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Abstract

This study compares and analyzes the R-peak detection performance of the Pan - Tompkins algorithm, a
Support Vector Machine (SVM; linear kernel, C=1), and a Random Forest (n=100) using 48 records (360
Hz) from the MIT-BIH Arrhythmia Database under identical preprocessing and feature extraction conditions.
A total of eight statistical features (mean, standard deviation, maximum, minimum, median, Ql, Q3,
variance) were extracted from a +50-sample (100-point) window centered on each R-peak to construct
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feature vectors. To address the class imbalance, a 1:1 undersampling method was applied, and the dataset
was divided into training and test sets at a ratio of 80:20. The same feature set and data-splitting strategy
were applied across all three models to ensure fair comparison. Experimental results showed that the
Random Forest achieved the highest performance in accuracy (0.9214) and precision (0.8961), while the
SVM demonstrated relatively superior performance in sensitivity (0.9707). The Pan - Tompkins algorithm
exhibited lower precision compared to the machine-learning models but maintained stable sensitivity
(0.9384). These results indicate that traditional and machine-learning-based algorithms have different
strengths, and the optimal choice may vary depending on the intended application. In particular, algorithms
with higher sensitivity may be more suitable for real-time processing environments, while algorithms with
higher precision are appropriate in scenarios where suppression of false positives is critical. This study
provides quantitative evidence for selecting appropriate algorithms for real-time ECG-based diagnostic
systems and clinical applications under uniform experimental conditions.

Keywords : electrocardiogram (ECG), R-peak detection, Pan-Tompkins algorithm, Support Vector
Machine (SVM), Random Forest (RF)
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[Fig. 1] End-to-End Pipeline for R-Peak Detection (Preprocessing, Feature Extraction, Data Split, Model Training /
Inference, and Evaluation, MIT-BIH, 48 Records)
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