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Abstract: - Athletes need to track their health and sports performance in order to be at their best and prevent injuries. For players who
participate in physically demanding sports like football, good health is crucial. Before engaging in strenuous sports and tournaments, they
need to develop a healthy body. In this research the sensor based sports player energy efficiency using machine learning model and
optimization. Here the body sensor based player activity monitoring has been carried out and their adaptive control system has been
analysed. In the healthcare industry, the Internet of Things and deep learning reduce illness by transitioning from in-person consultations to
telemedicine. Real-time physiological indicator monitoring is essential to safeguard athletes against potentially fatal situations and injuries
sustained during training and competition. Then through edge cloud system the monitored data has been transmitted and classified for
abnormality in player activity using Q-markov recurrent fuzzy encoder model. the simulation results has been analysed based on various
player activity monitoring dataset in terms of training accuracy, random precision, recall, throughput, latency. The proposed technique
attained random precision 95%, recall 93%, THROUGHPUT 97%, training accuracy 94%, and Latency 98%
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1. Introduction:

People’s ideas are gradually changing as the times evolve and improve. Rich material lives have contributed
significantly to people's longer lifespans, but at the same time, people's personal health has become more and
more important, leading to a rise in interest in and discussion about associated health fields. Numerous
academics have presented their unique theories and points of view about the practice of health monitoring. To
accomplish goal of health monitoring, the electronic equipment in the vicinity was utilised to monitor the body
data. People are monitored remotely in smart healthcare systems to prevent the spread of illness and to deliver
prompt, efficient treatment. In this context, integrating machine learning with loT-enabled healthcare systems is
thought to be the best approach [1]. Solutions based on 10T as well as ML are effective because of developments
in sensing, processing, spectrum utilisation, and machine intelligence. Microelectronics has advanced to the
point that small, inexpensive medical sensing devices are now available, making these solutions practical and
revolutionising medical services. Consequently, these solutions are categorised by healthcare systems as
preventive and symptomatic treatments. These days, a lot of emphasis is placed on early illness identification,
disease prevention, and selecting the optimal treatment for a range of chronic conditions. As a result, the
creation of national healthcare monitoring systems is becoming a necessary trend. Following wearables are
distinguished for recording sports activity: smart bands, smart watches, chromatic smart glasses [2]. Since
measurement accuracy is obviously a major concern, more sensors can be added to these devices to increase
their functionality. Inertial sensors have been extensively used in both the setting of sporting events and the
study of human activity recognition (HAR). The use of inertial sensors in sports was examined by the writers.
Research revealed that additional development is required to strike a balance between the suggested solution's
practicability and accuracy, as well as to assist so-called standardisation of data gathering and analysis
techniques for physical activities [3]. Furthermore, while identifying user's activity as well as surroundings is
helpful, it is still insufficient to offer tailored guidance for a particular sport. Ultimate aim of sports training in
competitive sports is to produce exceptional sports performance. Most fundamental and manageable way for
athletes to increase their competitive abilities is through everyday training. The fundamental method by which
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coaches comprehend players' sporting conditions is through their everyday training. In order to further guide
training and enhance athletes' sports performance, coaches must analyse athletes' sports situations [4], clarify
each athlete's training situation, assess athletes' training status based on their own experiences, and create
appropriate training plans. The amount of training data collected from athletes has made it more and more
challenging to manually organise and analyse this data. It may resolve the issue of athletes' training
management, assist coaches in managing athletes, convert sports performance, handle historical data, and
increase data processing efficiency by utilising the standard data processing and database management functions
of a computer. Conventional data analysis and processing techniques are limited to analysing the surface or local
aspects of the data; they are unable to describe the underlying overall properties of the data or forecast its
development trend. The gathering of unusual training data from athletes concentrates on the significant
information concealed within the data. From a vast amount of original data, data mining technologies can
extract important, undiscovered, hidden, and possibly beneficial knowledge. It is imperative that real-time
healthcare systems that are scalable, affordable, energy-efficient be developed in order to monitor people’s vital
signs. However, radiation exposure and increased costs are associated with the usage of traditional wireless
communication method in healthcare facilities. Conversely, real-time health monitoring methods are radiation-
free, offer a variety of connectivity options, and can monitor a range of situations. For instance, in the house,
wireless connectivity is achieved by connecting to local router to facilitate data transmission and conversation.
However, in order to facilitate data transmission and communication while individuals are outside, portable
healthcare devices are connected via a wireless media. To determine whether people are inside or outside in this
situation, machine learning methods are employed [5].

