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Abstract. Atrial fibrillation (AF) is the most common type of cardiac arrhythmia. 
As it is typically asymptomatic, it often goes undiagnosed until major complica-
tions arise, such as stroke. Therefore, the development of rapid, economical, and 
widely accessible diagnostic tools for detecting AF at an early stage is crucial. 
Telemonitoring with machine learning-assisted devices shows promise in achiev-
ing this goal. This paper presents an algorithm that automatically detects AF in 
signals obtained by portable electrocardiographs connected to a telemonitoring 
platform via smartphones. The algorithm consists of three stages: a noise detec-
tion, ectopic beat removal and an AF detection. The noise detection involves an-
alyzing the ECG signals using 5-second windows with a 1-second shift. A K-
nearest neighbors (KNN) classifier predicts the presence or absence of noise in 
each window, allowing for the detection of noisy and non-noisy segments of the 
signal. The non-noisy segments are processed using a Pan-Tompkins algorithm 
to find the R peaks of the signal, and the corresponding RR interval series. Then 
ectopic beats are removed using an XGBoost classifier, generating the NN series. 
In the AF detection stage, X features are obtained from this series, which serve 
as input features of an XGBoost classifier that predicts the presence or absence 
of AF in the ECG signal. The algorithm was trained and tested using the Physio-
net Short Single-Lead AF Database (SSLAFDB) and achieved an accuracy of 
90.87% and an F1-score of 90.91%. Further validation was performed by an ex-
ternal partner using two other databases, reporting an accuracy of 90.41% and 
89.61% respectively. 

Keywords: Machine Learning, Biomedical Signal Processing, ECG, Atrial Fi-
brillation, Telemonitoring. 
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1 Introduction 

Atrial fibrillation (AF) is the most common type of cardiac arrhythmia and is associated 
with a significantly increased risk of stroke and other complications [1]. Due to its often 
asymptomatic nature, AF usually goes undiagnosed until major complications arise [2]. 
Timely and accurate detection of AF is, therefore, critical to prevent serious health con-
sequences. Telemonitoring using machine learning-assisted devices has emerged as a 
promising solution to achieve these objectives. In this paper, we present a machine 
learning-based algorithm that automatically detects AF in signals obtained by portable 
electrocardiographs (ECG) connected to a telemonitoring platform via smartphones. 

The algorithm was commissioned by Virtual Sense, a company dedicated to devel-
oping digital platforms for remote health monitoring, with the aim of facilitating access 
to telemedicine and improving patients’ quality of life. 

ECG signals with AF episodes exhibit three distinctive properties: highly irregular 
rhythm, absence of P waves, and presence of f waves [3]. Since ECG signals from 
telemonitored patients are expected to be of low quality with a high level of noise, 
morphology analysis (i.e., assessing the presence of P and f waves) is not reliable. As 
a result, the AF detection method presented in this paper utilizes a rhythm- based ap-
proach. The algorithm consists of three stages: a noise detection stage, an ectopic beat 
elimination phase and an AF detection stage. The noise detection stage uses a KNN 
classifier to identify noisy segments of the signal and the ectopic beat elimination phase 
utilizes an XGBoost classifier to identify the beats. Finally, the AF detection stage uses 
a logistic regression classifier trained on indices calculated from the RR interval series 
of the ECG signal. The complete algorithm pipeline is shown in Fig. 1 and will be 
explained in section 2. 

 
Fig. 1. Algorithm pipeline 

2 Materials and Methods 

2.1 Data 

The Short Single-Lead Atrial Fibrillation Database (SSLAFDB), from Physionet [4] 
was used to develop and train the algorithm. This database consists of 8528 lead I ECG 
signals, with a sampling frequency of 300 Hz and duration ranging between 9 and 60 
seconds. These signals were obtained with KardiaMobile AliveCor devices, which are 
portable ECG devices for smartphones [5]. The cardiac rhythms annotated are divided 
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into 4 classes: N (normal/sinus rhythm), A (AF), O (other arrhythmias) and ∼ (noisy 
signals). This database was selected due to similarity with the acquisition method to be 
used by Virtual Sense. 

Testing was performed using a subset of the PTB-XL database [6] selected and mod-
ified by Kaggle [7] and a synthetic database. This database consists of 6528 ECG 12-
lead signals, with sampling frequency of 500 Hz and 10-second duration. The cardiac 
rhythms annotated by Kaggle are divided into 3 classes: SR (normal/sinus rhythm), AF 
(AF and atrial flutter), and VA (other arrhythmias). In this study, lead I was chosen 
since single-lead ECG devices usually acquire this lead. The synthetic database was 
generated using a PhysioNet Model for Simulating ECG and PPG Signals with Ar-
rhythmia Episodes [8]. The parameters used for the simulation include ECG lead I, 
sampling frequency of 250 Hz, mix of ECG noises with RMS equal to 0.06 mV. The 
resulting database consists of 10000 signals, with balanced rhythms N and A. 

