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Abstract. The work devoted to human posture recognition during rapid movements and complex non-standard poses
due to the large number of limbs involved in the movement. Rhythmic gymnastics was chosen as the subject area and,
accordingly, the specifics of the judge's assessment of the athlete’s performance. Many synchronized videos with fast
movements and sequences of complex poses from different angles allows us to form a data set necessary for further
research and implementation of the results obtained both in socially important industries and in the market of commercial
services using artificial intelligence technologies. A computer system has been developed that can be used to increase the
objectivity of sports judging at rhythmic gymnastics competitions, as well as to become an alternative to the traditional
judging system in the case of competitions held in a remote format. By scaling up the task, the system can also be used to
diagnose problems with the human nervous system and musculoskeletal system. As a result of the research, a dataset
depicting the performance of sports elements was collected and structured. The peculiarities of the mediapipe and
ViTPose models were identified and the best solution for preprocessing the prepared set was chosen. The main result of
this work is a built and trained model for classifying sports elements, which classifies 7 elements with an accuracy of
0.9048. The accuracy indicates that the model performs at a high level, correctly classifying sports elements in most
cases. This level of accuracy indicates that the model has been effectively trained to classify these specific elements. In
the future, to be able to fully evaluate the performances of female rhythmic gymnasts, it is necessary to add tracking of
the object with which the athlete performs, to create a method for tracking interaction with it.

Anomauin. Poboma npucesiuena posnizHasanHo no3u 10OUHU NI0 YAC WEUOKUX PYXIG I CKIAOHUX HECTNAHOAPMHUX
n03 34 PAXYHOK 6eluUKOoi KintbKocmi 3a0isHux y pyci Kinyieox. Temamuuuum Hanpamom OY10 00pPAHO XYOOXUCHIO
2IMHACMUKY I, 8IONOBIOHO, cneyuiKy cy00i8cbKoi OYIHKU GUCMYNY CHOPMCMEHKU. Benuka Kinbkicms cuHXpOHI308aHUX
8i0€0 31 WBUOKUMU PpYyXamu Mma NOCAIO0BHICMIO CKAAOHUX NO3 3 PI3HUX PAKYPCi@ 0038015€ chopmysamu HAOIp OaHuXx,
HeoOXIOHULl 011 NOOANLUUUX OOCHIONHCEHb MA BNPOBAOICEHHS OMPUMAHUX DPE3YTbMAMI8 AK Y COYIATbHO BANCIUBUX
2any3X, Max i HA PUHKY KOMEPYIlHUX NOCAYe 3 GUKOPUCHIAHHAM MEXHONO02I wmyuno2o inmenexkmy. Po3pobneno
KOMN TOMepHy cucmemy, sKa moxce Oymu 6UKOPUCMAHA 0151 NIOGULYEHHSL 00 €EKIMUBHOCIE CHOPMUBHO20 CYOJiscmea Ha
3MAAHHAX 3 XYOOJCHLOI SIMHACUKY, A MAKONC CMAMU AlbMePHAMU8oio mpaouyiunit cucmemi cyooiscmea y pasi
NpoBedents smazans y OUCmManyiinomy gpopmami. Poswupusuiu 3a80aHHsA, cCUCmemy maKoic MOACHA BUKOPUCTHOBYBAMU
0714 0ia2HOCMUKY nPobIeM 3 HEPBOBOIO CUCMEMOTO MA ONOPHO-PYXOBUM ANAPAMOM JIOOUHU. Y pe3ynbmami 00ciONHceH s,
6y10 3i16pano ma cmpyKmyposano Habip OaHUX, wo 8i000paXicac UKOHAKHS CNOPMUBHUX eleMenmis. byno eusnaueno
ocobausocmi modeneii mediapipe ma ViTPose ma obpano natikpawe pivwients 0ist nonepeoHboi 00pooKU nid20mosieHo20
Habopy. Ocnosnum pe3yromamom pobomu € nody008aHa ma HagueHa MOOelb KIACUpikayii cnopmueHux eremenmis, aKa
kaacugixye 7 enemenmis 3 mounicmio 0,9048. Tounicme ceiouums npo me, wo Mooeib NPAYIOE HA BUCOKOMY PIBHI, V
binbuocmi 6UNAOKI6 NPABUILHO KIACUQDIKYIOUU cnopmuehi etemenmu. Lleti pieenb mounocmi 6Kazye Ha me, Wo MoOeb
0yn0 eghekmusHO HABYEHO Kaacugixyeamu yi KOHKpemui enemenmu. Y maubymuvbomy, wobd mMamu MONCIUBICTD
NOBHOYIHHO OYIHIO8AMU BUCTYRU XYOONCHIX 2IMHACOK, He0OXiOHo dodamu eidcmediceHts 00 €kma, 3 AKUM GUCMYNAE
CNOPMCMEHKA, CMBOPUMU MeMOO 8I0CMENCEHHS 83AEMOOIL 3 HUM.
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I. INTRODUCTION

