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ABSTRACT 

In today's fast-paced world, maintaining a healthy lifestyle poses significant challenges, with many 

individuals, particularly gym users, requiring efficient tools to monitor and manage key fitness 

metrics such as height, weight, Body Mass Index (BMI), and heart rate. Traditional methods are 

often manual, inconvenient, and error-prone, while existing digital solutions frequently lack 

integration and real-time feedback, limiting their effectiveness in promoting sustained health 

management. 

This project has developed an IoT-Based Fitness Monitoring System that leverages advanced 

sensors for precise height and weight measurement, ECG for accurate heart rate monitoring, RFID 

technology for seamless user identification, and an ESP8266 microcontroller for robust data 

processing and cloud transmission. The system is designed to provide accurate, automated, and 

user-friendly fitness monitoring, delivering real-time feedback through an LCD display and 

enabling comprehensive data analysis via a cloud platform. Additionally, machine learning is 

employed to analyze the parameters, helping gym users and trainers determine the most suitable 

sports and fitness activities for individuals. 

The trained machine learning model achieved an accuracy of 98.8% with an error rate of only 

1.2%, demonstrating high reliability in predicting personalized workout recommendations. 

By integrating these technologies, the system empowers users to make informed health decisions, 

track their fitness progress, and achieve their fitness goals more effectively. Furthermore, the 

system supports gym trainers by providing detailed, individualized data, enabling them to create 

tailored workout plans for users. The IoT-Based Fitness Monitoring System represents a significant 

advancement in personal health management, offering a reliable and convenient solution for 

continuous fitness monitoring and improvement. 

 

Keywords: IoT, Fitness metrics, RFID technology, Machine Learning, User interface, Personal 

Health Management. 
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CHAPTER 1. INTRODUCTION 

1.1.Overview and Background 

Fitness is essential for maintaining overall health and well-being. Regular physical activity helps 

control weight, reduces the risk of chronic diseases, improves mental health, and enhances the 

quality of life [1]. Engaging in fitness activities strengthens muscles and bones, boosts the immune 

system, and increases longevity [2]. For gym users, tracking fitness metrics such as height, weight, 

BMI, and heart rate is crucial for monitoring progress and tailoring workouts to individual needs. 

Keeping up an active way lifestyle in today's fast-paced world poses significant challenges, 

especially for gym users who require efficient tools to monitor key fitness metrics. Traditional 

tracking methods are manual, inconvenient, and prone to errors, failing to provide the necessary 

accuracy and integration. Existing digital solutions often lack real-time feedback, limiting their 

effectiveness in promoting sustained health management. Effective fitness management requires 

precise and consistent tracking of these metrics to ensure optimal exercise routines and to prevent 

potential health risks. 

This project aims to develop an IoT-Based Fitness Monitoring System that leverages advanced 

sensors for precise height and weight measurement, ECG for accurate heart rate monitoring, RFID 

for seamless user identification, and an ESP8266 microcontroller for robust data processing and 

cloud transmission. Machine learning will be employed to analyze the collected data, helping gym 

users and trainers determine the most suitable sports and fitness activities for individuals. This not 

only enhances the personalization of workout plans but also contributes to better health outcomes. 

By integrating these technologies, the system empowers users to make informed health decisions, 

track fitness progress, and achieve their fitness goals more effectively, while also supporting gym 

trainers in creating personalized workout plans. 
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1.2.Motivation 

The motivation for this research arises from the growing demand for personalized fitness solutions 

and the limitations of current methods used in gyms. Many gym users find it difficult to accurately 

track essential metrics like BMI and heart rate, hindering effective progress monitoring. 

Furthermore, gym trainers often lack access to detailed, real-time information needed to create 

tailored workout plans. By developing an IoT-based fitness monitoring system, this project aims 

to offer real-time feedback and personalized recommendations, improving workout efficiency and 

user experience, while assisting trainers with precise, actionable insights. 

1.3.Problem statement 

Maintaining a healthy lifestyle has become increasingly challenging in today's fast-paced world. 

A lot of people, especially those who use gyms, require assistance in order to regularly maintain 

and monitor fitness metrics like height, weight, BMI, and heart rate. Gym users often struggle to 

effectively track their progress and receive personalized workout recommendations that match to 

their individual health needs. This lack of personalized guidance can lead to inefficient workouts, 

and unsuitable levels of fitness. Additionally, gym trainers often face difficulties in understanding 

the specific exercise needs of each gym user, making it challenging to provide accurate and 

personalized workout plans [3].  

Current research highlights the effectiveness of personalized exercise programs in enhancing 

training responsiveness and adaptations. However, there are limited accepted guidelines on how 

to develop these individualized programs [4]. The American College of Sports Medicine (ACSM) 

highlights the need for fitness plans that accommodate the diverse responses of individuals to 

exercise and nutrition, considering factors such as experience, age, lifestyle, and genetics [5]. 

Additionally, trainers often lack the necessary tools and comprehensive data to create tailored 

workout plans that reflect individual goals, fitness levels, and preferences. Studies demonstrate 

that personalized fitness programs significantly improve user satisfaction and help achieve fitness 

goals more effectively [6]. 