2. Literature review:

There is a lot of study being done on sports injuries right now. Research [6] focuses on investigating techniques
for sports injury prediction. Author [7] focuses on strategies for managing athletes' recurrent injuries and
treatment plans for various sports-related ailments. The difficulties in implementing evidence-based sports
injury prevention are examined in Work [8]. The locations, frequencies, causes, and types of injuries among
female athletes are carefully analysed in work [9]. Although there has been considerable improvement in
research, there are still several inadequacies in the comprehensiveness and precision of sports injury monitoring
and prevention. A strategy for evaluating safety of athlete training that uses large data fusion feature analysis is
presented in reference [10]. Approach uses a lot of computation to calculate safety of athlete training, anti-
interference is not very good. Evaluation approach for athlete training safety based on rough set assessment is
suggested in reference [11]. Inertial sensors, including gyroscopes and accelerometers, are mostly utilized for
method classification as well as pattern identification of everyday human behaviour, like walking, running, and
lying, in order to recognise human actions. In work [12], daily activities like running, sitting, standing, and
going up and down stairs were identified through the acquisition of data from five inertial sensors worn in
various body positions; in author [13], five different human actions were classified and identified using a deep
convolution neural network, with a recognition rate of 0.9126 on Actitraker open source database; in work [14],
a variety of intelligent sensors in room were used to identify complex daily human behaviour. Enhanced method
has a high recognition rate. In an attempt to replicate the effects of supplementary training, some studies tried to
employ sensors for technical assessment and sports data monitoring. Author [15] is creating a wearable wrist
sensor device-based efficient heart sound monitoring system. The developed wrist sensors forecast the heart's
acoustic characteristics, which are then examined using the neural network method. The pulse waveform travel
model is used to process the pulses and acoustic characteristics that the sensor device collected. work [16]
creating a long short term memory neural network (LSTM)-based wearable device cardiac monitoring procedure
that is efficient. The wearable sensors are implanted into the body to continuously gather pertinent data about
the heart. The wavelet transform is combined with multiple LSTM recurrent network techniques to handle the
gathered data. Deep learning is used to train the features prior to creating the analysis process. The aberrant
heart activity are successfully predicted based on training features. Subsequently, the system's effectiveness is
assessed by several hardware platforms, guaranteeing optimal accuracy outcomes. Wearable technology has
proven to be an effective means of tracking people's health and activities, according to the opinions of numerous
research authors. For pose tracking, several activity models are constructed, and particle filtering is used to
explore the pose space.
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3. Proposed body sensor based player activity monitoring and its control system:

Certain features of sports arenas can drastically alter the RF propagation channel, resulting in behaviour that
differs dramatically from that of an office or indoor space. As a result, before deploying a wireless
communication system, it is crucial to take into account effects of the particular sport environment in radio wave
propagation channel. With use of a 3D-RL, radio characterisation for ISM 2.4GHz WSNs for judo monitoring
applications are demonstrated. A basketball court's channel characterization is used as an example of a sporting
environment where impact of players' movements is examined in terms of signal fading. Certain aspects of this
particular sporting environment, such as various material qualities of court's steps, players' movements, or
particular material of floor and baskets, must be considered for channel categorization. It should be noted that,
compared to other indoor venues, there aren't as many clutters in this particular sport scenario; however, player
presence and movement can have a significant impact on signal propagation. The best strategies for channel
characterization in these kinds of environments have been found in the literature to be those that rely on Ray
Tracing (RT) or Geometrical Optics (GO) methods because they strike a good balance between the amount of
computational time required for simulation and the accuracy of the results. For athletes, it is crucial that the
sensing and transmission systems be lightweight and non-intrusive, as minor details can have a significant
impact in high-level sporting competitions. We employ low power radio devices because of this necessity,
which suggests a poor transmission range. According to our method, each player on the pitch functions as a
WBAN and is capable of producing data for transmission or relaying data from other WSN nodes. We have
chosen to employ ZigBee to enable communication between WSN nodes. ZigBee offers a stable and dependable
wireless data transport by utilising IEEE 802.15.4 standard for both physical and Medium Access Control
(MAC) levels. To finish communications suite, it includes network structure, routing, and security. The highest
tiers of the protocol stack are defined by ZigBee, which gives target applications the compatibility and
interoperability needed to enable seamless operation of comparable products made by various manufacturers.
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Figure-1 proposed body sensor based player activity monitoring

