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ABSTRACT

Recognizing and analyzing moving targets is an important research subject since computer vision is employed in
so many facets of our daily lives, including intelligent robotics, video surveillance, medical education, sporting events,
and the maintenance of our national defense. This is because it may be difficult to properly analyse and keep up with
moving materials. The various training postures of an athlete are explored in this study through the examination of a
weightlifting video. This article was written to assist coaches in their efforts to improve the performance of their athletes
in their respective sports. A technique for extracting essential poses from sports films has been proposed. The classifica-
tion of different subjects of interest serves as the foundation for this technique. Because of its inadequate edge detection
method, the current motion identification system does a bad job of detecting athletes, which is one of the reasons why it
does a poor job of identifying motion in general. This flaw is one of the reasons why the system isn’t very strong at de-
tecting athletes. The following was one of the factors that contributed to this outcome: in truth, the situation is currently
in this state. The result of the newly developed system outperforms the prior system in terms of tracking recognition
accuracy and convergence speed. The system was put to the test. The findings of the system’s study served as the foun-
dation for this decision. Finally, the findings of the categorization reveal that the selection approach tries to separate fun-
damental postures.
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1. Introduction

In conventional text-based query systems, the query phrases
may be used to express the question’s intended purpose!’. The
reason for this is that query intent is not always accurately rep-
resented by or matched to the underlying features". Traditional
text-based query methods cannot always fully match the intent of
a question, resulting in irrelevant or incomplete responses. Among
the many such constraints are: users’ textual inquiries frequently
include several possible interpretations of words, typos, and a
lack of context, all of which can lead to useless results in search
engines. These constraints, however, can be circumvented by uti-
lizing natural language processing (NLP) and machine learning
algorithms to acquire a better understanding of user intent. Search
engines can increase the performance of text-based query systems
through semantic search, autocorrect and recommendation tech-
nologies, customization tools, and voice search technology. In
contrast to autocorrect and suggestion systems, semantic search
assists search engines in understanding the intent of a question
rather than merely the words entered into it. The greater accuracy
and relevance of search results made available by voice search
technology are truly astounding when combined with custom-
ization. Personalization allows you to customise outcomes for
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specific users. However, human actions captured
on camera in sports are exceedingly complex and
demand a high degree of competence, making the
assessment of sports footage substantially more dif-
ficult and time-consuming than that of conventional
sports”’. Because of this, the assessment of sports
records may not only improve the viewing expe-
rience of athletic events but also help coaches and
teammates evaluate contests and aid athletes in their
preparation. The issues of analyzing complex sports
videos, deep learning and computer vision-based
approaches have been created. They have become
an important tool in target identification and may be
employed in a variety of settings. Picking a region,
extracting characteristics from that region, and
naming those features are examples of these proce-
dures. Color and depth maps, as well as still photos,
can be analysed to show concealed motion. Pattern
recognition techniques combined with image-based
recognition technologies may help identify a per-
son’s posture, which is also very important. Signal
capture solutions may also be able to detect motion.
In conclusion, DL-based techniques offer some vi-
able solutions for evaluating sports videos. Unlike
human monitors, computers never get tired, and
they never overlook anything crucial while keeping
tabs on anything. Thus, the computer may improve
productivity while simultaneously cutting costs by
reducing the need for human labour and other re-
sources. This technique is very crucial in the field of
medicine. Using ward surveillance as an example,
unusual ward behaviour might be flagged to doctors
instantly. This not only reduces the cost of medi-
cal treatment but also decreases the likelihood that
a patient may experience an unanticipated event.
Deep learning-based technologies that employ com-
puter vision to differentiate moving objects may be
used to enhance patient outcomes and save costs in
medicine through the use of computer surveillance.
Computerised surveillance may do this by detecting
moving objects. These approaches may identify
complex motion patterns, which aid in posture and
movement analysis and enable continuous patient
monitoring. This technology allows doctors to
track their patients’ movements and health in real
time, which can help with diagnosis and treatment.
Furthermore, computer vision might be used to de-
termine if patients are taking their drugs as recom-
mended by reviewing video recordings. As a result,

