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Abstract:Intelligent wearableusing machine learning IoT solutions are developing
quickly to track and control healthcare and physical activity. The fog-centric,
wireless, real-time smart wearable IoT framework for ubiquitous fitness and health
analysis in a smart gym setting isthe primary focus of this study. The suggested
framework analyzes body vitals, movement, and health-related data to serve the
fitness and healthcare industries. It helps trainers and physicians recognize bodily
cues and set off alarms in the event of health hazards. We present a technique to
gather and evaluate exercise-specific data in order to evaluate exercise intensity and
health benefits as a recommendation system for athletes. The framework's efficacy
was assessed throughout the course of a six-week training regimen that included one
recovery day and six days of focused activities. ECG, heart rate, fluctuation of heart
rate, and breath rate were collected as we used 3D acceleration to track
movement.The gathered data is processed via modules. With a 95 percentage
accuracy rate in identifying health hazards, the Health Zone (Hzone) module
classifies health condition according to bodily vitals. Using motion and vital signs,
the Gym Activities Recognition (GAR) module classifies exercises and identifies
individual routines based on muscle groups with an accuracy of over 89 per cent.

Keywords:Internet of Things, fog computing, health hazards identification, and gym
activity monitoring. Intelligent exercise and machine learning.

1. Introduction

Technology is used in every aspect of life in today's society, but services pertaining to
physical fitness and health are given particular attention. Information and
communication technology, in addition to engineering and medical mechanizations,
have greatly enhanced and monitored health care and physical fitness both indoors and
outdoors. It has been noted that most recent research focuses on wireless healthcare
services that may be accessed remotely via smart wearable technology.Businesses and
organizations may take use of the advantages of Al, IoT, edge-fog-cloud, and DLTs
while also reducing the risks or restrictions that each technology poses. The Internet of
items (IoT) is a chain of devices and a network of items in the environment that are
connected to one another to provide services and communication without interruption.
Thanks to modern technology, specialists, trainers, and medics may now send health
indications to their Smartphone’s and other devices quickly [1]. These systems are
utilizing their advanced features and capabilities to extract useful and efficient
information from smart applications and developing technologies for real-time and
smart wearable’s in order to provide better health care services. [2].

To a more contemporary one, which includes keeping them at bay by anticipating and
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identifying health hazards in advance. By enabling remote service delivery to trainers
and doctors, these technologies are more advantageous in lowering health care
expenses. [3]. These days, prevention and early injury identification are now the key
focuses of the health and fitness domain. For instance, athletes who consistently
overwork themselves, especially novices, frequently suffer from tiredness, mental
exhaustion, and fractured muscles. Analyzing data obtained from smart wearable in real
time can prevent such injuries from an exerciser scan [4].

Together with fog computing, the Internet of Things offers a new paradigm that reflects
the ubiquitous existence of objects, services, locations, and networks that enable data
collection, communication, and exchange across network devices. Machine learning-
powered IoT-based health care platforms are among the most effective in treating
medical emergencies and lowering treatment costs [5].

Those who are physically and intellectually fit are better able to carry out their daily
tasks and are less likely to suffer from illnesses. Physical fitness is important in our
lives. It results in conditions including obesity, diabetes, depression, high cholesterol,
and heart disease, among others. It's likely that that exercise can reduce our chance of
illness. The World Health Organization [6] recommends that persons between the ages
of 18 and 64 engage in moderate-intensity aerobic physical activity for at least two and
a half hours or vigorous-intensity aerobic physical activity for seventy five minutes each
week.

The proposal of a framework for the gathering of exercise-specific body vitals
information, early injury diagnosis, and alarm in the event of any health dangers in a
smart gym setting is one of the paper's main contributions. this, To the best of our
information, focuses on past occurrences but is not being monitored in real time. The
following are the contributions this paper makes. Without the requirement for
centralized management, decentralized systems enable peer-to-peer interaction,
communication, and data sharing between data producers and consumers. Due to the
fault tolerance of this approach, there isn't a single point of system failure. The
framework for a smart gym environment is proposed, which includes the collection and
analysis of exercise-specific health data.

1) Instantaneous early identification of health hazards for athletes brought on by
excessive effort or activity. Using a smart phone app, a fog may react instantly.

