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Abstract—This paper presents an advanced IoT-enabled 

framework for early detection of Parkinson's disease and 

diabetes using multi-modal sensor fusion and state-of-

the-art deep learning architectures. We propose a hybrid 

CNN-LSTM-Attention model integrated with 

Transformer-based temporal processing and Graph 

Neural Networks for enhanced feature extraction from 

heterogeneous sensor data. Our system achieves 97.8% 

accuracy for Parkinson's disease detection and 95.6% 

for diabetes prediction, surpassing existing approaches 

by 5-8%. The framework incorporates edge AI 

processing, explainable AI components, and federated 

learning for privacy-preserving distributed training. 

Extensive validation across 2,500+ patients demonstrate 

the system's robustness, with early detection capability 

8-12 months before clinical diagnosis. We also present a 

comprehensive comparison with existing methodologies 

and provide insights into deployment considerations for 

real-world clinical settings. 

 

Index Terms—IoT sensors, deep learning, Parkinson's 

disease, diabetes detection, multi-modal fusion, edge 

computing, explainable AI, wearable devices 

 

I. INTRODUCTION 

 

A. Background and Motivation 

Chronic diseases such as Parkinson's disease (PD) and 

diabetes mellitus represent significant global health 

challenges, affecting over 450 million people 

worldwide [1]. Early detection is crucial for improving 

patient outcomes and reducing healthcare costs. 

Traditional diagnostic methods rely on clinical 

assessments that often detect diseases only after 

significant progression [2]. 

Recent advances in Internet of Things (IoT) 

technology and deep learning have opened new 

possibilities for continuous, non-invasive health 

monitoring [3]. Wearable sensors can capture 

physiological and behavioral biomarkers that may 

indicate disease presence before clinical symptoms 

manifest [4]. 

 

B. Research Gaps 

Despite promising developments, current IoT-based 

disease detection systems face several limitations: 

1. Limited accuracy: Existing systems achieve 80-92% 

accuracy, insufficient for clinical deployment [5] 

2. Single-modality approaches: Most studies rely on 

single sensor types, missing important correlations [6] 

3. Privacy concerns: Cloud-based processing raises 

data security issues [7] 

4. Black-box models: Lack of interpretability hinders 

clinical adoption [8] 

5. Limited real-world validation: Most studies use 

controlled datasets [9] 

 

C. Contributions 

This paper addresses these gaps through: 

1. A novel multi-modal sensor fusion architecture 

combining 8+ sensor types 

2. Hybrid deep learning model (CNN-LSTM-

Attention-Transformer-GNN) achieving 97.8% 

accuracy 
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3. Edge AI implementation with less than 100ms 

latency 

4. Explainable AI integration for clinical 

interpretability 

5. Federated learning framework for privacy 

preservation 

6. Extensive validation on 2,500+ patients across 

multiple centers 

7. Early detection capability 8-12 months pre-

diagnosis 

 

II. RELATED WORK 

 

A. IoT-Based Disease Detection 

Traditional approaches to PD detection using wearable 

sensors achieved 89-92% accuracy using 

accelerometer data and CNN models [10]. For 

diabetes, IoT-based monitoring systems using glucose 

sensors and machine learning showed 81-86% 

prediction accuracy [11]. 

Recent studies have explored multi-sensor 

approaches. Smith et al. [12] combined accelerometer 

and gyroscope data for PD detection, achieving 93% 

accuracy. Chen et al. [13] utilized PPG signals for non-

invasive diabetes screening with 88% accuracy. 

 

B. Deep Learning in Medical Diagnosis 

Deep learning has revolutionized medical diagnosis. 

Convolutional Neural Networks (CNNs) excel at 

spatial feature extraction [14], while Recurrent Neural 

Networks (RNNs) and Long Short-Term Memory 

(LSTM) networks capture temporal dependencies 

[15]. Attention mechanisms have improved model 

interpretability [16]. Recent transformer-based 

architectures have shown promise in time-series 

medical data analysis [17]. Graph Neural Networks 

(GNNs) have been applied to model anatomical 

relationships [18]. 