patients may be more likely to adhere to their treat-
ment programmes and experience fewer adverse
medication responses. Furthermore, computerised
monitoring can assist in identifying people who are
at risk for undesirable outcomes such as falls, pres-
sure ulcers, and other accidents. The ability to take
such safeguards enables doctors to minimise total
healthcare costs. In terms of patient monitoring and
improved healthcare results, computer surveillance
may be a cost-effective and efficient strategy. In
entertainment video retrieval, the query condition
may be a series of images, or a textual description
of the information being searched and then the re-
sults are compared to see whether they are similar.
Having a high degree of adaptability and transpar-
ency, it foreshadows future directions in intelligent
image processing'*. The benefits of artificial in-
telligence-based computer vision problems” have
become more apparent as new technologies such as
clever license plate recognition and genuine 3D ef-
fects replaying of sports games have emerged. The
degree to which the athletes’ movements are stand-
ardised throughout the weightlifting process has
an immediate influence on their performance. An
athlete’s effectiveness in the weightlifting process
depends on maintaining several crucial postures
throughout. The importance of these starting posi-
tions in weightlifting cannot be overstated. There
are a lot of tricky and inevitable interference varia-
bles to consider while capturing surveillance foot-
age. Occlusion between objects, noise, the presence
of other influences, and rapid shifts in lighting are
all examples of such phenomena, which requires
the algorithm to have an ever-increasing amount
of processing power. This is because convention-
al algorithms were created at a time when there
was far less video footage. Previous weightlifting
films relied heavily on instructors’ subjective judg-
ments of athletes’ form during training. Not only
did this waste time and resources, but it also led
to inaccurate key posture extraction that was very
susceptible to bias. In this research, we use video
analytic technologies to study weightlifting training
and its effects on the body. This research takes on
weightlifting head-on by analyzing weightlifting
movement through the lens of video analysis tech-
nologies. In addition, the data given examines the
potential of deep learning-based computer vision
algorithms for motion analysis and posture iden-



tification. Though it does not directly answer the
question of how video analysis might be used to in-
vestigate the effects of weightlifting training on the
body, it does provide some insights into how video
analysis can be used for motion analysis, which
could be applied to weightlifting training as well.
The findings imply that deep learning approaches
might be used to analyse video footage in order to
determine human motion patterns and posture. To
accomplish this, regions must be identified, features
extracted, and attributes classified. These operations
may be carried out using 2D representations of the
human body that are not affected by the observer’s
perspective. Furthermore, the evidence shows that
integrating geographical and temporal aspects may
improve one’s ability to account for one’s own be-
haviour. Video analysis might be used to evaluate
the physiological effects of weightlifting based on
these findings. Observing people lifting weights
and examining their posture and movement patterns
may aid in this objective. This may shed light on
the effects of weightlifting on various regions of
the body as well as the effectiveness of specialised
weightlifting tactics for targeting specific muscle
groups. Video analysis might also be utilized to
track any changes in motion or posture caused by
weightlifting training programmes, offering further
information for the programmes’ efficacy.

2. Related work

To extract the most fundamental movements
from an input video stream, Lamas et al. first iden-
tify the stream’s edges, apply the edge attributes to
the method of creating movement descriptions, and
finally cluster the attributes calculated by the incom-
ing live feed. The loop incremental model can thus
be used to find values that are close to the true val-
ues of the parameter estimation. Support vector ma-
chines (SVM), which were talked about in the study

of Nandyal and Kattimani!”

, were used to solve the
problem of recognising human motion. As discussed
by Zhao ez al™, spatial characteristics are extracted
from fixed places of interest in video. Simultaneous-
ly, it uses moving nodes of interest to derive spatial
and temporal characteristics. At last, a combined set
of spatial characteristics and spatio-temporal fea-
tures is obtained. When using a classifier machine
for identification, this configuration is one option.

Guo" proposed that: after the film was edge-detect-

ed, the resulting edge characteristics were used in
the training process to extract the gesture character-
istics. A vote was then held, and most of the group
opted to approve the motion. According to Bruno
et al"” a comprehensive and quarter model should
be used, where the body model employs intensive-
ly collected contour environment descriptions and
the preceding version is trained extensively in the
databases utilizing number of co and multi-pose. In
addition, the original model included shape context
descriptors with a high density of samples. The
movement, space modeling, and quality are utilized
to determine which portions of the human body are
visible. To overcome CNN’s limitations on input

M included

picture size and improve accuracy, Xu
an SVM classification pool layer in the network.
Based on this, Liu et al."”! presented a new, more
efficient detection approach called Rapid as well
as an innovative new technique called identifying
the regularisation of regions of interest. This would
bring the technological progression from RCNN to
Faster-RCNN to a close. Recent scientific findings
form the basis of the new approach, which explains
the enhancements. The NN (nearest neighbour)
classifier is utilized to evaluate the efficiency of the
tracking procedure by Kalakoti and Prabakaran'”.
The neural network classifier can calculate the de-
gree to which the most recent target image resem-
bles the previously collected correct image. The
top-down approach has certain limitations due to its
characteristics, such as the inaccurate identification
of objects in noisy environments and the misalign-
ment of important spots in congested settings. The
predicted two-dimensional posture will be unstable
if the subject in the video is engaging in rapid, com-
plicated movements, which in turn will distort the
image. According to the study by Li-quan et al.'""),
directing all pelvic joints is an effective and efficient
way to organise nodes in a two-dimensional posture
space.

It is critical for successful target extraction
from an image under any circumstances to select a
robust feature set and then apply it in such a way
that objectives of multiple categories have high un-
equal treatment and can adapt to shifts among both
benchmarks in the same class. Important factors in
identifying targets include the target’s shape, tex-
ture, and color. On the other hand, the target’s shape
is not affected by environmental variables like light,



so it is often regarded as an excellent frontrunner
for target selection. When describing an object, de-
signers must take its shape into account if they want
to design an accurate feature set.

