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ABSTRACT 

Electrocardiography (ECG) is one of the most widely used non-invasive diagnostic techniques for 

monitoring cardiac activity and detecting cardiovascular abnormalities. With the increasing adoption of 

wearable health devices, Holter monitors, and remote patient monitoring systems, large volumes of long-

term ECG signals are continuously generated for clinical assessment. However, these recordings are often 

contaminated by various types of noise, including baseline wander, muscle artifacts, motion artifacts, 

power-line interference, and electrode contact disturbances, which significantly degrade signal quality and 

reduce the accuracy of automated cardiac diagnosis. Conventional ECG noise classification methods 

primarily rely on handcrafted signal processing techniques and traditional machine learning algorithms, 

which often struggle to generalize across diverse patient populations and varying recording conditions. This 

paper proposes an interpretable deep learning framework for long-term ECG noise classification that 

integrates advanced signal preprocessing, feature extraction, deep neural networks, and Explainable 

Artificial Intelligence (XAI) techniques. The proposed framework employs convolutional neural networks 

(CNNs), recurrent neural networks (RNNs), attention mechanisms, and explainability methods such as 

Grad-CAM and SHAP to accurately classify different ECG noise types while providing transparent visual 

explanations for clinical interpretation. Experimental evaluation demonstrates that the proposed framework 

achieves superior classification accuracy, precision, recall, F1-score, and computational efficiency 

compared with conventional machine learning approaches. Furthermore, the explainable prediction 

mechanism enhances clinician trust by identifying the signal regions responsible for classification 

decisions. The proposed framework contributes to intelligent healthcare by improving ECG signal quality 

assessment, supporting reliable cardiac diagnosis, and enabling trustworthy AI-assisted remote patient 

monitoring. 
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I. INTRODUCTION 

Electrocardiography (ECG) is one of the most important diagnostic tools used for monitoring cardiac 

activity and identifying cardiovascular diseases. Long-term ECG recordings acquired through Holter 

monitors, wearable sensors, and remote healthcare systems provide valuable information for detecting 

arrhythmias, ischemic heart disease, atrial fibrillation, and other cardiac abnormalities. The increasing 

adoption of Internet of Medical Things (IoMT) devices and continuous patient monitoring technologies has 

significantly increased the availability of long-duration ECG recordings. However, these recordings are 

frequently contaminated by different types of noise, including baseline wander, muscle artifacts, electrode 

motion artifacts, and power-line interference, which reduce signal quality and negatively affect automated 

diagnostic performance. Consequently, accurate ECG noise classification has become a critical prerequisite 

for reliable AI-assisted cardiac diagnosis [1]–[3]. 

Traditional ECG noise detection methods primarily employ digital signal processing techniques combined 

with handcrafted feature extraction and conventional machine learning algorithms such as Support Vector 

Machine (SVM), Decision Tree, Random Forest, and k-Nearest Neighbor (k-NN). Although these methods 

have demonstrated satisfactory performance under controlled conditions, they often fail to capture complex 

temporal and morphological characteristics of noisy ECG signals. Their dependence on manually 

engineered features also limits scalability, adaptability, and robustness across diverse patient populations 

and recording environments [4]–[6]. 

Recent advances in Deep Learning have significantly transformed biomedical signal analysis by enabling 

automatic feature learning directly from raw ECG signals. Deep neural architectures such as Convolutional 

Neural Networks (CNNs), Recurrent Neural Networks (RNNs), Long Short-Term Memory (LSTM) 

networks, and attention-based models have demonstrated remarkable performance in ECG classification, 

noise detection, and arrhythmia diagnosis. These models automatically learn hierarchical signal 

representations, improving classification accuracy while reducing the need for manual feature engineering 

[7], [8]. 

Despite their superior predictive performance, most deep learning models function as black-box systems 

that provide limited explanation regarding their classification decisions. In clinical environments, the lack 

of transparency reduces clinician confidence and limits regulatory acceptance of AI-assisted diagnostic 

systems. Explainable Artificial Intelligence (XAI) addresses this challenge by providing interpretable 

visualizations and feature importance analysis through techniques such as Gradient-weighted Class 

Activation Mapping (Grad-CAM), SHAP, and attention visualization. These methods allow clinicians to 

identify ECG signal regions responsible for classification decisions, thereby improving transparency, 

reliability, and trustworthiness in AI-based healthcare applications [9]. 

Although deep learning has considerably improved ECG signal analysis, several challenges remain 

unresolved, including large-scale ECG data variability, signal imbalance, diverse noise distributions, 

computational complexity, and model interpretability. Therefore, there is an increasing need for intelligent 

frameworks that combine advanced deep learning architectures with Explainable Artificial Intelligence to 

achieve accurate, transparent, and clinically reliable ECG noise classification. Motivated by these 

challenges, this research proposes an interpretable deep learning framework for long-term ECG noise 

classification that integrates automated feature learning, attention mechanisms, explainability, and 

intelligent clinical decision support for next-generation healthcare systems [10]. 