The suggested approach is trained on a sizable dataset of physiological data from athletes to precisely forecast
their state of health. The athlete can use their smartphone to access the cloud server and obtain a report on their
health status once the forecast has been made. You can utilise the report to keep an eye on their performance and
modify their training or competition schedule as needed. An overview of the suggested technique is shown in
Fig 1. Input sensor data preprocessing is an essential part of any machine learning pipeline. In order to prevent
noise, artefacts, or outliers from affecting the machine-learning model's accuracy, the raw sensor data must be
cleaned and prepared. Typical processes for preparing the sensor data are as follows: Data cleaning is the
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process of eliminating any unnecessary or undesired data points, such as duplicate entries, null values, or
missing values. Making sure data is reliable as well as consistent is crucial. Data normalisation: In this stage, the
sensor data is rescaled so that each characteristic has a uniform scale. The process of normalisation guarantees
that each feature is equally important and does not take precedence over the others. Filtering: In this stage, the
sensor data is processed to eliminate undesired signals and noise. Various filters can be used to remove noise
from the data, including band-pass, high-pass, and low-pass filters. Smoothing: Using a moving average filter,
this method eliminates abrupt changes in the sensor data. Data noise can be lessened in effect through
smoothing. Feature extraction is the process of determining the key characteristics in the sensor data that may be
used to forecast the target variable. These preprocessing procedures allow us to create a clean, normalised
dataset that is prepared for usage in a ML method from incoming sensor data. The precision and resilience of
finished ML method are directly impacted by the calibre of the preprocessing stage.

4. Q-markov recurrent fuzzy encoder model (QMRFE) based abnormality detection:

The structural healthcare monitoring model for abnormality identification in athletes is shown in Figure 2. Strict
access controls have been put in place, allowing only authorised staff who need the data for legal reasons to
access it. This stops unapproved parties from accessing or changing the health information of athletes. Protocols
for Data Breach: We have established procedures to deal with data breaches efficiently in advance of any
possible security breaches. Plans for notification, mitigation, and recovery are some of these practices. Through
the use of these safeguards, we hope to create a strong framework for data security that will protect the privacy
and accuracy of athletes' medical records for the duration of their lives.
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Figure-2 proposed sports player abnormality detection model

Information is preserved in the time domain by means of Markov transition probabilities in Markov Transition
field. Data is partitioned into Q quantile bins to produce a Q x Q Markov transition matrix. gi and gj are quantile
bins containing data at time stamps i and j. Transition probability of qi — qj in MTF is represented by Mij. The
time series' multi-span transition probabilities are encoded by the MTF. By averaging every in each non-
overlapping m x m patch, the MTF size is decreased. Because a Markov chain has no memory, inferred
transition matrix depends only on previous state, which results in loss of important data by egn (1)

wiilx €q,% €q; - wilx €%, €q;
M = : : 1)
wij lx, €qi,% €q; - wijlx, €q,x, €q;

By extracting Markov transition matrix M from time series signal and using matrix elements as pixels, one can
use Matlab's graphic capabilities to convert a one-dimensional time series signal into a two-dimensional image.
When true class of sample i is in alignment with c, the indicator function yic is assigned a value of 1; otherwise,
it is assigned a value of 0. Possibility that sample | will be assigned to class C is indicated by the anticipated
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probability picture. After the neural network propagates forward, the probabilities associated with every class
are ascertained. Cross-entropy loss function (CELF) is used to compute loss value, which measures difference
between actual labels and the anticipated probabilities. With goal of minimising loss value reported by CELF,
network weights are updated using the very effective Adam optimizer. The following is how the Adam
optimizer's update algorithm works by eqgn (2)