There are five distinct movements involved
in lifting weights: straightening the knees to ele-
vate the bell, guiding the knees to elevate the bell,
applying force, bending, and maintaining, and
standing up. There are several biomechanical fac-
tors that coaches and players alike are interested in
observing. This is because estimating the poses of
individual body parts is not possible using stand-
ard pose estimation methods. The synchronisation
here between frames is likewise a major issue of
concern. With constant motion, the delay between
video frames is minuscule. Rol-KP is a fundamen-
tal posture extraction approach that we detail in
this section for use with sports video. The goal of
this tactic is to teach users how to organise their
interests into distinct buckets shown in Figure 1.
An approach that involves extracting major frames
from the movie is one of the methods that can be
employed to achieve the needed area. In addition,
each video frame is retrieved and analysed using
the CNN network to provide potentially significant
frames; this is done to achieve the best results pos-
sible""”. Users will go to this step after finishing the
previous one. The technique for selecting important
frames then makes use of this value as a point of
reference. The focal region that is the subject of this
inquiry has been partitioned to decrease the impact
of context on the choice of important frames. This
is one of our investigation’s goals. Weightlifting
movies, which frequently incorporate distracting
background music or other visual features, inspired
the development of this discipline. These films
provided the impetus for the growth of this profes-
sion. If the land was first separated more precisely,
the procedures outlined further down on this page
could be used to subdivide it. Begin with any of the
image’s four corners and move toward the center.
Begin by selecting the label value with the lowest
value among the four closest places. Move clock-
wise from one corner to the next to do this. Repeat
this procedure until all label values are the same.
Until now, the area of interest has been marked on
a new map, and every area that is neither zero nor
discontinuous has been assigned a number. As a
result, selecting the zone with the highest score as

the focal point is all that is required. Using three di-
mensions to analyse human posture is more difficult
than using two dimensions. This is mostly because
2D pose estimation has more training data than 3D
pose estimation, allowing it to handle accuracy and
occlusion concerns more effectively!'®. It is hard to
predict the connected nodes in a three-dimensional
space from images or videos because of regression,
but this step is still important no matter what the
problem is. It’s widely used in game development,
behavioural research, animation, and motion cap-
ture systems. It could be used in a variety of hu-
man-body tasks, such as whole-body analysis, as
well as a supporting component in algorithms like
the one used to identify pedestrians.

First Automatic segmentation
frame? of region of interest

Region of interest
extraction

Video Analysis

Feature extraction

Candidate attitude
recognition

Key frame extraction
strategy

Figure 1. An approach for key frame extraction from video.

A simple batch normalising multi-layer deep
neural network is used to construct each building
component. If starting with the 2D vertices as the
starting point, 3DPoseNet may be used to estimate
the 3D coordinates of the vertices. We then give a
visual depiction of each of these major character-
istics. The first coordinate pinpoints the actual site
of the 3D skeleton that is now visible, while the
following coordinates are 3DPoseNet estimates
for many critical skeleton places. One of them is
deciding where to place the three-dimensional skel-
eton. The formula for the loss function established
in this work can be found in the previously cited
paper. The formula for the loss function is acces-
sible here. In the previous study, the loss function
with symmetric constraint was also utilized. In this
case, the set consists of the beginning point, every
point in the symmetrical segment, and any points



that are relatively close to one another. One of the
limitations imposed by the human skeleton on the
human body is the possible range of motion at each
joint. The skeleton limits the human body in several
ways, including this one. The problem of occlusion
is investigated in this work, and a possible generic
solution is proposed. The torso, together with the
arms, legs, brain, and other anatomical components,
is critical to the resolution of this problem. Because
precise predictions of three-dimensional posture
may be made from two-dimensional posture, re-
covered three-dimensional posture can be classified

into four states. Taborri et al.!"”

gave a thorough
introduction to the idea of time series data, consid-
ering the latest developments in the fields that are
relevant. The investigation may be much simplified
by utilizing the previous instant’s joint points to
determine the joint location of the unexpected (oc-
cluded) segment, which is a considerable difference.
For the sake of this discussion, we will take the
coordinates of the projected joint point (occlusion
node) at that moment as the location, a vector that
depicts the goal that should be the focal point of all

actions and events.

3. Research method

3.1 Taking steps towards DL-based
motion recognition

Deep learning-based techniques that employ
computer vision to recognise moving objects are
gaining popularity as a viable alternative. This
system was designed to detect complex movement
patterns. In addition to its obvious applications in
the military, police work, and other security-related
professions, computer vision offers applications
in the transportation, healthcare, and security in-
dustries. Because of the extensive usage of DL in
computer vision and the ever-increasing processing
power at our disposal, DL-based target identifica-
tion has become an important tool. To apply Al-en-
hanced computer vision to improve entertainment
video retrieval, solutions for signal collection, target
identification, posture recognition, and object rec-
ognition are among them. These approaches have
the potential to increase the precision and efficiency
with which data from sensors and cameras is col-
lected, as well as the analysis of moving objects
and people. This has the ability to create more fas-