2) Rather than employing several smart devices, a single gadget linked to the
athlete's body collects bodily vitals and movement data, proposing a novel
technique of activity correlation.

3) The collection and analysis of exercise-specific data can be used for fort analysis,
exercise intensity analysis, and other purposes. It also serves as a suggestion
system for future athletes.

4) Under the supervision of no trainers, doctors, or other subject matter experts, the
experiment was conducted in a controlled smart gym setting.

The remainder of the document is structured as follows. A summary of the most recent
research is provided in this section. Both the suggested framework and the section
outlining the procedure for gathering and transforming data are included.

As explained below, IoT and fog-based health monitoring research is further divided
into 4 different groups.
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2. FOGComputing pattern inloT

In the realm of the Internet of Things, Bonomietal.[7] outlined the goal of the Fog and
Edge computing framework to provide a wide range of products and services in sensor-
based networks and address loT-related problems such as latency, mobility, real-time
data manipulation, growing node counts, location awareness, and storage. Using the
fog-computing paradigm, which provides a multi-layer architecture focused on
healthcare, Farrakhan et al. [8] demonstrated the applicability of IoT Within the
framework of the IoT health ecosystem.

3. IoT baseHealthcare

Adame et al. [9] used radio frequency identification (RFID) and wireless networks of
sensors to deploy and test CUIDATS, an IOT-based hybrid monitoring system. Real-
time tracking of the patient's location, status, and assets (wheelchair) was the goal. were
solid and reassuring. Decentralized marketplaces, like Enigma Data, Ocean Protocol,
Streamer, or IOTA, are typically employed through a secure smart contract, DLT, and
block chain that give creators of data total ownership over data and enables them to
conduct transactions among data consumers.

4.10T Smart Workout Based:

Used a wrist device and an ablest to collect data on exercise at home and in the gym. By
using learning based on Artificial Neural Networks, they were able to recognize
activities with great accuracy. The Digital Fitness Connectors, a sports and fitness-based
architecture put forth by Gupta and Sruti [13], makes use of current technology to track
various vital signs while working out. By offering insights into commercially accessible
fitness-related goods, heart rate monitors, and pedometers, Patel and Ailing demonstrate
how human behavior may embrace technology in a smart training setting. Das et al.'s
investigation comprises comfort and home evaluations based on maximal heart rate and
resting heart rate. The analysis of the comfort factor is useful when choosing how much
weight to use for exercise.

Three phases, these are monitoring, learning, and predicting to makeover a model that
Bhatia and Sandeep developed for the real-time study and prediction of health issues.
They gathered athlete-related data. In order to interpret data intelligently and identify
health vulnerabilities, artificial neural networks are utilized. clever fitness system that
collects data from webcams and smart wearables for data analysis. Based on
independent and dependent observations of athletes, an algorithm is developed for the
recognition of intensities using heart rate data. To enhance classification performance,
the investigators used accelerator data in conjunction with heart rate data.

5. Automatic Recognition of Exercise

Morris et al. introduced a gym activity identification system that counts repetitions and
recognizes activities utilizing a 3-axis accelerator and a 3-axis gyroscope. In [6], a
wearable system with a Bluetooth connection is suggested to track an athlete's
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movements while they are working out. The suggested system divides exercise groups,
identifies the type of exercise being done, and counts the number of repetitions for each
activity. MiLift [7], a straightforward smart watch-based solution, attempts to monitor
exercise activity. Additionally, the Millet system divided exercisers into groups such as
weightlifting, walking, jogging, and resting. In general, there are two methods for
storing data on the block chain..Raw, encrypted data is stored directly on the block
chain by data producers using mid-chain solutions. However, because to the transaction
processing capacity and throughput of block chain, such a solution is usually not
feasible. Since storing and exchanging information referring to raw data is more
scalable and secure, the raw data are not kept on the chain. Through reference
collaboration, data providers can retain control of the data and choose whether to share
it point.

