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1. Introduction 

Health is a fundamental aspect of human life, often defined as the absence of illness and the presence 

of good physical and mental well-being. Across societies, increasing attention is being directed 

towards healthcare systems, which are rapidly incorporating technology. The COVID-19 pandemic, 

in particular, has had a profound economic impact globally, accelerating the shift toward smart 

healthcare systems. These systems enable remote monitoring to curb disease transmission and provide 

swift, cost-effective treatments. Integrating IoT-enabled healthcare systems with machine learning has 

emerged as a promising solution. Advances in sensing technology, data processing, spectrum use, and 

artificial intelligence have made these solutions more efficient, thanks to microelectronics that have 

produced compact, affordable medical sensors, revolutionizing healthcare services. Healthcare 

systems today focus on both symptomatic and preventive treatments, with an increasing emphasis on 

early disease detection and effective treatment for chronic conditions. Consequently, the growth of 

nationwide health observing systems has enhanced a significant tendency. In telemedicine, IoT 

systems in addition the machine learning algorithms are gaining attention for their role in remotely 

monitoring individuals and enabling accurate diagnoses. There is growing demand for real-time 

healthcare approaches that remain capable of energy-effective and cost-effective monitoring vital 

signs. However, traditional wireless communication in healthcare faces challenges such as high costs 

and radiation exposure, whereas real-time health monitoring systems offer flexible communication 

options suits to designed for various conditions. For instance, household data can be transmitted via 

local wireless networks, while portable devices enable communication outdoors. Machine learning 

systems are employed to figure informed options based on whether an individual is indoors or 

outdoors. IoT-enabled healthcare systems increasingly utilize deep learning algorithms, particularly 

in sports, where these technologies assist in tracking athletes' health. Wearable technology embedded 

in clothing can intelligently monitor metrics such as pace, respiration, muscle usage, and heart rate. 

These innovations significantly benefit athletes by ensuring balanced exercise routines. However, IoT 

devices produces infinite amounts of unstructured telemedicine data with complex correlations and 
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the outlier data, necessitating deep learning methods [1] to extract valuable information and minimize 

data redundancy. 

The role of these algorithms in eliminating outliers and reducing redundancies is crucial, as they 

ensure that only refined, relevant information reaches healthcare management systems for decision-

making. In sports informatics, where time-sensitive applications are common, deep learning's ability 

to process raw data with multiple hidden layers makes it indispensable for extracting high-level 

features. Given the large, heterogeneous datasets generated in sports, deep neural networks can 

autonomously identify essential features without human intervention, making them valuable tools for 

processing unstructured data [2]. This study proposes an IoT-enabled realistic smart health observing 

system that utilizes the DL algorithms to monitor players. Portable tiny medical devices are used to 

portray physiological indicators, and DL algorithms are applied to extract actionable insights. The 

study focuses on Sanda athletes, with results based on their health status. The proposed system collects 

vital signs and transmits the data remotely representing future analysis. Doctors use this data to 

identify diseases, evaluate athletes' specifications, and prescribe appropriate treatments. The system's 

performance has been rigorously tested and has proven to be an efficient tool in health observation. 

Key aids of this investigation include: the development of a real-time health observation system using 

portable tiny medical devices are attached to the Sanda athletes to obtain health data, the deployment 

of clothing devices for continuous observing through the wireless network and use the deep leaning 

technique to get the optimized results. The system achieves accurate predictions during data 

transmission, storage, and analysis. The paper proceeds by detailing the system design in Section 2, 

outlining the DL architecture in Section 3, presenting experimental results are in Section 4, and 

concluding with comments and ideas representing further investigation in the Section 5. 

2. Existing Methods 

 

The most relevant studies in this area are summarized below. In the article [3], Obaidat et al. assess 

WBAN concert by evaluating the packets reception ratio in conjunction with strength indicator of 

Receiver Signal, using efficiency benchmarking for resource management. In the article [4], an 

adaptive TPC system was introduced for energy conservation in image-based health observing 

systems, utilizing real-time monitoring datasets. Their findings indicate that while the dynamic quality 

of radio links significantly impacts energy and reliability, their proposed adaptive TPC method 

prioritizes energy savings over reliability, which may not be ideal for healthcare applications. Given 

the sensitive nature of medical data, a reliable, sustainable, and delay-tolerant approach is necessary. 

