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Abstract: - This study introduces an innovative Movement Evaluation System, which utilizes state of art 3D CNNs in grassland of
computer vision. This system presents a significant advancement in analyzing and assessing complex gymnastic movements, providing a
comprehensive understanding of both spatial and temporal dynamics. By incorporating pose estimation algorithms, it accurately identifies
body joints and positions to extract detailed spatial features. The 3D CNN further captures the temporal evolution of these features,
enabling a precise analysis of the fluidity, rhythm, and synchronization of gymnastic movements over time. The effectiveness of this
system is evaluated through performance metrics such as precision, recall, and accuracy. Aimed at enhancing sports science and athlete
training, this research offers coaches, judges, and gymnasts a sophisticated tool for objective and standardized movement assessments. It
has the potential to streamline the evaluation process in gymnastics and provide constructive feedback efficiently. The integration of 3D
CNNs in this system marks a paradigm shift in utilizing advanced computer vision techniques to improve the understanding and
refinement of gymnastic performances.

Keywords: 3D Convolutional Neural Networks (3D CNNs), DL Technique, Movement Evaluation System and Computer
Vision Techniques

l. INTRODUCTION

Gymnastics is an intense athletic activity that demands a strong physical aptitude and technical skill. Participants
in this sport frequently face repetitive and forceful impacts, necessitating significant core and extremity strength,
power, and endurance. According to studies, gymnastics ranks among the most injury-prone sports in the National
Collegiate Athletic Association (NCAA). This can be attributed to the intricate maneuvers involved and the
demanding year-round training regimen. In particular, female athletes have been found to have the highest injury
rates in soccer and gymnastics [1]. Long-term research on college athletes has revealed that female gymnasts are
more susceptible to lower limb injuries, time-off injuries, surgeries, and season-ending injuries compared to their
male counterparts.

Earning recognition in artistic gymnastics involves achieving excellence across six specific exercises, including
floor routines, pommel horse, rings, vault, parallel bars, and horizontal bar. The qualification process for the
Olympics has been modified for the 2017-2020 period, with individual gymnasts having the opportunity to qualify
for the 2020 Summer Olympics in Tokyo. These athletic events typically involve activities that require short
bursts of intense physical effort. The shortest event is the vault, lasting approximately 5 seconds on average, while
floor exercises last around 60 seconds. Performances on pommel horse, rings, parallel bars, and horizontal bar
usually take about 35 seconds. Overcoming resistance while suspended one's own body weight demands, great
strength and contributes to muscular development. The grace and appeal of this traditional Olympic sport
undoubtedly captivate spectators' attention [2]. However, achieving elite status in this sport requires a combination
of youth and an appropriate physique to execute gymnastic maneuvers. Research has examined the ideal age to
begin training and peak performance age during competitions but has yet to determine how training experience
relates to somatotype and preferred event type in gymnastics.

As a result, Artistic Gymnastics has been categorized as a discipline that involves a significant amount of practice,
systematic methods for learning specific movements, and a challenging competitive program. Artistic Gymnastics
has firmly established itself as a fundamental division of sports. Essentially, it is a type of athletic competition
where individuals use various equipment to display a series of diverse elements and combinations. According to
the International Gymnastics Federation (FIG), Artistic Gymnastics is an Olympic sport that consists of separate
Men's and Women's events, each with their own distinctive number and type of contests [3]. The Men's category
includes six events: Floor Exercise, Pommel Horse, Still Rings, Vault, Parallel Bars, and Horizontal Bar; while
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female athletes participate in four events: Vault, Uneven Bars, Balance Beam, and Floor Exercise. In each event,
participants must execute a sequence of complex gymnastic elements that are linked together to form a complete
routine known as a gymnastic exercise. Experts in the field commonly believe that the Pommel Horse is
traditionally associated with male gymnasts, while the Balance Beam is typically associated with
female gymnasts.

In recent times, the Chinese Rhythmic Gymnastics (RG) has made significant advancements in world-class
competitions and achieved numerous outstanding accomplishments. However, when compared to exceptional
foreign gymnasts in the RG events, Chinese gymnasts still lack proficiency in personal skills. As a result, careful
attention must be given to selecting and cultivating high-quality gymnasts. RG is a sport that prioritizes beauty
and flawless execution of all movements, placing stringent demands on various aspects of physical fitness.
Selecting suitable gymnasts is a complex and meticulous process, requiring us to focus on scientifically selecting
individuals based on the expertise and experience of experts and coaches from both Chinese and foreign
backgrounds, as well as considering the current situation in China. In this process, establishing a quality indicator
system for gymnasts becomes a crucial step in scientifically selecting and evaluating potential candidates [4].

Identifying individuals with potential to excel in a specific sport, also known as talent identification is crucial for
achieving high levels of performance. However, the current talent identification models are limited in individual
sports and term. Some emerging models and programs in countries such as the FIG Age Group Development
Programme, GFMT, USA Gymnastics TOPs program and WISGT are gaining recognition, particularly in artistic
gymnastics [5]. The most widely used programs among coaches and researchers are those developed by the IGF
and USA Gymnastics.

The FIG's is a program designed to train and identifies talented young gymnasts. It focuses on developing their
physical fitness, including flexibility, power, strength, and endurance. This program is currently used by
international coaches for gymnasts aged 6-11 and 18 years old [6]. The goal is to gradually prepare these
gymnasts over a period of several years to excel in competition by improving their physical fitness. FIG is
constantly working on enhancing and revising the training and talent identification program. Furthermore,
educating mentor teacher to enhance their effectiveness and understanding in technical, psychological preparation
and physical preparation is a crucial aspect of this program to ensure the well-being of the gymnasts [7].

