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Abstract 

Health reconnaissance frameworks are currently a more significant issue and examination subject. A few applications, like 

military, home consideration, medical clinic, athletic preparation, and the crisis control framework, have been laid out for 

wellbeing observation research. Competitors' lives require a lot of activity and exercise for wellness and wellbeing. The 

capacity to screen the imperative indications of the competitor that mirror the physical and physiological state of the 

individual, particularly during an apprenticeship, is fundamental both for the competitor and for the mentor to keep away 

from overtraining, wounds, and sickness or to change the power and time as per the information estimated — wearable 

checking gadgets associated with remote correspondence advances. In the model, utilizing remote innovations implies that 

devices utilized by competitors discuss information with other remote hubs progressively and make a small correspondence 

organization. The utilization of remote sensor correspondence and the need to impart between sensors has prompted the 

formation of wireless sensor networks (WSN) and wireless body area networks (WBANs). This paper presented a wireless 

sensor network-based athlete health monitoring (WSN-AHM) method and concentrated on their growth phases. Since it is 

a remote and versatile wellbeing reconnaissance arrangement, it can give medical care specialist organizations a valuable 

remote checking device to diminish the expense of their administrations. WSNs and their correspondence advancements 

and principles can be utilized in these reconnaissance applications, accentuating wearing exercises through the entire and 

relative show of realities on well-known correspondence conventions. 

Keywords: Wireless Body Area Networks; Athlete; Health; Wireless communication; Wearable Sensors 

1. Introduction 

As the micro-integrated circuitry industry develops, the processors get shorter and consume less power, resulting in small-

powered intelligent objects [1]. The combination of telehealth and medical services has been enhanced by Wireless Sensor 

Networks (WSN), which can be used to track information about the physical activities of individuals in everyday life or 

hospitals' outpatient facilities, depending on these technical advances [2]. The consequence was the emergence of WBAN, 

which links a range of intelligent micro sensors worn on the body surface or inserted inside the body to constantly monitor 

critical physiological data in real-time [3]. Currently, the investigation into wireless networks continues to confront 

numerous obstacles and problems; energy supply, management of power consumption, the standard of care, range to 

communications, and safety are all concerns that need to be considered in researching wireless networks [4].  

The main challenge of wireless body area communications study, which defines the network's lifespan cycle, includes the 

power supply issue and the power supply route, affecting the network's use experiences [5]. The primary difference 

between the Wireless Local Area Network (WLAN) and the prior communications system is that the wavelength spectrum 
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is allocated. Cognition wireless networks include four procedures to accomplish that objective: spectral bands, spectrum 

decisions, the sharing of bandwidth, and mobility or spectrum shifting as miniaturization features are common to most 

Internet of Things (IoT) devices in the body sensor system [6-7]. The storage power density of the node is restricted, and 

the amount of energy that can be sent is minimal. The networking stops tracking the individual body once the battery 

power is spent, endangering the participant's safety and life [8, 9]. Furthermore, replacing the battery and charging it is 

highly uncomfortable, particularly for the IoT devices within the human, and replacing the batteries that significantly 

restrict the limitless body surface grid is very complicated or unworkable [10]. 

Concerning physical use in hospitals, the network for wireless body areas also monitors the normal health of sportspersons 

and can supervise the sports heartbeat, pulsation, tiredness level, and other essential transaction data, which can enhance 

not only the productivity of formal training for sportspeople, but also end up making the learning of sportspeople more 

planned [11-13]. In everyday life of people, the wireless communication network has significant uses. The authors lay out 

an individual general health-monitoring device that combines multidimensional information on physical wellness and 

efficient identification in one, which collects information produced from the training processes of learners and centralized 

testing, in many ways in a realistic environment, to reduce accidents while doing sports and inhibit misrepresentation of 

data in sporting events [14-15].  Various medical information and exercise levels are successfully obtained with wearable 

gadgets. The information gathered is analyzed using several deep-learning approaches to classify health changes [16]. 

Although machine learning approaches forecast and evaluates health behaviors, they still need to increase predictive 

performance and early prediction processes. The typical physical-health surveillance technique takes longer to exact the 

degree of endurance, and an athlete's special health status is difficult to forecast [17]. The highlights and merits of the 

proposed model are listed as follows: 

 Wearable sensing gadgets based on the Internet of Things (IoT) are used to gather the person involved in the game. 

Wearable technologies overcome problems in the traditional approach of collecting medical information. 

 The effectiveness of the health surveillance network has been addressed and forecasted in a mathematical formula. 

 The system developed employs a profound lean idea for training medical information for the sportsman and improving 

the prior medical exams. 

 The suggested method enhances smartwatch wear ability for athletes who examine personal health information in real 

time. 

The remaining sections of the document are organized as follows. Section 2 explores related works on wearable sensors 

for health monitoring. The wireless sensor network-based athlete health monitoring (WSN-AHM) method has been 

elaborated in section 3. Section 4 consists of the analysis and findings obtained from the proposed model. Finally, the 

conclusion and possible studies have been outlined in Section 5. 