Cheour et al. give an summary of routing protocols and energy managing strategies for both global 

and local systems [5]. R. Miao Yu. [6] proposed an ass energy consumption method representing 

medical imaging using pill endoscopy in cutting-edge BANs, where energy consumption is controlled 

by regulating transmission power adaptively. However, their research does not consider key 

parameters like reliability and latency, nor does it examine the performance using the received signal 

strength indicator (RSSI). Healthcare platforms, particularly those operating at 2.4 GHz, require 

analysis of static on-body channel characterization and link quality [7]. Energy efficiency is central to 

developing sustainable and smart healthcare systems, with TPC-driven techniques being key 

contributors [8][9]. Xiao et al. developed innovative TCP algorithms for energy-saving in BANs, 

utilizing extensive experimental setups [10]. Sodhro et al. propose power-efficient strategies for media 

transmission, including a novel framework for heart attack patients, though they do not consider TPC-

based strategies [11]. A specialized technique for telemedicine systems, optimizing medical-QoS, 

could prove beneficial in various medical scenarios [12]. Adaptive energy-saving mechanisms show 

more advantages over traditional methods, particularly in medical applications, and have been tested 

on real-time datasets with dynamic transmission power levels [13].  Won et al. introduced a TPC-

based energy-saving approach for wireless networks [14], while the concept of power-awareness and 

battery duration expansion for vesture devices through media communication in WBSNs has been 

highlighted as essential [15]. Chenfu et al. introduced an energy-saving mechanism focusing only on 

internal circuitry transmission, without addressing other parts of the transceiver [16]. Evaluated using 

Monte Carlo simulations, this framework is reported to save significant power at suitable PLR levels 

owing to its self-adaptive environment. Y. H. Ugur et al. proposed a scheduling strategy using a game 

hierarchy for resource allocation in wireless communications [17]. An innovative framework 

described in [18] combines four different methods and algorithms to jointly adjust TPC and the duty 

cycle of BSNs for energy optimization. Additionally, two distinct systems for IoT-based smart cities 

were presented in [19]. The first system optimizes energy consumption by dynamically adjusting 
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bandwidth and power in small nodes, while the second focuses on controlling transmission delays. 

Tanwar et al. [20] developed an IoT-based intelligent home system for elderly citizens, addressing 

power-efficient communication. Researchers worldwide have also emphasized concerns related to 

data processing related to health, security, and the enhancement of smart home mechanisation systems 

for IoT [21]– [27]. 

3.Proposed System  

The proposed system for real-time health observation system is designed to track the healthiness of 

Sanda players utilizing IoT-integrated habiliment devices. These devices, attached to the athletes, 

continuously gather data, which is then transmitted to a server via a relay network. This setup allows 

for ongoing monitoring and evaluation of the players health. As illustrated in Fig. 1, the approach is 

composed of three key components: wearable IoT devices, wireless relay network for transmission, 

and a server for physical d condition assessment and supervision. The figures shows the detailed 

explanation of all devices. 

 

Fig. 1 The structural diagram of real-time health observation system [28] 

 

3.1 Wearable IoT devices 

IoT-enabled detecting devices gather various data types from athletes, such as pulse, blood pressure, body 

temperature, blood glucose, heart rate, and dynamic reduction observation. Currently, these devices, 

combined with DL algorithms, are worked to track numerous physiological signs and monitor athletes' 

health for chronic conditions. The collected data is transmitted regularly to a health measurement and 

observing server, enabling doctors to track real-time information and issue early warnings in case of 

abnormalities, achieving early detection and prevention [29]. 

To ensure accurate measurement and timely transmission of physical signals, wearable devices are utilized. 

This system contains two kinds of sensor units: one sensor for chest band unit and another sensor for wrist 

band unit. These modules are designed with plug-in functionality, allowing them to simultaneously interpret 

data from various sensors, such as 3D accelerometers, ECG sensors, and oxygen saturation sensors. Data 

communication is facilitated through a universal radio sensor structure section, which connects towards 

operatives or wireless systems, as illustrated in Figure 2. Both the chest strap and wrist strap sensor modules 

regularly send measurement data through this wireless frame module. The sensor modules are designed 

with a standard interface, enabling the integration of different sensors based on individual needs for 

monitoring various physical metrics. These Apparatus support many sensing segments by a flexible basis, 

forming a BAN abbreviated by Body Area Network by the common radio set module [30, 31]. 