The use of Computer Vision in evaluating sports performance has brought about a more accurate and unbiased
approach. A particularly exciting advancement in this field is the implementation of a Movement Evaluation
System for Gymnasts, which utilizes 3D Convolutional Neural Networks (3D CNNSs). This innovative method
combines the intricate nature of gymnastic movements with the detailed analysis provided by 3D CNNs,
providing a comprehensive tool for assessing and improving athletes' skills. Since gymnastics requires agility,
strength, and precision, a more nuanced evaluation system is necessary beyond traditional metrics [8]. By
incorporating 3D CNNs into Computer Vision technology, it introduces a revolutionary aspect by capturing both
the temporal and spatial dynamics of gymnastics routines. This enables a detailed examination of body
movements, form, and technique in a three-dimensional space.

Our journey takes us into the intersection of Computer Vision and gymnastics evaluation, uncovering the potential
of 3D CNNs to transform how we evaluate and improve the performance of gymnasts. By exploring the unique
challenges presented by gymnastic movements and the capabilities of 3D CNNs to overcome them, we explore the
potential for a sophisticated and impartial Movement Evaluation System. This system not only offers coaches and
athletes valuable insights into strengths and areas for improvement, but also lays the groundwork for data-driven
training methods that can advance gymnastic excellence. As we navigate through the crossroads of sports science,
computer vision, and neural network technology, the Movement Evaluation System presented here marks a
significant change in how we comprehend, analyze, and optimize the intricate movements of gymnasts, paving the
way for precise training and elevated athletic success. The major contribution of the research is described below.

11 Research Contribution:
e Using 3D CNNs in the evaluation system for gymnasts captures intricate details of their performances in both
space and time, providing a more comprehensive assessment than traditional methods.
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e The automation of movement evaluation through 3D CNNs allows for quick and consistent feedback, giving
gymnasts immediate insights into their performances and the ability to identify areas for improvement in real-
time.

o The use of 3D CNNSs enables the system to analyze complex movements with precision, such as flips, twists,
and rotations, which is crucial for coaches and gymnasts seeking a detailed understanding of routines.

e This automated system streamlines the evaluation process, making it suitable for large groups of gymnasts.
Coaches can efficiently assess and monitor individual athletes or entire teams, optimizing training strategies
and performance outcomes.

e By implementing advanced technologies like 3D CNNSs in gymnastics, a connection is established between
sports science and athletic training. This integration reflects a forward-thinking approach to utilizing cutting-
edge techniques for enhancing performance and developing athletes.

II.  RELATED WORK:

In [9], a acquired indicator system using AHP for rhythmic gymnasts, incorporating physical, flexibility &
strength, and speed & dexterity factors, aiding in their scientific selection and training processes. In [10], author
developed a model for identifying critical the assessment and cultivation of physical and gymnastic abilities for
identifying and nurturing talent among young male artistic gymnasts. It underscores the significance of power
speed, isometric and explosive strength, strength endurance, as well as dynamic and static flexibility as pivotal
factors. These findings provide valuable insights for talent identification and training strategies in men's artistic
gymnastics. In [11], a new algorithm for detecting human basic movements from wearable sensor data is
developed, focusing on minimizing computational demands while maintaining accuracy. The algorithm aims to
preprocess data on the sensor device before combining information from multiple sensors for improved accuracy,
demonstrated through fall detection and single step using a single tri-axial accelerometer. In [12], DRNNs for
human activity recognition is constructed, emphasizing their capability to grasp dependencies across extensive
ranges in input sequences of varying lengths. Comparing with traditional methods, DRNNSs, particularly using
LSTM architectures, outperform in recognizing activities, showcasing better performance than SVM, KNN,
DBNs, and CNNs. In [13], improve the accuracy of recognizing human movements in musculoskeletal
rehabilitation exercises, employing machine learning for exercise classification. Experimental results show 96%
accuracy with multilayer dense neural networks and 100% accuracy using computer vision technology with a full
body point set, confirming hypotheses on tracking system ranking and potential for exercise classification. In [14],
this study proposes a CNN-LSTM hybrid deep learning model for HAR using smart watches, achieving 96.2%
accuracy and 96.3% f-measure. The model outperforms traditional methods, offering enhanced performance in
activity recognition tasks.

In [15], a novel approach using runtime models in wearable devices for human activity recognition, offering
feedback to improve performance in repetitive physical activities. The method utilizes Restricted Boltzmann
Machines on inertial measurement data, resulting in adjustments up to 3.68 times more accurate compared to the
original movement data, aiding in precise activity execution. In [16], micro-expression recognition by Action
Units instead of predicted emotions, achieving 86.35% accuracy on CASME Il dataset with HOG 3D feature
descriptors using classifying expressions. Action Units-based classification proves effective for objective micro-
expression recognition. In [17], a hybrid approach using deep learning on a smartphone dataset for human activity
recognition, achieving 98.70% accuracy with CNN and 96.36% accuracy with top 92 features. Feature selection
significantly improves accuracy and model efficiency, demonstrated through experimental results. In [18], The
process of machine learning is used to examine intricate travel behaviors in public transportation. This involves
combining smart card information and urban data to recognize different patterns of mobility. The method involves
grouping transit routes and utilizing graph embedding to identify levels of mobility. Interactive visualization is
also utilized to explore the changing dynamics of transit behavior. In [19], a nested binary classifier method is
presented for outlier detection in human movement phases, comparing it with popular ML algorithm and DNN.
Results demonstrate the effectiveness of nested binary classifier for recognizing outlier patterns in human activity
recognition systems.

