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Abstract Sports have scored significant attention among the public in this multifaceted world. Diverse

training strategies are followed by many athletics and even flexible to adapt comfortable and optimal tech-

niques. This fact has led physicians and educators to encourage remote health surveillance as one of the core

strategies in athletic training. The need for innovative data exploration methodologies capable of facing Big

Data’s influence to make remote monitoring services viable has been raised by the growing ties of networks

that deliver high quantities of real-time data. This paper presents an interactive healthcare data exploration

and visualization (IHDEV) model to enhance multi-scaling data analysis and visualization in the athletic

health vision platform. This paper aims to simplify optimization methods to measure sportsperson muscle

tension. This model illustrates a three-layer architecture with a raw data acquisition layer, data analysis

layer, and visualization layer. The first layer considers the acquisition of health-related data from the ath-

letes for remote monitoring using IoT and stores it into the cloud. The data analysis layer adapts artificial

intelligence (AI) in data mining. The final layer introduces an intelligent interactive data visualization model

assisted by a reactive workflow mechanism, enabling analysis and visualization solutions to be composed

in a personalized data flow appropriate to the athletic training. This experimental study extended with

two healthcare datasets to show the feasibility of IHDEV in promoting healthcare based athletic monitoring

and improves the accuracy ratio of 96.7%, prediction ratio of 96.2%, an efficiency ratio of 96.8%, Pearson

correlation coefficient of 98.2%, and reduces the error rate of 18.7% compared to other conventional models.
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1 Significance of health care data analysis and visualization in sports

Sports have a long tradition of data gathering and reporting. Sportsperson monitoring data delivers
useful information on whether sportspersons respond suitably to enforced training and competition de-
mand [1]. Assessing training monitoring information is critical to guarantee that athletes are bare to
adequate training to formulate them for competition necessities while safeguarding the sportspersons to
adjust to the training programs [2] properly. Visualization in sports is a training method that forms a
part of the superior science of sports psychology. Visualization is recognized as mental rehearsal and
imagery [3]. Visualization is utilized mainly as a training tool, enhancing athletic motion quality, im-
proving concentration power, and reducing competition pressures while building athletic confidence [4].
Visualization happens when sportspersons can create a picture or a sequence of images appropriate to
their sport without any exterior stimulation or prompts; the images are mentally produced by the athlete
unaided [5]. Pictorial images are typically the most significant to physical training and may be engaged
as the solitary mental training technique [6]. Sportspersons may depend on kinesthetic images (motions),
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auditory images (sounds), tactile sensations (touch), and virtuously emotional stimulation, in grouping
with data analysis and visualization or as freestanding training helps, as may be suitable to the exertion
to raise the athlete performance [7]. Sports psychologists will commonly direct an athlete’s visualiza-
tion techniques to be used in a quiet, sheltered area to remove distractions during organized athletic
training [8]. It is collective for sportspersons to employ visualization training to contribute to three such
sessions per week [9].

Sensor devices are becoming smaller, cable-free and better behaved, allowing effective methods of data
acquisition. The variety, the strength, the ability to network, and the convenience of wearable devices, on
the other hand, enable efficient tracking and immediate interference [10]. Two modules are used for the
data collection sub-system: processing sensor data and storing cloud data. The proposed system aims
to capture, profile and manage participants and examine the background of stored examples from each
participant [11]. Data visualization analyzes huge amounts of data, interacts with the results visually, and
is commonly utilized in the present era of big data [12]. Utilizing data visualization, healthcare can better
understand and enhance its operating costs, customer satisfaction and effectiveness, and monitor patient
health and development [13]. Data capturing and visualization tools that hospitals generally use are the
following, surveys are typically utilized to capture satisfaction ratings and customer feedback [14]. By
leveraging technologies for data collection, a health service provider often benefits from doing so in real-
time without compromising the level of patient-medical contact. Through quantitative and qualitative
strategies, a survey can reveal opportunities for organizational growth. Scorecards are tools utilized to
monitor progression [15]. It is collective for health care professionals to use scorecards to track and
monitor patients’s progress with this strategy [16]. Dashboards are utilized to house data streams. They
are interactive and customizable, so an analyst can enter the program, extract the data prerequisite,
and generate graphs and charts for presentations [17]. Health care professionals can influence data
visualizations to demonstrate data for dissimilar audiences. Visualizations make a clear and concise story
for the analyst to tell rather than merely projecting raw data. Simplifying athlete health care data
and visualizing data enables individuals to do analysis and leverage information effectively. Instead, it
enables healthcare providers to gain information from other individuals with related conditions to clarify
normal recovery times [18]. Good multi-scale data visualization can integrate data elements from various
treatment environments to help teams identify what care center units are doing, procedures and data
gathered, and used for success assessment [19].

