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Abstract – Amid a rapidly developing era, people can inevitably 
have problems with stress, depression, pressure, or difficulty 
sleeping due to frequent overthinking. To overcome the above 
problems, yoga will be an excellent solution to help adjust thoughts 
and harmonize body and soul, helping us relax, relax the mind, and 
retain positive thoughts. Negative and evil auras will be pushed 
away, and the worldview will improve. Yoga practice has 
incorrectly caused many unwanted injuries for practitioners. 
Therefore, we present an approach grounded in skeleton-based 
feature extraction and neural networks to find a solution to the 
recognition of yoga postures, creating a premise for researching a 
smart virtual trainer that supports home workouts for users from 
input image data converted into skeleton data through MoveNet. 
The classification models were used to train recognition and 
classification of yoga poses. The models were trained and 
evaluated on a dataset of 3939 images of 10 yoga poses. 
Experimental results show that the proposed algorithms are 
entirely suitable for the classification task when achieving good 
results on different metrics such as Precision, Recall, F1-score, and 
Accuracy. 

 
Keywords – Classification, image classification, MoveNet, pose 

recognition, skeleton data, skeleton-based feature, yoga pose.  

I. INTRODUCTION 
People’s need for health and beauty care has increased in 

recent years. Sports training methods to meet that essential need, 
including sports activities, have become popular – activities 
such as walking, jogging, swimming, aerobics, cycling, yoga, 
etc. Exercise is perfect for health, but we need to understand the 
sport we are practicing to not waste time and effort because each 
sport has its technical requirements, and beginners will not 
necessarily practice correctly. These subjects help train the 
body and increase movement, but yoga also has unique 
movements and benefits compared to other exercise subjects. 
Yoga is an exercise associated with physical and mental 
strength. As reported in [1], when practicing yoga, we must 
perform this exercise correctly, especially in the correct posture. 
It has been observed that sometimes, due to lack of support 
or knowledge, people do not know the effective method to 
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practice yoga and start practicing yoga without any guidance, 
falling over themselves in the process [2]. Exercising due to 
incorrect training methods leads to injury. Yoga should be done 
under the guidance of a trainer, but this is not something 
everyone can do. According to [3], of the 2434 people who 
completed the survey in the UK, the majority said that their 
physical and mental condition had improved positively through 
yoga practice. In addition, a yoga performance at My Dinh yard, 
Hanoi, with the participation of 5000 people2 with the message 
“Forever healthy and beautiful with yoga” was organized and 
officially established a Vietnam Record with “The yoga 
performance with the largest number of participants at the same 
time in Vietnam” showed some of the influence of yoga 
today. In addition, data from Wellness Creatives3 showed that 
the yoga industry has been considered a “gold mine” when the 
size of the yoga market in the US reached 14.5 billion USD, 
growing on average 9.8 % per year, and was expected to reach 
215 billion USD by 2025. 

With the vigorous development of computer science, 
especially computer vision and artificial intelligence (AI), many 
potential development directions exist for human life today. 
Action recognition is also a widespread area of research in 
computer vision. Its applications include surveillance systems, 
video analytics, robotics, and various systems involving human 
interaction and electronic devices. In particular, human posture 
recognition is also one of the problems that new technologies 
approach to solving smartly and effectively. Many research 
projects use different methods and technologies to recognise 
yoga poses. The authors [4] presented an overview of different 
yoga poses and ways to minimise or prevent injuries caused by 
incorrect yoga postures. At the same time, the study provided 
insight into current research challenges. It proposed using 
different convolutional networks such as VGG16, VGG19, and 
Inception V3 for effective pose recognition task yoga. 
Alternatively, research [5] compared the performance of its 
model with several state-of-the-art image classification models 
– ResNet, InceptionNet, InceptionResNet, and Xception, 
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showing that the proposed model architecture outperforms 
other models’ previous classification models. The proposed 
architecture extracted spatial and depth features from images 
individually and considered them for further computation in 
classification. In [6], yoga postures were classified based on 3D 
data. In particular, with a data set of 2129 images of 13 yoga 
poses, different classification models were tested, including 
KNN, SVM, and some popular deep neural networks such 
as AlexNet, VGGNet, and ResNet. The experimental results 
show that, with the collected data set, the classification model 
with the highest Performance is AlexNet (83.05 %). 