Therefore, there is a critical need for advanced systems that can provide gym users with real-time, 

personalized fitness monitoring and recommendations to help them achieve their health and fitness 

goals more efficiently and safely. 
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1.4.Study objectives 

1.4.1. General Objective 

The general objective of this project was to develop an IoT-based smart fitness monitoring system 

that provides personalized workout recommendations in real-time, enhancing workout 

effectiveness and safety for gym users while supporting gym trainers with detailed, individualized 

data for creating tailored workout plans. 

1.4.2. Specific objectives 

The specific objective of this study is to: 

➢ Design and develop a Prototype that integrates weight, height, ECG, and RFID sensors to 

monitor fitness metrics like BMI and heart rate in real time. 

➢ Train and evaluate a machine learning algorithm to analyze the collected fitness data and 

generate personalized workout recommendations for users. 

➢ Integrate an LCD to provide real-time feedback by showing the suggested sports to the 

users. 

➢ Develop a web application that allows gym users to access their fitness data remotely and 

receive personalized workout recommendations. 

1.5.Hypothesis 

After deploying this IoT-based smart fitness monitoring system, gym users will experience 

improved workout efficiency and safety, leading to better health outcomes, while gym trainers will 

be able to create more effective personalized workout plans with increased convenience and 

precision.  As a result, both users and trainers will experience enhanced satisfaction, more effective 

fitness management, and improved overall health outcomes. 
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1.6.Scope of the study 

This project focuses on developing an IoT-based smart fitness monitoring system that provides 

real-time fitness tracking and personalized workout recommendations. The project will focus on 

developing a working prototype that displays real-time data on an LCD, sends alerts via a buzzer, 

and provides personalized insights through a web application. Due to time constraints, the scope 

is limited to the development and testing of the prototype within a controlled gym environment, 

with plans for future expansion to include mobile app integration and cloud-based predictive 

analytics. 

1.7.Significance of the study 

The System is significant as it revolutionizes how fitness is managed and monitored by integrating 

advanced technology into everyday routines. By offering personalized, real-time data, it empowers 

users to achieve their fitness goals with greater precision and efficiency. The system reduces the 

dependency on traditional methods, making fitness monitoring more accessible and cost-effective 

for both individuals and gyms. Additionally, it promotes a data-driven approach to fitness, allowing 

trainers to provide more tailored workout plans based on accurate, up-to-date information. 

1.8.Thesis contribution 

The system offers an innovative IoT solution for fitness management in gyms. It facilitates real-

time monitoring and personalized workout recommendations, contributing to more effective 

fitness management and empowering users to achieve their fitness goals with greater precision and 

ease. This system represents a significant advancement in the application of IoT technology in the 

fitness industry, promoting healthier lifestyles and improved gym experiences 
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1.9.Organization of the study 

Chapter one: Introduction this is an introductory chapter. It describes the background of the 

study, the problem statement, the objectives of the study, the scope of the study, significance of the 

study, project interest and the organization of the study.  

Chapter two: Literature review this chapter clarifies the work done by the other researchers on 

the IoT based on health.  

Chapter three: Research methodology this chapter clearly shows the writer proposed 

methodology.  

Chapter four: System design and analysis this chapter shows the prototype, corresponding to 

how the connectivity is done.  

Chapter five: Results and Analysis this chapter shows the results of the prototype.  

Chapter six: Conclusion and Recommendation this chapter gives the conclusion of the study 

and recommendations for the future researchers. 
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CHAPTER 2. LITERATURE REVIEW 

2.1. Introduction 

Maintaining fitness is essential for a healthy lifestyle, offering benefits like weight control and 

improved mental health. Gym users face challenges in tracking metrics such as height, weight, 

BMI, and heart rate due to manual and error-prone methods. Existing digital solutions often lack 

integration and real-time feedback. There is a pressing need for an advanced system that delivers 

accurate, real-time data and personalized recommendations, empowering users to make informed 

health decisions and aiding trainers in creating tailored workout plans for enhanced effectiveness 

and satisfaction[7]. 

2.2. Definitions 

2.1.1. Internet of Things 

The Internet of Things (IoT) refers to a system of interconnected devices, equipped with sensors, 

software, and communication technologies, that collect, exchange, and act on data over the 

internet. These devices operate in real time, enabling seamless interaction and automation [8]. In 

the context of this research, IoT plays a crucial role in integrating fitness sensors for tracking and 

analyzing gym users' health metrics such as heart rate, BMI, and movement. This allows real-time 

monitoring, data analysis, and personalized workout recommendations to enhance users' fitness 

experiences and outcomes. 

2.1.2. Radio frequency Identification Technology 

Radio Frequency Identification (RFID) is a wireless communication technology that uses radio 

waves to automatically identify and track objects or individuals through embedded tags. Each 

RFID tag holds electronically stored information that can be read remotely without requiring a 

direct line of sight [9]. In this research, RFID is used to identify gym users automatically when 

they enter, linking their fitness data such as heart rate, BMI, and workout routines to their profiles. 

This enables personalized monitoring, real-time feedback, and tailored workout recommendations, 

optimizing users' fitness tracking and progress. 

2.1.3. Body Mass Index (BMI): 

Body Mass Index (BMI) is a common measurement that assesses a person's weight in relation to 

their height. It is determined by dividing an individual's weight in kilograms by the square of their 

height in meters. BMI classifies people into categories such as underweight, normal weight, 
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overweight, or obese, making it a useful tool for evaluating overall health. This classification helps 

fitness experts create customized fitness programs and dietary plans, enabling individuals to reach 

their health and wellness objectives [10]. Recognizing the significance of BMI is crucial for 

enhancing awareness about weight management and its effects on overall health. 