Intelligent Real-Time Fitness Observation System Using 

IoT and Deep Learning 

Kasi Venkata kiran*1, 

T. Srinivasa Rao 2 

 

 

 

 
 
 

Cuest.fisioter.2025.54(3):2651-2665 2654 

 

 

 

3.2. Wireless relay network  

By the adverse effects of emission on the body of humans, relay-enabled transreceiver is deemed more 

appropriate, as it relies on low-range interaction, reducing the need for high transmission power. The 

development of an effective IoT-enabled radio sensor transmission system is crucial. In this research, we 

propose the design of a less-power radio relay system, augmented by utilizing TinyOS [31] for the sensor 

operating system. TinyOS employs data fragmentation and retransmission techniques, improving both data 

transmission efficacy and accuracy. Every wearable detecting and observing devices communicate data 

towards the relay system effectively, minimizing the consumption of power. Additionally, the 

implementation of a transmission through the communication protocol that utilizes rapid initialization and 

time window system substantially enhances communication efficacy while reducing apparatus energy 

utilization. The improved processing flow of the sensor device operating system is illustrated in Figure 3. 

 

Figure 2. Architectural diagram of a generic wireless sensor system, adaptive from [32] 

 3.3 Medical Health observing system 

This system is capable of continuously tracking the health of multiple individuals. It automatically collects 

and compiles health condition details on a everyday basis from each person's records. By integrating the 

expertise of various connoisseurs and medical specialists, the system provides comprehensive monitoring, 

early diagnoses, and timely warnings about potential health issues. Key features of the system include 

online health checkup monitoring, tendency investigation of health conditions, early warning alerts, 

detailed health reports, health care recommendations, custom-made health observing, emergency watching, 

and several additional purposeful modules. 

4. Architectural Model of Deep Neural Network  

In this part, we present the pattern and model of intended model. The design of the representation is 

illustrated in Figure 4, which includes various key components. Each of these components is discussed in 

detail below: 
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Figure. 3 Architectural diagram TinyOS adaptive from [32] 

 

Figure. 4 Complete architectural diagram of Deep neural network  

 

4.1 DNN Model 

 

DNN is a subdivision of the machine learning within the part of artificial intelligence, modelled after 

the functioning of the human brain furthermore their processes. The deep neural network consists of 

three primary components: the input layers, output layers as well as several hidden layers, being 

depicted in Figure 5. Various hidden layers entertainment a vital role in the DNN model, actively 

contributing to the learning process. Incorporating more hidden layers during model training can 

potentially enhance the model's efficiency. 

 

𝑦𝑎 = 𝑓(𝐵𝑎 + ∑ 𝑥𝑏𝑊𝑏
𝑎𝑚

𝐿=1                                (1) 

 



Intelligent Real-Time Fitness Observation System Using 

IoT and Deep Learning 

Kasi Venkata kiran*1, 

T. Srinivasa Rao 2 

 

 

 

 
 
 

Cuest.fisioter.2025.54(3):2651-2665 2656 

 

Conversely, strengthening the amount of hidden layers can also lead to higher computational costs, 

increased model complexity, and the risk of overfitting [13, 33]. The mathematical expression of the 

DNN model is presented in Equation (1). 

Fig. 5 Layered operational diagram of Deep neural network. 

 

The ya represent output at layer a, B represents bias value, the  𝑤𝑎
𝑏 representing the weights used at a 

layer a by a neuron b. The 𝑋𝑎
𝑏  represents input feature and f represent nonlinear activation Tanh 

function. It can be calculated using Eq. (2). 

 

                                            𝑓(𝑖) =
𝑒𝑖

1+𝑒𝑖                                                        (2) 

 

  There are various justifications why we opted the DNN model instead of more 

conventional machine learning algorithms. First of all, single-layer processing is the foundation of 

most conventional algorithms, which makes them unsuitable for managing complicated datasets with 

significant nonlinearity. Second, the best features for precise predictions must be manually extracted 

using traditional machine learning techniques, which call for engineering knowledge or human 

experience. But DNNs are better suited to tackle these issues for the reason that of their inherent ability 

to automatically study and extract the features from data. 