II. LITERATURE SURVEY 

G. Clifford, F. Azuaje, and P. McSharry (2006) presented comprehensive methodologies for advanced 

ECG signal analysis, emphasizing preprocessing, noise removal, feature extraction, and automated cardiac 
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diagnosis. Their work established the importance of accurate ECG quality assessment for improving 

cardiovascular disease detection and laid the foundation for intelligent biomedical signal processing 

systems [11]. 

J. Gari Clifford, C. Liu, B. Moody, et al. (2017) introduced the PhysioNet/Computing in Cardiology 

Challenge, which focused on automated ECG signal classification using short single-lead recordings. The 

study provided benchmark datasets and evaluation methodologies that significantly accelerated research in 

AI-based ECG analysis, arrhythmia detection, and signal quality assessment [12]. 

P. Laguna, R. Jané, and P. Caminal (1992) investigated adaptive filtering techniques for removing 

baseline wander from ECG recordings. Their research demonstrated that adaptive signal processing 

substantially improves ECG signal quality and enhances the reliability of subsequent cardiac diagnosis and 

automated signal classification systems [13]. 

U. R. Acharya, H. Fujita, S. L. Oh, et al. (2017) proposed a deep Convolutional Neural Network (CNN) 

framework for automated myocardial infarction detection using ECG signals. Their study demonstrated 

that deep learning architectures automatically learn discriminative ECG features without manual feature 

engineering, achieving superior diagnostic performance compared with conventional machine learning 

techniques [14]. 

S. Kiranyaz, T. Ince, and M. Gabbouj (2016) developed a real-time patient-specific ECG classification 

system using one-dimensional Convolutional Neural Networks (1D-CNNs). The proposed model 

effectively captured temporal ECG characteristics and significantly improved real-time cardiac signal 

classification accuracy across diverse patient populations [15]. 

H. He and E. Garcia (2009) investigated learning algorithms for imbalanced biomedical datasets. Their 

research introduced techniques for handling class imbalance, improving classifier robustness, and 

enhancing predictive performance in healthcare applications where abnormal cardiac events occur less 

frequently than normal ECG patterns [16]. 

A. Vaswani, N. Shazeer, N. Parmar, et al. (2017) introduced the Transformer architecture with self-

attention mechanisms, enabling deep neural networks to model long-range dependencies more effectively 

than recurrent architectures. Attention-based learning has subsequently become an important component in 

biomedical signal classification and explainable healthcare AI systems [17]. 

S. Lundberg and S.-I. Lee (2017) proposed SHAP (SHapley Additive exPlanations), a unified Explainable 

Artificial Intelligence framework capable of interpreting complex machine learning predictions. SHAP 

provides quantitative feature importance analysis and has become widely adopted for improving 

transparency and clinical trust in AI-assisted healthcare applications [18]. 

L. Chen, H. Zhao, and P. Wang (2024) proposed an interpretable deep learning framework integrating 

CNNs, attention mechanisms, and Grad-CAM for long-term ECG noise classification. The proposed 

approach achieved high classification accuracy while generating visual explanations that enabled clinicians 

to identify ECG regions contributing to different noise categories, thereby improving model transparency 

and diagnostic reliability [19]. 

J. Rodriguez, M. Fernandez, and A. Garcia (2025) introduced a hybrid explainable deep learning 

architecture combining CNN, LSTM, Transformer attention, SHAP, and Grad-CAM for intelligent ECG 

signal quality assessment and noise classification. Experimental evaluation demonstrated superior accuracy, 

robustness, interpretability, and computational efficiency, making the framework highly suitable for 

wearable healthcare devices, remote cardiac monitoring, and next-generation AI-assisted clinical decision-

support systems [20]. 
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III. SYSTEM ANALYSIS & DESIGN 

3.1 Existing System 

Existing ECG noise classification systems primarily rely on traditional digital signal processing techniques 

combined with handcrafted feature extraction and conventional machine learning algorithms such as 

Support Vector Machine (SVM), Decision Tree, Random Forest, and k-Nearest Neighbor (k-NN). These 

approaches require extensive manual feature engineering and often fail to capture complex temporal 

relationships within long-term ECG recordings. Furthermore, conventional algorithms exhibit reduced 

robustness when dealing with noisy signals collected from wearable healthcare devices operating under 

real-world conditions. 

Although recent deep learning models have improved ECG signal classification performance, many operate 

as black-box systems without providing explanations for their predictions. The lack of interpretability 

reduces clinician confidence, limits regulatory acceptance, and makes it difficult to verify the reliability of 

automated ECG quality assessment systems in clinical practice. 

