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1. INTRODUCTION

There is good evidence that both running and football improve aerobic and
cardiovascular function at rest, and football can reduce obesity. Conditional
evidence suggests that running benefits metabolic health, adiposity, and postural
balance, while football improves metabolic health, muscle performance, postural
balance, and cardiac function. Evidence for the health benefits of other forms of
exercise is either inconclusive or tenuous. Only the correct way of exercise can help
your health, otherwise it will not help your health or even harm your health. Oja et
al. (2015)

Research into using computer vision to analyze human posture dates back to
the 1960s. At the time, researchers used manual feature extraction and matching
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methods to estimate human pose. This method is less accurate and sensitive to noise
and occlusions in the image. Andriluka et al. (2014), Dang et al. (2019), Wang et al.
(2021)

In the 1980s, researchers began using human body models to estimate human
posture. This method is more accurate and more robust to noise and occlusions in
the image. However, the modeling of human body models is more complex and
requires a large amount of data for training.

In the 1990s, researchers began using machine learning algorithms to estimate
human posture. The accuracy and robustness of this method are significantly
improved. However, machine learning algorithms require large amounts of data for
training and are sensitive to noise and occlusions in images.

Since the 21st century, with the development of computer software and
hardware, research on human posture analysis has made significant progress.
Currently, the accuracy and robustness of human posture analysis have been
significantly improved and applied in many fields.

Milestones in the development of human posture analysis:

o 1960s: Human pose estimation using artificial feature extraction and
pairing methods.

o 1980s: Estimating human pose using human body models.
o 1990s: Use of machine learning algorithms to estimate human posture.

o 21st century: The accuracy and robustness of human posture analysis
have improved significantly and are applied in many fields.

Future development trends of human posture analysis:

. Higher accuracy and robustness: As machine learning algorithms
continue to be improved, the accuracy and robustness of human posture
analysis will be further improved.

o Wider application range: Human posture analysis will be used in more
fields, such as virtual reality, augmented reality, robots and other fields.

o A more humane interaction method: Through human posture analysis,
a more humane interaction method is provided, such as controlling the
device through gestures or controlling the device through eye tracking.

According to different sports attributes, sports skills can be divided into the
following five categories: Guthrie (1952), Schmidt (1991), Tereshchenko et al.
(2015)

o Divided into "open skills" or "closed skills" based on environmental
stability.

o According to the continuity of actions, they are divided into "discrete
skills", "continuous skills" or "sequential skills".

o Divided into "motor skills" or "cognitive" skills according to the range of
activities.

o Classified as "gross motor skills" or "fine motor skills" based on the
muscles used.

o Divided into "simple skills" or "complex skills" based on action
combinations.
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Closed skills such as gymnastics, individual skills such as throwing, athletic
skills such as high jumping, and simple skills such as running are all simple
movements performed repeatedly in a stable environment. Performing or training
such sports requires stable monitoring of the movement process, so it is suitable to
use sports posture analysis assistance to reduce the burden on coaches and provide
timely feedback to athletes.

2. MEDIAPIPE POSE

Artificial intelligence's image analysis of sports postures has evolved from the
past image classification to distinguish different postures, to analyzing the spatial
positions of human joints and branches in images, and establishing human
movement models. However, subsequent feature classification processing is
required to distinguish different movement postures.

This article uses MediaPipe Pose developed by Google Research to analyze the
human posture in the image, obtain the spatial coordinates of the human body
feature points, calculate the curvature of each joint of the human body, normalize it
into a posture feature vector, and then use unsupervised machine learning to
analyze the posture movement. Automatic classification., find the cyclic samples of
gesture motion from the time series of moving images. Samples can be compared
with real-time sports images to help athletes complete cycle movement postures
correctly.

The MediaPipe framework focuses on (a) selecting and developing appropriate
machine learning algorithms and models, (b) building a series of prototypes and
demonstrations, (c) balancing resource consumption with solution quality, and
finally (d) identifying and mitigating problem cases. Developers can use MediaPipe
to build prototypes by combining existing awareness components, improve them
into complete cross-platform applications, and measure system performance and
resource consumption on the target platform. Lugaresi et al. (2019)

The MediaPipe pose landmark task detects human body landmarks in images
or videos. Can be used to identify key body positions, analyze postures and classify
movements. This task uses a machine learning (ML) model that processes a single
image or movie. This task outputs body pose landmarks in image coordinates and
3D world coordinates. Google MediaPipe (n.d.)