In [20] introduces a HGR system that utilizes a curved piezoelectric sensor to collect data. The system employs
optimized machine learning algorithms - SVM, k-NN with k-mer, RF, and achieves impressive accuracies of
94.11%, 97.18%, and 96.90% for SVM, RF, and k-NN respectively, showcasing its effective classification
capabilities. In a separate study [21], a HDL model called CNN-GRU-AttNet is created for human activity
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recognition using WiFi-based CSI data.The model outperforms conventional deep learning networks, achieving
up to a 4.62% average accuracy improvement, making it effective for accurate activity classification. In [22],
simple algorithm for automatic human posture classification is introduced using Kinect V2 data, achieving an
accuracy of 94.9% with the second algorithm. The approach offers comparable accuracy to machine learning
methods but with lower computational complexity and no need for training resources. In [23], an innovative
algorithm inspired by mirror neurons is presented for automatic learning in man-machine interfaces, focusing on
humanoid robot vocalization acquisition. The algorithm utilizes fuzzy articulatory rules and genetic optimization,
demonstrating effectiveness synchronized facial movements with multi modal spech production. The summary of

this earlier methods are given in table 1.

Table 1 — Earlier Research Summary

Ref. | Algorit | Methodology | Advantag | Disadvan | Performa | Accura | Feature | Measurem | Energy
No | hm es tages nce cy sUsed | entApplica | Results
tions
[9] | AHP- Developed a | Scientific | Requires | NIL NIL Physica | Gymnast NIL
Based quality basis for | expert 1, training
Quality | indicator selection input Flexibil
Indicat | system for | & ity,
or rhythmic evaluation
gymnasts
[10] | Physica | Identified Specific Limited Principal NIL Muscle | Talent NIL
I critical fitness to male | Compone strength | identificati
Fitness | physical factors gymnasts | nts : on
aspects in | determine Analysis
talent d
selection  for
male artistic
gymnasts
[11] | Wearab | Proposed Improved | Challengi | Intra- and | NIL Tempor | Basic NIL
le algorithm for | accuracy | ng for | inter- al series | movement
Sensor- | detecting with sporadic | person points detection
Based human basic | single movemen
movements sensor t
from wearable | pre-
data processin
g
[12] | Deep Proposed use | Improved | Fixed- Unidirecti | NIL Tempor | Human NIL
Recurre | of DRNNs for | recognitio | length onal, al activity
nt human activity | n of | input bidirectio correlati | recognition
Neural | recognition, temporal | windows | nal, ons,LS
capturing correlatio cascaded ™
long-range ns
dependencies
in input
sequences
[13] | Muscul | Introduced Increased | Depende | Machine 96% Trackin | Rehabilitat | N/A
oskelet | algorithms for | accuracy | nt on | Learning g ion
al accurate in tracking systems | exercise
Exercis | recognition of | exercise systems ,
e human monitorin
movements g
during

rehabilitation
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exercises
[14] | CNN- Using Improved | Handcraf | Evaluatio | 96.2% | CNN, Activity NIL
LSTM | smartwatches | activity ted n metrics LSTM recognition
Hybrid | a CNN-LSTM | recognitio | feature
Model | model for | n with | extractio
human activity | deep n limits
learning
[15] | Real- Introduced a | Feedback | Limited Restricted
Time method for | for correct | to  pre- | Boltzman
Gesture | generating performan | trained n
runtime ce in real- | activities | Machine
models for | time
correct
execution  of
repetitive
physical
activities
[16] | Micro- | Proposed Objective | Conflicts | LBP- 86.35% | Action | Micro- N/A
Express | method  for | method with TOP, Units expression
ion classifying for human HOOF, recognition
Recogn | micro- emotion reporting | HOG 3D
ition expressions classificat
based on | ion
Action Units
[17] | Human | Developed a | Adaptive | Limited Restricted | N/A Inertial | Physical N/A
Activit | method for | learning to  pre- | Boltzman measure | activity
y generating for new | trained n ment monitoring
Recogn | runtime activities | activities | Machine
ition models to
guide users in
correct
performance
of physical
activities
[18] | Micro- | Proposed Objective | Conflicts | LBP- 86.35% | Action Micro- N/A
Express | classification | classificat | with TOP, Units expression
ion of micro- | ion of | human HOOF, recognition
Recogn | expressions facial reporting | HOG 3D
ition based on | expressio
Action  Units | ns
for improved
recognition
[19] | HAR Hybrid Improved | Feature Principal | 98.70% | CNN Human N/A
using approach accuracy | selection | componen activity
Smartp | using CNN on | and impacts t analysis recognition
hone cloud-based efficiency | accuracy
platform  for | with CNN | and
human activity training
recognition time
using
smartphone
dataset
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[20] | Human | Data from | Accurate | Depende | SVM, RF, | 94.11% | K-mer Human N/A
Gesture | curved gesture nt on | k-NN gesture
Recogn | piezoelectric recognitio | sensor recognition
ition sensor by | n with | data
human machine collection
gestures learning
[21] | Human | Utilized WiFi- | Automati | Privacy CNN- N/A Csl Human N/A
Activit | based sensing | ¢ feature | concerns | GRU- data action
y for human | extraction | with AttNet recognition
Recogn | activity from WiFi data
ition recognition, WiFi collection
proposed signals
CNN-GRU-
AttNet for
efficient
activity
classification
[22] | Posture | Using Kinect | Low-cost | Limited Total 94.9% | Kinect Posture N/A
Detecti | V2 and to Kinect | error  of V2 classificati
on accurate V2 usage | vector joints on
posture
classificat
ion
[23] | Vocaliz | Introduced Effective | Complex | Fuzzy N/A Vocaliz | Speech N/A
ation algorithm for | multi- metric articulator ation synthesis
Acquisi | automatic modal similarity | y rules data
tion vocalization speech may
acquisition productio | require
from human | n tuning
tutors for
humanoid
robot

