatives (TN).

Actual Class
Positive Negative
Negative False Negative (FN) True Negative (TN) Neg Pre. Value TN/(TN + FN)
Positive True Positive (TP) False Positive (FP) Precision TP/ (TP + FP)

Predicted
Class

Fl-score (2xPxR)/P + R Recall TP/(TP + EN)  Specificity TN/(TN + FP) Accuracy TP + TN /(TP + TN + FP + EN)

3.4. Selection of Algorithms to Compare

Several ML algorithms have been selected for comparison to assess their performances
in addressing the classification and prediction problem. The selected algorithms are:

e  SVM: data classification is achieved by identifying the optimal separating hyperplane
between classes in a multidimensional space;

e Naive Bayes: this approach is based on Bayes’ theorem and assumes independence
between characteristics and the classes;

KNN: data classification is performed by assigning labels based on nearest neighbor labels;
Decision trees: this method classifies data using a decision tree, where each node
represents a feature and each leaf a label;

Random forests: combine multiple decision trees to classify data, reducing overfitting;
XGBoost: implements gradient boosting to improve model accuracy using sequential
decision trees with regularization and parallelization;

e LightGBM is another efficient implementation of gradient boosting. it uses sam-
pling techniques to build decision trees faster and with lower memory usage;

e CatBoost is an ML algorithm developed by Yandex for gradient boosting on decision
trees. It is particularly effective at handling categorical features directly, preventing
overfitting, and offering high performance with both CPU and GPU support;

e  RNNs: recurrent neural networks are designed for processing sequential data by main-
taining a hidden state that captures information from previous time steps. They are
widely used in applications like time-series forecasting and natural language processing.

The selected algorithms were implemented at this stage using well-known ML libraries,
such as Scikit-learn 1.4.2, XGBoost, and LightGBM. Each model was carefully configured
and trained using the training set prepared during the data-preprocessing phase. During
the training process, rigorous monitoring was conducted by recording the time required for
each model’s training. Several evaluation metrics were calculated and thoroughly analyzed,
including training accuracy, a crucial measure of each model’s predictive ability and fit. It
should be noted that all algorithms compared were subjected to the same circumstances
and initial conditions. This meticulous approach ensured a thorough understanding of the
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models’ performance and allowed the identification of areas for improvement to optimize
their performance in future phases of the project [55,56].

3.5. Proposed Work

This work uses a hand-feature extractor called the MediaPipe Hand Landmarker. This
tool identifies key points on the hands in an image. These points can be used to detect
significant locations on the hands and apply visual effects to them. See Figure 4a,b.

(a) Descriptor points (b) Reduction to 6 distal angles

Figure 4. The task is effective on static image data and videos. (a) Twenty-one landmarks of the
hands in image coordinates. (b) The angles between the distal phalanges and the palm are classified
as internal angles oA, aB, «C, D, «E, and «F.

Measuring the internal angles between the distal phalanges and the palm is crucial to
our methodology. These angles capture distinctive features without relying on correlation
and convolution processes. Calculating these angles provides a concise representation of
the hand signals and, through OpenCV, stabilizes the plot regardless of the position or
distance of the hand from the camera. This stability is vital for improving the accuracy
and speed of letter prediction in sign language. The angle is calculated using the direction
vectors of the two lines 1 = (uq,up) and v = (o1, v;), and the angle formed by these two
lines can be calculated using Equation (1):

— =
ey |u101 + u0;|
— = -
2 2 2 2
’qu‘ \/u1+u2+\/vl+vz

where ‘;’ and ‘;‘ are the modules of vectors # and v, respectively, the angles between the

cosu =

)

distal phalanges and the palm are obtained. It should be noted that this contribution is
particularly significant, since not only are the features reduced from 21 to 6 dimensions but
also, by focusing on distal angles, the values of these angles are consistent regardless of the
position or distance relative to the camera. This is a significant advantage in processing,
classifying, and, above all, predicting MSL letter labels. See Figure 5a—d.
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(c) Y sign, incorrect hand position (d) Y sign, correct hand position

Figure 5. Regardless of the hand’s location, the algorithm detects it. (a) Training the MSL character ‘A’
near the camera. (b) Training the MSL character ‘A" away from the camera. (c) Training the character
Y’ in the incorrect position. (d) Training the character “Y” in the correct position. The process begins
with two stages, namely the training stage and the validation stage.

3.5.1. Training Stage

During the training stage, real-time video recordings are performed for each letter
of the Spanish alphabet using the MSL variant. The training begins by labeling each sign
with its corresponding letter, starting with the sign for the letter A and ending with the
sign for Y, excluding the letters J, K, N, Q, X, and Z due to their movement nature. The
six most critical characteristic points are plotted using Equation (1) to derive and record the
six angles, from which 21 of the 27 MSL letters are obtained.

These data are stored in a dataset containing each letter of the corresponding alphabet.
For example, in Figure 6, the letter ‘B’ is trained. Records of the features of each letter
are stored in a more extensive dataset called ‘alphabet classes’, which is accessible in the
training and validation phase. See Figure 6.

The training algorithm outlines a system that uses a camera to detect and track hands
in real time. The process begins with importing the necessary libraries for image processing
and hand detection. Video capture from the camera is set in a continuous loop, where the
algorithm captures a frame and verifies the success of the capture. The algorithm then
searches for the user’s hand within the frame. If a hand is detected, the algorithm analyzes
it and calculates the coordinates of the hand landmarks. These coordinates are used to
draw lines on the frame, representing the hand. Additionally, the algorithm calculates
six angles using the hand landmark coordinates, which are stored. The modified frame
with the detected hand and calculated angles is displayed on the screen. The loop continues
until the user stops it, at which point the camera resources are released. For a detailed
description of this phase, refer to Table 2.
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ah 150 146 170 : - 145
B 5 26 20 - = 3
aC 113 123 118 . = 116
ab 173 164 175 . - 177
af 165 160 164 - - 159 21 Alphabet Classes
aF 9 101 %6 - - 101
letter B B B B B B AB,C,D,EFRG,
A A F A A A H,,LM,N,O,P,
RS T,UV,W,Y

Figure 6. Training and labeling process of the 21 static letters of the MSL.

Table 2. Training and labeling process.

Pseudocode 1 Hand Angle Data Collection and Training

1: Start

2: Import necessary libraries (cv2, mediapipe, numpy, pandas)
3:  Configure mediapipe for hand detection and capture video from the camera
4: Write data into an Excel file

5: Initialize counter to zero

6: While true:

7:  Capture a frame from the camera

8: If the frame was captured successfully:

9:  Flip the frame horizontally

10:  Convert the frame to RGB format

11:  Process the frame with the hand-detection model

12:  If hands are detected in the frame:

13:  For each detected hand:

14:  For each hand landmark:

15:  Calculate the coordinates of finger landmarks and wrist
16:  Draw circles at finger landmarks and wrist

17:  For each pair of landmarks forming a hand:

18:  Calculate the angles between fingers and wrist

19:  Draw lines between landmarks to represent the hand

20: Display the calculated angles near the landmarks

21:  Print the calculated angles

22:  Show the frame with detected hands and calculated angles
23:  If the 'ESC' key is pressed:

24:  Exit the loop

25: Release camera resources and close all windows

26:  End

The process begins with the importation of the requisite libraries and the configuration of hand detection. This is
followed by writing data to an Excel file and initiating an infinite loop to acquire and process images captured by
the camera. Within this loop, the algorithm detects the hand in the image, calculates the reference angles, displays
the results, and stores the calculated angles.

3.5.2. Validation Phase

Validation is a crucial step to ensuring the accuracy and reliability of the character
recognition system. For this purpose, the DT C4.5 ML method, specifically the C4.5
algorithm, is employed [57]. The validation process comprises several key steps. Initially,
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hand signals are processed analogously to those used during training. Six internal angles
of the hand are extracted as features for validation. These angles are compared to a set
of “alphabet classes,” which contain information about the signs corresponding to each
of the 21 letters of the alphabet. The objective is to determine if the captured hand signal
corresponds to one of the previously trained alphabet classes. If no direct correspondence
with the alphabet classes is found, the DT C4.5 algorithm is activated. This algorithm is
renowned for its capacity to construct decision trees based on the information provided by
the training data. These decision rules may be employed to classify unknown records from
the captured hand signal. In this manner, the DT C4.5 functions as a predictor, determining
which letter of the alphabet the signal belongs to and labeling it correctly. For further
clarification, please refer to Figure 7.

