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Abstract— Wearable Internet of Things (IoT) devices have become a major enabler of 
continuous health monitoring, providing real-time data such as ECG, heart rate, temperature, 
and oxygen saturation for early disease detection. Integrating machine learning (ML) with 
wearable sensors enhances predictive accuracy and enables timely medical intervention. 
Conventional approaches such as Rule-Based Health Monitoring (RBHM), Threshold-Based 
Anomaly Detection (TBAD), and Statistical Pattern Matching (SPM) have been widely used; 
however, these methods suffer from high false-alarm rates, limited adaptability to dynamic 
physiological variations, and reduced accuracy in noisy sensor environments. To overcome 
these limitations, this research introduces the Machine Learning-Driven Adaptive Health 
Detection Algorithm (ML-AHDA). The proposed ML-AHDA improves overall classification 
accuracy by 31%, reduces false-alarm rate by 27%, and enhances early disease prediction 
stability by 22% when compared to RBHM, TBAD, and SPM. By learning complex nonlinear 
patterns, adapting to user-specific physiology, and applying dynamic model updates, ML-
AHDA provides a significantly more reliable and intelligent health monitoring solution for 
next-generation wearable IoT healthcare applications. 
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I. INTRODUCTION 

Wearable Internet of Things (IoT) devices have transformed modern healthcare by enabling continuous 
physiological monitoring through sensors that capture ECG, heart rate, SpO₂, temperature, and motion data. 
These devices provide real-time insights and support proactive medical intervention, especially for early disease 
detection. With increasing demand for personalized and remote healthcare, integrating machine learning (ML) 
into wearable IoT platforms enhances analytical capability, improves diagnostic accuracy, and enables patient-
specific predictions [1][2].  
Recent trends highlight the use of ML-based multi-sensor fusion, cloud-edge analytics, and personalized health 
modeling for detecting abnormalities before clinical symptoms appear. Applications span cardiovascular 
monitoring,   respiratory  analysis,   stress  detection,   and  chronic   disease  prediction.  However,  despite  their  
 
 
Grenze ID: 01.GIJET.12.2.266_21 
© Grenze Scientific Society, 2026 

 

Grenze International Journal of Engineering and Technology, June Issue 



 
3188 

advantages, many conventional approaches still struggle with dynamic physiological variations, noise, and 
inconsistent sensor data. This creates a critical need for intelligent algorithms capable of adapting to user-
specific physiological changes. This research introduces such a solution through a machine learning-driven 
adaptive health detection framework [3]. 

A. Research Gaps 
Although wearable IoT devices and machine learning have significantly improved real-time health monitoring, 
several key research gaps remain unaddressed. Conventional methods such as Rule-Based Health Monitoring 
(RBHM), Threshold-Based Anomaly Detection (TBAD), and Statistical Pattern Matching (SPM) struggle to 
model the nonlinear and dynamic nature of physiological signals, resulting in low adaptability during continuous 
monitoring [4]. These approaches are also sensitive to noise, missing data, and motion artifacts, which 
commonly occur in real-world wearable environments. Furthermore, high false-alarm rates arise due to rigid 
thresholds and rule-based logic, reducing reliability in early disease detection. Existing systems lack 
personalized learning mechanisms that consider user-specific physiological variations, leading to inaccurate 
predictions across diverse populations. Multi-sensor fusion is another major challenge, as current frameworks 
fail to effectively combine data from multiple sensors for holistic health analysis. These limitations highlight the 
need for an adaptive, intelligent, and ML-driven framework capable of delivering stable and accurate early 
detection in wearable IoT healthcare applications [5]. 

B. Wearable IoT-based Multi-Sensor Health Monitoring System 
Figure.1. illustrates a complete multi-sensor health monitoring system designed using the MySignals IoT 
platform. A range of biomedical sensors—including ECG, EMG, airflow, temperature, GSR, snore, body-
position, SpO₂ pulse oximeter, blood pressure monitor, glucometer, and spirometer—are interconnected to a 
central processing unit [6][7]. Each sensor captures specific physiological parameters such as heart activity, 
muscular response, respiration patterns, body temperature, oxygen saturation, glucose level, and overall 
cardiovascular condition. The central unit acquires, processes, and transmits the data for further analysis using 
machine learning algorithms. This unified multi-sensor arrangement enables continuous real-time monitoring 
and supports early detection of abnormalities, making it highly suitable for wearable IoT health-monitoring 
applications [8][9]. 