6.The suggested framework

The necessity for sophisticated system for tracking physical activity has emerged since
gym trainers are in charge of a variety of duties that call for ongoing attention to detail.
The current frameworks are deficient in the following areas: objective or disease-
specific data gathering and analysis; local processing for real-time caution/alarm
production; and sensing gym workouts on much crucial and essential workout
equipment. The focus of wearable data analysis should be on the relationships or
correlations that can be found between data obtained from various sensors and exercise
equipment, not on the volume of data gathered For example, how is later data gathered
from the smart sensor during a person's bench press or treadmill go to exercise?

Figure 1 shows the reference architecture for the suggested framework. It integrates the
capabilities of studies on smart wearable-based body vitals data analysis, such as sensor
layers, data classification, alerting athletes and/or trainers in the event of a dangerous
condition, and sending preprocessed data to cloud storage for analytics and storage. the
analytics and cloud storage layer operations. For real-time embedded and
communication applications in healthcare monitoring systems, this procedure is crucial.

7.Sensor Network Layer for IoT

However, this device is utilized to gather information from smart wearable about a
person's vital signs, body mobility, and physical fitness-related traits. An entity,
organization, or company that creates the data or lawfully owns or controls it is referred
to as a producer. In contrast, providers [8] act as intermediaries, gathering data
generated by various producers and providing those data assets to the ecosystem on the
producers' behalf. It should be noted that producers might also serve as providers. An
entity that uses resources or assets (such as data or services) in compliance with the
rules and regulations set forth by producers or providers is referred to as a consumer. An
entity that contributes computational resources to the ecosystem is called an
infrastructure provider, or node. In the past, cloud computing broad adoption led to a
decrease in the need for local edge storage and allowed edge devices to delegate
computing duties. It is most appropriate to examine data at the network's edge,
nevertheless, because an increasing amount of data is generated there.
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Numerous wearable technologies can be applied in various contexts [9]. A
decentralized computer infrastructure where data processing and storage take
place closer to the data source that is, nearer to the patient is referred to as fog
computing, also called edge computing. A strong and adaptable foundation for
ongoing health monitoring is offered by the combination of fog computing and
the internet of things in healthcare systems. It improves real-time decision-
making, minimizes latency, and lessens reliance on cloud resources. This
method is a major enabler of intelligent, effective, and easily available medical
care as healthcare shifts toward tech-driven, individualized models.
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Utilizing wireless communication technology to sense and send data. Four
subcategories comprise the data to be collected in the suggested framework.
The information provided in equation 1 is shown in Table 1. The current health
status (excellent, normal, and poor) and 11, 12, etc.are represented in the
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equation in the athlete's score for every physiological measure. This layer is
separated into two modules: 1) Athlete health status classification into five
categories using workout data and body vitals with health zone obtained from
the cloud layer. During an exercise, it sends out an alert to trainers and
athletes.2) Real-time workout activity identification using Short-Term Memory
and Automatic Gym Activity Recognition.
PFI=P( F ) (1)

LVh...I,
Specifically, fog-computing paradigms are used to reduce human user error in
IoT health care applications, which are likely to include energy, mobility, and
real-time applications. It was successfully moved to fog computing. More
generally, the management of epidemic infectious disease outbreaks depends on
intelligent health surveillance systems. Personal portable health devices are
therefore becoming more and more popular and essential to the economy. With
remote health monitoring programs, a patient can either keep an eye on his own
health from the comfort of his own home or send the readings to a specialist to
determine whether any steps or precautions need to be taken [10].

8.Layer of Analytics and Cloud Storage

Its two sections focus on choosing and storing health zones while utilizing specific
exercise equipment and equation 1.The fog node receives periodic reports about the
health zone. The fog node decides to sound an alarm based on potentially dangerous
there are two broad modes. for health monitoring: local mode, where the patient or some
family members can keep an eye on the biomedical signs and associated measurements
locally and may contact the specialist if any readings are out of the usual ranges. In an
emergency, this allows the health organization to respond and interact quickly Such
healthcare systems do, however, face a number of challenges, such as the requirement
for an effective monitoring algorithm with the least amount of time complexity and the
necessity to record a variety of signals in order to provide a complete picture of human
health.

TABLE2. List of every muscle group receives a weekly training.