2. Literature Review 

The ongoing development of electrical information technologies has brought more sophisticated wearable gadgets that 

individuals can readily utilize in their everyday life [18], such as mobility, low flexibility, and low price. Mobile sensors 

can also be termed wearables, as they gather different data, particularly physiological parameters, and psychobiographers, 

produced by the physical actions of humans much as microprocessors do [19]. First created in 1972, were wearing gadgets, 

and the creator was the IBM Research Lab in the USA. 

The innovation, designed to make life easier for people, is a mix of several senses and a control unit that makes it possible 

to analyze data in a transportable environment and turns analog material into digital information [20]. The investigators 

developed a Markov chain concept based on the motion of the human body for power collection of wireless connections. 

They computed the loss of energy usage data to create prerequisites for developing future energy recovery endpoints for 

wireless body networks [21]. The investigators developed a chain-based prototype. 

In [22], the scholars presented a cross-layer design approach to maximize energy usage from various topologies. 

Investigators created a strategic energy-efficient data distribution based on the energy collection for wireless 

communication technologies. Mobile networks can pick the optimum data transfer level. Based on the investigation above, 

the introduction of postponed transmitting into the wireless body sensor network, based on narrow wireless communication 

networks associated with limited power and transmitting the wireless body surface power and the poor effectiveness of 

electricity information transmission [23], was regarded. 
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Upon deriving, analyzing, simulating, and other procedures, it is examined if the wireless body sensor networking 

problems can be resolved or when the network is appropriate for the wireless body area networks. The authors in [24] 

suggested combining minimal parametric patchy matrices in a WBAN with optimizing-based convex. The author discusses 

wireless power and data transfer in [25], and three operation models to illustrate major design problems, answers, and 

possibilities are developed. The dependability of WBANs has been studied, and WBAN based on network life cycle is 

quantified. 

The dependability of WBAN is measured based on the networking life cycle. A generalized dependability formula 

represented by the number of detectors, group characteristics protocol (GCP), and the upper/low-reliability limits are 

obtained. Based on the reliability's orthogonality, a GCP method for the average sensing life of each network and the 

optimum dependability number of detectors are provided. 

Zhang et al. offer an architecture for mHealth connectivity and remote IoT monitoring equipment [26] for administering 

health data using IoT-based remote monitoring devices. The highly dynamic and contradictory individual health data 

increases statistical analysis and categorization procedure complications. The connectivity framework provides significant 

technical advancements that enable personal medical surveillance systems with essential remote control systems. 

It delivers patient surveillance capabilities across the gateways and personal clinical phones to effectively transfer sensor 

data acquired from smart objects and RFID tags. A new protocol is dubbed a data aggregating and pre-processing module 

for the efficient and reliable incorporation of sensors projecting in the immediate surroundings [27]. When used in a real-

time context, this intercom system offers considerable advantages. Furthermore, this technique is controlled in synchronous 

and asynchronous forms with detailed real-time information. 

This study develops an Internet-based wearable health surveillance system to carry out individual or collective exercise 

physiology health surveillance [28]. The innovation comprises most of the wearable terminals, a versatile insightful 

terminal, and a public cloud for medical care checking. They accumulate and pre-process the data on the actual wellbeing 

marks of the singular body and afterward move them to the versatile keen terminal utilizing ZigBee's remote innovation 

or Bluetooth organizations. 

The compact wise terminal uses the WiFi organization to move the actual identifiers of different actual measurements of 

the human body into the cloud model for information handling and sharing on a cloud administration to direct information 

distinguishing proof, remote information sending, old information the executives, information pattern depiction, shrewd 

gamble cautioning, and so on. This article utilizes optimal approaches to improve the condition of the sporting person to 

overcome these problems. 

3. Athlete health monitoring system using wearable sensors 

The developing trend with a significant advantage to athletes is IoT-enabled health services for general health tracking and 

analytics in sports activities. The sportsmen's health samples are gathered via the sequence of wearable technology devices 

and sensors implanted into the person's body in an IoT-oriented medical system for sporting purposes.  Smart glasses, 

Bluetooth monitors, intelligent rings, smart socks, intelligent pants, smart clothing, smart wristbands, smart finger tees, 

smartwatches, and many others are all included in wearable intelligent gadgets. 

Numerous sportsmen and women are gathered and analyzed employing IoT applications using these connected phones, 

such as heartbeat, glucose, temperatures, blood sugar, calories burnt, sportsman's length, and other data about their specific 

fitness. 
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Figure 1. The WSN-AHM method 

Figure 1 shows the architecture of the proposed WSN-AHM method. This method has wearable technologies for a 

sportsman with athlete’s activity recognition and, medical center, family connections. The physical measurements, such 

as heart rate, body temperature, respiration, blood pressure, etc., are monitored for the sportsperson—the specific task for 

IoT-based sporting environmental application areas. The e-health network, founded on IoT, is utilized by the sportsperson 

who collects health information by wearing smart gadgets. The information generated by wearable gadgets is used to track 

and recognize every athlete's activities fully. During the different actions of an athlete, including running, jumping, foot, 

kneeling, laying, ascending, and so on, the health variables such as pulse rate, hypertension, sugar levels, and oxygen 

concentration are thoroughly analyzed. Furthermore, athletes' medical problems are checked and assessed for sensitive 

signs during the activity. The data acquired from the sensor nodes can be stored through stocking channels such as storage 

centers or cloud services for visualization and interpretation. 