The formula for calculating Body Mass Index (BMI) is: 

 

                                                                                                  

                                                                                        Equation 1: BMI formula 

Where: 

• Weight is measured in kilograms (kg). 

• Height is measured in meters (m). 

 

2.1.4. Machine learning 

Machine learning is a subset of artificial intelligence that uses algorithms and statistical models to 

enable systems to learn from data and make predictions or decisions without being explicitly 

programmed [11]. There are many ML algorithms, including Decision Trees, Random Forest, 

Support Vector Machines (SVM), K-Nearest Neighbors (KNN), Naïve Bayes, and Convolution 

Neural Networks, each suited for different types of tasks. Deep learning techniques have 

significantly improved human activity recognition using wearable sensors. Research on deep 

learning in activity recognition highlights how models such as CNNs, RNNs, and Transformer 

networks can accurately classify movements, detect fitness activities, and provide real-time 

insights for users[11]. 
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2.2. Related work 

Research has consistently highlighted the importance of personalized exercise programs in 

improving training responsiveness and adaptations. A study demonstrated that individualized 

fitness plans significantly enhance user engagement and effectiveness, compared to generic 

workout routines [12][13]. The American College of Sports Medicine (ACSM) underscores the 

necessity for fitness plans that consider the diverse responses of individuals to exercise and 

nutrition, taking into account factors such as experience, age, lifestyle, and genetics [5]. However, 

there are limited accepted guidelines on how to develop these individualized programs, posing a 

challenge for trainers who aim to provide personalized fitness guidance[14]. 

Advancements in IoT and sensor technology offer promising solutions to these challenges. IoT-

based systems can integrate multiple sensors to provide real-time monitoring and feedback, 

improving the accuracy and efficiency of fitness tracking. A study highlighted the effectiveness of 

IoT-enabled fitness devices in providing continuous health monitoring and personalized feedback, 

leading to better health outcomes [15]. Additionally, the integration of ECG sensors for heart rate 

monitoring has been shown to provide accurate and reliable data, which is crucial for optimizing 

workout intensity and ensuring user safety [16]. IoT Based Heart Activity Monitoring Using 

Inductive Sensors [17] explores different sensor technologies for heart rate monitoring. 

Furthermore, RFID technology has been effectively utilized for seamless user identification in 

various applications, including fitness tracking. Research demonstrated the benefits of RFID in 

enhancing user experience and data accuracy in gym environments [12]. The use of 

microcontrollers such as the ESP8266 for data processing and cloud transmission ensures robust 

and efficient handling of large datasets, facilitating comprehensive data analysis and personalized 

recommendations [13]. An IoT-Based Framework for Personalized Health Assessment and 

Recommendations Using Machine Learning [7] further supports the use of IoT for personalized 

health assessments. Patient Monitoring System Based on Internet of Things: A Review and Related 

Challenges with Open Research Issues [18] offers a broader context on IoT applications and 

challenges in healthcare. 

However, privacy concerns remain a significant challenge in AI-driven fitness monitoring. Recent 

studies propose privacy-preserving multi-level deep learning approaches, such as the Privacy-

Preserving Personalized Fitness Recommender System (P3FitRec), which enables personalized 



9 
 

fitness tracking while ensuring user data security[19]. An adaptive secure internet of things and 

cloud-based disease classification strategy for smart healthcare industry [20] addresses the 

importance of data security in such systems. This approach leverages federated learning and 

encrypted data processing techniques to provide workout recommendations without compromising 

user privacy. Incorporating such privacy-aware AI models is crucial for IoT-based fitness systems, 

ensuring secure user data management while maintaining personalized workout experiences. 

This project aims to address this gap by developing an IoT-Based Fitness Monitoring System that 

leverages advanced sensors, ECG, RFID, and an ESP8266 microcontroller to deliver accurate, 

real-time fitness data and personalized recommendations. A Machine Learning Approach to 

Predict Customer Usage of a Home Workout Platform [21] highlights the use of machine learning 

to predict user behavior in fitness. Dynamic Physical Activity Recommendation Delivered through 

a Mobile Fitness App: A Deep Learning Approach [22] explores the use of deep learning for 

personalized recommendations. Physical Activity Recommendation System Based on Deep 

Learning to Prevent Respiratory Diseases [23] further demonstrates the application of machine 

learning in fitness. By doing so, it seeks to empower users and gym trainers to achieve their fitness 

goals more effectively and safely. 

2.3. Summary and gaps identified 

The review of the state of the work proves that sensing technologies can be used to capture real-

time data and automatically calculate fitness metrics such as BMI and heart rate. Likewise, studies 

have demonstrated that the use of machine learning to provide personalized workout 

recommendations is achievable. However, this research has identified several limitations in 

existing fitness monitoring systems: 

• Some systems require manual data entry, which compromises accuracy and is time-

consuming[24]. 

• Many systems lack real-time cloud storage, limiting data accessibility and comprehensive 

analysis[25]. 

• Some available systems are expensive, making them less accessible to a broader 

population[26]. 
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• Limited studies have successfully incorporated machine learning for personalized workout 

recommendations, and those that do often exhibit lower accuracy[27]. 