 
Figure.1. Integrated Biomedical Sensor Module for Real-Time Physiological Monitoring 

C. Proposed ML-AHDA-Based Wearable IoT Health Monitoring Framework 
Figure.2. illustrates the integration of the Machine Learning-Driven Adaptive Health Detection Algorithm (ML-
AHDA) into a wearable IoT health monitoring system. In the IoT layer, multiple physiological parameters—
including blood pressure, heart rate, respiration rate, EEG, ECG, EMG, blood sugar, and cholesterol level—are 
continuously captured through wearable sensors. These signals are transmitted via a gateway device using 
Bluetooth and wireless communication to the cloud layer [10] [11]. Within the cloud layer, ML-AHDA performs 
adaptive preprocessing, personalized signal cleaning, and predictive modelling using electronic clinical data and 
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patient medical history. This enables more accurate detection of abnormal health patterns and supports early 
diagnosis. The system then sends timely alerts to doctors, hospitals, and patients for immediate intervention. This 
adaptive architecture enhances reliability, personalization, and prediction accuracy compared to conventional 
methods [12]. 

 
Figure.2. Machine Learning-Driven Adaptive Health Detection Algorithm (ML-AHDA) Architecture 

D. Adaptive Preprocessing Function 
Equation.1 defines how raw sensor data is adaptively normalized using patient-specific statistical values for 
accurate preprocessing in ML-AHDA [13]. 

ܵ௔௣(ݐ) = ௌೝೌೢ(௧)ିఓ೛
ఙ೛ାఢ

           1 

In this formulation, the term ܵ௔௣(ݐ) denotes the adaptively preprocessed signal at time ݐ. The variable ܵ௥௔௪(ݐ) 
represents the raw physiological input collected from IoT sensors. The symbol ߤ௣ indicates the patient-specific 
mean, while ߪ௣ refers to the patient-specific standard deviation. The constant ߳ is added to prevent division-by-
zero during normalization. By using adaptive parameters ߤ௣ and ߪ௣, this preprocessing ensures that inter-patient 
variability is minimized, improving ML-AHDA performance [14]. 

E. Feature Fusion for Multi-Sensor Data 
Equation.2. specifies how multimodal physiological features are weighted and fused into a unified vector for 
ML-AHDA prediction [15]. 

ܨ = ா஼ீܨߙ + ுோܨߚ + ௌ௣ைమܨߛ + ாெ௉்ܨߜ +  ெை்       2ܨߟ

In this feature-fusion model, ܨ represents the combined multimodal feature vector The component ܨா஼ீ 
corresponds to ECG-derived features, ܨுோ represents heart-rate-based features, and ܨௌ௣ைమ denotes oxygen 
saturation features. Similarly, ்ܨாெ௉ extracts temperature-related features, while ܨெை் includes motion or 
activity-based sensor features. The fusion weights ߜ ,ߛ ,ߚ ,ߙ, and ߟ are trainable parameters that determine the 
contribution of each modality. This weighted combination ܨ enhances ML-AHDA’s ability to capture cross-
sensor correlations for improved prediction accuracy [16]. 

F. ML-AHDA Prediction Function 
Equation.3. defines how the fused feature vector is mapped to a predicted clinical state by the ML-AHDA 
prediction model. 

ݕ̂ = M݂L-AHDA(ܨ)          3 



 
3190 

In this prediction model, ̂ݕ denotes the predicted output class corresponding to health conditions such as normal, 
abnormal, or high-risk. The function M݂L-AHDA(⋅) represents the trained ML-AHDA model, which may consist of 
adaptive learning blocks, deep neural networks, or hybrid ML structures. The variable ܨ is the fused multimodal 
feature vector created from various sensor inputs.By applying M݂L-AHDA(ܨ), the system performs early disease 
risk estimation, enabling timely alerts for healthcare monitoring. 

II. RESULT AND DISCUSSION  

Table.1. defines the hardware, software, and data acquisition conditions used to evaluate the performance of the 
Machine Learning-Driven Adaptive Health Detection Algorithm (ML-AHDA). The system integrates wearable 
IoT sensors, cloud-based processing, multi-sensor fusion, and predictive modelling to analyze physiological 
signals for early disease detection. The parameters listed below describe the complete environment used during 
testing and validation. 

TABLE I. EXPERIMENTAL SETUP PARAMETERS FOR ML-AHDA-BASED WEARABLE IOT HEALTH MONITORING 

SI. No. Parameter Experimental Setup Description 
1 Wearable IoT Sensors Used ECG, Heart Rate, SpO₂, Temperature, Motion, Body Position 
2 Sampling Frequency 100 Hz for ECG, 1 Hz for vital signals 
3 Data Acquisition Duration 30 minutes per subject (continuous monitoring) 
4 Number of Participants 50 subjects (healthy + risk-category individuals) 
5 Communication Protocol Bluetooth Low Energy (BLE) to gateway device 
6 Cloud Processing Environment 16-core CPU, 32 GB RAM, Ubuntu Server 
7 Preprocessing Techniques Adaptive normalization and noise filtering 
8 Feature Extraction Methods Time-domain, frequency-domain, and statistical features 
9 ML-AHDA Model Configuration Multi-sensor fusion with trained predictive classifier 
10 Evaluation Metrics Accuracy, False Alarm Rate, Prediction Stability 

A. Overall Classification Accuracy Comparison Across Sensor Categories 
Figure.3. compares the classification accuracy of three conventional methods—RBHM, TBAD, and SPM—
against the proposed ML-AHDA model across six key physiological sensor categories: ECG, HR, SpO₂, 
Temperature, Motion, and Multi-Sensor fusion. As shown in the figure, the proposed ML-AHDA consistently 
outperforms the baseline methods for all sensor types due to its adaptive preprocessing and weighted feature-
fusion strategy. The highest improvement is observed in the Multi-Sensor fusion category, where ML-AHDA 
achieves a significant accuracy boost compared to conventional approaches. This demonstrates the effectiveness 
of ML-AHDA in leveraging multimodal health data for robust and early disease prediction. 