Saw = B1Saw + (1 — B1)adw, sqp = B1Sqp + (1 — B1)db
Taw = BoTaw + (1 — B2)dw?, 1q, = Bo1gy + (1 — Br)db? 2)

Weight update and bias update for first-order moment estimation are represented by sdw and sdb, respectively,
in the equation. The hyperparameters B1 and 2 control the rate at which the moving averages decay, and the
bias correction formulas s1 and rl guard against very small gradients at the start of the optimisation. Gradient
update method for Adam is summed up as follows using Equation (3):

Opp1 =0, — %51 3)

The gradient at time t is indicated by 0t in the equation, and the step size, n, is typically taken to be 0.001. A
very tiny constant called € is used to keep denominator from going to zero. In this paper, we propose a learning
rate decay technique to optimise network training process. By decreasing Adam's optimizer's learning rate in
equal increments, we enhance the gradient and decrease experimental error. Let X = {X1,..., XF} represent
attribute set, let XF+1 represent fuzzy classification model's output. With values assumed in the set © = {C1,...,
Ck,..., CK } of K possible classes Ck, the output XF+1 is a categorical variable. While there are other varieties
of fuzzy partitions, strong fuzzy partitions are frequently employed due to their low parameter requirements for
definition, which streamlines the modelling procedure. An ordered set of fuzzy sets that is such that: is a strong
fuzzy partition by eqn (4)

T
vxeXpX L A0 =1 (4)

The following approaches take strong fuzzy partitioning of the attributes. three main components: a reasoning
process, a Data Base (DB) with definitions for fuzzy sets utilised in the Rule Base (RB), and both. An RB is
made up of M rules that are stated as eqn (5)

Ry IF Xy is Ay j,  AND ... AND X is Apj, THEN Xpyy iS Cimy With RW,,  (5)

With an input pattern x~ € RF, which is an F-dimensional real space, the rule Rm's strength of activation is often
calculated as follows by eqgn (6)

W (R = [1f-, Afamf((fff) (6)

where membership value of x"f connected to fuzzy set Af,jm,f is expressed as Af,jm,f (x"f). In this instance, the
logical conjunction in antecedent of rule expression in (2) has been implemented by treating the product as t-
norm. Using an encoder function, the raw input data x is transformed into a low dimensional latent feature space
h. Next, the decoder function makes use of latent space to try to reconstruct the input to x. By reducing the
difference between the original input, x, and its rebuilt counterpart, X, the autoencoder is trained. Assume x € R
dx, where dx represents the input data dimension and h € R dh, where R dh represents the encoded vector
dimension. In an autoencoder (AE), encoder, decoder, loss functions is stated as follows by eqn (7)

h= fencoder (Wencoder “X+ bencoder)
X= fdecoder (Wdecoder “X+ bdecoder)
Jx(84e) =% ¥:1 Il x —x II? @)

where h is the encoded feature and the non-linear activation functions employed in encoding and decoding
process are fencaer(:) and fdecoer(:). There are a total of N training samples. As a specific instance of
feedforward networks, autoencoders can be trained using all same methods, including gradient descent with
respect to gradients obtained via the back-propagation process. Gradient descent can therefore be used to update
the parameters 0AE = {WencUdeU, bencUdeU ,WdecUdeU, bdecUeU} in Equation (8).
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0" = arg mein]-‘ossrecon (QAE) (8)

Data with high volumes, co-linearity, and poorly understood non-linearities are best suited for autoencoders.
Input data x and the quality data y concurrently, which are denoted as x and y, can be reduced by autoencoders
not only by applying a non-linear activation function such as a sigmoid or a rectified linear unit (ReLU). In
Equation 3, they modify loss function of the conventional autoencoder by include a prediction error for the
target variable. Previously defined parameter set OKE is now 6QAm = {Wencer, bencer—x, bdecGereg—x,
bdecder—y, Rdecer—y, bdecder—y}. These parameters are simultaneously updated in the loss function as
indicated in Equation 5. Then, as Equation 5 illustrates, loss function jointly minimises prediction error between
true and predicted label and reconstruction loss by eqn (9)