3.1 Wearable devices for healthcare applications 

The sporting person's continual health surveillance with wearable devices is explained in this section. Wearable gadgets 

are utilized with different technology and mobile-linked peripherals. The data is continually gathered from the smartphone 

and saved in the cloud server. In this piece, information from mHealth [29] is utilized to evaluate and track the actions of 

sportspeople. The data records the lead by installing the devices on the patient's psyche, which provides details such as 

walking, lying, laying, exercising, running, etc. These data are gathered using machine learning methods to anticipate 

sportsmen's improvements. Downloaded material from the cloud was produced using the Bayesian deep classifiers during 

the analysis procedure.  
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Figure 2. System working of the proposed WSN-AHM method 

Figure 2 illustrates the system working on the proposed WSN-AHM method, in which the sports individual linked via 

portable apps uses additional wearable gadgets. This data is then gathered and transferred over the digital media to the 

medical center and the physician. The data obtained is then analyzed using the optimal classification system. The IoT 

wearable sensor devices are connected to wearable devices and access points to connect with the network. Finally, the 

predicted health condition of the sportsperson is evaluated and continuously monitored. 

3.2 Recovery and cleansing of data 

As mentioned before, the first stage is data recovery to track health information for patients. The initial phase is data 

collecting. The collection includes further information obtained by putting devices on the participant's heart, left knee, and 

right handle. In addition to wearable sensors, extra physical actions are required to capture different amounts of data. The 

placed devices gather data about the heart rate, running, resting, activity, etc. About 12 actions are required to collect data 

(standing, lying, curving, running, bicycling, leaping, racing, reclining, hiking, ascending stairs, folding of knees, skiing 

at the front and the rear). 

A gadget with three sensors captures the data. After collecting the data from the portable sensors, efficient machine 

teaching approaches are required to forecast people's health. The data obtained lacks value to be removed to improve the 

overall surveillance system for wellness. Let take 𝑗 = 𝑗1, 𝑗2, ⋯ , 𝑗𝑛, the sensing data that has been gathered in columns, 

rows, or any other sensor data. So, the missing data must be deleted using the average value of a certain sorted array. The 

average is calculated with Equation (1) 

𝑀𝐷 =
∑ 𝑗𝑥

𝑛
𝑥=1

𝑁
          (1) 

MD has also been reflected in the portable sensors gathered data as the median value of certain rows or columns, also 

shown as the empty value calculated. 𝑗𝑥 is expressed as a set of particular data columns, and N represents the total database 

sensor information. The acquired knowledge should be standardized by creating physical health surveillance systems that 

are easier to forecast. The procedure of standardization is measured by calculating in the next row the lowest and highest 

integers and is shown in Equation (2) 

𝑗′ =
𝑗−min(𝑗)

max(𝑗)−min(𝑗)
          (2) 
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𝑗′ is shown in Equation (2) as standard sensing health information. 𝑗 is the gathered health information, 𝑚𝑖𝑛(𝑗) is the least 

value of the database, and 𝑚𝑎𝑥(𝑗) is the highest value of the given database. 

3.3 Feature extraction 

In this stage, the original raw information from various participant locations utilizing detectors is treated to reduce 

dimensionality, to minimize processing groupings. The degree of curve in cardiac rates found several procedures: the 

individual serving the balls has smoothly increased, the ball (object) is blocked, the thing is gradually lowered, the object 

is attacked swiftly, and the object is steadily risen and finally grabbed. The main analytical element of the information 

gathered comprises cardiovascular rhythm, aberrant heartbeat variations, cardiac relaxation, heartbeat cycles, and 

Electrocardiogram. All of the procedures correlate, and at these distinct phases of sporting events, it had three empirical 

designs. 

 The first aspect is that it considers the mean pulse rate a calming pulse rate before sporting events. 

 The second component produces the completion time of the activity when smartwatches estimate the pace of 

basketball games. 

 The last characteristic removed specifies the reduction in heart rates (gradient) as a restoration of pulse rate within 60 

seconds following the conclusion of the activity. 

3.4 Radial-basis function network (RBFN) 

This networking is artificial neuronal networking that functions as a stimulus mechanism using the radial base. Neuron 

restrictions and the radial foundation function result from a linear model. The operation, numerical simulation, power 

systems, and categorization are used for this linear regression. This system comprises three layers: an input node between 

such a remote unit with non-linear Radial-basis function (RBF) neural networks and a normal output vector. 