Table 1:Related work summary table 

Author(s) Contribution Identified Gaps  Feedback 

A. Farrokhi et al. 

(2021) 

Surveyed IoT and AI 

applications in smart 

fitness systems. 

Lack of real-time 

personalized 

feedback and 

integration with gym 

environments. 

Strong foundation, 

but more real-world 

prototypes needed 

S. K. 

Jagatheesaperumal et 

al. (2023) 

Proposed IoT-based 

framework for health 

assessment using 

ML. 

Limited application 

to specific fitness 

metrics like BMI and 

heart rate. 

Promising work; 

fitness-specific 

customization 

needed. 

H. Wackerhage and 

B. J. Schoenfeld 

(2021) 

Highlighted need for 

personalized exercise 

programs. 

Lacked IoT or smart 

systems to 

dynamically 

personalize programs. 

Supports 

personalized fitness 

but needs IoT+ML 

systems for real-time 

guidance. 

Hoelzemann and Van 

Laerhoven (2023) 

Analyzed wearable 

sensors and 

annotation methods. 

Manual data 

collection increases 

error rates and 

inefficiency. 

Need fully automated 

real-time data 

collection systems. 

Zheng and Liu (2022) Designed cloud 

storage-oriented 

fitness monitoring 

system. 

Limited real-time 

integration and high 

system complexity. 

Cloud storage is 

important but must be 

simplified and fast 

for gym users. 

Seçkin et al. (2023) Reviewed wearable 

technologies in 

sports. 

Many solutions are 

expensive, limiting 

mass adoption. 

Solutions must be 

cost-effective to 

reach a wider user. 
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Fang et al. (2024) Applied ML for 

exercise goal 

personalization. 

Low model accuracy 

in some fitness 

scenarios. 

ML models should be 

optimized for diverse 

fitness parameters. 
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CHAPTER 3. RESEARCH METHODOLOGY 

3.1. Introduction 

A methodology is a documented process for project management that includes procedures, 

definitions, and explanations of techniques and tools used to collect, analyze, store, and present 

data as part of research[28]. This section discusses and gives detailed information on the study 

area and Scope of the project, the research method to be used, the target population, Sample size 

and sampling techniques, Data collection tools, and the System Development Approach that will 

be used to conduct this study and allow findings to be replicated to validate them or deduce a 

conclusion from that analysis. 

3.2. Research Methods  

The research methods for developing and evaluating the IoT-Based Fitness Monitoring System 

involve an experimental and prototype development approach. Experimental research involves 

implementing and testing the system's hardware and software components to evaluate 

performance. Surveys and questionnaires will collect feedback from users and trainers. he 

development of the IoT-Based Smart Fitness Monitoring System integrates various sensors, 

components, and algorithms to efficiently meet the system’s objectives of personalized workout 

recommendations. The system features an ESP8266 microcontroller as the core processing unit, 

integrated with multiple sensors such as an ECG sensor for heart rate monitoring, a weight sensor, 

and an ultrasonic sensor for height measurement. Additionally, the system incorporates an RFID 

reader for user identification, enabling personalized data collection and tracking. The data 

collected by these sensors were processed by the microcontroller and transmitted to a cloud 

platform for analysis using machine learning algorithms, allowing real-time recommendations and 

personalized fitness insights. The LCD display will provide real-time feedback to users, displaying 

fitness metrics such as BMI and heart rate.  
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3.2.1. Data Collection 

Data is collected from various integrated sensors, including: 

• ECG sensor to capture the user's heart rate. 

• Weight sensor to track body weight. 

• Ultrasonic sensor to measure the user’s height, used for BMI calculation. 

• RFID reader to identify users and link data to their personal fitness profiles. 

The system automatically calculates the BMI based on the height and weight data collected. The 

LCD screen displays real-time BMI and heart rate readings. All data collected is transmitted to a 

cloud-based SQL database for real-time processing and monitoring. Additionally, machine 

learning models analyze the fitness data, which is trained using the Dataset 10000 from Kaggle, 

to provide personalized workout recommendations. These recommendations help gym users 

optimize their exercise routines and achieve their fitness goals. 

 

 

Figure 1: Kaggle online platform 
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Table 2: Data set downloaded and used to train ML Model 

 

3.2.2 Data Analysis 

Data analysis is performed using machine learning models integrated into the system. The models 

process real-time fitness data stored in the cloud to generate personalized workout 

recommendations based on the user's metrics (heart rate, BMI, etc.). These recommendations help 

users achieve their fitness goals while ensuring safe workout practices. Monthly fitness reports are 

generated and shared with gym trainers, providing a comprehensive overview of each user’s 

progress and fitness level. Additionally, predictive analytics is applied to analyze long-term trends 

in users’ health and fitness patterns, enhancing the user experience and assisting trainers in refining 

workout plans for optimal results. 
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3.3. Machine Learning Process 

The Machine Learning Process for the IoT-Based Smart Fitness Monitoring System begins with 

using data from Kaggle to train the machine learning algorithms. This data includes key fitness 

metrics such as heart rate, weight, and height, which are then transmitted to the cloud for storage 

and processing. In the cloud, the data is preprocessed to handle any missing or noisy values, 

ensuring accuracy. 

After preprocessing, the data is fed into machine learning models. These models are trained to 

analyze fitness patterns and generate personalized workout recommendations based on user-

specific health metrics like BMI and heart rate. The models are fine-tuned through cross-

validation, improving prediction accuracy and ensuring tailored workout plans. 