The field of sports analytics is rapidly evolving due to advances in technology and data analysis. Intelligent video
content analysis has become an important tool for sports coaches, athletes, and analysts to gain insight into the
performance of individual players and teams. Professional sports are a promising area for the application of machine
learning technologies. The sport of rhythmic gymnastics was chosen as a research subject for the following reasons.

Rhythmic gymnastics is a specific sport that combines elements of ballet, dance, and gymnastics, where athletes
perform exercises using hand-held apparatus such as a rope, ball, hoop, clubs, or ribbon. It is a beautiful and elegant sport
that requires strength, flexibility, coordination, and musicality. Therefore, judging Rhythmic Gymnastics is one of the
most difficult and subjective tasks in sports judging in general.

The high degree of complexity of this sport also complicates the process of forming an objective assessment of
Rhythmic Gymnastics by sports judges. Rhythmic gymnastics can involve intricate and complex movements that require
great skill and precision. Athletes must perform a variety of body movements, jumps, balances, and throws while
manipulating a variety of apparatus. The difficulty of the routines can vary greatly from athlete to athlete, and judges
should award points based on the level of difficulty of the athletic elements.

Another major reason for the difficulty in judging Rhythmic Gymnastics performances is the subjective nature of the
sport. The aesthetic appeal of rhythmic gymnastics plays a significant role in the scoring system. Athletes are judged not
only on technical skill, but also on grace, artistic interpretation, and expression. Judges must consider factors such as
music, choreography, costume, and use of equipment in their evaluation. These subjective factors make it difficult to
standardize a scoring system and can lead to discrepancies in judges' scores. The speed and fluidity of a performance can
make it difficult for judges to capture every movement and detail in real time. Video replays can help judges make more
accurate judgments, but they can be time consuming.

This article is a continuation of the papers [1, 2, 3]. The aim of this article is to investigate models and methods for
classifying rhythmic gymnastics sport elements from video using neural networks. The creation of a program to improve
the objectivity of judging the performances of gymnasts is relevant. To accomplish this task, it was necessary to analyze
the existing systems for classifying human postures in sports and to investigate the existing models and methods for
classifying sports elements. After the theoretical study of the topic, it was necessary to form an appropriate dataset for
training and analyze software implementations of systems for classifying sports elements in sport (rhythmic gymnastics).
As a result, a classification model was developed taking into account the peculiarities of sports judging in rhythmic
gymnastics.

Il. LITERATURE ANALYSIS

The use of machine learning in modern sports is extremely diverse [4-9], and Sport tech is becoming an increasingly
developed and commercially attractive industry. The first examples of application were predicting winners in sports
competitions [10-13], i.e., in other words, sports betting. Initially, data mining was simply a classical approach to
mathematical statistics using computer technology, and later developed into an independent scientific mathematical field
[14] with powerful academic research tools.