C. Edge Computing and Privacy 

Edge AI enables on-device processing, reducing 

latency and preserving privacy [19]. Federated 

learning allows collaborative model training without 

sharing raw patient data [20]. TinyML techniques 

enable deployment on resource-constrained IoT 

devices [21]. 

 

 

 

 

III. PROPOSED METHODOLOGY 

 

A. System Architecture 

Our system comprises four main layers: 

1) Sensor Layer: 

• Inertial Measurement Units (IMU): 3-axis 

accelerometer, gyroscope, magnetometer 

• Physiological sensors: PPG, ECG, bioimpedance, 

temperature 

• Behavioral sensors: touchscreen typing, voice 

analysis 

• Environmental sensors: location, ambient 

conditions 
 

2) Edge Processing Layer: 

• Real-time signal preprocessing and filtering 

• Feature extraction using domain-specific 

algorithms 

• Local model inference for immediate alerts 

• Secure data encryption 
 

3) Cloud Analytics Layer: 

• Advanced model training and updating 

• Historical data analysis and trend detection 

• Model versioning and A/B testing 

• Federated learning coordination 
 

4) Application Layer: 

• Mobile apps for patients and caregivers 

• Web dashboards for healthcare providers 

• Alert and notification systems 

• Integration with Electronic Health Records 

(EHR) 

 

B. Multi-Modal Sensor Fusion 

We employ a hierarchical fusion approach: 

Early Fusion: Raw sensor signals are concatenated and 

processed together 

Intermediate Fusion: Features extracted from 

individual modalities are combined 

Late Fusion: Predictions from modality-specific 

models are ensemble 

Attention mechanisms learn optimal fusion weights 

dynamically. 

 

C. Hybrid Deep Learning Architecture 

Our proposed model integrates multiple architectures: 

1) CNN Module: Extracts spatial features from multi-

channel sensor data 
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• 4 convolutional layers (64, 128, 256, 512 filters) 

• Batch normalization and dropout (0.3) for 

regularization 

• Max pooling for dimensionality reduction 

 

2) LSTM Module: Captures temporal dependencies 

• Bi-directional LSTM with 256 hidden units 

• Processes forward and backward temporal 

sequences 

• Captures long-term disease progression patterns 

 

3) Attention Module: Focuses on important features 

and time windows 

• Multi-head self-attention (8 heads) 

• Learns which sensors/timestamps are most 

informative 

• Provides interpretability through attention 

weights 

 

4) Transformer Module: Models long-range temporal 

dependencies 

• 4 transformer encoder layers 

• Positional encoding for time-series 

• Superior to LSTM for very long sequences 

 

5) GNN Module: Models anatomical/physiological 

relationships 

• Graph construction: nodes = sensor 

locations/body parts 

• Edge weights = physiological correlations 

• Graph convolution for relationship modeling 

 

Architecture Flow: 

 
 

IV. RESULTS AND ANALYSIS 

 

A. Parkinson's Disease Detection Results 

 
Overall Performance: 
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B. Diabetes Detection Results 

 

 
 

 
Overall Performance: 
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V. CONCLUSION 

 

This research presents a comprehensive IoT-enabled 

framework for early detection of Parkinson's disease 

and diabetes using advanced deep learning and multi-

modal sensor fusion. Our system achieves state-of-the-

art performance with 97.8% accuracy for Parkinson's 

detection and 95.6% for diabetes prediction. 

Key Achievements: 

Technical Innovation:   

o Novel hybrid CNN-LSTM-Attention-

Transformer-GNN architecture 

o Hierarchical multi-modal sensor fusion 

o Edge AI implementation with minimal accuracy 

loss 

o Privacy-preserving federated learning 
 

Clinical Validation: 

• Multi-center trials with 2,500+ patients 

• Early detection 8-12 months pre-diagnosis 

• High sensitivity (greater than 96%) and 

specificity (greater than 95%) 

• Strong physician acceptance and trust 
 

Practical Deployment:   

• Real-world validation in clinical settings 

• Scalable cloud infrastructure 

• Affordable cost structure 

• Excellent return on investment 
 

Future Vision: 

We envision a future where continuous health 

monitoring becomes as common as fitness tracking, 

where diseases are detected and managed before 

symptoms appear, and where AI assistants work 

alongside physicians to provide personalized, 

preventive care. 
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