The 3D CNN architecture [7] designed to classify yoga poses 
achieved a test recognition accuracy of 91.15 % on an in-house 
prepared yoga pose dataset consisting of 10 yoga poses. 
Besides, [8] also proposed a yoga pose classification method 
based on 3D data. Research classifying ten yoga poses using the 
LSTM [10] model achieved expected accuracy (92.34 %). 
Deepak Kumar and Anurag Sinha [9] proposed a Backing 
Vector Machine, Convolutional Neural Network (CNN), and 
CNN + LSTM models to identify and classify six popular yoga 
movements and achieve desirable results. Besides, Chhaihuoy 
Long, Eunhye Jo, and Yunyoung Nam [10] have developed a 
yoga self-training system using the Transfer Learning 
technique to predict yoga postures and confirm direction 
feedback. This group of authors has proposed the most optimal 
model among the six proposed models and achieved an 
accuracy of 98.43 % for yoga pose recognition. In [11], authors 
tested different machine learning techniques for classifying 
yoga poses. To solve that problem, they prepared a dataset of 
5500 images for ten yoga poses and then applied a pose 
estimation algorithm to extract skeletal images in real time. The 
results showed that the Random Forest Classifier worked well 
for the collected data set. In [12], a group of students and 
associate professors at the Department of Information 
Technology, Vidyalankar Institute of Technology, Mumbai, 
India, proposed a KNN classification model using PoseNet to 
process input data to detect and correct yoga posture. From the 
proposed model, the expected accuracy was 98.51 %. 

In [13], authors proposed yoga pose classification through 
the CNN deep learning method and used the MediaPipe library 
to extract skeletons for the evaluation process between training 
models with image data and skeleton data. This research 
achieved positive results; on image input data (without skeleton 
extraction), the VGG16 model achieved the highest accuracy 
(95.6 %), followed by InceptionV3, NASNetMobile, 
YogaConvo2d (the proposed model) (89.9 %), and finally, 
InceptionResNetV2. On the contrary, since the input data were 
images extracted from skeletons, the proposed model 
YogaConvo2d had an accuracy of 99.62 %, followed by 
VGG16, InceptionResNetV2, NASNetMobile, and 
InceptionV3. The research [14] used CenterNet and OpenPose 
for the task of converting images into skeleton data and 1D 
CNN and RNN for the task of classification of yoga poses. By 
comparing the experimental results, the performance of 
OpenPose with 1D CNN gave better results than other models. 
Besides, [15] research also used OpenPose to improve the 
accuracy and performance of posture estimation systems by 

applying OpenPose keypoint detection. With a data set of about 
11 000 images collected, the proposed method produced 
superior results compared to existing models. By comparing the 
experimental results, the performance of OpenPose with 1D 
CNN provided better results than other models. Besides, [15] 
research also used OpenPose to improve the accuracy and 
performance of posture estimation systems by applying 
OpenPose keypoint detection. With a data set of about 11 000 
images collected, the proposed method produced superior 
results compared to existing models. 

The study [16] proposed a method to classify six yoga poses 
based on a data set collected from 15 volunteers. The authors 
used different machine learning algorithms for classification, 
including logistic regression, SVM, KNN, Random Forest, and 
naive Bayes. Besides, with the collected data, the study 
extracted skeleton data before putting it into the classification 
model and achieved desirable results with a random forest 
accuracy of 94 %. In another study [17], 12 yoga poses were 
classified according to skeletal data on four different models. 
The results show that the proposed KNN model has a high 
classification performance of 96 % and faster training time than 
the other models. 

Most research on identifying yoga postures based on 
skeleton-extracted images has brought high results. In this 
article, we deploy the direction of training a recognition model 
with data. Skeletal input is extracted from the image, providing 
the most accurate yoga pose recognition results. We aim to 
build a website system that combines the FNN1D and Conv1D 
models to allow practitioners to easily access and perform yoga 
movements more accurately, making practicing this subject 
more convenient. Our contributions to this topic include the 
following: 

• By applying advances in machine learning algorithms, 
through data preprocessing with MoveNet, the project has 
deployed and evaluated the FNN1D and Conv1D models 
for the classification task and achieved desirable results.  
With FNN1D, the accuracy on the test set is 0.97676 and 
Conv1D is 0.98135. 