Multi-scaling data analysis and visualization of health records are a valuable way to quickly and effi-
ciently communicate urgent health information. The main instruments and techniques are highlighted in
that guide [20]. The data visualization (DV) module offers tools to explain data views and data explo-
ration. The DV components visually reflect data and metadata for future insight [21]. Sports health data
tend to be hierarchical, temporal, hypervariable, relational, or a blend thereof, which leads to a captivat-
ing visualization challenge [22]. Data collecting is becoming progressively ubiquitous with less expensive
sensor technology and an easy way to automatically upload measured information to cloud services that
can promptly visualize, compare, and analyze it with prior records or other contestants [23]. A data
acquisition layer is a software and hardware array which enables the physical properties of something to
be measured or controlled in the real world. A full data acquisition layer consists of hardware, sensors
and actuators, hardware for signal conditioning and software for device operation. Present and histori-
cal information is analyzed by medical analytics to forecast patterns, enhance healthcare professionals’
reach, and help control disease transmission. It helps identify ways of improving the quality of treatment,
health information, diagnoses and management for patients. It is a tool to visualize market intelligence
that synthesizes raw information in a given format to provide real-time organized information. Users can
upgrade information to produce new awareness instantly. The diversity, ubiquity, and comparative ease
of access to sports data make it a predominantly attractive field for a range of data analysis and visual-
ization academics [24]. Artificial intelligence can perform tasks to facilitate and collect information based
on athletic performance [25]. Data visualization techniques sometimes help prevent diagnostic errors in
a higher risk environment by removing human errors and building up a security layer for sportspeople
protection.

E-medical sports records are the records and reports of individual health records. Its computer-based
recording system makes ongoing surgical procedures easier to understand. The electronic remote health
monitoring system’s introduction has assured the transformation of traditional healthcare approaches,
incorporating the Internet of Things (IoT) and artificial intelligence paradigms into these systems to
improve intellect, interoperability, and flexibility. In this context, visualizing and exploring sportspersons’



Liu H, et al. Sci China Inf Sci June 2022 Vol. 65 162101:3

progression over time can offer valuable insights and enable physicians and clinical researchers’ decision-
making [26]. The modern capabilities of sensors and wearables can gather human biological signals during
the competition and training stages, creating an athlete-technology interaction [27]. To discourse this,
supplementary visualization approaches are the prerequisite for envisioning the temporal dimensions [28].
The interactivity accessible via touch interface in new smart devices like tablets and smartphones offers
predominantly attractive opportunities to visualize temporal relation [29].

The main contributions of the study are the following.

• Design the interactive healthcare data exploration and visualization (IHDEV) model for sportsperson
health data analysis and visualization using interactive data exploration.

• Evaluate the mathematical model of muscle tension of sportsperson in real-time.

• The numerical results have been executed, and the suggested IHDEV model enhances the accuracy,
prediction, efficiency, Pearson correlation coefficient and minimizes error rate compared to other popular
models.

The rest of the study is decorated as follows: Sections 1 and 2 discuss the health care data analysis
and visualization in sports and existing approaches. In Section 3, the IHDEV model has been suggested.
In Section 4, simulation analysis has been executed. Finally, Section 5 concludes the research article.

2 Literature work

Butkevičiūtė et al. [30] proposed the baseline estimation and denoising with sparsity (BEADS) filter
algorithm to remove movement artifacts for mobile electroencephalography (EEG) signal analysis. Con-
cerning the number of QRS theatres found in the electrocardiography signal comparison, the constraints
(cut-off frequency) are optimized for the BEADS filter. Next, substitute motion signals are generated us-
ing empirical mode decomposition which utilizes an intrinsic mode function linear combination extracted
from the sample motion signal. The reliability of the movement-contaminated EEG signals was checked
using surrogate signals. An overview of method performance extracted motion artifacts and futuristic
EEG signal is provided. Experiments with 11 forms of physical activities have shown that the suggested
motion removal system enables movement objects to be removed effectively while retaining the EEG
signal’s spectral characteristics. Sporting athletes are engaged in sports such as playing golf or cycling,
and EEG signs can be detected during sports events. Even if there are apparent drawbacks of various
sports types, including water-related (e.g., swimming) or high-impact sports, like rugby, no technological
problems are seen in recording and monitoring EEG signals for a sports participant without pain.

Li et al. [31] suggested fog-assisted computational efficient wearable sensor networks (FCEWSN) for
sports athletics health monitoring systems. The wearable system has been analyzed for continuous
real-time cardiac control, respiratory frequency, and motion rate during physical exercise. The sensor
information is downloaded to the Ethernet module for IoT connections, and the permitted person uses
the Internet to check up on the well-being of athletics. The computational model and use of the wear-
able interface often highlight how the cost of measuring resources is condensed when managing health
requirements for access to medical data in a fog and cloud delivery environment. Our appraisal method
is based on queues and can estimate the minimum calculating services required for achieving the service
level agreement (SLA) (both fog and cloud nodes). The drawback or limitation of the system leads to
reduced use of tools and resources, which are often replaced with simpler solutions. The sensor can be
allocated with the same accuracy and limited energy budgets.