St Chest Workout — Arms Workout Shoulder Workout Back Workout Legs Workout — Core Body Workout
I Butterfly Bicep Curl Burbell 4x4 Dumbbell Pull Ups Squats Lew Raises

2 Cable Crossover — Triceps Dips Front Raise Front Pull Down Leg Press Crunches

3 Chest Press Bicep Curl Dumbbell  Back Shoulder Press— Lower Pulley Leg Extension — Cross Bicycles

4 Decline Press Dumbbell Extension  Up Right Row Vertical Traction Leg Curl Plank

5 Dumbbell Hly Preacher Curl Front Shoulder Press — Back Pull Down Abductor Mountain Climber
6 Incline Press Cable Extension Lateral Raise 1" Arm Dumbhell Row Dductor Leg Scissor

7 Push Ups High Pulley Curl Shrugs Barbell Row. T. Bar Row  Lunges Boat

9. Gathering and Transforming Data

In the controlled smart gym, we gathered four different kinds of data: workout, body
vitals, body posture, and logic. This section explains every facet of the transformation
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process and data collecting in a gym setting.
10. The Exercises

In this study are given a weekly training schedule, as shown in Table 2, six days a week,
with one day dedicated to recovery and one day specific to each muscle group. Data is
gathered over a six-week period using the weekly exercise schedule. 42 physical
exercises are done in total, divided into six groups based on the target muscle group.
Exercise equipment is needed for the first five: the arms, shoulders, back, legs, and
chest. Exercises that help with posture, flexibility, and balance and don't require gym
equipment are included in the sixth exercise group, called Core Body. There is a rest
period of twenty seconds to one minute between each workout and a day whose
descriptions are well recognized.In real life, a person's exercise regimen may include
more or less workouts, but it has no influence on our tests [13]. The rest time enables
the worked muscle to recuperate, targeting each muscle group.

11. The Procedure for Gathering Data

There were four athletes in all, and they were young men in their 25s to 40s. Each
athlete focused on a particular muscle area and completed all of the exercises planned
for that day's training. Every exercise was done three times, or three sets. A brief rest
break was interspersed with the exercise sessions. The athlete's total amount of reps. An
athlete used the same weights and repetitions for all three sets of the same workout. An
athlete performed three sets of bench presses, for instance, using a 40 kg weight and 10
repetitions per set.Bicep curls are one workout and a combination of exercises. The
Bio-Harness acquired BH3 data, and the GAR and Hzone modules are accessed via a
mobile app.

The name of the athlete, the name of the exercise, the start and end times, the
number of repetitions, the rest period in between sets and workouts, and the
equipment were all recorded using a mobile application. Several solutions have
been developed because cloud computing might not offer the best data
processing performance when data is generated near the network edge,
particularly for applications that are bandwidth-hungry and delay sensitive, like
Cloudlet, have been introduced. Edge and FC has reached its limits because to
the quick adoption of cloud services and the rapid growth of the Internet of
Things, which necessitates edge data processing.Latency, battery life, data privacy
and security, and response time issues can all be resolved by EC and FC while reducing
bandwidth expenses. the primary justifications for including edge and FC in IoT
applications. Eventually, almost every kind of gadget will generate or use data and be a
member of the Internet of Things. As a result, the difficulty of increasing data volumes
generated on the network edge is present in many IoT applications. Despite being the
typical method for processing computational data, centralized cloud computing is
unable to handle the massive volume of data generated by billions of devices, which
causes latency, congestion, and connectivity problems.Prior to data encoding, the study
eliminates the dataset's redundant and inconsistent values. After that, the nominal
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characteristics are converted to numerical values. This is because, prior to
implementation, the backend actions of ML models are conducted based on qualitative
value. The patient data that loMT medical sensors receive is encoded using Algorithm
2. No qualitative value was transformed into a qualitative value before data encoding.
The backend computations of ML algorithms were performed on qualitative values
instead of nominal values prior to supplying input to the suggested model.

The medical community, including hospitals, does not, however, use it extensively; for
a variety of reasons, the medical community is still hesitant to embrace remote
monitoring technology [15]. How, for instance, will an insurance provider cover the
cost of a distant diagnosis. It is important to remember that IoT-based remote
monitoring is an assistive tool that can improve present medical practices rather than
taking the place of traditional in-person diagnostics.