cinating and immersive shows for audiences in the
entertainment business. More precise and thorough
information on the motion of the film can improve
the viewing experience. This strategy was created in
response to these two factors. Methods like region
selection, feature extraction, and classic classifiers
like the SVM model can be used to give an over-
view of the main steps in the process of identifying
a target. To accomplish this, first, choose significant
areas of photographs, then extract visual qualities,
and then classify the images. By performing these
three methods in the correct order, one can con-
struct a summary. DL-based algorithms for object
identification are employed in various industries,
including transportation, healthcare, and security.
DL has increased the performance of traditional
approaches while simplifying them. There are two
basic ways of identifying the properties of a target:
the one-stage methodology and the two-stage strate-
gy. Because of DL, it is now feasible to classify hu-
man motions and extract 3D coordinates from video
using 2D alterations in posture. Both of these func-
tions were previously inaccessible. Viewpoint-in-
variant feature extraction, viewpoint normalisation,
and multi-perspective traversal are prominent ways
to capture human motion that is independent of the
viewpoint from which it is observed. The use of
deep learning for the identification of human pos-
ture has made major contributions to the progress
of pattern recognition. Sensors are positioned in a
certain way to learn about human posture from the
way people walk, and DL-based algorithms are also
used to gather data for human posture identification.

The detection performance of traditional ap-
proaches has increased because of the development
and use of DL, which has also reduced their com-
plexity. In this kind of target identification, there
are two primary schools of thought, both of which
rely on region extraction. Both target identification
and region extraction employ both one-stage and
two-stage procedures. For feature extraction and
picture labelling, computer vision and DL-based
algorithms are frequently employed. CNNs trained
on depth maps can distinguish between the fore-
ground and background of a movie, whereas RGB
maps properly portray the colors and textures of
the human body and its surroundings. Because of
its learning capabilities, RNN is effective for rec-
ognising time-dependent features of human motion



in videos. Pattern recognition in combination with
image-based identification methods can be used to
determine a human’s position. Finally, there are sig-
nal-gathering devices that take limb movement into
consideration when determining a person’s posture.
These are the one-stage approach and the two-stage
strategy, respectively. Extraction of 3D coordinates
from video is a difficult task. 2D changes might
be used in posture to directly represent human
motions. This is the alternative in this case. Every
two-dimensional depiction of the human body may
take on several different forms depending on the
viewer’s perspective. To achieve the objective of
capturing human motion in a way that is invariant
to the viewpoint from which it is viewed, viewpoint
invariant feature extraction, viewpoint normalisa-
tion, and multi-perspective traversal are often used.
Without the camera moving in tandem with the
subject, the latter will quickly get confused. For
example, while photographing a diver, the camera
will descend with them. We provide a data-driven
approach for identifying activities across many mo-
dalities as shown in Figure 2.
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RGB map Depth space
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Figure 2. Extraction of motion using deep learning.
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This research makes use of static data, such as
color and depth maps. Remove unwanted elements
from the backdrop, for example, using the infor-
mation provided by the RGB map, which contains
data about the environment and the body. Using the
DNN learning paradigm, we design several network
designs for use in different settings. RGB maps are
superior at accurately depicting the colors and tex-
tures of the human body and background in a video;
CNNs trained on depth maps are superior at accu-
rately differentiating between the foreground and
background scenes in a video, avoiding confusion
over feature interpretation due to background inter-
ference. Additionally, the film accurately reflects the
human body’s and the environment’s natural col-

ours and textures, thanks to CNN’s RGB map. Here,
we use the Softmax loss function at the first node
of the network. It is possible to individually get the
characteristics of a depth map and an RGB map.
CNNs trained on depth maps outperform CNNs
trained on RGB maps in distinguishing foreground
from background scenes in movies, according to
the data. Using RGB maps, colors and textures in a
movie, such as the human body and the backdrop,
are more properly depicted. To filter away distract-
ing components in the backdrop, the study uses
static data such as color and depth maps. In a film,
the depth map determines which items and places
are in the foreground and which are in the back-
ground. This helps to remove any uncertainty that
may occur in the interpretation of features as a con-
sequence of background interference. RGB maps,
on the other hand, may correctly depict the intrinsic
colors and textures of the human body and its en-
vironment. Data-driven activity recognition across
several media channels makes use of complemen-
tary spatial and temporal information. When used
with image-based identification approaches, pattern
recognition is most effective for assessing posture.
One can learn a lot about human posture just by
watching how people walk, and sensor placement
can help with that.

The representational impact of this function
may be said to be outstanding. Time-dependent as-
pects of human motion in video make it difficult to
depict using just spatial depth information retrieved
from movies. The networks used by standard DL
methods for temporal data analysis all use a recur-
rent neural network (RNN) like approach to their
architecture. When studying human movement, the
amount of mobility of important bone sites tells us a
lot about how much time has passed. The RNN net-
work performs a series of studies on sequence data
on a recurring basis, each time adjusting its analysis
to a finer temporal resolution. RNN excels in mod-
elling and extracting characteristics of sequence
data when compared to other processing techniques.
This method makes use of the cross-entropy loss
function, which is written as “where is the current
label and is the expected label”. While the dynamic
model can comprehend the action video’s temporal
aspects, the static model can comprehend its spatial
ones. There are more differences and complemen-
tarities in multi-modal information features than



in single-modal ones. Therefore, it’s possible that
combining spatial and temporal features will give
the data a stronger capacity to account for its own
behavior.