Training Path
i) 19 1% 17 . . 14
of 15 % 0 - - 3
of 13 m 113 - - 118
(1] 1B 18 173 - - wmo ]
Input webcam —> 1% 150 164 F
of 3 i % - 10
i 45 feter B B B B B
Mediapipe OpenCV Capture of the 6 distal angles and their label
- Labeled Data 1
£ p Test it (set,Alphbet Classes) < N
E 21 Alphabet Classes
g ‘ r AfBIcl DJ Ef FI’ Gl
2 H,I,LM,N,O,P,
,fg Algorithm Tree.DecisionClassifier() Predictive R,S,T,UV,W.Y
I
>

al a2 o3 od a5 ab
144 24 120 166 160 95

The set isfound in
Alphabet Classes?

rF 3

Put on theclassB

Figure 7. Complete block diagram of the training and validation stages.

This system employs a camera and a hand recognition model to capture and process
gestures. The camera initiates video capture, while hand-gesture data are read from an Excel
file, potentially containing information from a previous training session. An infinite loop is
established to capture frames from the camera continuously. Each frame is processed with
the hand recognition model, extracting the coordinates of the landmarks and calculating
the angles between them. The processing cycle persists until the user elects to terminate it.
At this juncture, the DT C4.5 model categorizes the captured signals. The image depicts
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the classified signal, and the resulting video with the gesture labels is displayed for future
reference. Table 3 provides a detailed description of the validation process.

Table 3. Validation process for hand-gesture recognition system with DT C4.5.

Pseudocode 2 Real-Time Hand Gesture Recognition Validation

: Start

: Import necessary libraries (cv2, mediapipe, matplotlib, numpy, pandas, sklearn)
: Configure mediapipe for hand detection and capture video from the camera
: Read hand gesture data from an Excel file

: Initialize necessary variables and data structures

: With mediapipe.Hands(

: static_image_mode = False,

: max_num_hands = 2,

: min_detection_confidence = 0.5) as hands:

10: While True:

11: Read a frame from the camera

12: If the frame was read successfully:

13: Process the frame with the hand detection model

14: If hands are detected in the frame:

15: For each detected hand:

16: Extract coordinates of finger landmarks and wrist

17: Calculate angles between finger landmarks and wrist

18: Visualize landmarks and hand lines on the frame

19: Display calculated angles near the landmarks

20: Store the calculated angles

21: Show the frame with detected hands and calculated angles
22: If the ‘ESC’ key is pressed:

23: Perform gesture classification using a decision tree model
24: Display the predicted gesture label on the frame

25: If needed, save the output video with gesture labels

26: Exit the loop

27: Release camera resources and close all windows

28: End

O 0N ONUT s WN -

The pseudocode presented elucidates the real-time validation of hand-gesture recog-
nition. As stated, it imports libraries and reads gesture data from an Excel file. After
initializing the requisite variables, it initiates an infinite loop to capture and process images
from the camera.

3.6. Decision Tree

This algorithm needs to be explained because it performed best compared to the
ML algorithms in the results section; this decision algorithm and its possible results are
presented as a tree. It is used for classification and regression tasks, especially DT C4.5,
which has served as the basis for several variants and improvements in the design of
decision-tree algorithms, such as random forests [58,59]. In this context, the tool predicts
the category (letter) of the hand signs not found in the previously trained set of alphabet
classes. Although this tool is not new, our experiments have shown extraordinary efficiency,
responsiveness, and accuracy despite its simplicity of application. Its use in this work is
further detailed by explaining the parts that make up this algorithm.

3.6.1. Entropy

Entropy is a physical quantity applied to a thermodynamic system in equilibrium. Its
function is to measure the number of microstates compatible with the macroequilibrium
state of the system. This measurement can be understood as measuring the degree of
organization present in the system in that state. In our case, when the entropy level is
zero, it represents the maximum order. The decision tree is created based on the gain of
information obtained from the training examples and is then used to classify the test set.
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The classification task is typically performed with nominal attributes and no missing values
in the dataset. If a probability distribution P = (p1, p2, ..., pn) is provided, then the
information carried by this distribution is known as entropy and is calculated by:

Entropy P ==Y pi-log(p;i) @)

3.6.2. Information Gain

To select the attribute of a given node at any position in the tree under construction,
it is necessary to determine the gain for a t-test and a position p at that node using the
following equation:

Gan(p, T) = EntrP — Z};l (pj-Entr)(pj) ©)]

The values (pj) represent the set of all possible values for the attribute. This measure
given in Equation (3) can be used to determine which attribute is better and to construct
the decision tree by considering the node that possesses the attribute with the highest
information gain of all the attributes that have not yet been considered in the route from
the root node.

3.6.3. Algorithm C4.5

The C4.5 algorithm is an extension of the ID3 algorithm proposed by Quinlan to
address some of the deficiencies of ID3, in that it was not designed for numeric attributes
and does not use pruning to reduce overtraining. To solve these problems, algorithm C4.5
uses a new calculation to measure the gain ratio [60]. Thanks to the introduction of this
new calculation, it is possible to calculate a gain ratio:

RelGan(p, T) = Gan(p, T)

~infDiv(p, T) @)

where

infDiv(p, test) = —Z;;l p (;) log(p’ <;]?> ) (5)

p'(j/p) is the proportion of elements present at position p, calculated from the

umpteenth test. Unlike the entropy in ID3, the gain ratio is independent of the objects dis-

tributed in different classes. C4.5 handles attributes with unknown values more effectively

by evaluating the gain ratio for these attributes by considering only the datasets for which

that dataset is defined. To accomplish this task, the algorithm estimates the probabilities of
different outcomes. Then, the new gain criterion takes the form.

Gan(p) = F(Info(T) — Info(p, T)) (6)

where F is the number of examples in the dataset with known values for the number of
examples in an attribute dataset.

Info(T) = Y ", ((p;)Entropia(p;)) )

If we first partition T into sets p1, pa. .., p» based on the value of a non-categorical
attribute p, then the information needed to identify the class of an element of T becomes
the weighted average of the information required to specify the class of a component
of T;, i.e., the weighted average of Info (T;). It also handles attributes with continuous
values. Let p; be an attribute with a continuous value in a range of constant values. The
values of these attributes are examined in the training set. The gain for each partition is
calculated, and the gain-maximizing partition is selected. An alternative approach used in
the C4.5 algorithm is the technique of post-pruning. The algorithm does not stop during
execution. Therefore, it also allows over-fitting, and only at the end are pruning rules
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applied to improve the generalization ability. Another difficulty is handling continuous
value attributes, such as real numbers [61]. Lastly, C4.5 uses a pruning technique to
minimize the error rate. This technique reduces the size of the tree by removing parts that
may be due to incorrect or missing data, thereby reducing the complexity of the tree and
improving its classification performance.

3.6.4. Measure of Gini Impurity

Gini impurity is a metric used to create classification trees, providing more insight
into the data distribution per node than classification accuracy alone. It is calculated by
considering the proportion of each target category among all the records at a node. The
Gini impurity is computed as the sum of the squares of these proportions subtracted from
one. For example, when splitting a node, the algorithm seeks the split that maximizes
the reduction in impurity, defined as the impurity of the parent node minus the weighted
average impurity of the child nodes. The overall objective is to minimize the Gini impurity.

2
Gini (X) =1- Y, (ey) 8)

This is used for categorical attributes. This criterion attempts to estimate the informa-
tion provided by each attribute based on “information theory”. Entropy is a measure of the
uncertainty or randomness of a random variable “x”. By calculating the entropy for each
attribute, the information gain of the tree can be determined.