• Integrating models into the website makes it easy for users 
to access and provides good support for yoga pose 
recognition. It creates a premise to expand the system into 
a virtual yoga instructor to support self-practice for people 
who want to practice this subject. 

The main structure of this article is presented below. 
Section II explains related concepts, presents the framework 
model of the algorithm proposed in this article, and designs the 
algorithm used in standard yoga pose recognition. Section III-
B verifies the algorithm through experiments, and Section IV 
concludes the article. 

II. METHODOLOGY 
In this section, we present the main techniques of the system 

for recognising yoga postures in skeleton data with the 
execution sequence of the recognition model presented in 
Fig. 1. 
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Fig. 1. The overall architecture for yoga pose recognition.

A. Description of the Data Set and Data Preprocessing 
We crawled data from various sources, including Yoga-82 

[18], Kaggle4 and the Internet. From that data, we selected 
an appropriate data set. We obtained a total of 3939 images of 
10 famous and simple yoga poses for beginners (including chair 
pose, cobra pose, dolphin plank pose, downward-facing dog 
pose, plank pose, side plank pose, tree pose, warrior one pose, 
warrior two pose, and warrior three poses). Images of each yoga 
pose are collected from many sources, so the sizes of the images 
of yoga poses vary; the average size of the data set was about 
460 574 pixels. After that, we divided the data with the training 
set that represented 68 %, the validation set accounting for 
12 %, and the test set accounting for 20 %, see Fig. 2. 

 

Fig. 2. The sample distribution of each yoga pose. 

 
4 https://www.kaggle.com/datasets/niharika41298/yoga-poses-dataset 
 

We focused on training the model on skeleton data, so we 
preprocessed the image data into skeleton data through 
MoveNet. The MoveNet model [19] is a super-fast and 
accurate deep learning model developed by Google Research to 
extract information about the skeleton (including 17 essential 
points on the body) in images or videos. This number of 17 
points is determined based on the trade-off between model 
detail and performance to meet the actual requirements of the 
application. The model is designed to track and recognise 
human skeletal points in real time. TF Hub offers this model in 
two variants: Lightning and Thunder5. The Lightning variant is 
designed for applications that require low latency, while the 
Thunder variant is made for applications that require high 
precision. Taking advantage of the MoveNet model’s power, 
we proceed to use it to preprocess input image data. 
Specifically, we use the Thunder variant to increase the 
accuracy in extracting skeletons from the input image after 
applying MoveNet to obtain a feature vector storing the 
extracted skeletons. Each feature vector stores the coordinates 
of 17 points on the human body in the image that will be used 
as input to the classification model. 

After extracting the skeleton from the input image data (.jpg 
and .png), we obtain a file (.csv) consisting of 54 attribute 
columns, including 51 attribute columns storing 17 skeletal 
points on the body and three attribute columns storing the 
file name, layer number, and layer name, the results of the 

5 https://analyticsindiamag.com/inside-movenet-googles-latest-pose-detection-
model/ 
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extracted skeleton data are shown in Fig. 3. As during the 
skeleton extraction process, MoveNet ignores invalid images 
(images without colour and images with no skeleton detected), 
the number of elements after extraction may be less than the 
original. 

 

Fig. 3. Skeletal data for each yoga pose is divided into each dataset. 

B. Machine Learning Techniques for Classification Tasks 
The main task in yoga pose recognition on skeletal data is to 

classify the label or name of the yoga pose, also known as 
classification. Many machine learning architectures are 
currently built for classification and have achieved unexpected 
results. We built popular architectures such as Feedforward 
Neural Networks and Convolutional Neural Networks in this 
topic. As the input data is a skeleton feature vector, the 
architectures are built with input as skeleton data, a 1D vector 
of 34 elements, and output as yoga pose labels (includes ten 
classes: chair pose, cobra pose, dolphin plank pose, downward-
facing dog pose, plank pose, side plank pose, tree pose, warrior 
one pose, warrior two pose, and warrior three pose). While 
building the Feedforward Neural Network and Convolutional 
Neural Network models, it is better to build from simple to more 
complex models and evaluate the results of the models on the 
ACC measure. From the results obtained, it is necessary to 
compare to find the model with the best results (in the project, 
Convolutional Neural Network). At the same time, the proposed 
models should be used to run experiments on 2D data through 
data augmentation to compare the effectiveness of data 
preprocessing by means of the MoveNet extraction model 
skeleton. 