Guo [32] introduced the hybrid predicting model with Gaussian mixture method and collaborating
topic modeling (HPM-GMM-CTM) for sports movement to control chronic diseases. The suggested
HPM approach experimented with evidence from different metropolitan areas of China on trends of
human mobility. HPM estimates the degree of involvement and relative behaviors of chronic diseases
from the dataset GMM gets the state of health, while CTM gets the details sparse. In MATLAB
software, the suggested hybrid prediction approach is used and evaluated. Forming the results obtained
and contrasting the other current approaches, in terms of estimation precision, it has been observed that
the HPM outperforms. The HPM is analyzed in China cities employing real-time check-in and chronic
diseases. The suggested HPM approach achieved a high value of 0.09 percent relative to most baseline
procedures. The suggested HPMs outperform the baseline methods from the received MSE and meaning.

Albahri et al. [33] discussed the FaultTolerant-Framework on mHealth (FTF-mHealth-IoT) for health-
care data analysis. First, it can exclude from its medical center the control phase of the patient triage
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Figure 1 (Color online) Sports data analysis.

using mHealth for a new local triage algorithm called a three-level triage position (3LT), and it can notify
the wearable sensor defects. 3LT takes the first step in identifying an emergency stage for the patient
and determining the compatible healthcare kit. Secondly, our system will allow decision-makers to pick
hospitals based on the defined package based on multi-criteria decision-making (MCDM). To classify
available health facilities for the chosen kit, the mHealth will connect directly to distributed hospital
servers in those hospitals, taking account of the time of arrival of patients to each medical facility to
determine and select a suitable medical center failure.

Based on the survey, there are some challenges to existing methods. In this paper, the IHDEV model
has been proposed for athletics health data analysis to solve the existing problem. Section 3 discusses
the IHDEV model briefly.

3 IHDEV model

This paper discussed the enhanced data analysis and visualization in the athletic health vision platform.
Data fusion (DF) is a multi-domain area for interpreting scenarios. It is explained that constantly
evolving circumstances fusion systems combine sensor data and information in libraries, knowledge bases,
background information, and user missions. Data fusion aims to achieve a real-time simulation of a sub-
set based on partial observations. Due to sports data visualization, teams can change their data in a
short or no time by translating a map into another. Physical visualization and practice are considered
visualization. Visualization is mostly used as a teaching technique that enhances the consistency of
physical movement, raises concentration capacity, and helps alleviate competition pressures on the athlete
while creating trust in the athlete. Hence in this paper, IHDEV has been proposed to analyze the sports
data visualization and analysis of the sportsperson health data. Sportsperson health care data acquisition
using IoT, cloud, and data analysis layer adapts the artificial intelligence (AI). The online input generation
techniques integrate a web-based bi-directional solution between coaches and participants, including a
server and immediate live tracking and potential intervention during the workout process.

Figure 1 shows the sports data analysis. This paper presents different data types required for the
immersive data processing of a sports individual and specific features. In addition, the difficulties to
be faced when acquiring and dealing with personal knowledge of sports activities are illustrated. The
suggested emphasis is on the various investigation dimensions of heterogeneous data, as seen in Figure 1.
The data acquisition is performed to process the data through the picture. The meaning domain enables
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Figure 2 (Color online) Data visualization based on IoT architecture.

one to apply valuable additional knowledge to data through data fusion after the acquisition. Accelerom-
eters, gyroscopes, and magnetometers obtained sensors are the origins of critical data of athlete tracking.
The combination of such data with a video signal will help the motion tracking device work overall. The
research domain helps one to look for trends after data acquisition and enrichment. The corresponding
sports team study is based on the high-dimensional data comprising both time series and trajectory
data. Many aspects of the study are included in team sports analysis ranging from the acquisition and
enrichment of data by background knowledge to detailed analysis activities such as raw data trajectories.
Image shows which computer science general concerns can be tackled during team sport data work and
suggests our approach to solving these problems. Ultimately, team analytics affects athletics in other
areas of fieldwork.

The implications of other disciplines, including genetics and the study of social behavior. Users will
use sports data for our idea as a prime example since it is a common team sport that offers an outline
of data, processes, and tasks for all intrusive team ball games. This paper offers a short overview of the
sports research data-driven enablers. Start with team sport sensing through the required sensors and
data sources. The use of sports individual data mining will reduce the workload and expedite the medical
process. This information enables AI to assess the medication forms that patients require and speed up
the diagnosis to save time. The general facets of research relate to data mining and visualization by
resuming the data space. Understanding such heterogeneous data analysis queries by analyst users on
interactive platforms can recognize visual analytics as an essential analysis technique.