II. FUNDAMENTALS OF 3D NETWORKS:
3.1 3 Dimensional CNNs:

3D CNNs are a variation CNNs that can handle data in three dimensions. This type of network is particularly
useful for processing volumetric data, such as videos, medical images (like MRI and CT scans), and 3D image
data from sources like computer-aided design (CAD) models or 3D cameras. Its main purpose is to learn
hierarchical spatial features directly from 3D data. Figure 1 as briefly explained about 3D CNN. The
convolutional layers in 3D CNNs work similarly to those in traditional 2D CNNs, except that the operation is
extended to work with volumetric data. The input data is a 3D volume, consisting of either a series of 2D frames
over time or a grid of voxels for medical or CAD data. The filters used in this type of network are also three-
dimensional, with depth, width, and height dimensions. Convolution Operation: 3D convolution operation can be
represented mathematically as follows:

M-IN-1P-1

Output(i, j, k)= > > > Input(i+m, j+n,k+ p).Filter (m,n, p)
m=0n=0 p= )

The filter is applied to each position and multiplied with the corresponding section of the input volume. The
resulting values are added together to create a single value in the output feature map, represented mathematically
as a 3D convolution operation. 3D CNNs also utilize pooling layers, which are similar to those used in 2D CNNs,
to decrease spatial dimensions and reduce computational complexity while preventing overfitting. Common
pooling techniques include max pooling and average pooling. Non-linear activation functions, such as ReL U, are
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applied after each convolutional and pooling layer to allow the network to learn complex patterns. A typical 3D
CNN architecture consists of several layers including convolutional layers, activation functions, pooling layers,
and fully connected layers at the end for tasks such as classification or regression.
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Figure 1 - 3D Convolutional Neural Networks
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Training a 3D CNN involves carrying out forward propagation to calculate the output, comparing it to the actual
labels using a dropping function, and using enhancement methods like SGD, RMSProp to backpropagate the error
and update the weights. Some challenges and considerations when working with 3D CNNs include their high
computational complexity due to larger input dimensions and more parameters, potential overfitting due to model
complexity which can be mitigated with techniques like dropout, regularization, and data augmentation, and
special attention needed for data preprocessing in areas such as medical imaging where steps like normalization
and resizing are crucial. 3D CNN have significant capabilities in handling and deriving characteristics from
volumetric data, such as 3D images and videos. By applying the concepts of 2D CNNs to the third dimension,
they make it possible to create models that can comprehend patterns in both space and time within a 3D
environment. These networks have a wide range of uses in fields like medical imaging, video analysis,
robotics, and others. Figure 2 is architecture of 3D networks.

\ Dense Layer

Network Architecture
3D Convolution
Cilia Video Data 32 Filters 3D Convolution ;
64 Filters .
3D MaxPooling 3D MaxPooling ;
. . « I ;
( v L }
2x2x 2 Kernel Size E
2x2x2 Strides
80 x 60 x 10 Input 3 x 3 x 3 Kernel Size Same Zero Padding
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Figure 2 - 3D Network Architecture
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The "Movement Evaluation System" is a tool or method used to evaluate and examine human movement patterns.

It is commonly utilized in fields such as sports science,

comprehend, measure, and enhance the way individuals

physical therapy, biomechanics, and rehabilitation to
move. It typically involves collecting movement data

using sensors like cameras, accelerometers, gyroscopes, or force plates and analyzing it in terms of joint angles,
velocity, acceleration, and other relevant parameters. Figure 3 and Table 2 is discussed about movement analysis
and Equation in Movement Analysis. The system includes components such as data acquisition through sensors,
pre-processing to filter out unwanted noise from raw data, kinematics analysis focusing on joint angles and
positions using equations, and dynamics analysis involving forces and torques using principles like

Newton's laws of motion.

Table 2 - Equation in Movement Analysis

Equation Description
r(t) = (x(t), y(t), z(t)) Position vector representing a point in 3D space over
time t.
dv(t dv.(t) dv,(t) dv. (t Velocity vector rate of change of position with respect
vy =200 - (@) S0 Qi o time
dt dt dt dt
dv(t dv (1) dv.(t) dv (t Acceleration vector rate of change of velocity with
V(t): ():( X()’ y()’ Z()) R
dt dt dt dt respect to time.
_ u,.u Angle between two connected body segments at time t.
o(t) = cos ™ (—=2—)
[ug (v i
do(t) Angular velocity rate of change of joint angle with
w(t) = qt respect to time.
da(T) Angular acceleration rate of change of angular velocity
a(t)= T with respect to time.
F=ma Force vector representing the interaction causing a
change in motion, where m is mass.
r=rXF Torque vector representing the rotational force applied
around an axis.
a &
I
L nthropometric H {
:‘net:su‘::me;ts \ > ; ; ;
) ) Semi-manual Expert Report
gait cycle detection analysis
Optical motion capture Semi-manual Inverse
using reflective markers data processing kinematics
8
‘ N > ) B
@
| Neural network
Single-camera Video keypoint
recording detection algorithm
(e.g. OpenPose)

Figure 3 - Movement Analysis
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Systems for Analyzing Movement:

«  Systems for analyzing gait: Used to examine the patterns of walking and running in humans. Bio mechanical
Systems for Sports: Evaluate the movements of athletes to increase their performance and reduce the risk of
injuries.