3.2 Identifying posture

In recent years, the study of human posture has
made remarkable gains, and one area that has made
major strides is the science of pattern recognition”.
Several researchers have also modified pattern
recognition for the use of image-based recognition
technologies in the field of wearable device-based
human posture identification'*. These researchers
discovered that using pattern recognition in con-
junction with image-based recognition technologies
is particularly advantageous. This challenge was
completed using pattern recognition. Figure 3 dis-
plays the approach used to locate a person using in-
ertial sensors. This methodology is divided into five
major components: data collection, pre-processing,
segmenting, extracting features, and training a
classifier, in that order. The data is then processed
for use in the system during the data preprocessing
phase, for example, by drying and normalising the

information!"”

. Unknown samples were success-
fully classified, and using the collected samples,
classification models based on several classification
principles were created””. This happens at the fi-
nal stage of the classification process, the classifier
phase. The unit action analysis is performed during
the feature extraction process, and the key attribute

features are computed and extracted as sample data.

3.3 Signal acquisition solutions

Identification of human posture necessitates

Training Process

Signal Data Data
Acquisition Preprocessing Segmentation

Preliminary
Feature F--
Extraction

the ability to recognise how a person’s arms and
legs move in reaction to their surroundings. Ac-
cording to the findings, walking straight creates the
greatest constant angular velocity in the legs. In this
study, we focus on how people use their arms and
legs to learn about human posture from how people
move, see Figure 4 for sensor arrangement this is
because human movement is so intricate. After suc-
cessfully collecting data, it is transferred to the base
station through a wireless protocol**. After the
data-gathering process is complete, the base station
will use the serial connection to communicate the
data to the host computer for further processing,
which will allow for more efficient data utilization.

Sensor node

base station

)}

(G
Z«'

Sensor node

Figure 4. Sensors and base station model.

3.4 Basketball stance definition

Figure 5 depicts a breakdown and investi-
gation of the construction of basketball stances,
including how they are disassembled and assem-
bled. Basketball is a physically demanding sport
that always requires a wide variety of activities
from its participants. The positioning of each of
the basketball players’ limbs determines whether it
is in motion or static mode"”. When a limb is “in
motion”, it is actively participating in basketball;

Feature Extraction

Feature
Selection

H.“ H E...I

Classification
Model

Signal To Be Behaviour
Processed Related Data

Signal To Be
Processed

Identification Process

Signal Data Data
Acquisition Preprocessing Segmentation

Initial
Feature Set Vector

F
Feature Vector !

.

Attitude
Category

Attitude
Recognition

Feature
Extraction

Figure 3. Flowchart of feature extraction and action recognition.
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Lower Limb Movement
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Unit
Action

Pass The Ball
Catch The

Figure 5. Sportsman movement details.

when it is “in stasis”, its posture has not changed.
Because the position of the athlete’s leg does not
change when the athlete catches the ball. Howev-
er, when attempting to catch a ball, the arm used
to do so enters a state of motion that could be
described as dynamic. While continuous actions
include shooting, catching, passing, and dribbling,
transitory activities include jumping, strolling, and
sprinting”**!. Upper-limb activities are considered
transient, but lower-limb activities are considered
continuous. For the purposes of this classification,
it is critical to determine whether there are frequent
transitions in the state of movement. Temporary ac-
tivities, such as shooting and catching a basketball,
are rare; instead, they consist of a single instance of
the activity being performed. Over time, continuous
exercise will repeat unit activities such as walking
and dribbling in the same order. This will be the
case due to the sequence of unit activities. As a re-
sult, to be recognised in the sport of basketball, it is
critical to distinguish between upper-limb motions
and lower-limb activities. This article will provide
a way for job separation based on the division of
certain processes, as well as an example of how it
might be applied.

The angles made by the small arm and leg are
shown along the vertical axes of subplots (1) and (2).
The horizontal axis of this chart, which goes across
the page from left to right, denotes the time range it
covers (3). Looking at the first and third subplots, it
is evident that the signal expressing angular veloc-
ity is not as clear as it could be. The angular signal
curves in subplots (1) and (3), on the other hand, are

smoother than those in the other subplots, implying
that the angle-based unit action split may be easier
to implement shown in Figure 6.

Small Arm Angular Velocity When Dribbling
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1
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1 H 4
0 2 4 6 8 10 12

Time (s)

Figure 6. Arm and leg velocity graph.