 

Figure 3. The architecture of the RBF network 

The image of the RBF network consisting of m-input and m-output modeling is illustrated in Figure 3. It has an input layer, 

output layer, and radial basis function. RBF cells are the layers that supply the input amounts to the neural network and 

layers in the outputting level and are known as linear learners. The source of the actual numbers 𝑉 ∈ 𝑍𝑚. should be 

classified by vector. The scaling variable is specified in Equation (3) as an outcome for the source networks, 𝑍𝑚 → 𝑍. 

𝜑(𝐴) = ∑ 𝑥𝑘𝜌(|𝑉 − 𝑐𝑘|)𝑃
𝑘=1          (3) 

Here  𝜌 are complete neurons in hidden layers, 𝑐𝑘 is the cell k scalar centers and 𝑥𝑘 is the sequential neuron kth. The scalar 

length mechanically symmetrical of the matrix, which relies on the function, raises the radius component's name. V is the 

source number. All the concealed cells are typically coupled to each of the neural networks. The probabilistic function is 

considered the radius function of Equation (4). 

𝜌(|𝑉 − 𝑐𝑘|) = 𝑒−𝛽|𝑉−𝑐𝑘|2
         (4) 
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𝑐𝑘 is the cell k scalar origins, V is the source number, 𝛽 is the scaling factor. The Gaussian foundation feature is located 

in the middle variable, and it is expressed in Equation (5), 

𝜌(|𝑉 − 𝑐𝑘|) = 0          (5) 

Network learning in RBF was performed using source pairs and measured values. The source value is denoted V, the 

particular cell's center point is denoted 𝑐𝑘. The hidden layer neurons are denoted as 𝜌. The source pairs 𝑥(𝑓), 𝑦(𝑓), 𝑓 =
1,2, ⋯ , 𝐹 here is x(i), y(i) are the intended input and  output. The first stage in this networking is that 𝑐𝑘 The RBF function 

center vector is selected in the networks as the hidden units. For different sets of cases, this starting point can be 

independently selected.  The next stage of the networking is utilizing the coefficients 𝜔𝑘  to match the linear modeling of 

the outcomes in the cached layers to an impartial functionality. The unbiased variable is the lowest often utilized variable 

in Equations (6) and (7), 

𝑊(𝑗) = ∑ 𝑊𝑓(𝑗)𝐹
𝑓=1           (6) 

where, 

𝑊𝑓(𝑗) = (𝑦(𝑓) − 𝜑(𝑥(𝑓), 𝑗))2        (7) 

The input function is denoted 𝑥(𝑓), and the output function is denoted 𝑦(𝑓). Dependency loads are specifically included. 

The lowest square optimization techniques are minimized by using loads to ensure optimal choice fitness. Various 

objectives, including precision and cleanliness, are developed. A normalized goal variable is at this stage important to 

enhance, and it is expressed in Equation (8) 

𝐻(𝑗) = 𝑤(𝑗) + 𝜆𝑅(𝑗) = ∑ 𝐻𝑓(𝑗)𝐹
𝑓=1         (8) 

𝑅(𝑗) = ∑ 𝑅𝑓(𝑗)𝐹
𝑓=1  and 𝐻𝑓(𝑗) = 𝑊𝑓(𝑗) + 𝜆𝑅(𝑗), Where R improvement enhances smoothing, 𝜆 is known as the 

regularisation variable 

3.5 Probabilistic neural network (PNN) 

There are three distinct conditions in PNN Such as the statistic procedure, the Bayesian network derives. If every category's 

functional likelihood densities are the same, the Gaussian dispersion is normal. Any categorization that employs the 

Gaussian dispersion of the correlation likelihood distribution variable is cross-sectional and has the same values 

worldwide. 

Several input components, d units design, and b-category units are available. The internal product is formed by unit designs, 

with the design vector being 𝑖 = 𝑁𝑓𝑧 creates, then 𝑒
(

𝑖−1

𝜎2 )
 is produced, whereby the system recognizes the variable √2, 

which is equivalent to a value of two times that of Gaussian.  

 

 

Figure 4.   PNN architecture 
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The architecture of PNN employed for the suggested scenario is described in Figure 4. It has an input, summation, pattern, 

and output layer. The input of the PNN is relaxing heart rate, finishing time off the action, and heart rate recovery. The 

design created in the pattern layer links the summing level to the input vectors. Each element's functionalities meet every 

class using the sphere concentration window, which uses the symmetrical Gaussian screen to create a correlation, where 𝐼 

has the l * l vector. If xth input is represented by the 𝑧𝑥,𝑦 and 𝑁𝑥𝑦 by its value, the type of training for 𝑥 = 1, 2, … , 𝑛 and 

𝑦 = 1,2, … , 𝑑 is given: 

 

PNN learning method 

Phase 1: Set x = 0, m = maximum designs.  