Gymnastics is a competitive sport or to improve strength, agility, coordination, and physical conditioning [15]. The
International Gymnastics Federation (FIG) recognizes the following disciplines among the areas of artistic gymnastics
[16]:

e men's artistic gymnastics, women's artistic gymnastics;

rhythmic gymnastics (rhythmic individual, rhythmic group);

trampoline gymnastics, double-mini trampoline, tumbling;

acrobatic gymnastics;

aerobic gymnastics;

parkour speed, parkour freestyle.

Parkour (freerunning) was added to this list in 2018. The organization of objective sports judging of rhythmic
gymnastics among these sports is perhaps the most difficult task, as rhythmic gymnastics has certain characteristics that
differ from the other mentioned disciplines.

Rhythmic gymnastics is a specific sport, the analysis of which is complicated by the need to assess the posture of a
person during rapid movements and non-standard poses of a complex type due to the large number of limbs involved in
the movement. [17-18].

Theoretically, the task presented in this paper is a special case of the general problem of recognizing human activity
from graphical materials. This is a rather difficult task due to problems such as background clutter, partial occlusion,
changes in scale, viewpoint, lighting, and appearance. To summarize [19], the classification of methods for recognizing
human activity from video fragments or still images is shown in Figure 1.
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Fig.1 - human activity recognition methods

Given the specific aspects of rhythmic gymnastics, it is worth focusing on some of the existing specialized assessment
systems.

The paper [18] describes an algorithm for assigning judges' scores to rhythmic gymnastics movements. The algorithm
is implemented as real-time computer vision software. As input, it takes a video image or video stream of a live
performance and extracts detailed information about the velocity field from the body movements and transforms it into
specialized spatio-temporal image patterns. By comparing individual performances of the same atomic gymnastics
routine, the method assigns a quality score that is related to the distance between the corresponding spatio-temporal
trajectories. For several standard gymnastic movements, the method assigns scores that are comparable to those assigned
by expert judges. The disadvantage of this solution is that the method has to collect a new set of data on how judges
evaluate athletes' performances under the new rules and train new models after each rule change. The method does not
have a variable to quickly change the scoring of elements whose "value™ has changed.

Another study [20] notes that most existing work focuses only on the dynamic information of the video (i.e., motion
information), but ignores the specific poses that the athlete performs in the video, which is important for action estimation
in long videos. In this paper, we present a novel hybrid dynamic-static context-aware attention network for action
estimation in long videos. To obtain more discriminative images for videos, not only the dynamic information of the video
is studied, but also the static poses performed by the athletes in certain frames, which represent the quality of the action
at certain moments, are paid attention to along with the proposed hybrid dynamic-static architecture. In addition, a
context-sensitive attention module consisting of a temporal instance-based convolutional network unit and an attention
unit for both streams is used to obtain more robust stream characteristics, where the former is designed to learn the
relationships between instances and the latter to assign the correct weight to each instance. The result of the ablation
study, which demonstrates the contribution of the context-sensitive attention module to the method developed in this
paper, is shown in Table 1.

Table 1 - contribution of the context-sensitive attention module

. Rhythmic Gymnastics
Method MIT-Skating Ball | Clubs [ Hoop ] Ribbon
Avg Pooling 0.605 0.518 0.650 0.650 0.552
SAU 0.590 0.501 0.610 0.703 0.528
LSTM + SAU 0.596 0.487 0.651 0.690 0.570
Bi-LSTM + SAU 0.572 0.522 0.568 0.674 0.600
RTA 0.611 0.522 0.634 0.713 0.565
CAA 0.615 0.528 0.657 0.708 0.578

Finally, the features of the two streams are combined to obtain a regression-based final video score, which is controlled
by the real-world information scores provided by the experts. Experimental results confirm the effectiveness of the
proposed method, which outperforms similar approaches.

111. OBJECT, SUBJECT AND METHODS OF RESEARCH

3.1 Analysis of models based on convolutional neural networks and transformers.

In machine learning, a perceptron is an algorithm for supervised training of binary classifiers [21]. A binary classifier
is a function that can decide whether an input represented by a vector of numbers belongs to a particular class. It is a type
of linear classifier, i.e., a classification algorithm that makes its predictions based on a linear predictor function that
combines a set of weighting coefficients with a feature vector.