Figure 2 shows the data visualization based on IoT architecture. Visualization is mainly used to
enhance athletic movement efficiency, maximize concentration capacity, reduce competitive stresses on
athletes, and build up athletic confidence. Analytics has many uses on-site, from player and group success
management, in a sports setting. Coaches may use data to refine their players’ training schedules and
create workout routines. For players, coaches, management, sports medicine staff and supporters, data is
an important aspect of the sports industry. The numbers will contribute to improved player health and
avoid injury and inspire fans to participate in sports. Multiple wearable sensors, like skin temperature,
electroencephalography (EEG), electromyography (EMG) muscle movement, respiratory rate, and gastric
pressure, are used to track data acquisition. This simplifies the analysis of raw sensor data manually and
often is difficult for a person to comprehend. The sensors calculate the amount of heat, even cold energy,
generated by a device so that any changes in physical temperature that create an analogue can be sensed
and sensed. The rate of respiration rises to provide oxygen to the body (muscles exercise) more rapidly.
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The heart rate rises to deliver the breathing muscles more effectively with oxygen (and glucose). EMG
can analyze athletes’ muscle weakness for abnormal muscle activity habits and the determination and
assessment of effects of therapy of disorders such as incontinence and low back pain.

Via a smartphone near the sportsperson, the sensors are connected to the network by a midway data
concentrator or aggregator. The device’s data transfer elements provide the sportsperson with records of
all sports locations to the artificial intelligence data center, preferably in almost real-time, with guaranteed
protection and privacy. The sensory platform is usually fitted with a short-range transmitter, such as
Bluetooth, to transmit sensor information to the concentrator. Aggregate data are often transmitted
to artificial intelligence and big data, generally through WiFi or a cellular network link, to long-term
storage through the Internet connectivity on the concentrator. Data collection sensors form an IoT-based
infrastructure since each sensor’s data can be obtained by a concentrated device via the Internet. In local
mobile resources, a storage/processing unit near a mobile user is used to improve its store-processing
capability, known as the cloud. The cloud will be a local computing system like a laptop that can
be reached directly from a concentrator’s WiFi network. The cloud can run critical time tasks on the
sportsperson aggregated data and provide temporary storage before data communication to the cloud.
The cloud can be used in cell device restrictions like quick access or electricity to transmit aggregate
data to the cloud. The elements of cloud computing are storage, analysis, and visualization. The
device is intended for the long-term storage of biological knowledge for sportspeople and facilitates health
practitioners’ diagnostic information. Diagnosis and prognosis for various health disorders and diseases
can be rendered by analytics using sensor data and eHealth records becoming prevalent. Visualization
is a crucial necessity for such a device because it is uncommon for doctors to work with vast volumes
of data or analyze wearable sensors. If wearable sensors affect clinical practice, visualization approaches
must make the information and analyses available in a readily edible format.

In Figure 3, the proposed IHDEV offers a general description of the healthcare use of sports data process
mining. All practice done by a physician, teacher, relatives, or other healthcare services at a sporting
venue to provide treatment to a patient is usually deposited in a human-computer interaction (HCI)
(compound of databases, systems, protocols, events, etc.). Activities for assistance, monitoring, and
further analysis are documented in incident logs. Process models are designed to determine how different
health workers can conduct their work in a specific processor to evaluate process architecture objectively.
The health service provides a wide range of professions from medical primary care providers such as
surgeons, infirmaries, physicians aides, nurses, respiratory therapists, dentists, pharmacists, language-
speaking pathologists, physicians, and others. In addition, HCI is often used to explain how to facilitate
the operation of the process, for instance, the information system. Process mining consists of three pri-
mary types: process identification, conformance control, and development. It illustrates how automated
process exploration enables process models to be taken from the sports event log; compliance testing
makes it possible for anomalies to be tracked by matching the model with a sports event log, and its
changes can be used to expand or strengthen an established process model using details about the actual
process reported in the sports event log. With a detailed model of a process’s actual actions, the process
specifications in the HCI that support the process are defined and applied, external requirements are not
included in the framework, and the process analyses are supported. Opportunity to broaden research uses
other methods such as organizational mining, simulation models, automated design, model expansion,
model maintenance, behavioral process predicting, and historical advice. Processes in health care are seen
as an environment of complicated models and prone to large changes over time. This disparity is caused
by many causes, including sportsperson circumstances and the numerous ways and sequences in which
the services will carry out activities (physician and healthcare professionals). The opportunity to use
visualization methods to define and analyze process models creates useful ways to exploit the information
contained in HCI sports case logs. Process mining techniques guarantee that these processes can be easily
interpreted and create advantages associated with the process’s reliability. For example, the quality of
the care rendered and the medical centers’ administration should be enhanced. Apart from strengthening
medical data centers’ management, process mining in health care will gain additional benefits. It may
help to define and appreciate the actual actions of resources and the individual participating in sports;
create ideas for redesigning the process; evaluate outcomes and decrease waiting times and service times;
gain insight and enhance co-operation between colleagues, anticipate sportsperson behavior in previous
cases; complement tasks like additions of other knowledge. It is necessary to appreciate the often asked
questions that health experts pose about specific processes to find ways to implement process mining. In
healthcare systems, mining analysis is used to discover process models from case activity logs to verify
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social networks’ compliance. This paper attempts to define, characterize, and enable researchers to find
ways of applying process mine methods, methodologies, algorithms, and tools to process mining. It offers
an overview of the state-of-the-art of this field and allows researchers to find and guide the advantages
of using this proposed discipline.