«  Systems for Physical Rehabilitation: Aid in creating customized treatment plans by analyzing movement.
These systems typically integrate sensor information with mathematical models and algorithms to offer insights

into the quality, effectiveness, and possible areas for enhancement of movement. They play a crucial role in
maximizing performance, preventing injuries, and improving the rehabilitation process.

3.3 Computer Vision Techniques:

Computer Vision is an area of research that centers on teaching computers to comprehend and interpret visual
data, much like how humans perceive and understand images and videos. This involves creating algorithms and
methods to extract important information from visual data. Some important techniques used in computer vision, as
well as relevant equations, include:

3.1.1Image Preprocessing:

Prior to any analysis, images are typically prepared through methods such as enhancing distinct features or
reducing noise. Common techniques for preprocessing include:

A Grayscale Conversion: where R,Gand B are red, green, blue channel of an RGB image.
| gray = 0.299.R+0.587.G+0.114.B
)
B. Image Blurring: where I(x,y) is original image, loturred (x,y) is blurrend imagem, and @ controls the
amount of blur.
—X2+y2
I X,y) = e 292 *|(x,
blurred( y) ZHGZ ( y) (3)
C. Image Classification: a typical CNN layer,
M-1IN-1P-1
Output(i, j,k)=>_>">"Input(i+m, j+n,k+ p).Filter (m,n, p)
m=0 n=0 p=0
(4)
D. Optical Flow: lucas- Kanade Method, (u,v) between two consecutive frames.
(1.1, ]u,v]=-I
" ‘ (5)
E. Image Registration: Normalized Cross-Correlation, measures between two images I Land I 21,

NCC(I,, 1,) = Z('ljll)(l—lm_)
\/gl_ll)z'z("h)z (6)

F. Depth Estimation: Stereo Vision, uses disparity maps to estimate depth.
fT
Z=——
d (7)
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Object detection is a process where a predetermined-sized window moves across an image, and an algorithm is
utilized to identify whether the window contains a desired object. The Haar Feature-based Cascade Classifiers
approach also uses Haar-like features and a series of classifiers to efficiently detect objects. These methods
provide only a brief look at the many techniques utilized in computer vision. Depending on the specific goal,
various combinations of these methods are utilized to gather important data from images and videos, allowing
computers to perceive and comprehend the visual environment surrounding us.

V. PROPOSED MES-3DCNN MODEL.:

This research introduces a hybrid deep learning architecture, called 3DCNN-GRU-AttNet, for a HAR system that
utilizes WiFi CSI data. The first step involves obtaining raw CSI data specifically for deep learning networks.
Next, the raw data is preprocessed using denoising and segmentation techniques. Then, the preprocessed data is
divided into training and evaluation sets using a five-fold cross-validation method. To generate features, the data
samples undergo high-dimensional embedding through convolutional layers and a GRU layer within the 3DCNN-
GRU-AttNet model. The effectiveness of the system is evaluated using standard metrics like accuracy, precision,
recall, and F1-score.

To assess the performance of this model as well as baseline models for WiFi-based HAR, the publicly available
CSI-HAR dataset was used. This dataset was collected using Nexmon tool on a Raspberry Pi-4GB to capture CSI
data from transmitted and received signals. It contains 4000 samples over a duration of 20 seconds, with each line
representing a 5-millisecond interval. The relevant segments of this data were extracted and saved in CSV files as
matrices with 52 columns and 600 to 1100 rows depending on the activity duration. Label files were also provided
to identify different actions. The dataset includes seven activities: walking, running, sitting down, lying down,
standing up, bending and falling. These activities were repeated twenty times by three participants from various
age groups in a controlled environment. Figure 4 shows the structure of the GRU network used in this

study in detail.
u u
h
'

Figure 4 - The structure of GRU network

The WiFi data-set, there are seven activities including lying down, falling, walking, running, sitting down,
standing up, and picking up. Six participants performed each activity twenty times. The collection of data
involved a Wi-Fi router with a lone transmitter and a laptop equipped with the NIC-5300 Intel network interface
card and three receivers. The transmitter and receiver were placed 3 meters apart in a direct line-of-sight
arrangement. Each activity lasted for 20 seconds, and the data-set had an input vector consisting of raw CSI
amplitude data and a 90-dimensional vector representing 3 antennas and 30 sub-carriers. However, for consistency
with previous research, this study only utilized six of the seven activity categories from the original data-set and
excluded the "picking up" activity. The majority of studies using this data-set have also evaluated six activity
classes. To ensure fair comparison, our proposed model was also evaluated on these same six daily activities from
the Stan-WiFi data-set. A single training data point is calculated by multiplying the number of samples by the
number of features (500) by the number of timestamps to account for noise in the CSI and potential difficulties in
distinguishing between different activities. Therefore, it is essential to use machine learning techniques for noise
filtering and feature extraction in order to effectively analyze this data-set. This can include using methods like
Butterworth low-pass filters or principal component analysis (PCA) to reduce complexity and identify key
features where relevant information is concentrated. In this study, we followed recommendations from previous
research by excluding the first principal component and selecting five subsequent principal components for
feature extraction in order to address noise from internal state transitions present in all CSI streams. These noises
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are highly correlated but can be separated from human motion signals by using PCA-derived components that
exhibit no correlation with each other. This ensures that relevant data is preserved while balancing classification
effectiveness and computational efficiency with five chosen principal components. After PCA denoising, specific
characteristics are extracted from the CSI data to improve its usefulness for classification. In order to evaluate the
effectiveness of denoising, we compared the PCA denoising technique by measuring the SNR, which represents
the proportion of signal strength to noise strength. The denoised CSI signals demonstrated greater SNR values in
comparison to unprocessed CSI samples, indicating that noise was successfully reduced.