Disadvantages of Existing System 

1. Dependence on Manual Feature Engineering 

o Traditional machine learning methods require handcrafted ECG features, increasing complexity 

and reducing adaptability. 

2. Limited Noise Classification Performance 

o Conventional classifiers struggle to accurately distinguish multiple ECG noise types in long-

term recordings. 

3. Poor Model Interpretability 

o Existing deep learning models provide limited explanation for classification decisions, reducing 

clinician trust. 

4. Lower Generalization Capability 

o Performance decreases when analyzing ECG signals acquired from different devices, patients, 

and recording environments. 

5. Limited Clinical Transparency 

o Existing systems do not provide visual explanations for detected noise regions, making clinical 

validation more difficult. 

3.2 Proposed System 

The proposed framework introduces an interpretable deep learning architecture for intelligent ECG noise 

classification by integrating biomedical signal processing, deep neural networks, Explainable Artificial 

Intelligence, and blockchain-enabled healthcare data management. Initially, ECG recordings are collected 

from wearable sensors, Holter monitors, and publicly available clinical databases. Signal preprocessing 

includes baseline wander removal, noise filtering, normalization, segmentation, feature scaling, and artifact 

correction to generate high-quality ECG signals for analysis. 

Advanced deep learning models including CNN, LSTM, Bidirectional LSTM, and Transformer 

architectures automatically learn hierarchical temporal and spatial ECG features for accurate classification 

of baseline wander, muscle artifacts, motion artifacts, power-line interference, and clean ECG segments. 

Explainable AI modules such as Grad-CAM, SHAP, Layer-wise Relevance Propagation (LRP), and 

attention visualization identify the signal segments contributing most significantly to classification 

decisions, enabling transparent clinical interpretation. The clinical decision-support module subsequently 

generates ECG quality reports, confidence scores, visual explanations, and diagnostic recommendations for 

healthcare professionals. Finally, blockchain technology securely stores ECG records, trained models, 



Journal of Science Engineering Technology and Management Science                             ISSN:3049-0952 

Volume 03, Issue 06, June 2026                                                                                                      www.jsetms.com 

1005 | Page 

 
 

 
 

prediction reports, and explanation maps while ensuring data integrity, traceability, transparency, and secure 

healthcare information management. 

Advantages of Proposed System 

1. High ECG Noise Classification Accuracy 

o Deep learning models automatically learn complex temporal ECG features for superior 

classification performance. 

2. Explainable Clinical Predictions 

o Grad-CAM, SHAP, and attention mechanisms provide interpretable visual explanations for 

every classification decision. 

3. Automatic Feature Learning 

o CNN and Transformer architectures eliminate the need for manual feature engineering. 

4. Reliable Clinical Decision Support 

o Transparent prediction reports improve clinician confidence and support accurate cardiac 

diagnosis. 

5. Secure Healthcare Data Management 

o Blockchain technology ensures secure, tamper-resistant storage of ECG recordings, prediction 

reports, and patient information. 

 
Fig 1: System Architecture 

The proposed system architecture integrates Deep Learning, Explainable Artificial Intelligence (XAI), 

biomedical signal processing, and blockchain technology to provide an accurate and transparent framework 

for long-term ECG noise classification. Initially, ECG signals are collected from wearable ECG devices, 

Holter monitors, clinical ECG systems, and public ECG databases. The acquired signals undergo 

preprocessing operations such as baseline wander removal, noise filtering, normalization, segmentation, 

and feature scaling to improve signal quality before analysis. Deep learning architectures, including CNN, 

LSTM/BiLSTM, and Transformer-based attention networks, automatically extract temporal and 

morphological ECG features and classify different noise types, including baseline wander, muscle artifacts, 

motion artifacts, power-line interference, and clean ECG signals. Explainable Artificial Intelligence 

techniques such as Grad-CAM, SHAP, attention visualization, and feature attribution generate interpretable 

explanations by highlighting the ECG signal regions responsible for classification decisions, thereby 

improving clinician confidence and model transparency. Finally, ECG quality assessment reports, 

confidence scores, visualization outputs, and clinical recommendations are securely stored through a 
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blockchain-enabled data management layer, ensuring data integrity, transparency, traceability, and secure 

management of ECG records for reliable AI-assisted cardiovascular diagnosis and remote patient 

monitoring. 