4. Results
4.1. Evaluation Metrics and Their Relevance

Various metrics have been used to evaluate model performance, including training
and validation accuracy and training and prediction time. These metrics are essential for
understanding different aspects of model performance. Accuracy provides a measure
of the quality of predictions, while training and prediction time give information about
the computational efficiency of the algorithms, which is critical for real-time or large-
scale applications.

Several ML models have been trained using algorithms, including random forest,
SVM, naive Bayes, KNN, decision tree C4.5, LightGBM, XGBoost, CatBoost, and RNNs.
This broad range allows for a comprehensive comparison between different modeling
paradigms, which is crucial for understanding which approaches best fit a dataset and the
sign language predictor. The importance of this analysis lies in its ability to determine the
algorithm that offers the best performance in terms of accuracy, computational efficiency,
and generalizability, all of which are essential for the success and utility of our sign language
predictor. The results illustrate how the accuracy of the models varies with increasing the
training time. Table 4 presents the performance comparison of the ML models.

Throughout this process, we closely examined how performance metrics, such as
accuracy, varied between the training and test sets, and how the performances of the
different classification models were reflected in terms of precision, recall, F1 score, and
accuracy. Table 5 presents the training and prediction time metrics.

The decision tree, naive Bayes, and k-NN are fast at training and prediction. SVM
and random forest have moderate training and prediction times. XGBoost and CatBoost
are quick predictors, but CatBoost has a longer training time. LightGBM is efficient for
large datasets but slower in prediction. RNNs have long training and prediction times. The
choice of algorithm depends on the problem requirements and available computational
resources. Cross-validation scores are used to assess the generalization ability of a machine-
learning model; see Table 6. Cross-validation is a technique that helps ensure that the
model performs well on the training dataset and previously unseen new data.
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Table 4. Performance Models.

Model Results
Metric/Method DTC45 SVM NB k-NN RF XGBoost  LightGBM CatBoost RNNs
Training Accuracy  1.00 0.98 0.97 0.99 1.00 1.00 1.00 1.00 0.92
Training Loss 0.00 0.02 0.03 0.01 0.00 0.00 0.00 0.00 0.27
Testing Accuracy 0.99 0.96 0.96 0.98 0.99 0.99 0.99 1.00 0.96
Testing Loss 0.01 0.04 0.04 0.02 0.01 0.01 0.01 0.00 0.04
Accuracy 0.99 0.96 0.96 0.98 0.99 0.99 0.99 1.00 0.96
Precision 0.99 0.96 0.97 0.98 1.00 0.99 0.99 1.00 0.96
Recall 0.99 0.96 0.96 0.98 0.99 0.99 0.99 1.00 0.96
F1 Score 0.99 0.96 0.96 0.98 0.99 0.99 0.99 1.00 0.96
The numbers marked in red are the ones with the best performance.
Table 5. Training time and prediction.
Execution Times
Time/Method DTC45 SVM NB k-NN RF XGBoost  LightGBM CatBoost RNNs
Training Time 0.01s 0.05s 0.00 s 0.02s 0.36 s 0.31s 0.51s 242s 7.09s
Prediction Time 0.00s 0.03s 0.01s 0.03s 0.02s 0.00s 0.10s 0.00s 0.12s
The numbers marked in red are the ones with the best time.
Table 6. Indicates the cross-validation metrics.
Cross-Validation Scores
Metric/Method DT C4.5 SVM NB k-NN RF XGBoost LightGBM CatBoost RNNs
Cmss'T‘i]frllidaﬁ"“ 0.07s 045s  0.02s  024s  178s 1585 241s 11.17s  29.00s
[0.977, [0.946, [0.954, [0.965, [0.984, [0.937, [0.937, [0.990, [0.967,
0.985, 0.960, 0.963, 0.982, 0.992, 0.988, 0.989, 0.992, 0.970,
CV Scores 0.984, 0.932, 0.936, 0.954, 0.971, 0.967, 0.967, 0.991, 0.967,
0.984, 0.952, 0.926, 0.944, 0.974, 0.976, 0.976, 0.995, 0.968,
0.985] 0.951] 0.976] 0.973] 0.976] 0.981] 0.981] 0.993] 0.980]
CV Mean 0.98 0.96 0.95 0.96 0.98 0.97 0.97 0.99 0.97
Cgesvt;‘t‘i;rd 0.00 0.01 0.02 0.01 0.01 0.02 0.02 0.00 0.01

The numbers marked in red are the ones with the best performance.

All models have a high overall accuracy, ranging from 0.96 to 0.99. This indicates that
most of the models’ predictions are correct compared to the total predictions. Accuracy
measures the proportion of correct positive predictions. The models” accuracy ranges
from 0.96 to 0.99, indicating a very high ability to predict instances correctly. State-of-
the-art algorithms, such as CatBoost, XGBoost, and LightGBM, are the most accurate,
although they struggle with training time. Metrics using clustered bar graphs facilitate
visual comparisons between the different models. However, it is essential to interpret
the results with caution. For example, a model with a high training accuracy but a low
validation accuracy may indicate overfitting, while longer training and prediction times
can be problematic in time-critical applications. See Figure 8.

202



Technologies 2024, 12, 152

Metrics (s)

Model Metrics

20.0 | mmm TFaining Accuracy
B Validation Accuracy
mmE Taining Time (s}
BN Prediction Time (s}

5.0

125

100

75

5.0

25 I
L m ow om owm owm w1
o £ W& & &

& & db«)

&
Madel

Figure 8. The metrics of the compared algorithms with the respective accuracy and time.

It is essential to contextualize the results concerning the specific problem and data

under consideration. What works well in one dataset may not apply to another. In
addition, evaluation results should be cautiously generalized and validated on independent
datasets to ensure their robustness and reliability. The implementation provides a valuable
exploration of the performance of different ML algorithms. However, to describe the
performance of all models based on the graph provided, we note the following:

i

ii.

iii.

iv.

Vi.

Vii.

Random forest: Although random forest is known for its ability to handle large
datasets with many features, it appears to be more time-consuming in training and
prediction compared to other models. Nonetheless, it provides good accuracy on both
training and test sets;

SVM: it has longer training and prediction times than other models, and its accuracy
is not the highest on this dataset;

Naive Bayes: Although it has shorter training and prediction times, its accuracy is
lower than other models. However, it could be a good choice if speed is a priority,
and the required accuracy is reasonably high but not critical;

KNN: It shows very short training times, but the prediction times are longer. Its
accuracy is relatively high, but its distance-based nature may not be optimal for
large datasets;

DT C4.5: it shows shorter training and prediction times compared to other models,
and its accuracy is comparable to and even better than that of other more complex
models on this dataset;

XGBoost and LightGBM: These gradient-boosting models have good accuracy results
but longer training times than DT C4.5. However, their prediction times are shorter
than those of random forest and SVM;

CatBoost: It performs excellently, with an accuracy of 1.00. However, its training time
is significantly higher (2.42 s), and the cross-validation time is also longer (11.17 s);

viii. Neural networks: although neural networks have good accuracy and recall (0.96),

their training times (7.09 s) and cross-validation (29.00 s) are much longer compared
to the decision tree and boosting models.

4.2. Confusion Matrix of the Compared Models

The confusion matrix, a fundamental component in evaluating the performance of the

classification model, serves to quantify the model’s accuracy by showing the number of
correct and incorrect predictions for each class (letter). The confusion matrix is visualized,
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of classification errors. Below, you can see the confusion matrices that were compared to

highlighting the relationships between classes and facilitating the identification of patterns
determine which sign language predictor to choose. See Figure 9a-i.