 

4.2 Data Reduction and Denoising algorithm 

 

Both dimensionality reduction and denoising are often necessary steps in preprocessing to increase 

the efficiency of machine learning models or to extract clearer insights from data. We use Principal 

Component Analysis (PCA) [34] is a usually applied technique for data reduction and denoising. PCA 

essentially involves mapping data from its original interstellar towards a new space while preserving 

the core information and eliminating redundant components. The method functions by identifying a 

group of rectangular conversion stands popular the actual interplanetary and constructing a fresh 

coordinate approach popular the transformed space, guided by the covariance of the original data [35]. 

This process effectively reduces dimensionality by projecting N-dimensional features onto a lower-

dimensional space, thereby minimizing noise. Let X samples of data 𝑥 = {𝑥1, 𝑥2, . . . . , 𝑥𝑁};each test 

says N-dimensional features like 𝑥𝑖 = {𝑥𝑖
1, 𝑥𝑖

2, . . . . , 𝑥𝑖
𝑁};. 

 

Step 1: Initially find mean X1 of the  𝑖𝑡ℎfeature to attain a latest sample: 

𝑥̅i = {xi
1 − x̅1, xi

2 − x̅2 , . . . . 𝑥𝑖
𝑁 − 𝑥̅𝑁}                                                            (3) 

 

Step 2:  Next calculate the covariance of 𝑥̅i to acquire matrix C: 

𝐶 = [

𝐶𝑂𝑉(𝑥1, 𝑥1) 𝐶𝑂𝑉(𝑥1, 𝑥2)⋯ ⋯ 𝐶𝑂𝑉(𝑥1, 𝑥𝑁)
𝐶𝑂𝑉(𝑥2, 𝑥1) 𝐶𝑂𝑉(𝑥2, 𝑥2)⋯ ⋯ 𝐶𝑂𝑉(𝑥2, 𝑥𝑁)

𝐶𝑂𝑉(𝑥𝑁 , 𝑥1) 𝐶𝑂𝑉(𝑥𝑁 , 𝑥2)⋯⋯ 𝐶𝑂𝑉(𝑥𝑁 , 𝑥𝑁)
]                        (4) 

 

Together with the COV (x1, x2) is to obtain the covariance of x1 as well as x2,the formulary is: 
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cov(x1, x2) =
∑ (xi

1 − 𝑥̅)
i=1

M
(𝑥𝑖

2 − 𝑥̅)

𝑀 − 1
           (5) 

Step 3: Calculate the eigenvector that is u=u1, u2……, uN) as well as eigenvalue λ by the C matrix; 

Then, the filter is base as the k eigen vectors, and it shows the latest eigen-vectors to attain 

reductional dimensionality information after Y. 

𝑌 =

[
 
 
 
 
 
𝑦𝑖

1

𝑦𝑖
2

.

.

.
𝑦𝑖

𝑘]
 
 
 
 
 

[
 
 
 
 
 
𝑢1

𝑇( 𝑥𝑖
1, 𝑥𝑖

2, . . . . . , 𝑥𝑖
𝑁)𝑇

𝑢2
𝑇( 𝑥𝑖

1, 𝑥𝑖
2, . . . . . , 𝑥𝑖

𝑁)𝑇

. . . . .

. . . . .

. . . . .
𝑢2

𝑇( 𝑥𝑖
1, 𝑥𝑖

2, . . . . . , 𝑥𝑖
𝑁)𝑇]

 
 
 
 
 

             (6) 

Step 4: At finally we choose maximum eigen values of the k values. 

 

4.3 Optimization Algorithm 

 

In logistic regression and linear regression tasks, the Gradient Descent (GD) algorithm [36] is 

frequently used. It finds the minimum value iteratively, moving in the direction of the steepest gradient 

with each step to efficiently approach the minimum value. The following formula represents the 

Gradient Descent algorithm mathematically. 

 

𝜃 = 𝜃 − 𝜂𝛥𝐽(𝜃)                                                              (7) 

 

In the equation, g and h represent the representation parameters and the learning rate, correspondingly. 

( 𝐽(𝜃) and  𝛥J(𝜃)  denote the lossy  and  gradient functions, correspondingly. These are updated with 

each sample set used, significantly accelerating the model's update rate. The expression for the 

Stochastic Gradient Descent (SGD) approach is represented by. 