N
1
](GQAE) = NZ Mhx—=x12+0y—y1%)
n=1

JyW,b) = L3 TF [=y8; «log (3;) * wf = yi; = log (1) * wj] ©

where W, b are method weights and bias, N is humber of data points, N/ is number of heads, nj is number of
data points for j t® head, wj 0 and wj 1 are class weights for the j t® head's negative and positive cases. The
following formula is used to calculate the class weights, with t denoting the positive and negative labels by eqgn
(10)

t N

W. =
7 21thn§

(10)

5. Simulation analysis:

This experiment's test results must be compared and analysed based on assumption that sports health monitoring
as well as management system can function normally and generate accurate and useful data. In order to
accomplish goal of real-time monitoring, individuals may clearly understand many data indicators of users at
varies times and in physical situations through analysis of data of every model. The complete process was
carried out in MATLAB R2019b using Scikit-learn and PyTorch 1.7.1 to extract vectors from photos.

Dataset description: Sport DB 2.0 comprises 168 cardiorespiratory datasets that were obtained from 130 people
during training and competition while they were participating in 11 different sports using wearable sensors and
portable devices. Cardiorespiratory signals, training note data, and demographic data are all included in each
dataset. Cardiorespiratory data were collected using BioHarness 3.0 by Zephyr, KardiaMobile by AliveCor,
Kardia 6L by AliveCor, Polar M400 by Polar, heart-rate sensor H7 by Polar in gym or on the field with a
specific acquisition technique for each sport. Development of automatic methods for tracking athletes' health
while they play sports, the validation of dependability of wearable sensors as well as portable devices in sports,
investigation of the cardiorespiratory pathophysiological mechanisms triggered by sport, and the development of
data analytics as well as Al applications to support sport sciences are all potential uses for Sport DB 2.0.

A publicly accessible dataset utilised in human activity recognition (HAR) research is called OPPORTUNITY
Activity Recognition. Researchers from Trento, ltaly's Universita degli Studi assembled dataset. Sensor data
from wearable devices worn by four healthy subjects and four persons with motor impairments executing
various activities of daily living (ADL) as well as gestures is included in ataset. This dataset contains 19
pressure sensors, a magnetometer, a gyroscope, and an accelerometer. Five sensor modalities are covered by the
dataset: left thigh, waist, chest, right wrist, and right ankle.

Sports-1M dataset is a large collection of videos that were obtained from YouTube and humber more than one
million. The writers have supplied YouTube URLs for viewers to access these videos. With between 1,000 and
3,000 related videos in each of the 487 sports-related classes into which these videos have been carefully
categorised. The procedure of labelling these videos is very carefully done. The YouTube Topics API is used for
automated tagging, designating one of the 487 sports classes for every video. Ten percent of data were from
validation and testing sets, and the remaining eighty percent were from the training dataset. Table 1 shows the
parameter settings for our suggested system.
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Table 1 Parameter configuration for our proposed method

Parameter Value/Setting
Dataset OPPORTUNITY Activity Recognition dataset and Sports-1M dataset
Models CNN and LSTM with self-attention

Preprocessing DE-identification

Data Split Training: 80%, Validation: 10%, Testing: 10%

Loss Function Categorical Cross-Entropy

Dropout rate 2
Number of Epochs 10 — 300
Batch Size 16,32

Comparative analysis:
Table-2 Comparative for SPORT DB 2.0 dataset

Technique ;Crgj:g;g Throughput Eraer;ids?gz Recall Latency
ENBC 70 68 65 70 79
AIBSNF 75 72 73 77 85
QMRFE 82 76 83 86 89
Table-3 Comparative for HAR dataset
Technique :crfd?;r;g Throughput pRran?sci)gr]l Recall Latency
ENBC 75 79 73 69 63
AIBSNF 81 85 86 75 70
QMRFE 93 89 91 84 82
Table-4 Comparative for SPORTS-1M dataset
Technique ;—cr:lj:g;g Throughput ;2:?5?;2 Recall Latency
ENBC 74 85 81 86 80
AIBSNF 81 92 88 91 90
QMRFE 94 97 95 93 98