Phase 2: Do x=x+1 

Phase 3: Normalization: 𝒛𝒙,𝒚 ←
𝒛𝒙,𝒚

(∑ 𝒛𝒙𝒚
𝟐𝒅

𝒚=𝟏 )
𝟏/𝟐 

Phase 4: Training:𝑵𝒙𝒚 ← 𝒛𝒙,𝒚 

Phase 5: If 𝒛 ∈ 𝑵𝒚 then 𝒃𝒚𝒆 = 𝟏 

Phase 6: Repeat Phase 4 until x= m 

Phase 7: Stop 

Pattern c should be categorized as follows: each design shall have input elements. Each unit template calculates the inner 

components, and it is expressed in Equation (9): 

𝑗𝑝 = 𝑁𝑝
𝑓

𝑧           (9) 

A regressive feature 𝑗𝑝 has been issued. The fuzzy input is denoted as z. The contributions of each unit model to its 

corresponding unit categories correspond to the likelihood of a test point forming from the Gaussian center to the 

complementary point learning. ℎ𝑗(𝑘)  does the addition of local estimations produce a discriminating function value. The 

favorite subcategory of the sample point is max(ℎ𝑗(𝑘))And it is expressed below. 

Categorization using PNN 

Phase 1: Start setting j = 0, z= pattern 

Phase 2: Do 𝒋 + 𝟏 → 𝒋 

Phase 3: Compute the inner object of design units. 

Phase 4: If 𝒃𝒚𝒆 = 𝟏Then 𝒉𝒆 = 𝒉𝒆 + 𝒆
(

𝒊−𝟏

𝝈𝟐 )
,  

Phase 5: Until j = m 

Phase 6: Return 𝒄𝒍𝒂𝒔𝒔 ← 𝒂𝒓𝒈(𝒎𝒂𝒙(𝒉𝒋(𝒌)))  

Phase 7: Stop 
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3.6 Levenberg-Marquardt (LM) 

This method addresses minimal non-linear sectors, and the LM method is widely employed. It is a mixture of linear 

regression and Gauss-Newton techniques. The adaptable performance of the system addresses problems. If gradient-

descent in the Backward Projection (BP) procedure is employed, the user becomes more sluggish, and the effectiveness is 

best when Gauss-newton is stated in BP. The Hessian estimate is calculated in Equation (10), and the gradient computation 

is calculated in Equation (11): 

𝐽 = 𝑃𝑇𝑃           (10) 

𝑓 = 𝑃𝑇𝑥           (11) 

Where P displays the Jacobian array, and x is the linear networking fault. And LM works as the system is shown in 

Equation (12). 

𝑣𝑥+1 = 𝑣𝑥 − [𝑃𝑇𝑃 + 𝛾𝐼]−1𝑃𝑇𝑥        (12) 

𝑣𝑥+1 means a new weight employed with the aid of the Newtonian algorithm for the estimation of the slope component 

and current weight 𝑣𝑥. The jacobian array is denoted P. The linear error is denoted x. The scaling factor is denoted as 𝛾, 

and the Identity matrix is denoted as I. 

3.7 System for the tracking of physical exercise 

The software architecture involves the simulation design of the proposed WSN-AHM method for the sportsperson's 

physical activity monitoring and tracking. 

 

 

Figure 5.   WSN-AHM method workflow 
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Figure 5 shows the proposed WSN-AHM method workflow. The primary control module is selected to obtain and analyze 

clinical signals, create a WIFI connection with the applicant side, transmit and receive wireless alerts and refresh the 

wristband screen in virtual environments, depending on the on-chip connection. In this architecture, relay nodes employ 

protocols for allocating time or algorithms for resource distribution to decipher data, provide a mechanism, and then utilize 

the power gathered to help transmit information. In addition to extending the connection length while increasing the 

transmitting rate and capability, cooperative transmitting rises. 

It is imperative to the foundation and industry for correspondence guidelines. In awful channel status or inconsistent 

assignment of various IoT gadgets, hand-off hubs utilized in remote body region organizing are mostly responsible for 

little by little information trade on the correspondence conventions among endpoints and having a place with the various 

layers. The helpful correspondence of unravels and sending is used in this article as a type of hand-off correspondence. 

Wireless body-area networking is a short telecommunication system that considerably enhances the carrier state among 

relay stations with relay transmissions. They can, in various ways, also prevent the interferences produced by 

communications from numerous destination nodes. 

A service agent (SA) method was created to resolve the Physical activity (PA) partly collision phenomena and splits time 

into various discrete PA-based time slots dividing time into three distinct sorts of time frames: succeeding time slots, 

operational timings, and inactive timings, depending on the number of messages provided by tag. The time window should 

be longer than necessary for the transfer of information. The tag is identified effectively in the achievement frame, and the 

label sends information on an inactive period; the tag colligation happens because of the numerous tags that transmit data, 

and the framework-randomized interruption several magnitudes before the collimation has sent data back to all of the 

labels, and the method ends with achievement. 

After the label data is identified, the scanner delivers the response signal to the label and the label is inactive, and after all 

labels are properly detected, the algorithm terminates. Because of the PA method, the labels randomly broadcast 

information, and the signal periods of several labels partly coincide, which causes the information between tags to conflict. 