4.1 Segmentation

The main focus of this study is to divide a signal into smaller sections or windows, a process known as
segmentation, for two primary reasons. The first reason is to account for the variability in captured CSI signals,
which can have different lengths and come from different subjects, making it difficult to identify patterns. The
second reason is to effectively manage the time aspect of processing a large volume of CSI data, which saves time
and computational resources. To overcome these challenges, our research adopts a fixed window size to segment
the noisy CSI signal into smaller parts. Each segment is treated as an independent instance during the training of
our proposed model, 3DCNN-GRU-ALttNet. This approach increases efficiency and enhances the accuracy of our
findings.

The 3DCNN-GRU-AttNet is an attention-based neural network specially designed for recognizing human
activities using WiFi CSI data. It consists of five layers: input layer, two CNN layers, a GRU layer, an attention
layer, a fully connected layer, and an output layer. Each layer has its unique function and will be explained in
detail later on. 3DCNNs are commonly used in deep learning models for robust feature extraction from two-
dimensional image data due to their fast processing capabilities. Unlike traditional fully connected neural
networks, 3DCNNSs have convolutional layers that are not entirely interconnected. Instead, inputs are connected to
subsequent layers with shared weights among sub-regions in the input, resulting in outputs that are spatially
correlated. This reduces the complexity of the network by reducing the number of connections
and weights needed.

In this paper, a 3-dimensional convolutional neural network (3DCNN) was employed with two layers. The initial
layer consisted of 64 filters with a kernel size of 3, while the second layer had 64 filters with a kernel size of 5.
Max-pooling layers were also included with a constant pool size of 2. To connect the 3DCNN and GRU layers, a
flattened layer was inserted. While 3DCNNSs are effective in extracting features, they may have limitations when
dealing with time-dependent inputs like the biometric signal data used in this study. This is due to the fact that
when processing sequential data, the network's prediction of future states relies on the previous input state. To
address this issue, the recurrent neural network (RNN) model analyzes each element of the temporal sequence and
incorporates both current and previous inputs for the current RNN input. The output at a particular time step (t) is
dependent on the output at the previous time step (t-1). While RNNs are theoretically capable of handling time
series data of any length, they face challenges in real-world applications with lengthy time series due to gradient
disappearance, which hinders learning long-term dependencies. To overcome this problem, a gated recurrent unit
(GRU) was integrated as the memory component in the RNN architecture. The structure of a GRU cell is
illustrated. GRU networks are simpler versions of LSTM networks within the realm of RNNs and offer improved
computational efficiency while maintaining similar effectiveness as LSTM networks. A GRU unit includes an
update gate and a reset gate that control how much each hidden state is modified in consecutive states within a

computational model by regulating relevant and irrelevant information flow between them. Hidden state h, at a
specific time t integrates output of the update gate 2 , output of reset gate f , and current input X . Additionally,
preceding hidden state My is taken into consideration, as illustrated below:

z,=oc(W,x,®U,H,,)

=oWx0UH.,)

g =tanhW, x,6U ; (r6h ,))

h = (- 2)6h,,)0(z09,) @
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The sigmoid function is denoted by the symbol o, and the equations involve a small number of addition and
multiplication operations. A detailed illustration of the calculation process for the self-attention mechanism can be
seen in Figure 5.

hT

Concatenation

Attention Layer

Summuation

h1l

> > > >
] 1] 1 1

Figure 5 - Attention-based GRU for the classification

According to this study, once the GRU network has captured the necessary contextual elements, it is
recommended to utilize a self-attention method for further capturing essential details. This technique assigns a
higher weight to crucial information, resulting in a more precise understanding of the sequence's meaning. The
calculation process for this self-attention mechanism is outlined. After the GRU layer processes the pre processed

data X =(X1’X2""'XT), we obtain a vector H=[h,h,. 0,0 ] represented by T, which is the

length of the data in X, and ht, representing the hidden state of the GRU at time step t. We can then create a self-
attention mechanism for the GRU using these steps:

7, = tanh(w,h, +b,)

B = EXp(O/t)TWz)
C e () w,)

5:Zﬂtht,

©)

The attention layer uses a W> contextual vector, A weighted by a 4 softmax function, to create a uniform
representation of the entire sequence based on the hidden states and their corresponding attention weights. This is
then followed by three dense layers with dropout regularization in the neural network. The first layer has 128
neurons and a dropout rate of 0.25, followed by a layer with 64 neurons and a similar dropout rate. The output
layer has two neurons and all layers are activated using ReLU. The model was trained for 200 epochs with a batch
size of 32, using categorical cross-entropy loss function and the Adam optimizer for optimization.

4.2 Hyper parameter and Training

The process of creating a statistical classification model can be broken down into three steps. The first step is
selecting hyper parameters, such as batch size, activation function, learning rate, and number of iterations, which
have a significant impact on the model's construction and training. It is crucial to have enough variation and

891



J. Electrical Systems 20-3s (2024): 880-898

quantity of data during this phase. The second step involves training and validating the model using different sets
of data. The training set is used to select hyper parameters, while the validation set is used to evaluate
performance. In this particular study, the chosen training hyper parameters were a learning rate of, 100 epochs,
and a batch size of 128. To ensure effective learning, a callback monitor was used to adjust the learning rate if no
progress was seen after ten consecutive epochs. Data shuffling was also performed to introduce diversity in the
data before each epoch. These hyper parameters were determined through multiple experiments and refinements
to achieve optimal accuracy.