 

𝜃 = 𝜃 − 𝜂𝛥𝐽(𝜃; 𝑥𝑖 , 𝑦𝑖)                                                       (8) 

 

Selecting the right learning rate is essential when using the gradient descent method. An excessive 

learning rate can make the model oscillate instead of converging to the best solution. On the other 

hand, a low learning rate will cause the convergence to lag and increase the number of iterations 

needed. A lower learning rate ought to be associated with a larger gradient in theory [37, 38]. Another 

gradient-based optimization algorithm that deals with this is called Adagrad; it does this by 

dynamically changing the learning rate. The accumulated square of earlier gradients is used to adjust 

the learning rate. Equations (9) and (10) give the formulas for changing the learning rate and the 

answer. 

 

𝑔𝑖,𝑡 = 𝑔𝑖,𝑡−1 + 𝜂𝛥𝐽(𝜃𝑖,𝑡)
2                                                   (9) 

𝜃𝑖,𝑗 = 𝜃𝑖,𝑡−1 −
𝜂

√𝜃𝑖,𝑡 + 𝜖
𝛥𝐽(𝜃𝑖,𝑡)                                    (10) 

 𝐽(𝜃𝑖,𝑡) represents the gradient, t represents iteration and i is parameter, the  𝑔𝑖,𝑡   represents the 

summation of squared gradients of the 𝑖𝑡ℎ parameter in the earlier t iterations, furthermore  𝜖 is tracing 

value that avoids become zero by the denominator. Hence, then the learning rate is various according 

to the gradient. But the given formula shown 
𝜂

√𝜃𝑖,𝑡 + 𝜖⁄   causes results in a continuous reduction of 

the learning rate as the denominator increases, causing the learning rate to approach zero in the later 

stages of the iteration. Towards address the least fatigue issue encountered with Adagrad [39, 40], 

AdaDelta introduces the attenuation coefficient ρ to reduce an impact of long-term accumulated 

gradients on the current training process. This coefficient helps to mitigate the influence of past 

gradients, ensuring that recent gradient information has a more significant effect on updates. AdaDelta 

updates the solution for  𝑔𝑖,𝑡 using the following formula:  

 𝑔𝑖,𝑡 = 𝑤𝑔𝑖,𝑡−1 + (1 − 𝑤)𝛥𝐽(𝜃𝑖,𝑗)
2
 . 

 

  𝑣(𝑡) = 𝜌1𝑉(𝑡 − 1) + (1 − 𝜌1)𝛥𝐽(𝜃)             (11) 

𝑔𝑡 = 𝜌2𝑔𝑡−1 + (1 − 𝑝2)𝛥𝐽(𝜃2) 

𝑉(𝑡) =
𝑣(𝑡)

1 − 𝜌1   
⁄

̃
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θt = θt−1 −
η

√gt + ϵ̃⁄ v(t)̃                                   (12) 

parameter momentum is represented by V (t) and the constant parameters like q1 and q2. During this 

training process, parameters are updated more independently, which results in quicker training and 

greater stability. Adam and NADAM optimizers are frequently employed due to their ability to 

leverage the usage of prior algorithms. Although a proposed model implements Adam and Nadam 

optimization techniques, they negatively impact the model's overall efficiency and performance. 

 

5. Experiment and Results  

 

Wearable sensor devices are employed representing real-time observing and crowd sampling in this 

experimentation. As Fig. illustrates. 6. Throughout the experiment, multiple crucial markers can be 

determined and monitored concurrently thanks to the equipment. 

 

5.1 Data measurement  

 

The wristband sensor's absorption levels of two different light types—red and infrared—are used to 

calculate the blood O2 dissemination data. Based on the ratio of these lights on the hardware surface, 

this measurement is computed. The wristband sensing device measures blood oxygen saturation, 

photoplethysmographic pulse wave signals (PPG), and heart rate information. These metrics are 

composed the data packet size is 5 bytes per second. 