Figure 4 shows the big data and IoT-based health monitoring. The platform and its principal com-
ponents can be defined in detail. In this article, the critical features of sensor nodes, in particular, will
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be quite briefly clarified. The platform includes five key components: the sensor and actuator networks,
the big data, the IoT server, visualization, and management user interfaces. EMG sensors and other
environmental sensors wearable lightweight capture data and transmit it in real-time via Bluetooth wire-
less protocol, WiFi linked to a gateway. At the logical connectivity stage between sensors and big data
with IoT servers, both the gateway and the message dispatcher are transparent. This design is created
to implement a sensor network depending on the multiple network protocols, Bluetooth, and WiFi. The
gateway runs a firmware that can handle the required protocol. It is the only part which is aware of the
local sensor networks. The gateway encapsulates the sensor packages in a universal format that keeps
all the data in its native format. Therefore, sensors transmit in their native format messages to the
big data and IoT server. Information is collected from the data processing unit to be used in the sensor
database in the IHDEV model. The big data and IoT server translate heterogeneous nodes’ raw data into
the IHDEV method, containing object identifier, entity type, measurement device, dataset, geographic
location, and timelines. If the sensors are modified or demanded, the configurator unit prepares an order
according to the objective sensor protocol. It then provides data for smartphones and consumers. In this
way, data analysis and analysis will not consider the originating source’s communication protocol and
will be isolated from data measuring and compilation. The IoT server collects data from the sportsper-
son to install and handle sensors and actuators (SANs). The message dispatcher manages the two-way
communication with the sensor networks without using any network protocol or device type information.
The data management unit consists of a series of software modules that convert and store data from
sensors in a universal format. Data processing is to be processed and the optimal results are obtained for
IoT-based sensors. The combination of IoT sensor networks with new technologies gives effective ways
to deal with sensor data’s diverse and complex existence. The sensor data includes some missed value
in the upgrade process, so the model updates the new data. It then saves this in a folder of references.
Database management systems store the required and required individual sports records. The setup de-
vice accepts user input and converts it into protocol-specific SAN commands by consulting the database
for setup. Finally, according to user information in the user folder, the protected access manager only
allows access to stored data and SAN settings to registered users and applications. The whole device can
be programmed and operated from any computer, smartphone, or tablet linked to the Internet, using
an elegant web interface. Health data may be combined and stored by users or registered physicians in
the IoT server with other records. Regulation of the muscle length and activation level may be obtained
from muscle stress. Under the assumptions, the indirect measurement of muscle strength and joint torque
with the EMG signal involves the raw EMG signal’s pre-processing to extract the contraction level. The
accurate prediction of the isokinetic joint torque of the EMG signal, joint location and joint angle velocity
is enabled by studying an artificial neural network with some instances.

(i) Optimization models based muscle tension identification. Optimization-based models can provide
precise predictions of activation and intensity patterns for each muscle with a low maximum effort during
chosen well learned activities. The most promising optimization parameters are low energy expenditure,
low muscle weariness, and low energy sense. This paper aims to simplify optimization methods to measure
sportsperson muscle tension and prove fast analysis for real-time applications. The correlation between
muscle tension E and joint torque δh produced by muscle tension E is generally defined in the following
equation:

δh = JsE. (1)

As described in (1), muscle tension has been calculated, where J is a Jacobian pose dependent muscle
length matrix about joint angles. When the proposed known, the joint gradients, speeds, and accelerations
measure the joint torques δh using reverse dynamic algorithms, including ground contact forces, and can
deduct external forces’ influence. It then becomes a challenge to estimate muscle tension to find a solution
for the linear equation. Equations are generally limited, which means an infinite number of solutions can
be sought, and the muscles can pull only what restricts inequality of e 6 0. One solution in several articles
is to build an optimization problem where the cost function may be linear, quadratic, or cubic. Quadratic
calculations, including measuring zones, deciding the profitability of a commodity, and formulating an
item’s speed, are applied daily. The time can be determined using an initial speed, displacement and
acceleration from a modified kinematics quadratic formula. Quadratic equations provide an equation of
at least one variable squared. Here, evaluate and calculate the quadratic variant for two versions. The
cost feature is

W =
1

2
|δh − JsE|

2
+

1

2
|E − E∗|

2
, e 6 0. (2)



Liu H, et al. Sci China Inf Sci June 2022 Vol. 65 162101:9

As shown in (2), the cost feature has been derived. When e 6 0 is a constant weight and E* is a muscle
tension relation that can only be set to zero for the minimum solution or calculated by EMG data. |b|
stands for the length of the vector b. The muscle strains depend on the multi-joint muscles, and it is not
possible to measure the muscle’s pressure in parallel. The frame rate is below six fps for the condensed
model and excludes rendering time, which is much too slow for simulation in real-time.