The last matrix, DT C4.5, shows the number of correct and incorrect predictions for
each class in a tabular format. It provides a detailed understanding of how the model

classifies instances in each class. The model is accurate overall, with many correct predic-
tions for most classes. The accuracy varies between the classes, indicating that the model

may perform better for some classes than others. The high-

G,PT W, and

performing classes are A, C,

Y, mostly with correct predictions with no significant false positives or

negatives. This indicates that the model classifies these classes effectively. Some classes,

such asM, R, and U

show false positives or negatives. These classes present opportunities

7

for improvement to enhance the model’s accuracy in classifying these instances. Overall,
the confusion matrix results provide valuable information about the performance of the
DT C4.5 model, highlighting areas of strength and areas that need improvement for more
accurate classification. Based on these comparative analyses, we could decide which algo-
rithm best balances accuracy and computational efficiency for our sign language predictor.
This evaluation allowed us to select the most appropriate model to meet the problem’s

requirements and ensure optimal performance in practical situations.
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4.3. Performance of the DT C4.5 Classification Model

The following metrics provide a clear and concise evaluation of the proposed method’s
performance with DT C4.5 for classifying different letters. These metrics, including
accuracy, precision, recall, and F1 score, are based on the most recent results and are
presented straightforwardly in Tables 4-6 and Figure 8. Please refer to Table 7 for a
detailed breakdown.

Table 7. Metrics for the proposed method using the decision tree C4.5.

Letter Accuracy Precision Recall F1-Score Support

A 0.99 0.98 1 0.99 82
B 0.99 0.98 1 0.99 47
C 0.99 1 1 1 54
D 0.99 1 0.95 0.98 42
E 0.99 1 0.99 0.99 70
F 0.99 0.94 0.97 0.96 34
G 0.99 1 1 1 67
H 0.99 1 0.97 0.99 39
I 0.99 1 1 1 62
L 0.99 1 1 1 80
M 0.99 0.98 0.94 0.96 52
N 1 0.97 1 0.99 71
(0) 0.99 0.97 0.98 0.98 62
P 1 1 1 1 47
R 0.99 1 0.96 0.98 50
S 0.99 0.97 0.94 0.96 35
T 1 1 1 1 54
U 1 0.98 0.97 0.97 60
\" 0.99 0.95 0.98 0.97 64
W 1 1 1 1 36
Y 1 0.97 1 0.98 30
Weighted Avg 0.99 0.99 0.99 0.99 1138

Table 7 shows the high performance of the proposed method using DT C4.5 in classi-
tying letters.

e  Accuracy: This represents the proportion of correct predictions from the total predic-
tions made for each class, providing a general measure of model performance. Values
range from 0.99 to 1.0, indicating that the model is highly accurate for most classes;

e  Precision: Indicates the proportion of instances correctly classified as positive out of all
instances classified as positive. It measures the model’s ability to avoid misclassifying
a negative instance as positive. Values range from 0.94 to 1.0, indicating that the model
has a low false-positive rate for most classes;

e  Recall: Represents the proportion of positive instances correctly identified by the
model out of all true-positive instances. It measures the model’s ability to identify all
relevant instances in a dataset. Values between 0.94 and 1.0 indicate that the model
correctly identifies the most positive instances in each class;

e  F1 Score: Measures model accuracy by considering both precision and recall. The
harmonic mean of precision and recall balances the two metrics. Values range from
0.96 to 1.0, indicating a good balance between precision and recall for most classes;

e  Support: values vary by class and represent the number of instances of each class in
the test dataset.

4.4. Structure of Prediction in DT C4.5

A DT C4.5 is a graphical representation of a set of decision rules used to classify
examples or predict outcomes, where each internal node represents a feature (attribute),
each branch represents a decision based on that attribute, and each leaf represents the
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result of the decision. The following describes how decisions are made based on specific
features by dividing the dataset into smaller groups at each internal node until a prediction
is obtained. This leads to the classification of hand angles into letters of the alphabet. A
decision tree is generated and visualized based on the given data, and the resulting image
is saved. This process helps understand how DT C4.5 classifies different data and which
features are most important for classification. See Figure 10.

X 5-67.5
glm 0. 948

value [347, 282, 241m§23 319 200 294, 264, 309, 5
4, 340, 266, 231, 250, 207, 235, 282, 353, 225

159]
class =V

Figure 10. DT C4.5 is magnified twice to show (1) the computed features and arguments of the
input tree and (2) the output of the already labeled leaves in the DT C4.5 classifier for predicting
letters based on certain hand features detected by SRL. The meaning of each part of the tree is fully
ex-plained.

4.5. The Results of the Characteristics of DT. C4.5

i.  Feature Names: In the context of a C4.5 DT, these are the features used to make
decisions at each tree node. It is almost always specified that default feature names
be used;

ii.  Gini: The Gini impurity measures how impure a node is. Determining which features
and split values are best for dividing the dataset into smaller subsets is critical. In
the decision-tree graph, nodes are split based on the Gini impurity value to minimize
impurity in the resulting nodes;

iii. Examples: In the context of DT C4.5, this refers to the number of data instances that
arrive at a particular node during the tree’s training process. The number of samples
arriving at each node can be shown in the decision-tree graph, providing information
about the data distribution in the tree;
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iv.  Value: The value at a node represents the class distribution of the samples arriving at
that node. In the decision-tree graph, the value of a node can be visualized as a list
showing how many samples of each class are present at that node;

v.  Class: The leaf nodes of the decision tree represent the predominant class of samples
arriving at that node. In the decision-tree graph, the class of a leaf node can be
displayed as a label indicating the predominant class at that node.

The leaf nodes in the tree indicate the predominant class of arriving samples, con-
stituting the final classification of letters in sign language. These steps are essential for
understanding and effectively applying the classification process using a DT C4.5 classifier
in SLR.

In summary, the code uses a DT C4.5 classifier to predict letters based on the charac-
teristics of the detected hands. The decision-tree graph provides a visualization of how
these decisions are made, and terms such as Gini, impurity, samples, value, and class refer
to different aspects of the tree construction process and data distribution in the tree. The
images in Figure 11 show the manual sign results for the 21 non-movement letters that
define MSL.

Figure 11. The outcomes were achieved using the suggested approach.

It is important to note that the results from the instantaneous completion of the
process are obtained from real-time video, not photographs. As with all video systems,
the two limitations of the method are the lighting quality and the lack of focus of the
webcam. The images in Figure 11 show the 21 letters of the alphabet, excluding those
with movement.
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5. Discussion

This work is distinctive in the scientific literature because it analyzes six features that
represent the angles between the distal phalanges and the palm. This approach minimizes
the need for complex image processing. Additionally, there is limited research on MSL.

In recent MSL research published by Gonzalez et al. [12], MediaPipe was used as a
descriptor of the face, body, and hands to create avatars. The system includes an easy-to-use
graphical interface with modes to translate between MSL and Spanish in both directions.
Users can enter characters or text and receive corresponding translations. The performance
evaluation shows high accuracy, with the bidirectional neural network model achieving an
accuracy of 98.8%. Like us, they reduce the dimensionality of the features in their work to 11
for the face and 5 for the body but keep the 21 critical points of the hand. In contrast, in our
work, the dimensionality is reduced to six features, obtaining similar results in accuracy.

On the other hand, Sosa et al. [13] conducted a study using MSL. They proposed a
system to recognize and animate signs related to general medical consultations with avatars
in real time. This system facilitates dynamic and non-intrusive interaction between hearing
doctors and deaf patients. The recognition module uses an MS Kinect sensor to capture
sign trajectories and images processed in real time by hidden Markov models (HMMs).
The study involved 22 participants and demonstrated the recognition of 82 different signs,
achieving average accuracy rates and obtaining F1 scores of 99% and 88%, respectively.
The work uses MSL, but the Kinect sensor requires two computers to program speech
and train an avatar using motion caption (MoCap), which cannot track finger movements.
Therefore, it needs to be adapted afterward. The researchers’ contribution is valuable
because it focuses on helping hearing-impaired people communicate in a medical context.
Compared to our work, we used a low-cost camera with a medium-capacity computer,
which processes finger images much faster. We do not need to train an avatar beforehand
or the patient; communication is facilitated directly by the person in need, regardless of
hand size or skin color.