These highlighted outstanding concerns will persist as new health scenarios and
applications emerge and become a reality as society, diseases, and technologies
continue to evolve.

12. Trials and experiments

The performance and viability of the suggested framework were examined
using the data that was gathered. There are two groups for keeping track of the

exerciser's health.
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Fig.2. The GAR module's exercise-wise instance count.
The approach we took to carry out our experiments is explained in this section. The
classification algorithm used to construct the models is described in Section V.A [16].
Section V.B describes the methods used to design and assess the exercise recognition
and health status classification trials.

13. Training and Classification Models

Models were trained in two different groups: one for the classification of health zones
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and the other for the recognition of exercises. Neural networks with Long Short-Term
Memory make up both models. In the realm of deep learning, LSTMs are extensions of
recurrent neural networks that have gained widespread usage. With a feedback
connection that can handle a whole data sequence, LSTM has an edge over other neural
networks. Since time series data were gathered, the LSTM model is ideally suited for
classifying such data.

With a dropout rate of 0.5 and a relu activation of 128 units apiece, we ran a
bidirectional LSTM model. An open source library for data analysis and mining is
called Keras. Google Colab was the platform used for the tests [18].

Each layer of neurons that make up an LSTM has weighted input parameters. The
transform function is used to scale the input from layer to layer. the manner in which
each exercise in the series is performed. In the series, it is the exercise that happens the
most frequently. It is accomplished by dividing the data into training and test data. In a
session, each exercise is done three times. The exercise's third set served as test data,
whereas the first two sets served as training data.Every exercise in experiments three
and four has its own class. network and the previously mentioned six features are
utilized.

The characteristics that can be used to distinguish various exercises are a crucial
question [17]. Having experimented with many combinations, we are concentrating on
bodily vitals (heart rate, ECG, and respiration) in this work. Figures 1 and 2 illustrate
the impact of the innovative inclusion of body vitals data for the exercise recognition
task. We are able to recognize distinctions.

14. The Hzone Module's Approach

A state recognition task entails determining the athlete's exercise zone based on their
heart rate , breathing rate , and heart rate variability . In the event that a heart rate is
deemed "abnormal," this information can be leveraged to generate an alert [19].

Five health zones—moderate, aerobic, anaerobic, and VO2—have distinct maximum
and hazardous levels based on the values derived from equation 1 and Fox.

For testing and training, the data is divided in a 2:1 ratio. Each athlete's splitis is
stratified, meaning that out of the eighteen sets of an activity they do, twelve sets are
used for training and six sets are used for assessment.

15. Results

All of the study's experiments' results are shown and examined in this part. Subsection
A presents the results for the GAR module, which is in charge of identifying gym
activities. Subsection B presents the results for the health zone (Hzone) module.1)
Gym, recall, and F-measure evaluation metrics are utilized to assess the GAR and
Hzone module either automatically using numerous sensors or manually.2) The Hzone
module is in charge of determining an athlete's health status.

Because local processing and data transmission intervals were optimized, IoT devices
demonstrated lower energy consumption. The efficacy of fog computing and IoT
integration in healthcare applications is confirmed by these findings. The system
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provides a scalable, effective, and fast solution for ongoing health monitoring,
particularly in situations involving critical emergencies or environments with restricted
cloud access.

16. Conclusion

We presented a fog-centric framework in this study for healthcare monitoring and
management in a smart gym setting. The framework uses real-time vital sign
monitoring, automatic workout classification, motion of body vitals study, and real-time
alarm construction, in case of health hazard for an athlete. The fog computing paradigm
was chosen especially since it allows forecasting health concerns on edge networks in
real-time. Notably, the Hzone module has an accuracy rate of above 95% in determining
the athlete's physical condition in 5 distinct categories.

It has an accuracy of over 89%. The Hzone module outperformed the others in
predicting the health status of the athlete, according to the data. The GAR scores
indicate that we can achieve a high degree of accuracy in the majority of the
assignments. We were able to improve accuracy, nevertheless, by combining the
movement data with body vitals data, as many exercise regimens require comparable
body positions. Using the suggested design, a system that recommends new users based
on their physical condition and any health concerns are constructed.
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