(ii) Predicting muscle length and velocity. A muscle length and velocity are used to measure the mus-
cle’s strains from its EMG signal in the physiological muscle model. According to the tension formulation
(1), E∗

1 is determined in (3):
E∗

1 = −b1E1(K1)Ev(K1)Emax1. (3)

As the tension of the muscle (3) has been determined. The activation of K1, b1E1 and Emax1 are func-
tions which reflect the relationship of tension length and tension velocity, where the activation, volume,
speed, and maximum isometric intensity are 1, and E∗

1 , the functions are 1. Future video estimation with
joint angles and speeds gives K1. By first-order differential equation model, the production of muscle
activity b1 is as follows:

b1 = (V1 − b1)/s. (4)

As inferred in (4), muscle activity has been calculated, where s is a time-constant and V1 is an engine
neuron input which is determined by normalizing EMG signal using maximal voluntary contraction
(MVC) equation (5) that can measure each group’s muscle strain. The muscle tension 1 along Nihigh is
estimated by the muscle movement P along P ∈ NiEMG of the same group in (5):

E∗
1 = −bPE1(K1)Ev(K1)Emax1. (5)

As explored in (5), the tension of each group has been represented. The co-contraction of muscles’
antagonistic muscles may be controlled if knowledge about EMG is shared with at least one antagonist.
The antagonist muscle (whose EMG information is not available) should exercise a high strength to
offset the torque in the opposite direction. In contrast, the EMG information muscle shows considerable
activity.

(iii) Estimating of muscle pressure and muscle joint. The muscle pressures in NEMG and Nhigh have
been achieved, and thus, the number of unknowns for optimization has been limited. Obtaining the
remaining tensions by optimizing inequalities limitations is still computationally costly as it usually
requires an iterative operation. It’s like placing your life at unnecessary risk for leisure purposes. Even
with safety precautions, there is a very high potential for injuries. Sometimes someone may as well fail
to recognize and get in trouble with the fragility of their health. It is a new tension evaluation algorithm
that approximates inequality restrictions without iteration.

Eq. (1) separates muscle contributions in each group in (6):

δh =
[

Js
EMGJ

s
highJ

s
lowJ

s
others

]













EEMG

Ehigh

Elow

Eothers













. (6)

Eq. (6) shows each group of muscle contributions. JEMG, Jhigh, Jlow, and Jothers are respectively Jaco-
bian muscle length matrix in NEMG, Nhigh, Nlow, and Nothers in terms of joint angle. EEMG, Ehigh, Elow,
and Eothers, and other muscles in each set are muscle stress. The measure of EEMG and Ehigh move them
to the left-hand side in (7):

δh −
[

Js
EMG Js

high

]

[

EEMG

Ehigh

]

= δ
′

h, δ
′

h = [Js
low Js

others]

[

Elow

Eothers

]

. (7)

As shown in (7), left-hand side muscle stress has been calculated. While the number of unknowns is
limited, an optimization problem with inequality restrictions still needs to be addressed. The solution
introduces a new solution that finds the way to satisfy inequality limits using the singular-robust (SR)
inverse in (8):

E∗
1low = −bPE1(K1)Ev(K1)Emax1. (8)
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As deliberated in (8), SR inverse has been found. 1 ∈ NiEMG and 1 ∈ Nilow, equation (10) will be
a good guess since P and 1 muscles form the same facilitating category. To address the stresses, this
paper uses joint torques determined with reverse dynamics in these situations. The following procedure
for each joint i must be replicated by the algorithm.

All muscles are collected where i is part of Nlow or Nothers, and NJi extracts the muscles of joint i
related rows and columns in (9):

δ
′

hi = Js
i Ei,

E∗
i10 =

{

E∗
1low,

0,

1 ∈ Nlow,

1 ∈ Nothers,

δ
′′

hi = Js
i ∆Ei0,

δ
′′

hi = δ
′

hi − Js
i E

∗
i and ∆Ei0 = Ei − E∗

i0,

Ei1 = Js
i + δ

′′

hi + E∗
i0. (9)

As found in (9), muscle movement has been derived. Since the SR-inverse minimizes it to where s is
a positive weight and predict ∆Ei0 elements to be small enough not to yield significant positive figures
for the Ei1 elements. If Ei1 6 0 holds, end Ei = Ei1.