According to the same methodology but without the incursion of MSL, we found a
promising work by Subramanian et al., who employed a hand-feature descriptor integrating
an optimized MediaPipe called gated recurrent units (MOPGRU) for ISL recognition,
obtaining an average accuracy of 95% [26]. In contrast, our work did not require an
optimized MediaPipe, and we obtained similar results. Just as Hussain [45] identified two
alphabets, ASL and ISL-HS, using different kinds of ML, including random forest, DT
C4.5, and naive Bayes, to classify hand gestures using a dataset with 28 gestures between
letters and 2 signs. The random forest classifier was the best-performing classifier, showing
an accuracy of 96.7% with ISL and 93.7% with ASL. However, in our study, the random
forest showed more extended training and prediction. However, it is our second-best
performance after DT C4.5. Our work has some limitations that make it imperfect; we only
have 21 letters of the alphabet. It was not possible to include letters that imply movement,
and it would be desirable to complete the MSL. Some classes, such as M, R, and U, show
false positives or negatives. These classes are of utmost importance and require special
attention to improve the accuracy of the model in classifying these letters.

6. Conclusions

This study presents a comprehensive analysis of various ML models applied to the
classification of MSL. Our decision tree C4.5 algorithm demonstrated remarkable perfor-
mance, achieving near-perfect precision, recall, and an F1 score of 99%. Compared to
cutting-edge algorithms like random forest, XGBoost, LightGBM, CatBoost, and neural
networks, the DT C4.5 algorithm stands out for its balance between computational ef-
ficiency and predictive accuracy. While models such as CatBoost and neural networks
offer competitive accuracy, they require significantly longer training times, which may
not be ideal for real-time or large-scale applications. CatBoost, in particular, exhibited
excellent performance in accuracy and handling categorical data, but its training time was
considerably longer compared to DT C4.5.
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Although the neural network was adequate, with a precision and recall of 96%, it
presented the most extended training and cross-validation times among all the models
tested. This makes it less practical for scenarios requiring quick deployment and iteration.
However, its ability to handle complex patterns in the data is noteworthy, suggesting its
potential for future improvements where computational resources are less constrained.

Our findings highlight the importance of model selection based on the specific needs
of the application, such as training speed, prediction time, and accuracy. DT C4.5 proved
to be the most balanced option for our MSL predictor, offering robust performance without
the drawbacks associated with more computationally demanding models. This study
underscores the potential of simpler models like DT C4.5 to achieve high accuracy in
specialized tasks where the advanced models’ complexity and resource demands may not
be justified.
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Abstract: In recent years, there has been intense development of digital diagnostic tests for vision.
All of these tests must be validated for clinical use. The current study enrolled 51 healthy individuals
(age 19-72 years) in which achromatic contrast sensitivity function (CSF) in near vision was measured
with the printed Vistech VCTS test (Stereo Optical Co., Inc., Chicago, IL, USA) and the Optopad-CSF
(developed by our research group to be used on an iPad). Likewise, chromatic CSF was evaluated
with a digital test. Statistically significant differences between tests were only found for the two
higher spatial frequencies evaluated (p = 0.012 and <0.001, respectively). The mean achromatic index
of contrast sensitivity (ICS) was 0.02 £ 1.07 and —0.76 % 1.63 for the Vistech VCTS and Optopad
tests, respectively (p < 0.001). The ranges of agreement between tests were 0.55, 0.76, 0.78, and
0.69 log units for the spatial frequencies of 1.5, 3, 6, and 12 cpd, respectively. The mean chromatic ICS
values were —20.56 & 0.96 and —0.16 £ 0.99 for the CSF-T and CSF-D plates, respectively (p < 0.001).
Furthermore, better achromatic, red-green, and blue-yellow CSF values were found in the youngest
groups. The digital test allows the fast measurement of near-achromatic and chromatic CSF using a
colorimetrically calibrated iPad, but the achromatic measures cannot be used interchangeably with
those obtained with a conventional printed test.

Keywords: achromatic contrast sensitivity; chromatic contrast sensitivity; iPad; Optopad-CSF; Vis-
tech VCTS; contrast sensitivity in near vision

1. Introduction

The use of modern technologies has modified our daily habits [1,2], especially follow-
ing the COVID-19 pandemic, with the wide introduction of digital tools in academic [3]
and work environments [4,5] and an exponential increase in their use. In the health context,
many applications have been developed and released in digital stores (App Store and
Google Play) for various purposes such as screening or diagnosis of distinct pathological
conditions [6]. However, these tools require rigorous scientific studies to support and
ensure their correct use in a clinical setting [6]. Among the applications/platforms that
have been scientifically validated for clinical use, some evaluate visual acuity (VA) [7],
stereopsis [8-11], achromatic contrast sensitivity function (CSF) [12], visual performance
with a multifocal lens [13], and color vision [14].

As mentioned, several digital applications have been developed for the specific mea-
surement of contrast sensitivity (CS), which is the ability of the visual system to distinguish
objects against a set background. This type of clinical measurement is especially useful for
characterizing visual performance in elderly patients, but it is not usually incorporated
into routine optometric/ophthalmological examinations. Furthermore, the measurement
of contrast sensitivity function over short distances is especially relevant when evaluating
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the outcomes of any procedure to compensate for presbyopia, such as multifocal contact
lenses or intraocular lenses [15,16]. However, this parameter is not commonly used (only
in very few studies), and researchers prefer to evaluate distance contrast sensitivity, which
is expected to be affected less. One reason for that may be that this test can be considered
time-consuming or difficult to perform, but this can be overcome by using the previously
mentioned digital tests displayed on calibrated tablets.

Very few studies have tried to compare the results of a digital evaluation of CSF with
those obtained with conventional tests [12,17-20]. Furthermore, most studies are focused
on the evaluation of distance CSF. Biihren et al. [20] carried out a comparative study of
achromatic CS under varying light conditions using three different instruments (FF-CATS
at 4 m, FACT at optical infinity, and Pelli-Robson at 1 m) in three types of populations:
healthy individuals under 50 years of age, healthy individuals over 50 years of age, and
patients over 50 years of age with cataracts. In this study, the authors concluded that,
under the different light conditions established, the results obtained with the evaluated
instruments were not interchangeable. Rodriguez-Vallejo et al. [12] compared a new
application (ClinicCSF) to measure CSF (at 2 m) with the iPad Retina against the Functional
Acuity Contrast Test (FACT), confirming that there were no significant differences between
tests when the same contrast sensitivity steps were used. However, no comparative analyses
have been performed between printed and digital tests for measuring contrast sensitivity
over short distances.

The Optopad digital tool is one of these new technologies for evaluating visual per-
formance, and it was developed in collaboration between the Universities of Alicante and
Valencia (Spain) [21]. This digital test has not yet been commercialized; thus, its use is
restricted, but it has been validated for the detection of chromatic deficiencies (Optopad-
Color) [14,22] and has been shown to be useful in characterizing achromatic and chromatic
contrast sensitivity function (Optopad-CSF) over short distances [22,23]. This system was
developed in an attempt to obtain a low-cost, portable digital tool for the evaluation of
CSF and color vision in clinical settings, allowing a fast measurement procedure. Aside
from the detection of chromatic anomalies, the intention was also to use advances in digital
technology to create an easy-to-use test for measuring achromatic and chromatic CSF over
short distances.