A limited collision is occurring. Consequently, the rate is quite low, at only 12.4 percent. All sensing nodes are located in 

or outside the person in a wireless connection, and the terminals are not distant from one another. Therefore, the range 

between all IoT devices and the RF power antennas or portable equipment is virtually the same. 

However, the difficulty stems mostly from the differences in channel capacity between endpoints and the fact that the 

wireless medium requirements of IoT devices vary considerably in wireless body networking, human body parts, 

extremities, and clothes. Hence, there is still injustice in wireless connections, and the unequal allocation of transmission 

between terminals can affect the customer experience and potentially jeopardize consumers' security.  

The information focuses are displayed on the wearable showcase, and an alarm is activated if the data is out of the typical 

reach. The server upholds the factors entered. The regulated individual can download the individual's data constrained by 

the login data. Then the sportsman can comprehend body and pulse rate throughout physical training, manage his physical 

health during workouts, and efficiently prevent sports collisions. All the results are calculated on the computer in sequential 

order. These data can also be utilized to build personalized training regimens for the greatest performance. 

4. Software evaluation 

The solution has been analyzed using functional prototyping, and its effectiveness is examined. Broad experiments are 

used to evaluate the system presented. It offers the data on the entrance of the facts in this section, following the evaluation 

and the measurements of the method suggested. 

4.1. Experimental configuration. 

It gathered real information from several players performing different basketball activities to identify the efficiency of the 

proposed model. Data is captured with Electrocardiogram (ECG) and barometer and captured by an IoT architecture at the 

data center. 

4.2. Data collection 

It had incorporated the ECG sensor, which receives data from sensors in the participant's body, to this variant with a 

smartwatch, which features a built-in Health Monitoring Detector. The ECG-ensuring data is subsequently sent to the 

ECG-collecting device, which is calculated at the end. The analysis of primary information of individuals who play 
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different basketball games has gathered 500 test people who play various games, including serving, stopping, burrowing, 

receiving, and basketball assault. 

 

Figure 6(a). Existing GCP model Error analysis 

 

Figure 6(b). WSN-AHM method Error analysis 
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 Figures 6(a) and 6(b) show the mistake investigation of the current GCP model and the proposed WSN-AHM strategy 

separately. The number of sportspersons for the reenactment examination changed from 50 to a limit of 500. The individual 

mistake rate investigation of the wellbeing checking information is assessed for the proposed WSN-AHM technique, and 

the outcome is contrasted and the current model. The outcomes show that the proposed WSN-AHM strategy has the best 

presentation as far as the least blunder rate in every one of the situations. The proposed WSN-AHM technique, with the 

assistance of wearable sensors and RBF, produces higher outcomes. 

Table 1: Error rate analysis of the proposed WSN-AHM method 

Number of 

sports persons 

GCP WSN-AHM 

50 54 21 

100 53 27 

150 52 21 

200 50 31 

250 54 25 

300 53 32 

350 52 22 

400 55 30 

450 58 21 

500 54 27 

Table 1 shows the mistake rate examination of the proposed WSN-AHM technique. The competitors' wellbeing is 

persistently checked, and the actual outcome is contrasted and the outcome estimated by the reproduction device. The 

deviation of these shows the blunder pace of the strategy. The blunder pace of the proposed WSN-AHM strategy is 

investigated, and the outcome is contrasted and the current GCP model. The deliberate consequences of the current and 

proposed models are organized in the above table. The outcomes portray that the proposed WSN-AHM strategy has the 

most minimal mistake rate than the current model for the circumstances. 

 

Figure 7(a). Precision analysis of the existing GCP model 
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Figure 7(b). WSN-AHM method Precision analysis 

Figures 7(a) and 7(b) show the precision analysis of the existing GCP model and the proposed WSN-AHM method, 

respectively. The simulation is carried out using the dataset by varying the number of sportspersons from minimum to 

maximum. The respective performance of the proposed WSN-AHM method is analyzed and compared with the existing 

GCP model. The measured results of the existing and proposed WSN-AHM methods are analyzed and plotted in the above 

figures. The results show that the proposed WSN-AHM method has the highest performance of the existing model. 

Table 2: Precision analysis of the proposed WSN-AHM method 

Number of 

sports persons 

GCP WSN-AHM 

50 91.2 91.8 

100 91.6 92.6 

150 91.2 93.6 

200 90.6 94.6 

250 91.6 96.2 

300 90.8 94.8 

350 91.7 94.2 

400 91.9 95.1 

450 90.4 94.1 

500 91.8 95.6 

Table 2 shows the accuracy examination of the proposed WSN-AHM technique. The reenactment is done by changing the 

number of sportspersons from least to greatest. The separate accuracy in the reenacted and observed results are examined, 

and the outcomes are noted for the proposed WSN-AHM strategy. The exhibition of the proposed WSN-AHM technique 

is assessed, contrasted and the current model, and arranged in the above table. The outcomes show that the proposed WSN 