To assess the effectiveness of the proposed model, two publicly available datasets were used. As these datasets did
not have predefined training and testing sets, a five-fold cross-validation technique was employed. This technique
involved dividing the complete dataset into ten equally sized subsets randomly. The model fitting process then
iterated using nine subsets for training and one subset for performance evaluation. This process was repeated ten
times to ensure each subset underwent accurate testing. The overall performance of the model was evaluated by
computing the average outcome from all iterations. The Adam optimizer was responsible for updating the model
weights, while the cross-entropy loss function was used to measure error or loss during training.

4.3 Network Training and Evaluation Metrics

The confusion matrix is a useful method for assessing the effectiveness of DL models. It presents a visual and
comprehensive overview of their performance. The mathematical representation of the multi-class confusion
matrix includes rows for predicted classes and columns for actual classes.

C1C15Cy3--:Cy
C21C55C53...C5,
C= C31C35C33---C3p,

_Cnlcnzcn3"'cmn _

(10)
a.  True positive: TP(C) =Gy (11)
b. False positive: FP(C) = Z'nzlc“ —TPE; (12)
c. False negative: FN(C) = Z'n:lc'i ~TP(C); (13)

TN(C)=> > c;—TP(C)—FP(C)-FN(C).

d.  True negative: (14)

The assessment of deep learning models in this research involved examining a confusion matrix and computing
four commonly used measures: accuracy, precision, recall, and F1-score.

) Accuracy: This evaluates systematic error and is determined by dividing the total sum of true positives and
true negatives by the overall number of records.

] Precision: This ratio is calculated by identifying correctly classified instances as belonging to a particular
user's class out of all instances classified as belonging to that class.

® [ Recall: It is measured as the ratio of instances classified as belonging to a specific user's class out of all
instances that actually belong to that class.

] F1-score: This measure combines precision and recall by using the harmonic mean.

The mathematical expressions for these evaluation metrics are as follows:
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[Clasg
Accuracy =————X > TR +TN;
|Class| ‘= TP+FP. +TN,+FN,
|Clasg
Precision=——X z _ TR
|Class| < TP +FP,
[Clasg
Recall :# TR
|Class| 4= TR +FN,
F1_score=2X PrecisionX Recall

Precision + Recall

V.

(15)

PRODUCTION ANALYSIS:

A simulation demonstration of proposed MES-3DCNN model python performance is discussed. Both the
individual performance of the proposed work and its comparative results are elaborated below.

5.1 Gymnast activities/movement: In the simulation demonstration of the proposed MES-3DCNN we considered
some of the movements and activities of the gymnasts like boxing, volleyball spiking, body weight squats and
diving. The pictorial representation of those activities is given in figure 6(a), 6(b), 6(c) and 6(d). The data set

A

6(a) Boxing 6(b) Vollyball spiking

which is used for this process are “https://www.crcv.ucf.edu/data/UCF101.php”.

6(c) Body weight squats 6(d) Diving

Figure 6 - Gymnast Activities/Movement

5.2 MES-3DCNN Accuracy Calculation: The process of determining accuracy in a 3D-CNN based movement
evaluation system involves evaluating the model's ability to predict gymnastic movements or poses correctly in
comparison to the ground truth annotations. This is calculated by finding the proportion of correctly predicted
movements or poses out of the total instances in the dataset, typically shown as a percentage. In the world of
gymnastics, the precision of this system acts as a numerical indicator of its ability to accurately anticipate the
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gymnasts' actions and positions. This is crucial for a variety of purposes, including evaluating skills, providing
training guidance, and analyzing performance in gymnastics. In figure 7 the accuracy calculation of the proposed
MES-3DCNN is illustrated.

model accuracy

0.5

0.4

accuracy
o
[*%)
I

0.2 A

014 v+ —— acc

val_acc

T T T T T T T T T
0.00 0.25 0.50 0.75 1.00 1.25 1.50 175 2.00
epoch

Figure 7 - MES-3DCNN Accuracy

5.3 MES-3DCNN Loss Calculation: A system for evaluating gymnasts' movements, using a 3D CNN, calculates
loss by measuring the difference between predicted and actual movements. This loss function helps track
performance during training and informs how to adjust the model's parameters to reduce this difference. It is
determined by comparing the model's predictions with the ground truth annotations for each instance in the
dataset, resulting in a single value that represents the discrepancy between the two. In figure 8 the loss calculation
of the proposed MES-3DCNN is illustrated.

model loss
—— loss
val_loss
2.4 1
2.2 A
(%)
& 2.0
1.8 4
1.6 1

T T T T T T T T T
0.00 0.25 0.50 0.75 1.00 1.25 1.50 175 2.00
epoch

Figure 8 - MES-3DCNN Loss

5.4 Comparative Analysis: In this section the calculated results of the proposed MES-3DCNN in terms of certain
methods like Precision, Recall, F1-Score, Accuracy are measured and it gets side by side with the earlier baseline
methods like CNN [23], Fuzzy CNN [24] and Bi-LSTM-CNN [25]. The major activities which are considered for
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the analysis are Diving, Boxing, Squats and Volleyball Spiking. The comparative value analysis are given in table