 

5.2 Data transmission measures 

 

In order to measures the data transmissions, it has collected the abiliment sensor apparatus node first 

locates the closest sensor node of the wireless relay network. After deciding on the best route and also 

operating within a predetermined area and the wireless transmission relay sensor node sends the data 

to the base station. A Radio Frequency transceiver chip, one battery, and a microcontroller accomplish 

the wireless device relay sensor node. It can be transmitted the calculated acceleration, ECG data, and 

blood O2 saturation to the ground station linked to the wireless radio server medical health observation 

system. Following the adoption of TinyOS's component programming mode, Figure 6 demonstrates 

the optimized component configuration, emphasizing elements like "blood oxygen saturation" and 

"ECGC.". Red-coloured components have undergone special modifications to enhance efficiency and 

wireless relay sensor network transmission. This routing strategy addresses low energy consumption, 

maintains network configuration stability, and guarantees high-efficiency transmission. 

 

5.3 Test results  

 

Whenever perform the initial performance tests exercising wrist and chest buckle sensing devices, that 

approach can be efficiently monitor an individual's situation via a wireless radio transmission network. 

Using low-power wireless relay nodes ensures effective caliculated data transmission from wearable 

recognizing and sensing devices to the medical healthiness monitoring system. Wireless relay nodes 

outperform pipelined routing networks or single network topologies in terms of communication 

performance because they automatically find the shortest path. Figure 7 illustrates the data 

transmission packet arrangement for the attached sensor device. Each data packet contains 

measurement values for acceleration, blood oxygen saturation, and ECG. 
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Fig. 6 Structural diagrams of different wireless relay node 

 

By capturing a variety of events and data, the instantaneous health observing system helps people to 

regularly review and monitor their health from the comfort of their own homes. An efficient way to 

supervise and monitor the calculated values that the sensors have recorded is made possible by the 

optimized database storage model. The server system of health monitoring system, measurement data 

like blood oxygen saturation, acceleration, and ECG are automatically stored. Physical sign trends 

within the system are shown in Figure 8. The system has the ability to precisely recognize and 

document a person's condition, even if they pass out. Furthermore, wearable technology continuously 

records physical sign data in day-to-day living, guaranteeing that doctors receive comprehensive data 

in an organized manner to facilitate accurate diagnosis. 

 

5.4 Simulation results  

 

We exhibit our findings in this section after investigating the data features and associated disorders. 

In order to provide insightful information and produce quicker, more precise results, modern health 

observing systems make usage of real-time analysis. System performance can be slowed down by 

problems like unstable data supply from remote sensors and unreliable network access. In order to 

overcome these obstacles, we first gather a large amount of information fetching from applicable 

sensors. After that, we store the information in frames and a structured format. Next, we use deep 

learning algorithms to categorize and recognize illnesses that impact specific people. Lastly, we 

contrast the outcomes of various DNN designs and structures of selection. 

 

5.5 Characteristics of the data 

 

In this study, we utilize 3,214 samples, each corresponding towards a liquidate report from a clinical 

admission. An abstract of this data is provided in the Table 1. The study includes individuals thru 9 

distinct diseases, then the data reveals that some samples are labelled with multiple phenotypes, 

reflecting cases where a person suffers from more than one disease. Clothing mechanisms are used 

towards continuously examine athletes' fitness condition data in actual information in preparing 

matches and competitive games to enhance the efficiency. Figure 9 illustrate the data about health of 

athletes measured every second. Given figure demonstrate that our suggested system effectively 

monitors athletes' health using real-time data collected from their wearable devices. 
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Fig-7: Data packet arrangement 

 

 
Fig-8: Experimental results of acceleration, ECG and PPG waveform. 

 

5.6 Mean and deviation 

For word-level input, the mean and standard deviation for individuals can be calculated. Once the data is is 

prepared, the total sample length reaches 35.95 deviations, with an average of 8.73. As shown in Table 2, the 

sample averages 3.80 characters and 3.40 words. The smallest sample, in terms of character count, has a mean of 

0.50 and a deviation of 0.30.    
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Table 1: Health parameters measured from ten individuals. 