AHM technique has a best exhibition than the current model for every one of the circumstances. 
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Figure 8(a).   GCP model Recall analysis 

 

Figure 8(b). WSN-AHM method Recall analysis 

 Figures 8(a) and 8(b) show the review examination of the current GCP model and the proposed WSN-AHM technique 

separately. The quantity of sportspeople shifts from at least 50 to a limit of 500 with a stage size of 50. The individual 

review of the proposed WSN-AHM technique and the current model are examined and contrasted. The deliberate outcomes 

for the current and the proposed WSN-AHM technique are broken down and plotted in the above figures. The outcomes 

show that the proposed WSN-AHM strategy performs better than the ongoing technique for all circumstances. 
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The proposed WSN-AHM strategy is planned, executed, and assessed in this part. The reenactment results of the proposed 

WSN-AHM strategy are estimated and contrasted and the current model. The outcomes demonstrate that the proposed 

WSN-AHM technique has the best exhibition of the current model for every one of the circumstances.  

5. Conclusion and future scope 

The proposed system uses the wireless sensor network-based athlete health monitoring (WSN-AHM) method to develop 

a mobile technology-based wireless body area network to monitor sportspeople's health. In this research, data from the 

mHealth database is utilized to assess the health surveillance system based on sensors. Through three wearable sensors, 

this data collection captures information and gives much relevant information. The portable information collected is 

analyzed using noise reduction methods to remove noise from the database. Health must then be checked by giving the 

correct training using the Bayesian networks. The proposed computer-based feature aggregation value deletes a strong 

classification model from the data. Eliminating weaknesses in the list successfully enhances the overall surveillance of 

health. The device's effectiveness is then assessed using the MATLAB-based performance investigation, wherein up to 

94.3% precision is assured. Optimally evaluation metrics procedures can handle the smart gadgets' information to improve 

the entire research process further. It provides healthcare service providers with a beneficial remote monitoring tool to 

reduce the cost of their services. 

References 

[1] Sah, D. K., Nguyen, T. N., Cengiz, K., Dumba, B., and Kumar, V., “Load-balance scheduling for intelligent 

sensors deployment in industrial internet of things,” Cluster Computing, pp. 1-13, 2021. 

[2] Baskar, S., Shakeel, P. M., Kumar, R., Burhanuddin, M. A., and Sampath, R., “A dynamic and interoperable 

communication framework for controlling the operations of wearable sensors in smart healthcare 

applications,” Computer Communications, vol. 149, pp. 17-26, Jan. 2020, doi: 10.1016/j.comcom.2019.10.004. 

[3] Manogaran, G., Alazab, M., Song, H., and Kumar, N., “CDP-UA: cognitive data processing method wearable 

sensor data uncertainty analysis in the internet of things assisted smart medical healthcare systems,” IEEE Journal 

of Biomedical and Health Informatics, 2021. 

[4] Shakeel, P. M., Baskar, S., and Selvakumar, S. W. P. C., “Retrieving multiple patient information by using the 

virtual MIMO and path beacon in wireless body area network,” Wireless Personal Communications, vol. 108, no. 

4, pp. 2359-2370, Oct. 2019, doi: 10.1007/s11277-019-06525-5. 

[5] Nguyen, T. N., Le, V. V., Chu, S. I., Liu, B. H., and Hsu, Y. C., “Secure Localization Algorithms Against 

Localization Attacks in Wireless Sensor Networks,” Wireless Personal Communications, pp. 1-26, 2021. 

[6] Hammad, M. et al., “Automated detection of Shockable ECG signals: A Review,” Information Sciences, 2021. 

[7] Gao, J., Wang, H., and Shen, H., “Smartly handling renewable energy instability in supporting a cloud 

datacenter,” in 2020 IEEE International Parallel and Distributed Processing Symposium (IPDPS), New Orleans, 

LA, USA, May 2020, pp. 769-778. 

[8] Amudha, G., Jayasri, T., Saipriya, K., Shivani, A., and Praneetha, C. H., “Behavioural Based Online Comment 

Spammers in Social Media,” [Unpublished]. 

[9] Devarajan, M., Subramaniyaswamy, V., Vijayakumar, V., and Ravi, L., [Title not provided], 2019. 

[10] Muthu, B. et al., “IOT based wearable sensor for diseases prediction and symptom analysis in healthcare 

sector,” Peer-to-Peer Networking and Applications, vol. 13, no. 6, pp. 2123-2134, Nov. 2020. 

[11] Nguyen, G. N., Le Viet, N. H., Elhoseny, M., Shankar, K., Gupta, B. B., and Abd El-Latif, A. A., “Secure 

blockchain enabled Cyber–physical systems in healthcare using deep belief network with ResNet model,” Journal 

of Parallel and Distributed Computing, vol. 153, pp. 150-160, Jul. 2021. 