Predictive analytics is applied to forecast users' future health trends, helping users and gym trainers 

optimize workouts. The system continuously improves as it learns from new data, enhancing 

recommendations over time. 

3.3.1. Random forest algorithm Definition 

Random Forest is a powerful machine learning algorithm that uses an ensemble of decision trees 

to make predictions[29] . Each tree is trained on a random subset of the data and features, which 

helps reduce overfitting and improve generalization. The final prediction is made by averaging the 

predictions (for regression) or by majority voting (for classification) of all individual trees. 

Random Forest is highly accurate, robust to noise, and can handle both numerical and categorical 

data. It is particularly effective for complex tasks involving large datasets and multiple variables, 

making it a popular choice for applications such as classification, regression, and predictive 

modeling. 
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3.3.2. Application of Random Forest in IoT-Based Fitness Monitoring System 

In this research, ML model analyzes fitness data to provide personalized workout 

recommendations, improving the overall fitness experience for users. Among the various ML 

algorithms, we chose Random Forest model for its high accuracy, making it ideal for tasks 

requiring processing and predicting multiple fitness parameters like heart rate, weight, and height. 

This accuracy ensures reliable fitness recommendations and health monitoring in your system. 

Additionally, Random Forest is highly scalable, and capable of handling large datasets as your IoT 

fitness system expands, accommodating more users and data points over time. It also supports real-

time processing, enabling immediate predictions and feedback as the system collects user data. 

This allows for timely health alerts and personalized workout suggestions based on current metrics, 

enhancing the user experience. 
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CHAPTER 4. SYSTEM DESIGN AND DEVELOPMENT 

4.1. Introduction 

In this section, the proposed system architecture for the IoT-Based Smart Fitness Monitoring 

System is described. The architecture is designed to integrate key fitness monitoring and workout 

recommendation services for gym users. Upon entering the gym, user identification is 

automatically carried out through RFID technology, linking each user's fitness profile. In addition 

to identification, various sensors are implemented to capture essential fitness metrics such as heart 

rate, weight, and height. These parameters are processed in real-time and analyzed to provide 

personalized workout recommendations, enhancing the user’s fitness experience and overall health 

management. 

4.2. System architecture 

4.2.1. Block diagram of the system 

Figure 2 Shows the block diagram of the proposed system, how all sensors will be connected to 

the microcontroller and actuators. The 5V dc will be used to power the system and then after 

powering the system will start working. 

 

Figure 2: Block diagram of the system 
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4.2.2. Flow Chart diagram of the system 

This flowchart outlines the workflow of an advanced IoT-based fitness monitoring system 

designed to provide personalized and data-driven fitness management for users. Upon entering the 

gym, the user is identified via RFID, ensuring that the data collected is accurately linked to their 

profile. The system then collects essential biometric data through sensors, including height, 

weight, and heart rate, which are used to calculate the Body Mass Index (BMI). This information 

is displayed in real-time on an LCD screen, allowing the user to immediately see their health 

metrics. The system then checks for any abnormal readings such as an unusually high heart rate or 

concerning BMI and triggers an alert if necessary, ensuring the user's safety. All collected data is 

transmitted to a cloud platform for further analysis using machine learning algorithms. These 

algorithms identify suitable fitness styles and generate personalized workout plans, providing 

tailored recommendations that align with the user's fitness goals and health needs. 

 

Figure 3: Flow chart of the system 
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4.3. Tools and component used  

4.3.1. Components used and their functions 

Table 3:Hardware requirements details and specifications 

  Hardware Description and 

specifications 

 

S/N EQUIPMENT DESCRIPTION SPECIFICATION 

1 Microcontroller The central unit that processes 

data from various sensors and 

manages communication with 

other components. 

-Processor: 32-bit Tensilica L106, 

clock frequency 80 MHz to 160 MHz 

-Memory: 4MB Flash, 128 KB 

RAM 

-Connectivity: Wi-Fi 

- GPIO Pins: Multiple (depends on 

the specific board) 

-Key Features: RTOS support, low-

power deep sleep mode, ideal for IoT 

applications 

2 Weight Sensor Measures the weight of the 

user and sends data to the 

microcontroller. 

 -Type: Load Cell  

 - Capacity: 200 kg  

 - Output: Analog signal  

 - Accuracy: ±0.02 kg 

3 Height Sensor Measures the height of the user 

and sends data to the 

microcontroller. 

- Type: Ultrasonic Sensor  

 - Range: 2 m  

 - Output: Digital signal  

 - Accuracy: ±0.1 cm 

4 ECG Sensor Measures the heart rate of the 

user and sends data to the 

microcontroller. 

- Type: Electrocardiogram (ECG) 

Sensor  

 - Output: Analog signal  

 - Accuracy: ±1 BPM 

5 RFID Reader Identifies users and retrieves 

their data. 

- Type: RFID Module  

 - Frequency: 13.56 MHz  
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 - Range: Up to 10 cm  

 - Output: Serial communication 

6 LCD Screen Displays real-time BMI and 

heart rate data and workout 

recommendation. 

- Type: TFT Display  

 - Interface: I2C  

 - Voltage: 5V  

 - Backlight: LED 

-Resolution: Common resolutions 

include 320×480 pixels 

7 RFID Reader 

Module 

13.56Mhz 

 

a wireless radio frequency 

identification device operating 

at high frequency (HF) for 

reading and writing RFID tags, 

commonly used in access 

control. 