According to modern terminology, perceptrons can be classified as artificial neural networks: with one hidden layer,
with a threshold transfer function, and with direct signal propagation.

Convolutional Neural Networks (CNNSs) in machine learning are a class of deep artificial neural networks with direct
propagation that have been successfully applied to visual image analysis [22].

CNNs use a type of multilayer perceptron designed to require a minimal amount of preprocessing. They have a shared-
weight architecture and characteristics of invariance with respect to parallel transfer.

Convolutional networks are based on a biological process, namely the connection pattern of neurons in the visual
cortex of animals. Individual cortical neurons respond to stimuli only in a limited area of the visual field, known as a
receptive field. The receptive fields of different neurons partially overlap so that they cover the entire visual field.
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CNNs use relatively little preprocessing compared to other algorithms for image classification. This means that the
network learns filters that in traditional algorithms were constructed manually. This independence in feature construction
from a priori knowledge and human effort is a great advantage. They have applications in image and video recognition,
recommender systems, and natural language processing.

Transformer is a deep learning model. It is distinguished by differential weighting of the importance of each part of
the input data (which includes recursive output).

Like recurrent neural networks (RNNs) [23], transformers are designed to process sequential input data, such as natural
language, with applications in tasks such as translation and text summarization. However, unlike RNNs, transformers
process the entire input signal simultaneously. The attention mechanism provides context for any position in the input
sequence. For example, if the input is a natural language sentence, the transformer does not need to process one word at
atime. This allows for more parallelization than RNNs, and therefore reduces training time and allows for training models
on larger data sets.

In [24], the authors compared well-known projects that used this structure to build models. The study showed that the
use of transformers for CV tasks has become a new area of research to reduce the complexity of the architecture and study
the scalability and efficiency of training.

Transformer becomes a more general framework for exploring sequential data, including text, images, and time series
data.

3.2. Dataset

Human pose estimation is a well-known problem in computer vision for determining joint positions. Existing datasets
for pose learning have proven to be insufficiently complex in terms of pose variety, object occlusion, and viewpoints.
This makes the process of pose annotation relatively simple and limits the use of models trained on them. In [25], the
authors study existing datasets for human pose classification and propose a new dataset. For a greater variety of human
poses, the authors propose the concept of fine-grained hierarchical pose classification, in which they formulate pose
estimation as a classification task and propose the Yoga-82 dataset for recognizing large-scale yoga poses using 82
classes. Yoga-82 consists of complex poses where accurate annotation may not be possible. To solve this problem, the
authors provide hierarchical labels for yoga poses based on the body configuration of the pose. The dataset contains a
three-level hierarchy, including body positions, variations of body positions, and actual pose names. The paper also
presents the classification accuracy of state-of-the-art convolutional neural network architectures on Yoga-82. And it also
presents several hierarchical variants of DenseNet for the use of hierarchical labels.

For the study [17], the authors created their own dataset consisting of 1000 videos of female athletes performing with
the objects hoop, ball, clubs, and ribbon, 250 videos with each of these objects. The length of each recording is on average
one minute and 30 seconds. The video deletes the parts of the athlete's entrance to the carpet, preparation for the start of
the performance, and the athlete leaving the carpet after the performance. Each video is described by the following 5
parameters: difficulty score, execution score, overall score, penalties, and number of frames.

The disadvantage is that after each change in the rules, you will have to collect and prepare a new dataset to build
methods for the updated rules. This dataset is designed only for the 2016-2020 rules and scoring system.

The proposed dataset consists of a test and training data set for further training of the sports elements classification
model. The five most popular elements in terms of performance were selected for classification. When testing the first
trained models on this dataset, many false positive classifications were found. Namely, the method often assigned an
element class to an image, even though the athlete does not perform any of the elements in the dataset. Therefore, it was
decided to try to add two additional classes that characterize the most frequent positions of athletes that are not evaluated
elements. Figure 2 shows how the five scored elements, classes 1 through 5, and the two non-scored positions, classes 6
and 7, look like. Examples of the elements are taken from the official FIG rules.