The evaluation of chromatic contrast sensitivity over short distances is a procedure
that is not commonly performed in routine clinical practice, but its potential usefulness
should be investigated further. To date, there have been a number of studies investigating
the response of the visual system to chromatic contrast [24-27]. Our research group [28]
conducted a comparative pilot study with 10 young subjects in which the effects produced
by seven filters (three gray filters, four chromatic filters, and two low-vision lenses) on
CSF were compared. This study concluded that, compared to gray filters of the same
luminance, yellow filters may be useful when low achromatic contrasts are to be improved,
although overall decreases in brightness may occur. Kim et al. [26] conducted a pilot
study with 13 patients to record the differences obtained in the measurement of achromatic
and chromatic CSF in near and far vision after varying luminance. They concluded that
luminance causes a drop in the measure of contrast sensitivity, but it does not affect the
shape of the CSE. After this, the same group conducted another study to establish normative
values for achromatic and chromatic CSF measures [25]. However, it should be considered
that the measurements were obtained at an intermediate distance (58 cm). These authors
found higher sensitivity to the contrast of the L/M cone compared to the S cone and the
achromatic responses. Wuerger et al. [24] evaluated the effect of the variation in luminance
at two different distances, 91 cm (distance vision) vs. 45.5 cm (near vision), obtaining
a luminance-dependent computational model predicted by the CSF for achromatic and
chromatic stimuli of arbitrary size. Bodduluri et al. [29] conducted a comparative study of
sensitivity to chromatic contrast (30 cm) in near vision with an application that operated
on an iPad versus the results obtained with the Cambridge Color Test (CCT). The sample
size was 100 healthy individuals. The authors concluded that, except for a game used to
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evaluate the blue—yellow contrast sensitivity, the CCT and tablet computer-based games
showed similar repeatability, with comparable 95% limits of agreement. Wong et al. [27]
performed color CS testing of each eye using Chromatest in a sample of 150 eyes of diabetic
patients. This non-comparative study did not achieve results to justify use of Chromatest
for screening, but it reinforced the changes seen in tritan color vision in diabetic retinopathy.
The Optopad-CSF test also allows the evaluation of near chromatic CSF, but its clinical
usefulness has not been investigated in detail. Only this test has been shown to be capable
of detecting chromatic contrast sensitivity alterations in patients suffering from COVID-19
compared to age-matched healthy controls.

As previously mentioned, one critical aspect when a new digital test is developed is to
confirm its clinical validity [6]. The validity of the measurements of near chromatic and
achromatic CSF measurements obtained with the Optopad-CSF test is yet to be analyzed,
and its clinical performance has not been compared with the performance of other tests for
measuring near CSE. The aim of the current study was to analyze the performance of the
Optopad-CSF test in a healthy population and to compare the data obtained with those
provided by a conventional printed test that is considered as the gold standard.

2. Materials and Methods
2.1. Patients

This was a prospective cross-sectional clinical study that enrolled a total of 51 patients
who underwent a complete visual examination at the Optometric Clinic of the University of
Alicante. The inclusion criteria for the study were patients 18 years old or older and patients
with no active ocular or systemic pathology compromising their visual function. Exclusion
criteria included children, previous amblyopia, strabismus, and patients with any type of
previous ocular surgery. The study received the approval of the Ethics Committee of the
University of Alicante (Date: 26 February 2021. Exp. UA-2021-02-17) and was conducted
following the standards of Good Clinical Practice and the international ethical principles
applicable to research on humans (Declaration of Helsinki in its latest revision). All patients
were informed about the nature of the study before their inclusion and provided signed
consent to participate in it.

2.2. Clinical Tests

All patients had a complete eye examination including measurement of uncorrected
and corrected distance and near visual acuity, manifest refraction, evaluation of ocular
alignment with cover test, slit lamp biomicroscopy, measurement of stereopsis, and eval-
uation of near contrast sensitivity function at 40 cm with two different tests: the Vistech
VCTS (Stereo Optical Co., Inc., Chicago, IL, USA) and the Optopad-CSF tests. With both
tests, patches showing sinusoidal gratings with different spatial frequencies are presented
and the subject must detect the orientation of the light-dark gratings. All measurements
were performed in the right or left eye; the eye was selected randomly. Measurements
were performed once after a clear explanation of the task. It should be considered that
most of the tests performed were psychophysical measurements that could be very tiring
for the patient. All these clinical examinations were performed by the same experienced
optometrist (K.J.M.G.). Contrast sensitivity measurements were performed with the most
optimal spectacle refractive correction in a darkened examination room.

The measurement with the Vistech VCTS test was performed in an iso-illuminated
cabinet (a period of adaptation to experimental light conditions of 3 min was required
before measurement) to prevent non-controlled illumination of the test or the presence
of light reflexes that could interfere with the measurement procedure. A total of 5 spatial
frequencies are evaluated with this test (Fp = 1.5 cpd, Fg =3 cpd, Fc = 6 cpd, Fp =12 cpd,
and Fg = 18 cpd), each one corresponding to each horizontal line containing the text.
Along the line, a total of 8 contrast levels (Michelson contrast formula) are presented to
determine the threshold for the spatial frequency evaluated. In our study, subjects were
asked about the orientation of the gratings (left, right, center), starting from the easiest
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task (low frequency, high contrast) to the most difficult (high frequency, low contrast).
The last correctly seen contrast in each line (each spatial frequency) was considered as the
threshold, and the contrast sensitivity value was obtained (inverse of the discrimination
threshold value).

A similar procedure was followed with the Optopad-CSF digital test, with a constant
(maximum) illumination of the screen. Subjects were also asked about the orientation
of the gratings (left, right, up), starting from the easiest task to the most difficult. The
threshold contrast value was considered to be the average value between the last correctly
seen stimulus and the first unseen stimulus. It should be considered that Optopad-CSF
explores spatial CSF in achromatic and chromatic mechanisms. The test contains plates
for measuring achromatic (CSF-A) (F1a = 1.5 cpd, Fop =3 cpd, F3a =6 cpd, Faa =12 cpd,
and Fs4 =24 cpd), red—green (CSE-T), and blue-yellow (CSF-D) (Fic =1 cpd, Foc =2 cpd,
Fac =4 cpd, F4c =8 cpd, and Fs5c = 12 cpd) spatial contrast sensitivity along the cardinal
directions of DKL space [30]. Each CSF is measured by 5 plates, 1 for each spatial frequency
evaluated. Each plate contains a series of sinusoidal gratings of achromatic or chromatic
decreasing contrast (cone contrast formula) in 2-degree circular windows, arranged in
a 4 x 4 grid on an achromatic background with the maximum generable luminance of
the device. The orientation of the grid is randomly chosen from 3 possibilities (—15°, 0°,
and 15°). The grille surround sound is, again, the achromatic stimulus of the device with
60 cd/m?. To minimize intrusions of the achromatic mechanism, chromatic grids include
random achromatic noise.

The Optopad-CSF 1.0 is a fast and non-invasive method to characterize CSF at near
distance on a portable electronic display device emitting polarized light (Apple iPad 6th
Gen A1893). The iPad Retina screen used had a display size of 2048 x 1536 pixels at
267 pixels per inch, with a screen size of 9.7 in and 8-bit per-channel color resolution. To
correctly reproduce the spatial and colorimetric characteristics of the designed stimuli, the
device was previously colorimetrically characterized using the 3SDLUT method [31].

2.3. Statistical Analysis

Statistical analysis was performed using the SPSS statistical software version 28.0.0
for Windows (IBM SPSS Inc., Chicago, IL, USA). Data distributions were not normally
distributed according to the Kolmogorov-Smirnov test; as a result, non-parametric statistics
were used. Differences between the CS measurements corresponding to the different spatial
frequencies obtained with the digital and conventional procedures were assessed by using
the Friedman test, with post hoc analysis with the Wilcoxon test and Bonferroni correction.
The Bland—-Altman method was used to analyze the level of clinical interchangeability
between digital and conventional measures [32]. Spearman’s Rho correlation coefficient
was calculated to investigate the relationship between different variables.

Only in the case of the comparison of the Optopad achromatic CSF with the VCTS
test, both contrasts were calculated using the Michelson contrast formula. The comparison
between the results of the two devices used to measure the CSF must be approached
with care due to the different design and measurement characteristics of each device. In
the current study, this problem was addressed by calculating the value of the index of
contrast sensitivity (ICS), based on the study by Koefoed [17]. The normalized value of
ICS is obtained by calculating the residuals, with respect to the median of the normal
population, for each frequency. Differences were weighted according to the presumed
clinical importance of each frequency. Thus, 6 cpd was assigned the highest power (factor 3),
whereas the frequencies 3 and 12 cpd received factor 2, and the remaining test frequencies
were not weighted.

3. Results

The sample included in this study was composed of 51 patients (51 eyes measured
randomly), with a mean age of 36.3 £ 14.0 years (range: 19 to 72 years). There was a higher
percentage of women than men (76.5% vs. 23.5%, respectively). The distribution of the
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eyes evaluated as a function of the refractive status was as follows: 39.2%, myopia; 17.6%,
hyperopia; 17.6%, emmetropia; 11.8%, presbyopia; and 13.7%, a combination of myopia
and presbyopia.