- Type: RFID Reader Module 

13.56Mhz 

 - Voltage: 3.3V to 5V  

 - Read Range: Up to 10 cm 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

HC-SR04 Ultrasonic Sensor 

 

 

Figure 4:The HC-SR04 ultrasonic sensor 

 An ultrasonic sensor is an electrical device that periodically emits sound waves at a high frequency of 

40 KHz. Sound waves are emitted by the transmitter of an ultrasonic sensor, and the reflected sound 

waves are picked up by the receiver. The sensor uses the formula D = ½*T*S to compute the distance 

of an object by measuring the interval between the sound waves' emission and reception. This project 

uses the HC-SR04 ultrasonic sensor since it has a 3mm accuracy range for measuring distances between 

2 and 450 cm[35]. 
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Load cell Sensor and HX711 Load cell Amplifier 

 

   

Figure 5:200kg Load cell and Load cell amp 

A load cell is a force transducer that produces electricity from pressure, tension, or stress. The 

electrical output is directly proportional to the applied force. A Wheatstone bridge arrangement is 

used for the strain gauge load cells. The load cell generates signals in millivolts (mV). The HX711 is 

a 24-bit Analog-to-Digital Converter (ADC) that converts the load cell's tiny electrical signal into 

24-bit voltage fluctuations (0-5V)[36]. Strain gauge load cells are essential for precise axial force 

measurement, especially in test bench applications requiring high accuracy. They function by 

converting mechanical deformation into electrical signals via strain gauges on a deformable 

structure. Optimizing their design and shape enhances sensitivity, load distribution, and 

performance, influenced by factors like material selection and geometric configuration. Studies 

using finite element analysis (FEA) have improved their accuracy and durability, making them 

suitable for high-capacity applications such as 200 kg load measurement. Different types, 

including bending beam, shear beam, and compression load cells, cater to various industrial and 

laboratory needs, enhancing reliability in force measurement[37][38]. 
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Figure 6:ECG sensor module 

 The image shows an ECG (Electrocardiogram) sensor module, typically used for heart rate 

monitoring and biomedical signal acquisition. This sensor system includes electrode pads, lead wires, 

and an analog front-end circuit board[39] designed to detect and amplify bioelectrical signals from the 

heart. The electrodes are placed on the skin to capture electrical activity, which is then processed by the 

sensor module to provide ECG waveforms. These modules are commonly used in wearable health 

monitoring systems, fitness tracking, and medical diagnostics[40][41]. 

 

NodeMCU (ESP8266) 

 

It's an inexpensive development board made for Internet of Things uses. The ESP8266 Wi-Fi SoC powers the 

firmware, while the ESP12E module serves as the foundation for the hardware. Real time operating systems 

(RTOS) that run at a clock frequency of 80 MHz to 160 MHz are supported by the processor. 4MB of Flash 

memory and 128 KB of RAM are available for storing data and programs. Because of its powerful processing 

capacity and deep sleep operating capability, it is ideal for Internet of Things applications[42]. 

  

Figure 7: ESP8266 NodeMCU                                                         Figure 8: ESP8266 NodeMCU pin out 
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Thin-Film Transistor (TFT) Display 

 

Figure 9: A TFT Display 

A Thin-Film Transistor (TFT) Display is a type of liquid crystal display (LCD) that uses thin-film 

transistor technology to improve image quality. TFT displays provide high contrast, fast response times, 

and better color reproduction compared to standard LCDs. They are commonly used in smartphones, 

tablets, embedded systems, and IoT projects due to their compact size and efficient power 

consumption[43][44][45]. 

 

 RFID Reader Module 13.56Mhz 

 

Figure 10: RFID Reader module 

 The RFID Reader Module (13.56 MHz) is a wireless radio frequency identification device operating 

at high frequency (HF) for reading and writing RFID tags, commonly used in access control, payment 

systems, and inventory tracking. It supports multiple communication interfaces, including SPI, I2C, 

and UART, and adheres to protocols like ISO 14443A/B and ISO 15693, making it compatible with 

NFC in some models. With an operating voltage of 3.3V - 5V and a read range of up to 10 cm, its 

efficiency depends on the tag type and antenna size[46][47][48][49]. 
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Power supply 

A regulated DC power supply is used in this project as it provides a more sustainable and reliable 

alternative to battery power. a regulated power supply ensures consistent voltage, enhancing 

system stability and long-term efficiency. 

Other hardware that was used included wires, bolts and nuts, wooden piece etc. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

4.3.2. Hardware Design 

Hardware Design in IoT refers to the process of planning, developing, and integrating the physical 

components that enable devices to connect, communicate, and interact within an IoT ecosystem. This 

design encompasses a variety of elements, including sensors, actuators, microcontrollers, 

communication modules, power management systems, and interfaces, all of which work together to 

collect data, process it, and transmit it to other devices or cloud platforms [50]. 