Class: 1 Class: 2 Class: 3 Class: 4 Class: 5
T \Y/
Class: 6 Class: 7

Fig.2 - visualization of classes
Puc.2 - Bisyaaizauis kaacis
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Dataset requirements: images of individual female athletes, which should occupy at least 50% of the image length in
full growth. All parts of the body should be included in the image. The minimum image quality can be from 240 by 360
pixels and should be sufficient to accurately determine the position of the athlete's skeleton.

Open resources were used to collect the dataset: [26-30].

IV. RESULTS

4.1 Practical comparison of different methods of pose assessment

The MediaPipe library offers cross-platform customizable machine learning solutions for live and streaming media
[31]. This set of flexible tools is built on top of the TensorFlow Lite library to maximize machine learning adoption and
hardware performance.

MediaPipe Pose is a machine learning solution for body pose tracking that identifies 33 3D landmarks, shown in Figure
3, and a full-body background segmentation mask from RGB video footage.

The result of MediaPipe Pose processing of a single image is a vector of 132 values, where the X, y, z coordinates in
space and the quality of visibility are recorded in the sequence from the first key point to the 33rd. Visibility means
whether it is possible to see the body part to which the key point belongs in the frame. If the value is close to 1, then the
body part is visible in a high-quality, clear and unambiguous way. If the value is closer to 0.5, then the body part to which
the point belongs may be overlapped by another object (body part), but the points adjacent to the skeleton allow you to
determine the likely location of this point. If the value is close to 0, then the body part is not visible at all or does not even
appear in the image.

Having processed our own dataset with the MediaPipe Pose method, we have a set of vectors describing 7 classes, 96
vectors on average for each class. This will be used to train the element classification model.
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Fig.3 - marking key points in the mediapipe model
Puc.3 - 110 no3Hayae KiI040Bi TOUYKHM B MOJIeJli MeliaKkaHALy

A solution based on transformers [32] was chosen. It demonstrates the good capabilities of simple vision transformers
for pose estimation from several aspects, namely the simplicity of the model structure, the scalability of the model size,
the flexibility of the learning paradigm, and the ability to transfer knowledge between models using a simple base model
called ViTPose. Specifically, ViTPose uses conventional and non-hierarchical vision transformers as a backbone to
extract features for a given human instance and a lightweight decoder to estimate pose. It can be scaled from 100M to 1B
parameters by exploiting the scalable model capacity and high parallelism of the transformers, establishing a new Pareto
frontier between throughput and performance. Furthermore, ViTPose is highly flexible in terms of attention type, input
resolution, pre-training and fine-tuning strategies, and handling of multiple pose tasks. The authors also empirically
demonstrate that knowledge from large ViTPose models can be easily transferred to small ones using a simple knowledge
marker. Experimental results show that the basic ViTPose model outperforms representative methods on the challenging
MS COCO Keypoint Detection benchmark, while the largest model sets a new state-of-the-art. To run this method in real
time, a minimum-performance graphics card such as the Nvidia RTX 2080 is required. This model uses a different
annotation to describe the detected human skeleton, namely it has only 17 key points. As a result of image processing
using this method, a vector describing the X, y coordinates and detection accuracy for each of the 17 key points is generated
for each constructed skeleton. The order of the key points is shown in Figure 4.
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Fig.4 - marking key points in the ViTPose model

Puc.4 mosHauyeHHs KJIIOYOBHX TOY0K y moaeti ViTPose

Using the methods implemented in these libraries, two algorithms were developed. The first algorithm is for
processing our own dataset, and the second is for processing the video stream of athletes' performances.

For comparison, we selected four images that were processed using both methods. The processing results are shown
in Figure 5.

In the first row, the images were processed using the mediapipe method, and in the second row, the images were
processed using the ViTPose method. In the first image processed with the mediapipe method, the key points of the hips
are shifted and the points on the legs are misidentified. In the second image, processed with the same method, the right
knee point is marked closer to the hip. In the third image, only the toes of the right foot are misidentified. In the fourth
image, where the athlete is performing an element that belongs to the 3rd class, the key points of the torso were confused
during the mediapipe method. This resulted in the following confusions:

o theright leg as the right arm;
e theright arm as if it were the left leg;
o the left foot as right foot.