Feedforward Neural Network architecture: Feedforward 
Neural Network (FNN) is a type of neural network architecture 
in machine learning and artificial intelligence [20]. A 
feedforward neural network consists of a series of fully 
connected layers, where each neuron in the previous layer 
connects to all the neurons in the following layer. Feedforward 
neural networks are structure-independent, meaning they do not 
make any particular assumptions about the network input, so 
they are often used in many machine learning applications. 

In this study, we applied the Feedforward Neural Network 
model on skeleton data with the input being a 1D vector 
(34 elements), followed by 4 Dense layers (or fully-connected 
layers) with the numbers of neurons of 64, 128, 128, 256, 
respectively for dense layers, using the non-linear activation 

function ReLU, along with a dropout layer of 0.2 after each 
Dense layer and an output size of 10 representing the ten layers 
(chair pose, cobra pose, dolphin plank pose, downward-facing 
dog pose, plank pose, side plank pose, tree pose, warrior one 
pose, warrior two pose and warrior three pose). The activation 
function is widely used in classification problems through the 
Adam optimizer [21], with learning rate = 0.0005, using the 
‘categorical cross-entropy’ loss function to calculate the real 
loss between the predicted label and the actual label. The 
architecture is illustrated in Fig. 4a. 

Convolutional Neural Network architecture: We used a CNN 
architecture on 1D data (depicted in Fig. 4b) with the input 
size of the model being a 34-element feature vector. This CNN 
architecture [22] consists of three convolutional layers 
(Conv1D) followed by MaxPooling layers, flattening layer, 
and fully connected layer. The convolutional layers in this study 
contain 32, 64, and 128 filters, respectively, with each filter size 
being 3, a stride being 1, and a ReLU activation function. The 
MaxPooling layer is used with a size of 2, followed by a 
flattening layer and a fully connected layer of 64 units. Next, 
the output is the Dense layer, with each neuron receiving input 
from all neurons of the previous layer. The activation function 
used in this layer is softmax with a value of 10 representing ten 
classes to be classified. Adam optimization function was with 
learning rate = 0.0005, using the “categorical cross-entropy” 
loss function. The model is built with a total number of about 
171 thousand parameters. 

III. EXPERIMENTS 

A. Settings and Hyperparameter Evaluation 
Our research experimented on the Python programming 

language platform using open-source libraries to support 
machine learning models. Training models with image input 
data were performed on the Google Colab environment. The 
model training process with skeleton data and the recognition 
model used for the web system was carried out on Windows 11 
64bit operating system, with configuration Intel(R) Core(TM) 
i5-1135G7 2.40 GHz, and RAM 16 GB. 

The website system was built and installed according to the 
client-server model. In particular, the localhost computer was 
considered a server, where training was performed, recognition 
models, and storing databases were incorporated; the models 
were trained, and the requests sent from the client were 
processed and then returned (responses) to the user. Client is the 
one that sends requests to the server and receives returned 
results (responses). The system’s website was built with 
supporting languages, libraries, and frameworks: HTML, CSS, 
Javascript, and Bootstrap to create a beautiful, intuitive, and 
easy-to-use web interface. As for the backend, a Python 
Framework called Flask was used to create an API that allowed 
integration to run machine learning models, which recognised 
yoga poses and returned recognition results trained and stored 
on the server. On the client side, to use the system, users need 
a web browser: Google Chrome, Microsoft Edge, Coc Coc, 
Firefox, or any browser that can connect to the address. 
Regarding evaluation parameters, we used the metrics to 
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evaluate the training effectiveness of the machine learning 
model: Precision, Recall, F1-score, and Accuracy (ACC), and 

used the confusion matrix to evaluate the performance of the 
model – layered shape. 

 

 

(a) FNN (b) CNN 

Fig. 4. Some illustrations of yoga pose classification on the skeleton. 