Therefore, the proposed system will have three main parts, which are sensing unit, processing unit 

and actuating unit as shown on hardware design figure 

 

Figure 11: Hardware architectural design 
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4.3.2. Software used and their roles 

Table 4: Software used and their roles 

Software/ Tool Role  

1. Arduino IDE (C++) For programming the ESP8266 and fitness sensors 

2. ESP8266 Libraries Connectivity and communication with IoT devices 

3. Machine Learning (Python) 

 

Analyze fitness data and generate recommendations 

4. MySQL Database to store user fitness data 

5. Web Development Tools 

 

For creating user interface and data visualization 

(HTML, CSS, JavaScript) 

 

 

Figure 12: System testbed 
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An ultrasonic sensor measures distance by emitting high-frequency sound waves and detecting the 

time it takes for the echo to return after reflecting off the top of a person’s head. In this project, the 

sensor is mounted at the top of a 2.4-meter stick, facing downward. When a person stands beneath 

the sensor, it transmits an ultrasonic pulse that travels downward, hits the person’s head, and 

bounces back to the sensor. The sensor calculates the distance (D) between itself and the person’s 

head using the time delay of the returning echo. The height of the person (H) is then determined 

by subtracting the measured distance from the total height of the stick using the formula: 

H=2.4m−D        

Equation 2: Height of the person formula 

 

This simple and cost-effective method is based on the same working principle described in [31], 

where an ultrasonic-based digital height meter is developed using the HC-SR04 sensor and 

microcontroller. 

4.4. Design of BMI Structure 

 

Figure 13: BMI Structure Design[30]  
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To measure the person's weight, a 200 kg load cell sensor is used. The load cell is connected to an 

HX711 amplifier module, which converts the analog signal from the load cell into a digital value 

readable by the microcontroller. When a person stands on the load cell platform, their body weight 

is captured and processed. 

After both height and weight are measured, the system computes the Body Mass Index (BMI) 

using the formula: 

 

Equation 3: BMI formula 

This method has been demonstrated in similar studies involving BMI systems using ultrasonic 

sensors and load cell modules [32] [33]. 

  

 

 

 

 

 

 

 

 

 

 



28 
 

CHAPTER 5: SYSTEM RESULTS AND ANALYSIS 

5.1. Introduction 

This chapter presents the results obtained from the implementation and testing of the IoT-Based 

Smart Fitness Monitoring System. It provides an in-depth analysis of system performance, 

accuracy, and efficiency in monitoring fitness metrics and generating personalized workout 

recommendations. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

5.2. Prototype Implementation 

 

 

Figure 14: Prototype of the IoT-Based Smart Fitness Monitoring System 
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The prototype was tested, and results demonstrated the feasibility and effectiveness of the system 

in providing real-time fitness monitoring and personalized recommendations. Each component 

associated with the PCB was tested to verify if it was working correctly with no short circuits. As 

a result, the reliability of the microcontroller-based unit was confirmed.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure15: IoT-Based Smart Fitness Monitoring System Display 
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5.3. User Interface Performance 

 

 

 

Figure 16:Home page of the system Web App 
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Admin tasks: The admin can register new gym users, manage user profiles, and oversee fitness data 

records. 

 

Figure 17: Admin records 

 

Figure 18: Admin creates new gym user 
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5.4. Machine Learning Results and Evaluation 

 

 

Figure 19: Distribution of the key inputs features (Heart Rate, Age, BMI) 

This figure illustrates the distribution of the three key input features used in the fitness 

recommendation model. Each subplot shows the frequency of values within the dataset: 

➢ Heart Rate Distribution (70-115 BPM): Shows consistent data collection across 

participants, demonstrating the effectiveness of your ECG-based heart rate monitoring 

component.  

➢ Age Distribution (20-70 years): The center graph shows the "Distribution of age" 

among participants, spanning from roughly 20 to 70 years. 

➢ BMI Distribution (20-40): Displays comprehensive coverage across all BMI categories, 

validating your height and weight measurement sensors. 

These distributions ensure the model has sufficient variance for effective training and 

generalization. 
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Figure 20:Relative Importance Feature Bar Chart 

According to analysis, the ML model's largest metric (40%) is heart rate, which is followed by 

age (30%) and BMI (26%). This hierarchy confirms the system prioritizes physiological signals 

and demographic factors when generating personalized workout recommendations, aligning with 

established exercise science principles. 
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Table 5: Personalized Fitness Recommendations Based on Biometric Parameters 

The data was synthetically generated and used as a simulation to evaluate the system's 

functionality. 

 

Table 4 presents the output of the machine learning model, which was trained to map biometric 

parameters including age, gender, height, weight, resting heart rate, and workout heart rate to 

specific fitness recommendations. Each participant's biometric profile was processed as a feature 

vector, and the model applied classification algorithms to predict the most suitable exercise 

category based on learned patterns. The diversity of biometric inputs demonstrates the model’s 

ability to generalize across a wide range of physiological characteristics, providing individualized 

recommendations that align with established fitness goals. This confirms the system’s capability 

to utilize supervised learning methods to accurately associate input features with optimal workout 

prescriptions. 
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Figure 21: Fitness Goal Distribution Among System Users 

The distribution of fitness goals among the user group is shown graphically in this chart. According 

to the research, users have a diverse range of fitness objectives, with a reasonably balanced 

distribution across areas like flexibility, muscle gain, balance, and others. This diversity of goals 

emphasizes how crucial the system is for meeting the requirements of each individual. 
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Figure 22: Preferred Exercise Distribution 

User Preferences for Exercise displays the distribution of preferred exercises among users. The 

chart indicates that Weightlifting and Running are the most frequently preferred, while Martial 

Arts and Mixed are the least. This distribution provides insight into user inclinations for 

personalized workout recommendations. 