Using computer vision, different athlete po-
sitions can be recognized; the major goal of the
system is to track and monitor the numerous
positions that athletes maintain throughout are-
na-based sporting activities™. This is the sys-
tem’s primary objective. The current mobility
state of the gymnast must be determined before
being analysed and assessed on a computer utiliz-
ing machine vision algorithm. As a result, it is an
essential component of the system’s architecture.
Gymnast analysis necessitates the use of machine
vision algorithms since the physiological motions
of gymnasts, as well as their rate and direction



of movement, are unpredictable when compet-
ing. Machine vision algorithms are critical to the
process of analyzing gymnast routines in com-
petition and ranking them. This is due to the fact
that these algorithms can identify and evaluate
gymnasts’ motions in real time with exception-
al precision. In order to provide an appropriate
judgement of the gymnast’s performance, both
the coaches and the judges must be familiar with
the gymnast’s movements. Picture capturing,
image processing, feature extraction, and classi-
fication are all common components of machine
vision algorithms. Furthermore, there might be
the image acquisition subsystem, which may or
may not contain cameras or other sensors, photo-
graphs the gymnast in action. The photos are then
processed, which removes any distracting noise
or undesired artefacts that might jeopardise the
study’s credibility. A “feature extraction” module
will search through images of the subject’s body
to extract information about the subject’s posture,
kinematics, and location. Finally, the classifica-
tion step evaluates the gymnast’s performance by
categorising her motions based on the elements
retrieved (through machine learning). Coaches
and judges may use machine vision algorithms
to make reliable, unbiased decisions regarding
gymnasts’ performances. This results in bet-
ter gymnast training and more fair competition
judgement. This is the condition due to the nature
of the sport. The wireless serial connection of the
camera allows the user to regulate the focus and
point it toward a moving object. The way how the
system works is illustrated in Figure 7.
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Machine Vision Algorithm
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Judgment)

Camera Pan Tilt
Control
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Module

Athlete Posture
Recognition

Athlete Posture
Tracking

Software Tracking System

Camera Control Module

(Command Sending,
Etc.) Athlete Motion

Recognition And

Tracking Platform

Figure 7. The major components of the posture recognition.

These components comprise hardware for

collecting picture data and software for feature

(26281 Thege two

extraction, and segmentation
components account for a significant amount of
the system’s total operation due to their respec-

tive contributions.

3.5 A better approach to object
recognition and monitoring

Edge extraction may have an impact on the
precision with which object detection and monitor-
ing are performed. One of the most important stages
in image processing and computer vision is “edge
extraction”, which entails recognising the bound-
aries between the numerous objects that occupy a
picture. If the edges are extracted incorrectly, the
precision of object detection and monitoring may
degrade. Edge extraction, and hence object recogni-
tion and monitoring, may benefit from the applica-
tion of migration learning and dataset accumulation.
Migrating learning necessitates adjusting models
that have previously been trained in one domain to
be employed in another. By improving the precision
of edge extraction and object detection, this can
help decrease the requirement for vast volumes of
labelled data. Massive datasets must be acquired
and tagged in order to train algorithms for edge ex-
traction and object identification. The performance
of these models may be influenced by the quality
and variety of the dataset. Having a significant
amount of data, such as photographs taken in vari-
ous lighting, camera angles, and object orientations,
can enhance the precision of object recognition and
monitoring. The more information we know about
an object, the better we will be able to differentiate
it and keep track of it. Overall, combining migra-
tion learning with dataset collection may increase
the efficacy of object recognition and monitoring
by improving edge extraction accuracy. To attain
this purpose, the efficiency of object monitoring
can be enhanced. Edge extraction loses some of its
effectiveness when utilizing this technique, which
affects how well it performs in terms of tracking
recognition”™. The histogram of oriented gradients
(HOG) and the scale-invariant feature transform
(SIFT) are two feature extraction methodologies
used in pose-tracking recognition systems"”. Both
HOG and SIFT are acronyms for “Histogram of
Oriented Gradients”, but HOG is used to recover in-
formation about the geometry of things in a picture,



while SIFT is used to recover information about the
texture and edges of objects. HOG and SIFT are
two algorithms used in pose-tracking recognition
systems. By collecting data from an image or vid-
co, these algorithms can recognise and follow the
motions of a person’s posture or body. These char-
acteristics are used to create a model that can track
a person’s motions even if the camera’s viewpoint
changes. With the development and widespread
acceptance of deep learning (DL) technology, the
complexity of HOG and SIFT, two conventional
approaches for pose-tracking recognition, has been
considerably decreased. As a result, DL-based
approaches are gaining popularity as viable substi-
tutes. This was accomplished using migration learn-
ing and the acquisition and calibration of a dataset
of the athlete’s critical game-relevant variables'”.
To attain this purpose, preliminary training in the
migration technique was required. The algorithmic
strategy covered in this article is illustrated in Fig-
ure 8.

Enter Each Person’'s Joint
Point for Multiple Frames

Sequence of Joint Points

Label Subset
Partition Strategy

Convert To Spatiotemporal
Graph Convolution

Spatiotemporal
Convolution Neural
Network

Output Action
Classification

Figure 8. Sportsman action classification steps.