  

(a) FNN (a) FNN 

  

(b) CNN (b) CNN 

Fig. 5. Performance of various configurations on the skeleton. Fig. 6. Performance of various configurations on the images. 
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B. Results and Discussion 
For the FNN architecture, we built models with different 

Dense layers, ranging from 1 to 10, to find the optimal 
model. The experimental results are shown in Fig. 5a. For 
CNN architecture, we built the model with the change of 1D 
convolutional layer (Conv1D) and Maxpooling layer according 
to the formula: (n × Conv1D) + (m × Maxpooling) in which 
each Maxpooling layer will change n Conv1D layers before it 
(from 1 to 5), and change m Maxpooling layers of the model 
(from 1 to 5). The optimal model in this topic is 1 Maxpooling 
layer and 3 Conv1D layers; the results are shown in Fig. 5b. 

Besides, to compare the effectiveness of preprocessing 
skeleton data, we trained FNN and CNN models with image 
data by applying data augmentation techniques on the training 
set (with each class having 400 samples); the results of training 
FNN and CNN models with input image data of size 
150×150×3 (colour image) are shown in Figs. 6a and 6b. 
Applying the method of preprocessing image data into skeleton 
data contributed to extracting features of yoga pose images, 
thereby increasing the recognition efficiency of the 
classification model. We found the optimal classification 
models on skeleton data, respectively, the Feedforward Neural 
Network model with 4 Dense layers (FNN1D-4) and the 
Convolutional Neural Network model with 1 Maxpooling layer 
and 3 Conv1D layers (Conv1D-1-3). To increase the reliability 
of the classification model, we experimentally ran the FNN1D-
4 and Conv1D-1-3 models to collect the average accuracy over 
five runs. The results are that the FNN1D-4 model achieved 
an overall accuracy of 0.97676, standard deviation of 0.00447, 
and the Conv1D-1-3 model achieved an overall accuracy of 
0.98135, standard deviation of 0.00144 (see Fig. 7). We also 
evaluated the Precision, Recall, and F1-score results of the 
classes over five runs with a training epoch of 80, batch
size = 32 and used EarlyStopping to increase performance and 
save time in model training. With monitor = “val accuracy” 
and patience = 10, the results obtained across the layers of the 
FNN1D-4 and Conv1D-1-3 models are relatively high and 
reliable. Besides, Conv1D-1-3 model performs better than 
FNN1D-4. 

Figure 8a shows the accuracy change on the training and 
validation sets of the FNN1D-4 model over each epoch. 
Through five runs with FNN1D-4 models, the accuracy reaches 
its maximum on the validation set at epochs 27, 30, 21, 18, 
19 with an accuracy of 0.97368, 0.97847, 0.96890, 0.96651, 
0.97129, and on the training set the accuracy is 0.97128, 
0.98015, 0.96706, 0.96199, 0.96706. Also, we can observe that 
the loss is stable from epoch 15 as shown in Figure 8b. 

Figure 9a shows the accuracy change on the training set and 
validation set of the Conv1D-1-3 model over each epoch. 
Through five runs, we see that the accuracy reaches its 
maximum at epochs 21, 27, 20, 14, 19 with an accuracy of 
0.98804, 0.98804, 0.98804, 0.98565, 0, 98804 on the training 
set, and on the validation set the accuracy is 0.97804, 0.97804, 
0.97762, 0.97002, 0.98057. Figure 9b shows the change in the 
loss function in the training set and the validation set of the 

Conv1D-1-3 model over each epoch. Over five runs, the 
model’s loss fluctuated around 0.25, showing that the model 
was relatively stable and did not lose too much. The loss 
fluctuates strongly from epoch 0 to 5 and stabilizes after that. 

 

 

(a) Precision 

 

(b) Recall 

 

(c) F1-score 

Fig. 7. Average results of the Conv1D-1-3. 
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(a) Accuracy (a) Accuracy 

  

(b) The loss (b) The loss 

Fig. 8. Accuracy and the loss through each epoch of the FNN1D-4 model. Fig. 9. Accuracy and the loss through each epoch of the Conv1D-1-3 model. 

 
Then, we evaluated the classification model through five 

training times using the confusion matrix of the FNN1D-4 
model. Figure 10a shows the very good prediction results of the 
FNN1D-4 model across each class. Besides, to visually see the 
accuracy of the classification model, the project evaluated the 
model through five training times using the standardized 
confusion matrix of the FNN1D-4 model. From the results of 
evaluating the standardized confusion matrix of the FNN1D-4 
model through Figure 10b, it can be seen that with the skeleton 
data set, the FNN1D-4 model gives prediction results that are 
very good across classes. Most classes achieved accuracy above 
92 %. 