The disadvantage of the Mediapipe Pose method is that the quality of tracking the human skeleton during elements
related to rotation and grouping in space is low. For example, when performing rotations, the model starts to confuse the
right and left parts of the body. This complicates further development based on this method.

The result of image processing, shown in Figure 5, using the ViTPose method is better than the mediapipe method
and has no critical errors. However, this method requires more powerful hardware and takes up more memo

cONOUL B WNEO

JKY02020 Q56

Fig. 5 - first row - mediapipe, second row — ViTPose
Puc. 5 - mepmmii psn — meniamaiin, apyruii psx — ViTPose
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4.2. Problem mathematical model
The model of a multilayer perceptron is shown in the formula.
N&k-D

(k) — £ &) a(k) (k) — k) (K) (k1) 5 (k) 11
y] —f (Sj ), SJ _bj + Z WIJ i , JEl,N ,kel,l_’
i=1
where b}k)(n) is the offset, w((n) is the weighting coefficients, N®) is the number of neurons ink layer, and L is

the number of layers.

The mathematical methods used in the code snippet are primarily related to the architecture and training of the neural
network. List of methods used.

The dense layers created with keras.layers.Dense perform a matrix multiplication between the input data and the
weight matrix, followed by the addition of a bias term. This uses the ReLU6 activation function (tf.nn.relu6), which
applies element-wise nonlinearity to the matrix multiplication result.

f(s)=max{0,s}, f(s)eR,.

Neuronal dropout: The keras.layers.dropout layer applies random dropout, which randomly sets a fraction of the input
to 0 during training. This method helps prevent overfitting. At each training iteration, a binary mask is created with
elements set to 0 with a certain probability.

Softmax activation: the last layer of keras.layers.Dense uses the softmax activation function in multiclass classification
tasks. The softmax function converts the output of the previous layer into a probability distribution by class.
Mathematically, softmax activation can be defined as:

£ (s). = softmax(s). = <=PE)_ £(5) e (0.1).
> exp(s;)
]

The loss function is the categorical cross-entropy. This loss function is commonly used in multi-class classification
tasks. It quantifies the difference between the predicted probability distribution and the true distribution of class labels.

LA
E= —EZdej Yy, d €03, vy €[0,1].
m=1 j=1

For optimization, we chose the Adam method (optimizer='adam’) [33], which is a popular gradient-based optimization
algorithm. Adam combines the ideas of adaptive learning rates and momentum methods to efficiently update network
weights during training.

These mathematical methods and operations are the main components of building and training neural networks to
solve various machine learning tasks.

4.3. Project programmatic implementation

The model building starts with defining the input data, which has the size of 51 neurons. tf keras. Input is a function
for creating the input layer of the neural network. Then, the input data is passed to the landmarks_to_embedding function,
which converts the key points of the human skeleton into a vector with a fixed number of elements. After that, two Dense
layers are created with 128 and 64 neurons, respectively, with the activation function tf.nn.relu6. Dense is a type of layer
that connects all the neurons of the previous layer to each neuron of the current layer. Between these two layers, a Dropout
layer is inserted with a 0.5 probability of randomly turning off neurons to prevent overtraining.

At the output of the last Dropout layer, the final Dense layer is created with the number of neurons corresponding to
the number of classes. The activation function of the last layer is "softmax" to obtain the probability of each class. During
the first iteration of model training, the model weights are initialized with random values. Then the model is trained on
the training set with random weights. During this process, the model will adjust its weights using the Adam algorithm to
reduce the value of the loss function on the training set.

During training, the model uses gradient descent to optimize the weights. The goal is to find the global minimum of
the loss function where the model weights provide optimal predictions on the new data.

At the end of each epoch, the model is evaluated on the validation set to determine its accuracy and decide whether to
stop training by calling the early stopping callback and saving the checkpoint callback that were set during compilation
and training.