Form an Ei1max vector, with Ei1 in size and Ei1 in elements which are the maximum positive value of
Ei1 in (10):

δ
′′′

hi = Js
i ∆Ei1,

Ei2 = Js
i + δ

′′′

hi + E∗
i1. (10)

As discussed in (10), the maximum positive value has been determined. Most elements of Ei2 are
either negative or, even if they are positive, weak. Thus Ei2 can be used as a Ei approximation. Notice
that the above algorithm only uses Js

i SR-inversely, and the size Ji is tiny since only muscles that
move i are considered. Therefore the algorithm is considerably faster than an iterative solver. This
algorithm does not guarantee negative muscle tensions and has a solution that always generates negative
pressures, thus facilitating computation in real-time. The proposed IHDEV model enhances the accuracy,
prediction, efficiency, and Pearson correlation coefficient and reduces the error rate compared to other
existing approaches.

4 Simulation analysis

The proposed method IHDEV model has been proposed to improve the sports health data accessibility
based on performance metrics accuracy, prediction, efficiency, Pearson correlation coefficient, and error
rate.

(i) Accuracy ratio analysis. Visualizing medical data permits specialists to present the main trends
and data via charts, graphs, and other visuals that display and express. Visualizing medical data is a
prevailing way to share urgent medical data effectively and swiftly. Data preparation for sportspersons
means guaranteeing that raw information is ready to utilize in a typical visualization. This includes
validating the data, reviewing outliers, and testing for accuracy. AI will use historical data that is well
established in sports before investing in them to forecast players’ potential for the future. It may be used
to assess players’ market prices to sell them rightly while acquiring new talents. Artificial intelligence
with IoT could provide coaches and teams with enhanced accuracy in analyzing common mistakes and
improving plays faster than humans. Accelerometers produce greatly accurate analyzes of athletes’ motion
with a high sampling rate and have been composed of wrist-based devices. IoT sensors such as location
sensors triangulate signal communication from manifold GPS satellites encircling the earth. They can
precisely identify the position and velocity (within 1 m) of a sportsperson on a field. These devices
play a contributory role in sports performance analysis using the proposed IHDEV model by permitting
physicians and coaches to understand better and visualize the real-time data about physical demand.
Figure 5(a) demonstrates the accuracy ratio.

(ii) Prediction ratio determination. As healthcare dataset is rich in quantity, data analytics is an im-
mense task. The artificial intelligence algorithms prepare this exertion of associating sensor constraints



Liu H, et al. Sci China Inf Sci June 2022 Vol. 65 162101:11

E
rr

o
r 

ra
te

 (
%

)

Number of devicesNumber of devices

Number of devicesNumber of devices

Number of devices

E
ff

ic
ie

n
cy

 r
at

io
 (

%
)

P
ea

rs
o
n
 c

o
rr

el
at

io
n
 c

o
ef

fi
ci

en
t 

(%
)

P
re

d
ic

ti
o
n
 r

at
io

 (
%

)

A
cc

u
ra

cy
 r

at
io

 (
%

)

(a) (b)

(c) (d) (e)

FTF-mHealth-IoT

FTF-mHealth-IoTFTF-mHealth-IoTFTF-mHealth-IoT

Figure 5 (Color online) (a) Accuracy ratio analysis; (b) prediction ratio determination; (c) Pearson correlation coefficient;

(d) efficiency ratio; (e) error rate.

and medical data. By examining this for a longer period, precision in health diagnostics can be better
enhanced. Information from the sports wearable sensors will experience the progression of recognition
of pattern AI technique. To manage more heterogeneous and constantly altering sensor information, AI
should be established further. These algorithms should be proficient in distributing with unavoidably
misplaced data values, information of varying dimensionality, streaming data, and semantics as sensors’
design often changes. Although the sensor data are statistical, health information is continuously strate-
gized to track the sportsperson’s health. The notion of visualization plays an important role in healthcare
data monitoring. The information from IoT wearable sensors is covered by utilizing diverse visualization
practices for efficient prediction. The visualization tools are necessary to interact with heterogeneous
data and predict emergency cases rapidly. The visualization tools to forecast results would have been
stable and accurate. However, with large groups of predictors and their interactions, proven approaches
become numerically robust. The proposed IHDEV-based visualization model handles the static images
for comparing a sportsperson’s medical reports. Figure 5(b) shows the prediction ratio.