The above table-1-4 shows Comparative based on various smart grid security dataset. The dataset analysed are
MIMIC-IV, HAR , SPORTS-1M dataset in terms of Training accuracy, THROUGHPUT, random precision,

recall, Latency.
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Figure-3 (a)- (c) parametric analysis of existing ENBC for (a) SPORT DB 2.0, (b) HAR , (c) SPORTS-1M

dataset

The above figure-3 (a)- (c) shows parametric analysis of existing ENBC in SPORT DB 2.0 dataset. For SPORT
DB 2.0 dataset the existing ENBC attained random precision of 65%, recall of 70%, Throughput of 68%,
training accuracy of 70%, Latency of 79%. random precision of 73%, recall of 69%, Throughput of 79%,
training accuracy of 75%, Latency of 63% for HAR ; existing ENBC attained random precision of 81%, recall
of 86%, Throughput of 85%, training accuracy of 74%, Latency of 80% for SPORTS-1M dataset.
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Figure-4 (a)- (c) parametric analysis of existing AIBSNF for (a) SPORT DB 2.0, (b) HAR, (c) SPORTS-1M
dataset

Figure 4(a)—(c) above displays a parametric analysis of the AIBSNF that is currently in use in the SPORT DB
2.0 dataset. The current AIBSNF achieved random precision of 73%, recall of 77%, THROUGHPUT of 72%,
training accuracy of 75%, and Latency of 85% on the SPORT DB 2.0 dataset. For the HAR , the existing
AIBSNF achieved random precision of 86%, recall of 75%, THROUGHPUT of 85%, training accuracy of
81%, and Latency of 70%; random precision of 88%, recall of 91%, THROUGHPUT of 92%, training accuracy
of 81%, Latency of 90% for SPORTS-1M dataset.
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Figure-5 (a)- (c) parametric analysis of QMRFE for (a) SPORT DB 2.0, (b) HAR , (c) SPORTS-1M dataset
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The parametric analysis of QMRFE in the SPORT DB 2.0 dataset is displayed in the above figure 5(a)—(c).
QMRFE achieved 83% random precision, 86% recall, 76% THROUGHPUT, 82% training accuracy, and 89%
Latency for the SPORT DB 2.0 dataset. For the HAR , random precision was 91%, recall was 84%,
THROUGHPUT was 89%, training accuracy was 93%, and Latency was 82%. For the SPORTS-1M dataset,
random precision was 95%, recall was 93%, THROUGHPUT was 97%, training accuracy was 94%, and
Latency was 98%.

The findings show that, up to a certain point, segmentation performance increases with kernel size before
beginning to decline. It is impossible to ignore joints such as the ankles and wrists when witnessing little
motions involving these hard-to-identify joints. These joints are crucial for movement in addition to their
usefulness in motion detection. In contrast, identification success rates may decrease if speed takes precedence
over accuracy. Eliminating these nodes would definitely expedite the calculating process, but the accuracy of the
results would suffer as a result. Consequently, the technique of enhancing evaluation efficiency by eliminating
these connection points becomes unworkable when these points significantly affect the recognition results, as
recognition results are drastically varied. Furthermore, removing joint points necessitates more mathematical
work to establish the proper placement of the points. Our strategy, which is comparable to our proposed
approach, yields a training procedure that may be finished fast utilising a suggested method to determine correct
values for method specifications. On the other hand, alternative models based on deep learning require pre-
training and configuration, which means that time is an essential requirement that needs to be consistent and
easy to comprehend.

6. Conclusion:

This study optimises machine learning models and sensor-based sports players' energy efficiency. Here, player
activity has been monitored using body sensors, and the adaptive control system has been examined. Next, the
observed data was provided via the edge cloud system, and the Q-markov recurrent fuzzy encoder model was
used to classify any abnormalities in the player activity. Based on the test findings, this experiment's sports
health monitoring as well as management system was largely significant. The three functions of blood pressure,
exercise state, and body temperature were integrated by the system. Data was transmitted by each module to the
platform via information transfer. In a novel approach to health monitoring, the platform delivered consumers
health information after intelligently analysing the data. The results show that the approach suggested by this
study is better and more effective. One way to evaluate significance of proposed algorithm is to compare it with
the procedures used in earlier research articles. The experiments' outcomes show that the procedure is reputable
and well-known. It is possible to achieve an extremely remarkable level of recognition efficacy in a short period
of time.
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