3.1. Comparative Analysis of Achromatic CSF Measured with Vistech VCTS and Optopad-CSF

Table 1 summarizes the results obtained with the printed and digital test in the sample
evaluated. The contrast sensitivity values for each test were calculated using the Michelson
contrast formula. No statistically significant differences were found between tests for the
spatial frequencies of 1.5 (p = 0.161), 3 (p = 0.138), and 6 cpd (p = 0.378). However, significant
differences were found in the contrast sensitivity (CS) measured for 12 cpd with both tests
(p = 0.012). It should be considered that the highest spatial frequency in the Vistech VCTS
test was 18 cpd, whereas it was 24 cpd in the Optopad-CSF test. Mean achromatic ICS
values were 0.02 (standard deviation, SD: 1.07; median: 0.17; range: —2.37 to 1.90) and
—0.76 (SD: 1.63; median: —1.24; range: —4.30 to 1.69) with the Vistech VCTS and Optopad
tests, respectively. The difference was statistically significant (p < 0.001).

Table 1. Achromatic contrast sensitivities for each spatial frequency (SF), with the mean value on a log-
arithmic scale and its corresponding standard deviation, measured with the printed (left) and digital
(right) tests. The contrast sensitivity values were calculated with the Michelson contrast formula.

Vistech VCTS Optopad-CSF
SR et Denion TP iletog benton
1.5 1.62 0.19 1.5 1.68 0.22 0.161
3 191 0.23 3 1.83 0.35 0.138
6 1.86 0.29 6 1.82 0.45 0.378
12 1.66 0.36 12 1.51 0.43 0.012
18 1.20 0.26
24 0.86 0.42

Bland-Altman plots were used to evaluate the level of interchangeability between
tests in the near CS measured for the spatial frequencies of 1.5, 3, 6, and 12 cpd (Figure 1).
Logarithmic values of CS were used in this comparison. As displayed in Figure 1, the limits
of agreement were large and represented potential differences between systems for log CS
corresponding to all the spatial frequencies evaluated with clinical relevance. The ranges
of agreement, defined as 1.98 times the standard deviations of the differences, were 0.55,
0.76, 0.78, and 0.69 for the spatial frequencies of 1.5, 3, 6, and 12 cpd, respectively.

Table 2 shows the correlation of near CS values measured for each spatial frequency
with each test with age. As shown, significant inverse correlations were found between CS
and age for the highest spatial frequencies evaluated, although correlations between age
and CS were weaker when using the Vistech VCTS test. Figure 2 shows the CSFs measured
with Vistech and Optopad tests in groups of subjects defined according to age. As expected,
higher CSFs were found in the younger groups with the two tests evaluated, although the
Vistech VCTS showed nearly no difference between the first three decades.
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Figure 1. Bland—-Altman analysis for near achromatic contrast sensitivity: Vistech VCTS vs. Optopad-
CSF (digital test). From left to right, top to bottom: F=1.5cpd, F=3 cpd, F =6 cpd, and F = 12 cpd,

respectively.

Table 2. Correlations (Spearman’s Rho: p) of achromatic CSF measures obtained with the two tests
evaluated and age, with their corresponding statistical significance represented by the p-value (p) for

each frequency.

Optopad-CSF

15 3 6 12 24
p=—0.568 p=—0.564 p=—0.656 p=-0615 p=—0343
p <0.001 p <0.001 p <0.001 p <0.001 p=0.014
VISTECH VCTS
15 3 6 12 18
p=—0117 p=-0123 p=—0.406 p=—0403 p=—0.303
p=0413 p=0.389 p =0.003 p =0.003 p=0.031
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Figure 2. Near achromatic contrast sensitivity functions (CSFs) by age ranges measured with both

instruments: Vistech VCTS (right) and Optopad-CSF (left).
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3.2. Analysis of Chromatic CSF Measured with Optopad-CSF

Table 3 summarizes the results obtained with the digital test in terms of red—green
(CSE-T) and blue-yellow (CSF-D) spatial contrast sensitivity in the sample evaluated.
The contrast sensitivity values for each test were calculated using the cone contrast for-
mula. The mean chromatic ICS values were —20.56 (SD: 0.96; median: —20.49; range:
—22.20 to —17.94) and —0.16 (SD: 0.99; median: —0.25; range: —1.87 to 3.70) for the CSF-T
and CSF-D plates, respectively. This difference was statistically significant (p < 0.001). Weak
correlations were found between red—green and blue—yellow CS values for each spatial
frequency evaluated. Likewise, as happened with the achromatic CSF, better red—green
and blue-yellow CS values were found in the youngest groups of the sample evaluated
(Figure 3).

Table 3. Chromatic contrast sensitivities for each spatial frequency (SF), with the mean value on a
linear scale and its corresponding standard deviation measured with the digital test.

Optopad-CSF-T Optopad-CSF-D
Mean Value Standard Mean Value Standard
SF (cpd) (log) Deviation SF (cpd) (log) Deviation
1 2.24 0.03 1 0.86 0.04
2 2.20 0.03 2 0.75 0.04
4 1.93 0.03 4 0.42 0.03
8 1.82 0.05 8 0.31 0.04
12 1.72 0.04 12 0.27 0.04
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Figure 3. Chromatic contrast sensitivity by age ranges measured with the Optopad-CSF test for the
red-green (CSF-T) and blue-yellow (CSF-D) mechanisms.

4. Discussion

As previously mentioned, this study aimed to evaluate and compare two different
methodologies for measuring near achromatic CSF: a printed conventional test (Vistech
VCTS) (considered as the classic gold standard) and a digital test to be used in previously
colorimetrically characterized tablets (Optopad-CSF). Thus, the interchangeability of a
classic test and a new digital test for measuring near achromatic CSF in clinical practice is
analyzed and can be confirmed. Furthermore, as the digital test permits the measurement
of chromatic CSF, an analysis of red—green and blue—yellow CSF in the healthy population
evaluated was performed to provide a characterization of these new aspects of the visual
function for their use in future studies and clinical practice. To date, the Optopad-CSF test
is the only currently available portable device for characterizing near chromatic CSE.

219



Technologies 2024, 12, 108

4.1. Comparison of Near Achromatic CSF Measured with Conventional and Digital Tests

Our comparative analysis revealed that there were significant differences between
Vistech and Optopad tests in terms of near CSF only for higher spatial frequencies (12 cpd).
However, differences between tests for the remainder of the spatial frequencies measured
by both tests did not reach statistical significance. This is consistent with the results of
Rodriguez-Vallejo et al. [12], who compared a new digital application to measure CSF at
2 m with an iPad Retina against the Functional Acuity Contrast Test (FACT), confirming
that differences between tests were not significant when the same contrast sensitivity steps
were used. However, despite the absence of significant differences between the Vistech
and Optopad tests in the CSF for most of the spatial frequencies evaluated, both tests
cannot be used interchangeably. Bland—-Altman analysis revealed a significant scatter of the
differences between tests for all spatial frequencies evaluated, with ranges of agreement
over the inherent variability of the measurement obtained with both systems [22,23,33]. In
addition, a slight trend of increased CS values with the Vistech VCTS test was observed,
especially for the intermediate frequencies. These findings are coherent, as it should be
considered that both tests were designed differently, presenting different contrast steps.
Indeed, the higher number of contrast steps provided by the Optopad test may have
allowed a more accurate determination of the contrast threshold in some cases.

In any case, both tests showed a correlation of the CS measures obtained with them
and age, which confirms the capability of both tests for detecting age-related differences
in CSEF. It should be mentioned that not all correlations between CS measures obtained
with the Vistech VCTS test and age reached statistical significance. Furthermore, in the
comparison of CS values according to age, the digital application detected a decrease in the
precise discrimination of CS with increasing age [34]. Thus, for all the spatial frequencies,
age groups over 40 years of age showed such CS decrease. However, this decrease was only
observed for patients over the age of 50 when measuring CSF with the Vistech VCTS test.