Figure 1
PR 0 - nose 17 - left pinky
e 1 - left eye (inner) 18 - right pinky
. 100—e9 2 - left eye 19 - left index
e 3 - left eye (outer) 20 - right index
4 - right eye (imner) 21 - left thumb
5 - right eye 22 - right thumb
6 - right eye (outer) 23 - left hip
7 - 1;ft car 24 - right hip
8 - right car 25 - left knee
9 - mouth (left) 26 - right knee
10 - mouth (right) 27 - left ankle
11 - left shoulder 28 - right ankle
12 - right shoulder 20 - left heel
13 - left elbow 30 - right heel
14 - right clbow 31 - left foot index
15 - left wrist 32 - right foot index

16 - right wrist

https://developers.google.com/mediapipe/solutions/vision/pose_landmarker =~ Schmidt

(1991)
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After obtaining the spatial coordinates of each joint point of the body through
MediaPipe, the bending degree of each joint is used as a feature of human posture
classification, and the left shoulder, left elbow, right shoulder, right elbow, left hip,
left knee, right hip and the angle between the right knees constitutes the feature
vector Pf representing the posture:

Pf:[A23,11,13 A11,13,15 A24,12,14 A12,14,16 A11,23,25 A23,25,27 A12,24,26 A24,26,28] (1)

_1, JiJk
Ai,j,k = C0s 1(%) (2)

3. HOPFIELD NEURAL NETWORK (HNN)

Next, you need to build a machine learning module to learn to distinguish
posture changes at different stages during exercise. Considering the sample
differences in image sampling and the reasonable variation range of human
movement, this article uses the associative learning network to learn the training
samples. When the input state data is incomplete and complete data needs to be
inferred, apply the example's internal storage rules. Pajares (2006)

Hopfield Neural Network (HNN) is an associative learning network proposed
by J. Hopfield in 1982 and consists of feature vectors. By learning the associative
memory rules, remember the feature vectors of the training samples. Incomplete or
noisy feature vectors can approximate the most similar training samples in iterative
operations through associative memory rules to complete sample classification.

HNN is a single-layer network. Use the sigmoid function to perform bipolar
processing on the feature vector Pf obtained using Mediapipe in the previous section
and then input it, so that the variable value processed by each processing unit is
bipolar and exists in any two processing units. The interaction relationship is
represented by the connection weight Wij, which is the sum of the products of the i-
th and j-th features in all training samples. The state value vector Net(k+1) of the
processing unit is defined as W-X(k), where W is the interaction relationship
between the features of the training sample, and X(k) is the featur of the training
sample after k times iteration. After the iterative operation is completed, the state
value Net(k+1) is updated to the new sample value X(k+1), and the sample is
compared to see whether it converges to an approximately known sample. If
convergence occurs, classification is complete. Otherwise, continue iterating until
the sample is close to the known sample.

1

S(x) = T 3)
F
Net®+D = w . x® (5)

1 Net™ >0
x=2% 0 Net® =0 (6)
-1 Net® <o
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4. EXPERIMENTAL RESULTS

Divide the squat exercise into four stages: Stage 1: Stand with your feet
shoulder-width apart; Stage 2: Bend your knees smoothly and lower your hips;
Stage 3: Bend your knees until your thighs are parallel to the ground; Stage 4 :
Extend your knees and return to the first phase. A complete set of squats should
consist of one to four phases. Calculate posture weights 1, 0, and -1 to represent the
three stages of standing, excessive exercise, and squatting respectively. The
schematic posture is shown in Figure 2 below.

Figure 2

Figure 3 shows the classification of squat exercise video pictures. The peaks and
troughs represent standing and squatting respectively. The athlete's fatigue level
can be seen from the duration. It can be found from the cycle of posture changes that
after the 125th and 170th frames, the athletes did not complete the squat.

Figure 3

1

)

=
0

0
-l

Pose

5. CONCLUSIONS

Theoretically, a Hopfield network with n processing units can represent 2n
possible image samples. Hopfield himself proposed in 1982 that the memory
capacity limit of this network was 0.15n. Other scholars know from theoretical
discussions that the memory capacity is n/(4-log2n). This experiment uses
MediaPipe Pose to process images, calculate human skeleton information, and then
calculate the bending angles of limb joints as posture classification features, which
can effectively compress the image content into feature vectors. Vector information
enables HNN to remember the sample feature classification of motion postures.
Compared with directly using the spatial distribution of pixels in the image as a
processing unit, it can better utilize the memory association mechanism of HNN.
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In this experiment, HNN can converge in 10 iterations, that is, the athlete's
action phase can be quickly distinguished within one frame. From long-term sports
image recordings, changes in frequency cycles can analyze the smoothness or
slowness of an athlete's posture. Very helpful for analyzing repetitive motion type
movements. People who contributed to the work but do not fit criteria for
authorship should be listed in the Acknowledgments, along with their contributions.
[tis advised that authors ensure that anyone named in the acknowledgments agrees
to being so named. Funding sources that have supported the work should also be
cited.
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