The previously stated spatiotemporal graph
convolution technique is used to segment the
athlete’s body motion sequences acquired by the
hardware. These sequences were identified by the
hardware. Furthermore, the label subsets are used to
categorise the joint points and the link relationships
that exist between each of them. This is accom-
plished using the information contained in the la-
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bels. It can be used as a starting point to model the
athlete’s joints and limbs, add a temporal compo-
nent to these models, and describe the movement as
a series of postures™. The data structure provides a
solid foundation for the joint matching algorithm to
operate and produce the desired results. There are
numerous methods for mapping labels to a specific
convolution of a spatiotemporal network, such as
utilizing a uniform division, a distance division,
or a spatial division. Labels can also be mapped in
relation to other convolutions in the network. These
are only a few of the numerous techniques that
could be used. To complete the classification of ath-
lete posture, the information related to the match-
ing features must be mapped. The output of the
stacking module is one alternative source for ac-
quiring this data. Posttracking will continue until
the information dimension changes, after which
it will be terminated. It has been determined that
the design stage of the system that will recognise
gymnastic stances may be completed effectively
using machine vision.

4. Results analysis

In both image space and time series, human
action behavior can be distinguished, mining spa-
tial attributes are essential for picture identification
and detection, while time is given more weight in
videos. Because of this, a video-recognition algo-
rithm must carefully examine not just the video’s
geographical and temporal details but also the hu-
man subjects themselves. Multiple still images are
combined to create a moving image, or “frame”, in
a video clip. A large amount of time will be need-
ed to process the video if all the recording tilts are
used for it. Concurrently, the power of recognition
will be lessened because not all pictures are linked
to one another. To make these algorithms work bet-
ter, it is important to find the most distinct spatial
and temporal parts of a video. It’s also important
to remember that if the video’s background color
matches the woman’s skin tone, it may be difficult
to distinguish between her actions and attitude.
There is an issue here that must be addressed. This
topic must be carefully reviewed before taking any
further action. The situation is unlikely to remain
the same throughout the film, so spectators should
brace themselves for an unpleasant encounter. Fig-
ure 9 depicts four distinct types of probability evo-



lution curves.
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Figure 9. Probability value of each frame image.

The recommended ROI-KP technique in this
research has led to a noticeable increase in effi-
ciency. It can’t be denied. When standard CNN
classification algorithms are compared to cut-
ting-edge ones, the results are less consistent and
more unexpected. Because modern filmmaking
methods have risen in popularity, it may be diffi-
cult for video data to maintain the original cam-
era’s position in each shot. Some ways include
photographing the scene from above, photograph-
ing it from the perspective of someone who is in
the location, and creating a completely invented
persona. This means that capturing the same vid-
eo fight sequence from different perspectives may
result in vastly different feature representations.
This means that deciding which camera angles
to use is another critical problem that must be
settled. The description of the qualities includes
all the information about the location, as well as
some information about the time because the re-
search input is intended to be a continuously and
meticulously recorded video meal. Because there
is a limit to how much depth map data can be
used for pre-training, the network will need to be
totally retrained. Figure 10 shows a side-by-side
comparison of data from two independent video
sets.
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Figure 10. Error analysis on various parameters.

Because of the interaction of these two vari-
ables, the probability of any result other than first
place is relatively large. The fourth keyframe per-
forms exceptionally well under the normal CNN
algorithm due to its high probability value and
proximity to the key frame preceding it. As a result
of these two variables, something has transpired
because the features provided by the processing
step are adequate for the training phase, RNNs can
skip the entire pre-training phase. As a result, it is
only used to store the most critical information. Re-
searchers may still be able to obtain useful training
results by utilizing knowledge transfer. Incorrect
labelling or distribution that differs from the train-
ing set are only two examples of potential issues
with the new data set. Even though the new data set
is somewhat modest, this is because learning trans-
fer allows for the diffusion of information across a
wide range of data types. The rationale behind this
is given below. The performance of the 3DPoseNet
network is tested using the publicly accessible Hu-
man3.6M dataset, while the other two datasets serve
as test subjects. As a result, the comparisons of the
three datasets made by the authors are more relia-
ble. Human3.6M is now the most popular public 3D
posture data set because it has a lot of information
about how people stand. It includes 11 different top-
ics with 3.6 million video frames, seven of which
employ 3D annotation postures.

It shows that the average error in the results
generated by the 3DPoseNet model is lower than
that produced by any other methodology and that
these results are independent of the data and the
operational procedures used to obtain them. The
strategy’s efficacy is shown by a reduction of at



least 6 mm in the average MPJPE error through-
out the 3DPoseNet network. If the human posture
differs considerably between the two time periods
under discussion, there is a much lower connection
between the observer’s viewpoint position and the
separation of the two descriptor variables under
consideration. This is because the variable separa-
tion and the observer’s position are linked. While a
human is engaged in an activity, any two descrip-
tive features that describe a human posture are close
together. This is true even if the position is held
for two distinct periods of time. Mostly because
it takes a lot of effort to maintain proper posture.
Someone’s look can be used to glean information
about their posture and demeanour by observing
key traits. When data is analyzed using matrices
that share properties, similar patterns emerge in
the data, as demonstrated in Figure 10. These pat-
terns can be discovered. This appears to show that
self-similar matrices may endure changes in ath-
letic performance. A comparison of the self-similar
matrices created by various qualities demonstrates
that the self-similar matrix is sensitive to the under-
lying quality of the image. This is shown through a
top-down study of the matrices. This may be seen
by looking at the matrices that each of the distinct
attributes generates. If it is significant enough, we
might be able to detect it by analyzing the matrices
generated by the various qualities. A more detailed
examination of the unique matrices that display
instances of self-similarity demonstrates this abun-
dantly. Evidently, the precision of this method has
been greatly improved, as seen in Figure 10.