To the best of our knowledge, no comparative analysis between near CSF tests (in-
cluding digital tests) has been performed to this date. Therefore, there is no possibility,
according to the scientific evidence, of providing information about which near CSF tests
should be used and which differences can be expected to be found with them. This is
surprising considering that the measurement of near CSF is crucial when evaluating the
efficacy of different methods of compensation for presbyopia [15,16,23,35,36]. However,
very few studies used this variable to confirm how the optical correction method applied
affects near visual quality. Possibly, an explanation for this could be the limited number of
tests available for such purpose. However, more research should be performed on this to
obtain information about how to better evaluate near visual performance with presbyopia
correction options.

4.2. Measurement of Near Chromatic CSF

Although there are some studies investigating the response of the visual system to
chromatic contrast [24-29], comparisons of our results with those from previous studies
must be made very carefully, since, generally, the stimuli, lighting conditions, maximum
luminance, reproduction devices, and color space can differ. In the case of sensitivity
to achromatic contrast, this problem can be minimized by using the same definition of
contrast (Michelson) and by comparing data using the ICS parameter [17]. In the case of
sensitivity to chromatic contrast, the procedure to follow is not obvious. The color space
and the chromatic characteristics of the stimuli can present a very wide variability among
studies; this variability can determine the results.

As expected, considering differences in design between tests used for measuring near
chromatic CSF in previous studies, our chromatic CSF results, in numerical terms, are very
different from those obtained by previous authors, but some trends are shared. Specifically,
our results show that when evaluating CSF in the three mechanisms using the cone contrast
formula, the RG mechanism presents greater sensitivity than the achromatic mechanism
and, in both cases, greater sensitivity than the BY mechanism, as has been shown in other
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studies [25,34,37]. Kim et al. [25] used a different cone contrast space than that used in
our study and obtained the three contrast sensitivity functions using the qCSF approach.
They found higher sensitivity measured at 58 cm to the contrast of the L /M cone compared
to the S cone and the achromatic responses. Likewise, these authors found correlations
between the two chromatic CSFs, but they concluded that these could be attributed to the
narrow age range of the patients evaluated. Xu et al. [37] also proposed different conditions
in their experiment compared to ours, with stimuli in the directions of cone contrast space
but with white, red, yellow, and green backgrounds. Although the results of these two
studies are not strictly comparable with ours, it was found that the shapes (band pass for
A and low pass for RG and BY) and the relationships between the curves are similar. In
our results, as previously mentioned, weak correlations were found between the red-green
and blue-yellow CS values for each spatial frequency evaluated.

4.3. Correlation of Age and CS Measured with Optopad-CSF

Ashraf et al. [34] found that the decrease in sensitivity with age was more noticeable
in the achromatic CSF for high spatial frequencies and in the chromatic CSFs for low spatial
frequencies. These results did not exactly agree with those found in the study. The behavior
of the curves was similar for the same lighting level used in our study, but the dependence
on age seemed to be more remarkable for medium spatial frequencies for the three channels.
This behavior was more evident if sensitivity values were expressed in dB. This difference
may be due to the fact that Ashraf and colleagues [34] only evaluated two age groups,
whereas five age groups were examined in our study.

Regarding the influence of age, Pearson et al. [38] studied the variation of achromatic
and chromatic CS for two stimulus sizes and found that they agreed with the loss of retinal
ganglion cells. These authors worked with contrast-sensitivity-modulated stimuli along the
luminance, equiluminant L-cone, and equiluminant S-cone axes. The authors indicated that
their results showing a decrease in CS with age (0.4-0.7 dB per decade) were consistent with
those from other similar studies. Although the characteristics of the stimuli used in the test
evaluated here were different, the CSF variation with age (in dB) for each spatial frequency
and for the three measured channels was also analyzed. In CSF-A, the greatest decrease
in sensitivity occurred between the first two decades (20 to 39) and the rest (40 to 69),
especially for low and medium spatial frequencies. For the highest spatial frequencies, the
greatest decrease occurred in the last decade. The variations were in the range between
0.1 and 0.5 dB per decade. In the CSF-T and D, the decrease varied between 0.1 and 0.2 dB
per decade, a much more stable behavior than in the case of achromatic measurement. In
both cases, the variations were smaller than those reported by Pearson et al. [38].

4.4. Limitations of the Study

This study has some limitations that should be acknowledged. First, the selection
of a printed test as the gold standard for comparison can be considered as a potential
limitation of the study, because this test only allows a very gross measurement of the CSF.
It should be considered that our aim was to evaluate the clinical performance of a new
low-cost, portable device to test near CSFE, the Optopad test, that uses a Retina screen driven
by an 8-bit graphic card. A graphic card with greater resolution would have been ideal
for measuring the CSF more precisely but would have required a more expensive set-up
not easily accessible for clinicians and may have only been useful for research purposes.
The panel design of the Optopad test takes the limitations of the actual graphic card into
account. In the first place, the low average luminance of the stimulus and the achromatic
noise masking the chromatic stimuli and the high luminance of the surrounding area help
to reduce the subject’s sensitivity: the lowest generable contrast is not visible by any of the
subjects used in the design stage, and the lowest contrast in the panel is greater than this
value. On the other hand, with the panel design, the subject’s threshold is not determined
precisely, but it is determined by which fixed class or category this threshold belongs (the
range between the last stimuli seen and the first stimuli not seen). In this line, it makes
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sense to compare our device with another with a similar measurement strategy, and for
this reason, the VCTS test was chosen for comparison. The sample size can be considered
as a second limitation of the study. The sample size could not be increased due to logistic
problems. However, in the near future, we plan to enlarge it. Therefore, this study can
be considered as the preliminary evidence of the potential usefulness of the Optopad
test, which should be investigated further in future studies. Specifically, more analysis is
required in studies with larger samples to better characterize the age-related changes in the
measurements evaluated, as well as the influence of other factors such as sex or ethnicity.

Another aspect that may be considered as a potential limitation is that it is known that
children and adults tend to have neural biases to gratings of different orientations [39]. As
the test consists of the discrimination of the orientation of gratings, this potential preference
may constitute a source of bias. However, this is especially present where there is an
uncorrected refractive error, and in our sample, all subjects were evaluated with spectacle
correction. Furthermore, the orientations of the gratings in the Optopad-CSF test are
similar to those used in the VCTS test in order to avoid the well-known oblique effect
that occurs in the human visual system when presenting gratings at 45°. Therefore, the
potential contribution of this factor seems to be residual. In addition, none of the patients
tested in our sample provided a response demonstrating a clear preference over a specific
orientation, and consequently, this phenomenon was not a limiting factor.

5. Conclusions

In conclusion, the Optopad-CSF digital test allows rapid measurement of near achro-
matic and chromatic contrast sensitivity using a colorimetrically calibrated iPad. The
chromatic and achromatic measurements provided by this device varied with age follow-
ing a decreasing pattern compatible with those reported for other tests evaluating near
contrast sensitivity. In terms of achromatic contrast sensitivity, the measurements obtained
with the digital test cannot be used interchangeably with those provided by a conventional
printed test (Vistech VCTS test). This lack of interchangeability may be mainly attributed
to the different contrast steps used in each test. The digital test evaluated comprises more
contrast step options; therefore, it presents a greater potential for providing accurate mea-
surement of the contrast threshold. The measurements of the CSF in the three mechanisms
using the cone contrast formula with the Optopad-CSF test are compatible with those
obtained in previous experiments in terms of the shapes of the CSF curves (band pass
achromatic CSF and low pass CSF-T and CSF-D) and the relationships between them.
Considering that, in addition, similar age-related patterns were found in comparison to
previous experiences with other tests, the Optopad-CSF provides a potentially useful mea-
surement of near chromatic CSE. All this preliminary evidence must be investigated further
in future studies with larger samples in order to define consistent ranges of normality for all
CSF variables measured with this digital test. With this normality data, additional studies
should be conducted with the Optopad-CSF test to confirm whether it can detect alterations
in different types of conditions in which chromatic discrimination must be clearly affected.
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