[12] Chi, X. et al., “Study of photoluminescence characteristics of CdSe quantum dots hybridized with Cu 

nanowires,” Luminescence, vol. 31, no. 7, pp. 1298-1301, Nov. 2016. 

https://doi.org/10.54216/FPA.210222


 

Fusion: Practice and Applications (FPA)                                                              Vol. 21, No. 02. PP. 353-368, 2026     
 

368 
DOI: https://doi.org/10.54216/FPA.210222        
Received: March 04, 2025 Revised: June 06, 2025 Accepted: July 30, 2025 

[13] Awuson-David, K., Al-Hadhrami, T., Alazab, M., Shah, N., and Shalaginov, A., “BCFL logging: An approach to 

acquire and preserve admissible digital forensics evidence in cloud ecosystem,” Future Generation Computer 

Systems, vol. 122, pp. 1-13, Sep. 2021. 

[14] Amudha, G., “Dilated Transaction Access and Retrieval: Improving the Information Retrieval of Blockchain-

Assimilated Internet of Things Transactions,” Wireless Personal Communications, pp. 1-21, 2021. 

[15] M. A. Alshahrani, A. Alhussein, and S. A. Alhajri, “A Smart IoT-Based Framework for Enhancing Energy 

Efficiency in Smart Cities,” Sustainable Cities and Society, vol. 68, pp. 1-12, May 2021, doi: 

10.1016/j.scs.2021.102769. 

[16] Huifeng, W., Shankar, A., and Vivekananda, G. N., “Modelling and simulation of sprinters' health promotion 

strategy based on sports biomechanics,” Connection Science, pp. 1-19, 2020. 

[17] Elhoseny, M. et al., “A new multi-agent feature wrapper machine learning approach for heart disease 

diagnosis,” Comput. Mater. Contin, vol. 67, pp. 51-71, 2021. 

[18] Yao, H., Wang, Y., Montenegro-Marin, C. E., and Hsu, C. H., “Internet of things-based technological acceptance 

learning management framework for the physical education system,” Technology and Health Care, (Preprint), 

pp. 1-15, 2021. 

[19] Andrews, M. R. et al., “Neighborhood environment perceptions associate with depression and cardiovascular risk 

among middle-aged and older adults: Data from the Washington, DC cardiovascular health and needs 

assessment,” Aging & Mental Health, pp. 1-12, 2020. 

[20] Lee, Y. H., Kweon, O. Y., Kim, H., Yoo, J. H., Han, S. G., and Oh, J. H., “Recent advances in organic sensors 

for health self-monitoring systems,” Journal of Materials Chemistry C, vol. 6, no. 32, pp. 8569-8612, 2018. 

[21] Breda, J. et al., “Promoting health-enhancing physical activity in Europe: Current state of surveillance, policy 

development, and implementation,” Health Policy, vol. 122, no. 5, pp. 519-527, May 2018. 

[22] Cui, D. et al., “A novel voluntary weightlifting model in mice promotes muscle adaptation and insulin sensitivity 

with simultaneous autophagy and mTOR pathway enhancement,” The FASEB Journal, vol. 34, no. 6, pp. 7330-

7344, Jun. 2020. 

[23] Liu, Q., Mkongwa, K. G., and Zhang, C., “Performance issues in wireless body area networks for the healthcare 

application: a survey and prospects,” SN Applied Sciences, vol. 3, no. 2, pp. 1-19, Feb. 2021. 

[24] Jararweh, Y., Al-Ayyoub, M., and Benkhelifa, E., “An experimental framework for future smart cities using data 

fusion and software-defined systems: the case of environmental monitoring for smart healthcare,” Future 

Generation Computer Systems, vol. 107, pp. 883-897, Jun. 2020. 

[25] Xiao, N., Yu, W., and Han, X., “Wearable heart rate monitoring intelligent sports bracelet based on Internet of 

things,” Measurement, vol. 164, p. 108102, Oct. 2020. 

[26] Zhang, Y. et al., “ELMO: An efficient logistic regression-based multi-omic integrated analysis method for breast 

cancer intrinsic subtypes,” IEEE Access, vol. 8, pp. 5121-5130, 2019. 

[27] Zhang, Q., Wang, T., Huang, K., and Chen, F., “Efficient dispatching system of railway vehicles based on Internet 

of things technology,” Pattern Recognition Letters, vol. 143, pp. 14-18, Mar. 2021. 

[28] Gómez-Carmona, O., Casado-Mansilla, D., Kraemer, F. A., López-de-Ipiña, D., and García-Zubia, J., “Exploring 

the computational cost of machine learning at the edge for human-centric Internet of Things,” Future Generation 

Computer Systems, vol. 112, pp. 670-683, Nov. 2020. 

[29] Khoshmanesh, F., Thurgood, P., Pirogova, E., Nahavandi, S., and Baratchi, S., “Wearable sensors: At the frontier 

of personalized health monitoring, smart prosthetics, and assistive technologies,” Biosensors and Bioelectronics, 

p. 112946, 2020. 

[30] “UCI Machine Learning Repository: mHealth Dataset,” [Online]. 

Available: http://archive.ics.uci.edu/ml/datasets/mhealth  

 

https://doi.org/10.54216/FPA.210222