The accuracy of the trained model on the test sample is 0.9048.

Python version 3.7.9 was chosen to write the computer program. The technical requirements for software and hardware
are as follows: operating system: Windows 11, processor: AMD Ryzen 5 3600, RAM: DDR4 16GB 3600hz, internal
memory: 512Gb, Video card: Nvidia RTX 2080 Super, which is necessary for launching a real-time solution based on
Transformers.

The work with this program is divided into three stages: data markup, training of the pose classification model, and
processing of video performances of athletes. To mark up images, you need to properly organize the data set:

1. The images of all elements (classes) that are planned to be identified are sorted into separate folders, where the folder
name is the name of the element whose images are in it.
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2. Divide the image data into two folders: train and test without repetition.

3. The train and test folders should be located in the dataset folder.

After executing the data_markup.py file, two files train_data.csv and test_data.csv will appear in the dataset folder. These

files are needed to train the pose classification model.

To train the classification model, run the train.py file. After training, the file rg_pose_classifier.tflite will appear in the

models folder. This is the model for classifying sports elements.

To process video, you need to assign the path to the file to be processed to the input_video variable in the app.py file. It

is possible to interactively select other models of human detection and skeleton construction for image processing. Next,

you need to run the app.py file. The result of its work will be a new video in which in the upper left corner there will be

an image of the class of the element performed by the athlete and the accuracy of predicting this class by the classification

model.

The program itself works like this:

1. The program reads the video to be processed frame by frame.

2. Each frame is passed to the first model for human detection. As a result, the selected method returns the coordinates
of the bounding box and the detection accuracy of each box where a person was detected.

3. The next model receives a frame from the video and the corresponding annotation from the first model to determine
the position of the skeleton. The results of the first model are needed to narrow the image processing area for the second
model. In other words, the model will determine the position of the human skeleton only within the bounding box of the
first model. This allows you to speed up the program in this place. As a result, this model provides the coordinates of key
points of the human skeleton and the quality of visibility for each of the key points.

4. The element classification model receives a vector of values for each frame, and the result of processing is the
probability for each of the 7 classes. Among the classes, the one with the highest probability is selected and satisfies the
minimum desired value.

In the upper left corner of each frame, the program visualizes the corresponding image of the class that was classified
by the corresponding method. Also, to the right of the class image, the program adds the accuracy with which the method
has identified this class. If the classification accuracy is not sufficient, the program leaves the original frame unchanged

(Figure 6).
ViTPose ||:> Perceptron

Fig.6 - frame processing
Puc.6 O6podka kaapy

V. CONCLUSIONS

A computer system has been developed that can be used to increase the objectivity of sports judging in rhythmic
gymnastics competitions, as well as an alternative to the traditional judging system in the case of competitions held in a
remote format. By scaling up the task, the system can also be used to diagnose problems with the human nervous system
and musculoskeletal system. As a result of the research, a dataset representing the performance of sports elements was
collected and structured. The peculiarities of the MediaPipe and ViTPose models were identified and the best solution for
preprocessing the prepared set was chosen. The main result of this work is a built and trained model for classification of
sports elements, which classifies 7 elements with an accuracy of 0.9048. The accuracy indicates that the model performs
at a high level, correctly classifying sports elements in most of the cases. This level of accuracy indicates that the model
has been effectively trained to classify these specific elements.

To further develop this method, it is necessary to expand the dataset by increasing the number of classes and examples
for them. Also, to improve the classification results, try to use LSTM and the attention mechanism. To maintain the
relevance of the evaluation of the elements performed by the athlete, develop a database for storing and easily modifying
the evaluation values. In the future, to be able to fully evaluate the performances of rhythmic gymnasts, it is necessary to
add the tracking of the object with which the athlete performs, to create a method of tracking the interaction with it. In
the future, a similar system can be built to detect problems such as scoliosis by analyzing a patient's posture, prescribe
physical therapy, and study the cognitive development of young children’s brains by monitoring their motor activity.
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