(iii) Pearson correlation coefficient. Pearson correlation coefficient is the covariance of the two variables
separated by the product of their standard deviation. The definition includes a product-moment that
denotes the mean-modified random variables; henceforth, the name’s modifier is product-moments.

r =

∑

(yj − ȳ) (xj − x̄)
√

∑

(yj − ȳ)
2
(xj − x̄)

2
. (11)

As shown in (11), r denotes correlation coefficient, yj indicates values of the y-variable in a sample,
xj represents values of the x-variable in samples, x̄ denotes the mean of the values of the x-variables, ȳ
signifies the mean of the values of the y-variables. The Pearson coefficient is a measure of the strength
of the association between two continuous variables. For statistical analysis, the Pearson correlation
coefficient was used. A Pearson correlation is a calculation of a linear connection between 2 random
variables usually distributed. The simplest way to measure the correlation between variables of interest
is understood since it is dependent on the covariance principle. There was a significant correlation between
physical activities. Figure 5(c) shows the Pearson correlation coefficient rate.

(iv) Efficiency ratio. Sportspersons’ physiological data and physical activity data are attained by
wearable devices that syndicate small sensors to measure different physiological constraints, a communi-
cations platform, and slight preprocessing hardware for communicating the measured information. The
wearable necessity poses physical boundaries on the intention of the IoT sensors. The sensors should
be small, light, and not delay athletes’ actions and mobility. The prerequisite to operating on minor
batteries encompassed in the wearable packages requires energy efficiency. However, the battery might
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be replaceable or rechargeable; for convenience and to warrant that information is not lost during bat-
tery replacement or recharging periods, they should deliver prolonged durations of constant operations
without needing replacement or charging. The proposed IHDEV model enhances the model’s efficiency
ratio when compared to other existing approaches. Figure 5(d) demonstrates the efficiency ratio.

(v) Error rate. Besides the technology for data collection, access, and storage, health data visualization
and analysis are critical elements of the remote health monitoring system. Effective data visualization
may integrate date components in the treatment environment at various points to allow teams to con-
sider what other units in a care center do, the procedures and the information they gather and use to
assess their success. Precise monitoring and diagnoses of a sportsperson’s health status depend on an
analysis of health histories encompassing different physiological features over a long time. Allocating with
high dimensionality information in both quantity and time makes information analysis tasks moderately
trying and error-prone for healthcare staff. Sports training monitoring data must be understood with
an acquaintance of the visualization tool’s reliability, validity, and inferences for sports injury, illness,
and predictable athlete performance. Other aspects, like individualization, measurement error, and data
discretization, must be considered and deliberated. It is significant to consider the typical measurement
error when construing sportsperson data, as this error signifies the random variation that may arise be-
cause of technological and biological errors. The suggested IHDEV model decreases the error rate when
compared to other existing models. Figure 5(e) demonstrates the error rate.

In each scenario, the error rate for the method built is below a specific limit (<20%). Sportsperson
diagnosis is communicated to medical providers through a server, where the latest patient state can be
processed and examined. The prototype developed is ideal for health monitoring, as shown by device
efficiency. The proposed IHDEV model enhances the accuracy, prediction, efficiency, Pearson correlation
coefficient and reduces the error rate in sportspersons health data visualization when compared to other
existing baseline estimation and denoising with sparsity (BEADS), fog-assisted computational efficient
wearable sensor networks (FCEWSN), hybrid predicting model with Gaussian mixture method and collab-
orating topic modeling (HPM-GMM-CTM), FaultTolerant-Framework on mHealth (FTF-mHealth-IoT)
methods.

5 Conclusion

This paper presents the IHDEV model for enhancing multi-scaling data analysis and visualization in
the sportsperson health vision. The visualization of health data enables experts to present and report
important patterns and facts through diagrams, graphs, and graphics. Visualization of health records
is a valuable way to quickly and efficiently communicate urgent health information. Monitoring ath-
letes is important because as competition develops, the area of practice becomes crucial. Trainers and
sportspersons are looking for interactive visualization tools that can offer data based on their sportsper-
son’s performance and location on the field to give them the edge in the competition. There has been
an exponential rise in the quantity of sportsperson monitoring information gathered within-group sports.
The significance and successful advantages of the employment of IoT in sports healthcare monitoring
systems have been determined. The computing necessities for sportsperson monitoring and progressive
analysis of the information visualization and data attained by the IoT environment can overcome the
sensors’ abilities and PCs deployed by experts. The simulation analysis shows that the proposed IHDEV
model improves the accuracy ratio of 96.7%, a prediction ratio of 96.2%, an efficiency ratio of 96.8%, a
Pearson correlation coefficient of 98.2%, and the reduction of the error rate of 18.7% compared to other
existing models. Practically, sports management comprises the management of all business-related sport
concerns. The management professionals are responsible for administering a team, athletes, sports clubs,
tournament venues, sponsors of sporting events, etc. Current study limitations on ecosystem dynamics
and potential research issues are addressed to increase the meaning of coaches and managers’ meaning.

Ethical approval. All procedures performed in studies involving human participants were in accordance with the ethical

standards of the institutional and/or national research committee and with the 1964 Helsinki declaration and its later amendments

or comparable ethical standards.

Informed consent. Informed consent was obtained from all individual participants included in the study.
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