 

Figure 23: Top 15 Workout Recommendations 

This horizontal bar chart displays the top 15 most frequently suggested sports by your IoT-based 

smart fitness monitoring system. Each bar represents a specific sport, and the length of the bar 

indicates how many times that sport was recommended to users. 
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5.5. Model Evaluation Metrics with Simulated Noise 

 

Figure 24: Model accuracy, precision, and error output 

Model Evaluation Metrics with Figure21. The performance of the recommendation model when 

tested with simulated noise is shown in Simulated Noise. Precision (98.80%) shows the proportion 

of accurately predicted positive situations, Accuracy (98.80%) shows the percentage of correct 

predictions, and Error Rate (1.20%) shows the percentage of incorrect projections. Considering 

the noise, the excellent accuracy and precision show how useful the model is. 

5.6. Comparative Analysis 

To assess the effectiveness of the developed system, a comparison was made with existing fitness 

monitoring solutions. Key findings include: 

1. Fitness Tracking Accuracy 

✓ Developed System: Higher accuracy in fitness tracking due to real-time sensor 

integration. The system provides immediate data feedback, reducing the delay 

between activity and result reporting. 

✓ Existing Systems: Traditional fitness monitoring solutions often rely on less real-

time or less precise data, leading to potential inaccuracies in tracking fitness 

progress. 
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2. Personalized Recommendations 

✓ Developed System: Offers personalized workout recommendations by leveraging 

machine learning algorithms such as Random Forest, providing tailored fitness 

plans based on user data and progress. 

✓ Existing Systems: Typically offer generic fitness plans based on limited user 

information, which might not optimize for individual progress or goals, especially 

for unique fitness needs. 

3. Cost-Effectiveness 

✓ Developed System: The system is cost-effective due to its use of affordable IoT 

hardware and open-source software, making it a practical solution for gym-goers 

or fitness enthusiasts on a budget. 

✓ Existing Systems: Commercial smart fitness devices often come at a higher price 

point due to proprietary technology and advanced features, which may not be 

accessible for everyone. 

 

5.7. Limitations 

Certain limitations impact the usability and accessibility of the IoT-Based Smart Fitness 

Monitoring System. The load cell sensor used to measure weight can only measure up to 200 kg, 

so it is not appropriate for people who weigh more than that. Taller users may find the ultrasonic 

sensor inaccurate because it can only assess heights up to two meters for our project. Furthermore, 

the system is not designed for pregnant women or people with limb disabilities. 
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CHAPTER  6: CONCLUSION AND RECOMMENDATION FOR FUTURE WORK 

6.1. Conclusion 

The system successfully achieved its objectives, providing accurate, real-time fitness tracking and 

personalized workout recommendations. The combination of IoT and machine learning enhanced 

the overall user experience and effectiveness of fitness management in gyms. 

The IoT-Based Smart Fitness Monitoring System enhances fitness tracking by integrating 

advanced sensors, machine learning, and cloud-based analytics to provide personalized workout 

recommendations. Utilizing RFID for seamless user identification, ECG for accurate heart rate 

monitoring, and real-time BMI calculations, the system improves health tracking and user 

engagement. The incorporation of machine learning ensures data-driven recommendations, 

allowing gym users to optimize their workouts while enabling trainers to create tailored fitness 

plans. The trained machine learning model achieved a high accuracy of 98.8% with a low error 

rate of 1.2%, confirming its reliability in delivering precise and personalized fitness 

recommendations. By providing real-time feedback through an LCD display and cloud storage, 

the system facilitates continuous progress monitoring. This innovation revolutionizes gym fitness 

management by enhancing accuracy, efficiency, and accessibility, ultimately promoting healthier 

lifestyles and data-driven decision-making in personal fitness and professional training 

environments. 

6.2. Recommendation for future work 

Future research should focus on collecting and utilizing extensive real-world datasets from the 

deployed IoT-based fitness monitoring system to enhance machine learning model training, 

improving the accuracy of personalized workout recommendations and predictive health insights. 

Despite advancements in IoT-based fitness monitoring, challenges remain in effectively 

integrating machine learning with wearable healthcare devices. Research highlights issues such as 

sensor reliability, energy efficiency, and real-time data processing constraints that impact system 

performance[34]. Addressing these challenges through optimized data collection methods and 

model efficiency improvements will enhance the reliability of smart fitness monitoring solutions.  
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Additionally, expanding the system by integrating advanced biometric sensors, such as oxygen 

saturation (SpO2) and stress level monitors, would provide a more comprehensive assessment of 

gym users' health, further refining personalized recommendations and ensuring more precise 

fitness tracking. 
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APPENDIX 

1. System expenditure 

S/N ITEMS QUANTITY UNIT COST 

(USD) 

TOTAL COST 

(USD) 

1 ESP 8266 1 15 15 

2 Weight Sensor 1 17 17 

3 Height Sensor 1 4 4 

4 ECG Sensor 1 6 6 

5 RFID Reader 1 19 19 

6 LCD 1 12 12 

7 Buzzer 1 1 1 

8 Rechargeable Battery 1 13 13 

9 Bread Board 3 7 21 

10 enclosure 1 20 20 

 Total    128 
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2. Codes for Machine learning 
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