No of 

Persons 
Temp 0C 

BP(H/L) 

mmHG 
O2  Heartbeat 

  A B A B A B A B 

1 38.2 38.1 125/92 127/89 97% 97% 78 78 

2 37.2 37.4 120/80 123/81 96% 98% 80 80 

3 37.5 37.6 123/89 122/90 92% 94% 85 85 

4 37.2 37.2 130/91 130/92 93% 94% 85 86 

5 37 37 135/90 130/90 95% 99% 78 79 

6 37.7 37.8 110/90 109/83 99% 99% 79 79 

7 37.4 37.3 108/83 108/84 92% 91% 81 81 

8 37.3 37.3 122/92 121/90 95% 95% 82 82 

9 38 38 136/95 133/95 94% 94% 75 77 

10 37.5 37.5 109/84 107/82 93% 93% 89 88 

  

 

Fig 9: graphs of average Blood pressure and resting heart rate 
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5.7 Balancing classes for training  

 

To address the perceived bias in preparing the DNN model, we employed a weight balance strategy. This involves 

assigning class weights to our failure features to make learning more costly. To prevent overfitting during model 

setup and configuration, we applied regularization techniques, such as L1 and L2 regulation and waster systems. 

Specifically, we used the cross-entropy failure function [45, 46] with a weight vector, where each component is 

derived from a single specimen per class.  

Table 2: Attributes along with Standard Mean and the deviation 

  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

This approach helps the network better handle the minority class and reduce false predictions. Our 

methodology revealed significant differences in the results, particularly affecting the results for 2 

phenotypes that are A and B, due to these balance adjustments. We employed weight balancing for our 

analyses to mitigate biases. Table 3 summarizes the impact of various parameters, such as activation 

functions and learning rate illustrating the accuracy performance across separate phenotypes. We 

augmented the parameter settings for every algorithm in learning to enhance efficiency. The success of the 

deep neural network model was evaluated using the Area under the Curve (AUC) metric, which exists 

commonly managed for assessing dual classification efficiency. The value of AUC changes between the 0 

(low) to 1 (high), high value represents the higher classifier performance [47]. Figure 10   shows the results 

of different dual phenotypes using various chronological sequence making techniques. The table results 

show higher performance comparative to other models by the proposed deep learning model. 

 

Table 3: Different phenotypes and their performance 

Phenotypes 

  

Percentage of 

Precision  

Percentage of 

Recall  

Percentage of 

AUC 

Percentage 

of F1 

A B A B A B A B 

Body Temp 59.66 60.8 65.44 59.44 68.55 58.9 67.67 52.34 

Heartbeat 74.44 59.55 72.3 57.54 75.42 59.77 73.78 52.45 

Pulse Rate 75.44 61.65 72.98 63 74.33 65.45 68.98 63.44 

Blood pressure 72.33 54.55 71.91 56.44 72.5 55.54 72.44 51.34 

Blood sugar 71.33 61.03 70.44 61.33 71.44 60.91 72.66 60.34 

Blood glucose 68.33 59.34 68.45 58.99 73.44 63.87 71.43 60.43 

ECG 72.33 56.44 70.34 56.44 71.99 65.01 70.33 59.44 

EEG 73.44 59.33 72.33 60.33 74.67 60.33 74.33 58.44 

Attribute Mean Deviation 

1 3.89 3.50 

2 119.80 31.00 

3 79.90 20.30 

4 21.60 17.40 

5 80.87 114.10 

6 32.11 7.89 

7 0.55 0.32 

8 22.36 34.23 

9 16.06 33.22 

10 9.89 36.77 
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pain 74.01 57.33 73.44 60.33 76.44 62.98 72.43 58.34 

 

 

 

 ------

--- 

Fig.10.  ROC curve of the Pulse rate and Blood sugar 

 

 

8. Conclusion 

 

In this article, the wireless sensor network with relay functionality for node of abiliment sensor device is 

presented. The sensors have a wireless sensor frame that is universal and designed for daily wear and ease 

of use. While the hand watch sensor estimates blood oxygen soaking and the chest strap sensor combines 

acceleration and ECG sensors. The blood oxygen saturation, acceleration, and ECG are vital signs that are 

thought to be essential for health monitoring. Following validation, the information gathered from these 

wearable sensors are routinely conserved to the real-time medical values from the athletes by this system. 

Furthermore, the wireless relay-enabled sensing network leads at the very less power to reduce radiation's 

harmful effects. Although this study's DNN model produced encouraging results, it is not without flaws.. 

Deeper networks can result in increased computation costs, complexity, and vanishing gradients, even 

though they frequently increase accuracy. Future research will tackle these issues. 
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