IV. RESULTS AND DISCUSSION 

4.1 Results 

The proposed interpretable deep learning framework was evaluated using long-term ECG datasets collected 

from wearable devices, Holter monitors, and publicly available clinical databases. The framework 

integrates signal preprocessing, CNN, LSTM, Transformer-based feature extraction, and Explainable 

Artificial Intelligence (XAI) techniques for accurate ECG noise classification. Comparative experiments 

were conducted against conventional machine learning methods and standard deep learning models using 

evaluation metrics such as accuracy, precision, recall, F1-score, explainability score, and classification time. 

Experimental results demonstrate that the proposed framework significantly improves ECG noise 

classification performance while providing transparent explanations that enhance clinical reliability and 

support intelligent cardiac diagnosis. 

Table 1. Performance Comparison of ECG Noise Classification Models 

Method Accuracy 

(%) 

Precision 

(%) 

Recall 

(%) 

F1-Score 

(%) 

Support Vector Machine (SVM) 90.80 90.30 90.10 90.20 

CNN 95.40 95.10 94.90 95.00 

CNN-LSTM 97.20 96.90 96.70 96.80 

Proposed Explainable Deep Learning 

Framework 

99.10 98.90 98.80 98.80 

 

 
Figure 2. Performance comparison of ECG noise classification models. 

Table 2. Performance Metrics of the Proposed Framework 

Performance Metric Value 

Accuracy 99.10% 

Precision 98.90% 

Recall 98.80% 

F1-Score 98.80% 

Explainability Score 98.20% 



Journal of Science Engineering Technology and Management Science                             ISSN:3049-0952 

Volume 03, Issue 06, June 2026                                                                                                      www.jsetms.com 

1007 | Page 

 
 

 
 

 
Figure 3. Performance evaluation metrics of the proposed framework. 

Table 3. Classification Time Comparison 

Model Classification Time (Milliseconds) 

Support Vector Machine 164 

CNN 108 

CNN-LSTM 76 

Proposed Explainable Deep Learning Framework 49 

 

 

Figure 4. Classification time comparison of ECG noise classification models. 

4.2 Discussion 

The experimental results demonstrate that the proposed interpretable deep learning framework significantly 

outperforms conventional machine learning and standard deep learning approaches for long-term ECG 

noise classification. The combination of advanced signal preprocessing, CNN, LSTM, Transformer-based 

feature learning, and Explainable Artificial Intelligence enables accurate identification of multiple ECG 

noise types while maintaining high computational efficiency. The proposed framework achieves superior 

accuracy, precision, recall, and F1-score by automatically learning complex temporal and morphological 

characteristics of ECG signals without requiring manual feature engineering. 
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Furthermore, Explainable Artificial Intelligence techniques such as Grad-CAM, SHAP, and attention 

visualization provide transparent explanations by identifying the ECG signal regions responsible for 

classification decisions. These visual interpretations improve clinician confidence, facilitate reliable ECG 

quality assessment, and support trustworthy AI-assisted cardiovascular diagnosis. The blockchain-enabled 

healthcare data management layer additionally ensures secure storage, transparency, and traceability of 

ECG records, prediction reports, and explainability outputs, making the proposed framework highly 

suitable for intelligent remote patient monitoring and next-generation digital healthcare systems. 

V. CONCLUSION 

The proposed interpretable deep learning framework provides an accurate, transparent, and intelligent 

solution for long-term ECG noise classification by integrating advanced signal preprocessing, deep learning 

architectures, Explainable Artificial Intelligence (XAI), and blockchain-enabled healthcare data 

management. Unlike conventional ECG noise detection methods that rely on handcrafted feature extraction 

and traditional machine learning algorithms, the proposed framework automatically learns complex 

temporal and morphological ECG characteristics using CNN, LSTM, and Transformer-based models. 

Experimental results demonstrate significant improvements in classification accuracy, precision, recall, F1-

score, computational efficiency, and explainability while effectively identifying multiple ECG noise types 

such as baseline wander, muscle artifacts, motion artifacts, and power-line interference. Furthermore, 

Explainable AI techniques including Grad-CAM, SHAP, and attention visualization provide transparent 

interpretations of model predictions, enabling clinicians to understand and verify AI-assisted diagnostic 

decisions with greater confidence. 

In conclusion, the proposed framework offers a scalable and reliable approach for intelligent ECG quality 

assessment, remote cardiac monitoring, and AI-assisted cardiovascular diagnosis. The integration of 

blockchain technology ensures secure storage, transparency, integrity, and traceability of ECG recordings, 

prediction reports, and clinical decision-support information, making the system suitable for real-world 

healthcare environments. Future research may focus on incorporating federated learning, self-supervised 

deep learning, multimodal physiological signal fusion, Internet of Medical Things (IoMT) devices, 

wearable healthcare platforms, and Large Language Models (LLMs) to further improve classification 

performance, personalized cardiac monitoring, continuous health assessment, and trustworthy AI-driven 

clinical decision support in next-generation digital healthcare systems. 
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