 
Figure.3. Performance Comparison of Conventional Methods and Proposed ML-AHDA Across Multiple Sensor Categories 

B. Prediction Stability Analysis Across Adaptive Units 
Figure.4. presents the prediction stability obtained by three conventional methods—RBHM, TBAD, and SPM—
compared with the proposed ML-AHDA framework over six adaptive units. The stability of conventional 



 
3191 

methods remains relatively low and gradually improves across the units, indicating limited adaptability to 
varying signal conditions. In contrast, the proposed ML-AHDA shows a consistent and substantially higher 
stability curve due to its adaptive preprocessing, personalized feature fusion, and optimized learning architecture. 
The improvement becomes more prominent in higher adaptive units, demonstrating that ML-AHDA enhances 
robustness and reduces fluctuations in real-time health prediction scenarios. 

 
Figure.4. Comparative Prediction Stability of RBHM, TBAD, SPM, and Proposed ML-AHDA Across Adaptive Units 

C. False-Alarm Rate Analysis Across Decision Threshold Values 
Figure.5. presents the false-alarm rate performance of three conventional approaches—RBHM, TBAD, and 
SPM—compared with the proposed ML-AHDA model across four decision threshold values: 0.20, 0.35, 0.50, 
and 0.65. The conventional methods show a gradual reduction in false-alarm rate as the threshold increases; 
however, their values remain significantly higher across all threshold settings. In contrast, the proposed ML-
AHDA achieves the lowest false-alarm rates at every threshold due to its adaptive decision optimization, 
personalized preprocessing, and feature-fusion mechanisms. The improvement becomes more pronounced at 
higher thresholds, where ML-AHDA reduces false alarms by up to 27% compared to SPM. This demonstrates 
ML-AHDA’s capability to deliver more reliable and precise alerts in real-time health monitoring. 

 
Figure.5. Comparative False-Alarm Rate Evaluation of RBHM, TBAD, SPM, and Proposed ML-AHDA Across Decision Threshold Levels 

D. Overall Performance Comparison of Conventional Methods and Proposed ML-AHDA 
Figure.6. illustrates the overall performance achieved by three conventional methods—RBHM, TBAD, and 
SPM—compared with the proposed ML-AHDA framework. As shown in the figure, the performance of 
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conventional approaches remains between 62% and 68%, indicating limited capability in handling multi-sensor 
data variations. In contrast, the proposed ML-AHDA method achieves a significantly higher overall performance 
of 89%, demonstrating superior accuracy, lower error rates, and improved adaptability. The substantial 
performance gain highlights the effectiveness of ML-AHDA’s adaptive preprocessing, multi-sensor feature 
fusion, and optimized learning strategy for reliable early disease prediction using wearable IoT data. 

 
Figure.6. Performance Evaluation of RBHM, TBAD, SPM, and Proposed ML-AHDA Based on Overall Efficiency (%) 

III. CONCLUSION 

The proposed Machine Learning–Adaptive Health Decision Algorithm (ML-AHDA) significantly enhances the 
reliability of early disease detection using wearable IoT devices by integrating adaptive preprocessing, 
personalized signal refinement, and advanced predictive modelling. Experimental analysis demonstrates notable 
improvements, including a 31% increase in classification accuracy, 22% improvement in prediction stability, and 
a 27% reduction in false-alarm rate when compared to conventional methods such as RBHM, TBAD, and SPM. 
The incorporation of electronic clinical history further strengthens prediction consistency, enabling more 
accurate and timely alerts for patients, hospitals, and healthcare professionals. Overall, ML-AHDA establishes a 
robust, efficient, and scalable solution for intelligent health monitoring in real-time environments. The future 
scope of this research includes expanding ML-AHDA to support a wider range of physiological parameters and 
multimodal sensor fusion for comprehensive health assessment. Integrating federated learning will enhance data 
privacy by enabling on-device learning without transferring raw data to the cloud. Additionally, incorporating 
reinforcement learning could enable fully autonomous adaptive decision systems that adjust thresholds 
dynamically for personalized patient behaviour. Deployment on edge-AI hardware and low-power IoT platforms 
will further improve real-time responsiveness and system efficiency. Long-term clinical trials, integration with 
hospital EMR systems, and predictive analytics for chronic disease progression can make ML-AHDA a fully 
deployable framework for next-generation smart healthcare ecosystems. 
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