All the movies showing people moving about
were filmed in controlled conditions, that is when-
ever a mobile lens is employed to fire, the target is
kept in the field of vision so that it does not vanish
entirely, but this makes it difficult to distinguish
human movement from the visual flow field. Both
the preliminary training phase and the final tuning
phase of a 3D deep neural network are shown in

Figure 10. During training, the network is more
volatile and produces more loss; after fine-tuning,
the network produces less loss, which improves
the model’s final classification impact and shortens
the time required to learn the network. As a bo-
nus, the paper explores the drawbacks and limits
of single-mode video motion detection and gives
a high-level overview of the multi-mode motion
identification technique. High-quality DL results
are achieved by making use of as much data as pos-
sible during training. Different varieties of depth
networks have distinctive characteristics. Because
it places a greater focus on the connections between
seemingly unrelated data points, the CNN network
excels at picture identification and detection. For
the filter to be able to predict the stability of the
attitude more accurately, it must be used after the
3D posture and attitude have been made. Successful
motion capture allows us to automatically evaluate
and interpret a wide variety of human actions and
behaviors by analyzing and extracting human mo-
tion feature properties. For the purposes of this arti-
cle, basketball will be used as an example of a sport
that is continually pushing the boundaries. Table 1
summarises the findings as well as a discussion of
their recall and precision. Throughout the project,
the 10-fold cross-validation approach and the Weka
platform were frequently used.

As indicated in Table 1, where I is accuracy
and II is recall value, the effectiveness of LSTM
approach and artificial neural network leads to an
improvement in the classification of diverse limb
actions. Activity A is jump, B walk, C run, D av-
erage, E catch, F pass, G dribble, and H shoot. It
has an average accuracy of 88.3% when it comes
to upper-body motions and a recall of 88.3% when
it comes to lower-body actions. However, it only
has an average accuracy of 88.3% when it comes to
general movements. Table 2 shows that the aver-
age recognition and memory rates for the states of
walking, running, and stationary dribbling with the

Table 1. Action recognition performance comparison on jumping, running, and walking

Activity C5.6 Support Vector Machine LSTM The proposed method
I I I I I I I I

A 88.2 88.0 87.4 87.8 87.8 87.7 88.6 88.8

B 88.1 88.2 87.8 87.8 86.6 87.6 88.7 88.6

C 87.2 87.2 87.8 87.7 88.2 86.8 88.4 88.5

D 87.8 87.8 87.7 87.7 87.3 87.3 88.5 88.6
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Table 2. Action recognition performance comparison on catching the ball, passing and shooting

Behavior C6.7 Support Vector Machine LSTM The proposed method
I 1I 1 I I 1I 1 I

E 834 82.2 83.8 82.4 85.7 85.6 88.5 88.5

F 82.7 84.8 87.7 88 85.4 86.8 88 88

G 88.5 88.6 88.7 87.6 88.7 88.6 88.7 88.4

H 85.5 83.5 88.6 88.5 86.6 82.8 87.4 88.6

upper limbs can reach up to 99%. These rates are
highest when dribbling while stationary, followed
by walking, and finally sprinting. Dribbling while
standing still causes the most injuries, followed by
dribbling while walking, and finally dribbling while
running. Both rates are far faster than the average
person’s personal, experience-based memory of the
motion.

According to Figure 11, the overall accuracy
percentage for detecting basketball-related activi-
ties was 98.85%. This is demonstrated by the per-
centage of correct identifications. Furthermore, the
recognition accuracy of every basketball move was
greater than 95%. The different kinds of activities
are shown along the horizontal axis, and the degree
of recognition accuracy is given along the vertical.
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Figure 11. Proposed method action analysis.

5. Conclusion

Humans are the most important feature of their
surroundings, and the information they communi-
cate through their numerous and diverse behaviors
is critical to human social interaction. As a result,
the study of human migrations has significant the-
oretical and practical implications for a wide range
of modern societal and economic elements. Since
then, the network model’s accuracy has significantly
improved. We eliminate the human body from the
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weightlifting video using bone data to improve the
expression of characteristics and accuracy. Self-oc-
clusion is the norm in occlusion, and it can occur
at any level of estimation, from the 2D position es-
timate to the 3D posture prediction. Any occlusion
is, to a considerable extent, the product of the user’s
actions. Our present research is focused on improv-
ing the framework’s processing speed and providing
a more efficient approach to the occlusion problem.
As a result, a new posture monitoring and identifi-
cation system for callisthenics athletes is being de-
veloped with the use of machine vision technology.
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