3
Table 3 - Comparative Value Analysis
Methods Activity Accuracy (%) Precision (%) | Recall (%) F1-Score
Diving 93.6 90.6 88.3 75.3
CNN Boxing 94.6 89.2 89.1 83.3
Squats 85.8 87.9 82.2 80.7
Volleyball Spiking 88.1 88.5 89.9 76.8
Diving 94.6 87.6 84.6 78.3
Fuzzy CNN Boxing 85.8 84.1 85.9 83.7
Squats 88.1 79.4 82.1 92.6
Volleyball Spiking 92.6 81.2 91.3 89.4
Diving 92.6 914 80.5 85.9
Bi-LSTM- Boxing 90.1 92.9 83.2 82.1
CNN Squats 89.8 89 92.6 91.3
Volleyball Spiking 88.5 91.1 84.6 94.5
Diving 97.6 95.6 93.7 98.3
MES-3DCNN Boxing 94.1 96.1 94.9 99.1
Squats 95.8 99.8 91.1 97.6
Volleyball Spiking 98.5 98.5 90.5 99.4

5.4.1 Accuracy Calculation: The precision is measured by the ratio of accurately predicted actions or positions to
sum of number of entries in data set. It is typically represented as a part. The 3D CNN model makes forecasts
about actions or positions using input data, such as sequences of Diving, Boxing, Squats, and Volleyball Spiking.
The dataset includes ground truth annotations or labels for these actions or positions. These annotations indicate
the correct or desired actions or positions for each entry. The predicted actions or positions are compared to the
ground truth annotations to determine their accuracy. In figure 9, the effectiveness of techniques likes CNN,
Fuzzy CNN, Bi-LSTM-CNN and proposed MES-3DCNN is caluculating in terms of accuracy, and superiority of
the proposed MES-3DCNN is demonstrated.
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Figure 9 - Accuracy Calculation
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5.4.2 Precision Calculation: The precision calculation is a crucial aspect of a 3D CNN movement evaluation
system used for gymnasts, as it determines the model's ability to accurately predict gymnastic movements and
poses. This calculation indicates the percentage of accurately identified positive instances (true positives) among
all instances that the model classified as positive (true positives + false positives). It reflects the level of
confidence in the model's classification of specific gymnastic movements, such as Diving, Boxing, Squats, and
Volleyball Spiking. A higher precision indicates fewer false positive predictions, which is desirable for accurately
capturing identified movements or poses. In figure 10, the performance of precision is calculated with respect to
the presented methods like CNN, Fuzzy CNN, Bi-LSTM-CNN and proposed MES-3DCNN and as it proves that
the proposed MES-3DCNN performed when compared with others.

100.0 4
97.5 i

95.0

92.5
90.0 ~ !

87.5 1

Precision

85.0 4

82.5

80.0 4

T T T T
CNN Fuzzy-CNN Bi-LSTM-CNN MES 3D-CNN
Approaches

Figure 10 - Precision Calculation

5.4.3 Recall Calculation: In a system that evaluates movement using a 3D-CNN, calculating recall is crucial for
determining the model's ability to accurately detect all instances of a particular gymnastic movement in a dataset
that focuses on Diving, Boxing, Squats, and Volleyball Spiking. In figure 11, the performance of recall is
calculated with respect to the methods like CNN, Fuzzy CNN, Bi-LSTM-CNN and proposed MES-3DCNN and
as it proves that the proposed MES-3DCNN performed when compared with others.
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Figure 11 — Recall Calculation

Recall calculate section of correctly identified positive cases out of all positive cases, indicating how well the
model captures instances of the gymnastic movement in gymnastic performances. For gymnasts being evaluated
by this system, recall helps gauge the model's effectiveness in identifying and capturing all occurrences of specific
movements within the dataset. A higher recall suggests that the model successfully captures a greater portion of
actual instances of the gymnastic movement, which is important for ensuring that no relevant occurrences are
overlooked.
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5.4.4 F1-Score Calculation: The Fl1-score, utilized in a 3D CNN-based system for evaluating movements, is a
comprehensive measure that takes into account both precision and recall. It serves as a single metric to assess the
effectiveness of the model. This score strikes a balance between precision and recall by considering false positives
and false negatives. It is particularly valuable when classes are not evenly distributed or when the consequences of
incorrect classifications vary. In the context of assessing gymnastic movements, the F1-score plays a crucial role
in determining the overall accuracy of the 3D CNN model in identifying specific movements from a dataset that
includes Diving, Boxing, Squats, and Volleyball Spiking. A higher F1-score indicates a better balance between
precision and recall, indicating a stronger and more reliable model for recognizing movements. The results from
Figure 12 illustrate that the MES-3DCNN model outperformed other methods such as CNN, Fuzzy CNN, and Bi-
LSTM-CNN in terms of F1-score evaluation.
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Figure 11 — F1-Score Calculation
VI. CONCLUSION

Using 3D convolutional neural networks (CNNs) facilitates a detailed and precise examination of gymnastics
movements, capturing complex spatial and temporal intricacies. This level of specificity improves the accuracy of
performance evaluations, offering valuable insights for refining skills. The system serves as a valuable tool for
skill enhancement, empowering gymnasts to improve their techniques in real-time. The integration of 3D CNNs
enables the assessment of temporal dynamics in gymnastic routines, which is essential for evaluating fluidity,
timing, and synchronization of movements and providing a holistic understanding of performance quality. This
technology also opens up opportunities for further research at the intersection of computer vision and sports
science. Researchers can explore new methodologies, improve existing models, and contribute to the development
of benchmarks for evaluating movement in gymnastics.
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