We illustrated the classification model over five training times 
through the confusion matrix of the Conv1D-1-3 model. 
Figure 11a shows that the Conv1D-1-3 model has better 

prediction results than the FNN1D-4 model in each class. 
Besides, to visually see the accuracy of the Conv1D-1-3 model, 
we evaluated the results of predicting classes through five 
training times through the standardized confusion matrix. 
With the results of predicting each class through the 
standardized confusion matrix of the Conv1D-1-3 model 
(Fig. 11b), we comment that with the skeleton data set, the 
Conv1D-1-3 model gives excellent prediction results across 
classes. Most of the classes achieved an accuracy of more than 
93 %, in which the Planck Pose and Warrior II Pose classes 
almost achieved absolute accuracy with the test data set. The 
confusion matrix and normalized confusion matrix results of the 
FNN1D-4 and Conv1D-1-3 models above show that the 
classification model effectively predicts all. In all classes, there 
is no “rote learning” situation. 
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(a) Confusion matrix of FNN1D-4 Model (a) Confusion matrix of Conv1D-1-3 Model 

 
 

(b) ConFNN1D-4 model via the normalized (b) Conv1D-1-3 model via the normalized 

Fig. 10. Confusion matrices of ConFNN1D-4. Fig. 11. Confusion matrices of Conv1D-1-3. 

 
C. Comparison with the Previous Study 
In addition to the built FNN1D-4 and Conv1D-1-3 models, 

we conducted a classification on the “Yoga-82” [23] through 
five runs and compared with other models. Variants of the 
DenseNet-201 model have the variant parameters (18.27M, 
18.27M, and 22.59M). Figure 12 shows how to divide the 
classifications of the Yoga-82 data set, in which the data set has 
28 478 yoga posture images divided into three levels with the 
number of classes being 6, 20, and 82, respectively. 
Specifically, Level 3 is the leaf node of the diagram with 82 
subclasses, Level 2 includes 20 subclasses, and Level 1 includes 
six subclasses. We used the Yoga-82 dataset to evaluate the 
performance of the FNN1D-4 and Conv1D- 1-3 models. 
When loading the Yoga-82 data set, due to the URL of some 

 
yoga pose images being corrupted, the number of images 
collected from the Yoga-82 data set was reduced, and 20 541 
images were downloaded. Figures 13a and 13b show the 
average accuracy results over five runs of the FNN1D-4 model 
and the Conv1D-1-3 model on the data set Yoga-82 of 
subclasses 6, 20 and 82. The results of the accuracy 
comparison (depicted in Fig. 14) show that the model we built 
can save memory (FNN1D-4 has 62 666 parameters, and 
Conv1D-1-3 has 171 018 parameters) and is more optimal than 
the models proposed in the study [23]. 
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Fig. 12. An illustration of the label structure from Yoga-82 dataset [23]. 

IV. CONCLUSION 
Yoga is a classical system of practice originating from India. 

It combines physical exercise, meditation, and breathing 
techniques to achieve balance and harmony between mind and 
body. Practicing yoga brings many health benefits, such as 
improving body shape and maintaining a balanced body shape. 
It also helps improve emotions and reduce anxiety and stress. 

There are many different types of yoga, each with its approach 
and goals, and yoga can be practiced at many levels, suitable 
for everyone from beginners to experienced people. After 
the research process of applying machine learning models 
to identify yoga postures on skeletal data, we successfully built 
machine learning models FNN and CNN, then performed 
training and evaluation on the image and skeleton datasets. 
Hence, choosing the most suitable approach for recognition 
results in high accuracy and short running time. With 
experimental results over five runs, the FNN1D-4 model 
achieved an accuracy of 0.97676 ± 0.00447, and the  
Conv1D-1-3 model achieved an accuracy of 0.98135 ± 0.00144. 
The classification model was built with several parameters and 
achieved higher accuracy than the DenseNet-2001 models in 
the research [23]. At the same time, we built a website that 
integrates trained models. It provides user management, model 
management, and recognition history management functions to 
help identify yoga poses quickly and conveniently. 
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(a) FNN1D-4 

 

(b) Conv1D-1-3 

Fig. 13. The performance on the Yoga-82 dataset. 

 

Fig. 14. Comparison with the previous study, including Densenet-201 
Variant 1, Variant 2, Variant 3 of the study [18]. 
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