For the ectopic beat automatic detection stage, the MIT-BIH database was used [9]. 
The database consists of 48 half-hour ECG recordings, with each record containing two 
channels of digitized ECG data sampled at 360 Hz. The benefit for ectopic beat detec-
tion is that it contains beat annotations. The database contains various annotations 
within the record, including different types of beats, as well as P-waves and U-waves, 
among others. According to Khalaf et al. [10], there are often challenges in achieving 
accurate validation when using this database, mostly due to heterogeneities in the beat 
annotations. Based on the recommendation of annotations considered as beats and sup-
ported by our own judgment, the following annotations were chosen: ['N', 'L', 'R', 'A', 
'J', 'S', 'V', 'E', 'F', 'Q', '/', 'a', 'e', 'j', 'f']. This was done to achieve a more robust and 
consistent algorithm in line with the existing literature. In this case, 'V' represents a 
ventricular ectopic beat, while 'A' represents an atrial ectopic beat (or supraventricular). 
All other beats were labeled as 'O' (others). 

2.2 ECG Preprocessing 

Firstly, signals shorter than 20 seconds were discarded. An exception was made for the 
PTB-XL database, where due to superior signal quality, reliable AF detection is possi-
ble even in 10-second signals. Subsequently, a two-step moving median filter was ap-
plied to the signals, with window sizes of 200 ms and 600 ms respectively. The 200 ms 
filter was applied to the signal and the 600 ms filter applied to its output. Then, the 
filtered signal was obtained by subtracting the output of the second filter to the original 
signal. This proved to be very effective in the elimination of baseline wander and some 
residual noise [11,12]. The power line interference was also removed applying a low-
pass filter with cutoff frequency of 40 Hz. 

The ECG signals from lead I have a waveform in which the R peaks of normal beats 
are positive. Therefore, the polarity was analyzed by detecting the R peaks of the signal, 
obtaining the QRS templates, and calculating their median template. If the magnitude 
of the maximum value of the median QRS template was greater than the magnitude of 
the minimum value, the polarity was considered positive. Otherwise, the polarity was 
considered negative, and the signal was corrected by multiplying it by -1. 
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Finally, the amplitude of the signals was normalized windows so that the amplitude 
of the QRS peaks ranges between -1 and 1. This was done by calculating the new me-
dian QRS template and finding its maximum value. The final signal was obtained by 
dividing the signal by this maximum value. 

2.3 Noise Detection 

The noise detection phase was treated as a binary classification problem, with 'noisy' 
and 'non-noisy' as the two classes. The features used for this problem were Signal Qual-
ity Indices (SQI) calculated from 5-second windows. Training data was gathered 
through manual selection of these windows from the SSLAFDB. Specifically, 364 
noisy windows were chosen from the signals annotated as 'noisy', and 468 non-noisy 
windows were selected from signals annotated with rhythms 'N', 'A', and 'O', ensuring 
the inclusion of all available rhythms. Some examples of the selected windows are 
shown in Fig. 2. 
 

Fig. 2. Example of manually selected, preprocessed SSLAFDB windows. On the left, a noisy 
window. In the middle, a non-noisy signal with rhythm A. On the right, a non-noisy window with 
rhythm N. 

For every window, 4 SQIs were obtained [13,14]: 

• bSQI: Compares the detection of two well-documented open-source QRS complex 
detectors with different noise sensitivities, named ep_limited and wqrs. 

• pSQI: Compares the energy present in the frequency bands containing most of the 
QRS complex energy (5-15 Hz) and the whole ECG excluding low frequency (5-40 
Hz). Used to detect EMG interference. 

• sSQI: Based on the skewness of the signal. 
• kSQI: Based on the kurtosis of the signal. 
• basSQI: Compares the energy present in the frequency bands containing the baseline 

(0-1 Hz) and the whole ECG (0-40 Hz). 
• fSQI: The proportion of the signal that appears to be a flat line. It is calculated as the 

percentage of the signal whose gradient is less than 1% of the maximum. 
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In this rhythm-based AF detection approach, the primary goal of noise filtering is to 
accurately identify of R peaks. A 5th order Butterworth bandpass filter with cutoff fre-
quencies between 8 and 25 Hz was used. Any apparent noise with frequency compo-
nents outside the range of the band-pass filter will be removed and will not interfere 
with R peak detection. As such, it is logical to calculate these indices post band-pass 
filtering. However, the presence of energy in a broader frequency range could accentu-
ate the contrast of noise with frequency components between 8 and 25 Hz, thereby 
enhancing noise detection. Consequently, sSQI, kSQI, fSQI and bSQI are also calcu-
lated prior to the application of the band-pass filter. For pSQI and basSQI, the band-
pass filter isn't applied, as these indices estimate the energy in frequency bands that 
would be removed by the band-pass filter. 

To choose the noise classifier, four widely used machine learning algorithms were 
evaluated: Support Vector Machines (SVM), K Nearest Neighbors (KNN), Logistic 
Regression (LR) and XGBoost.  

The optimal combination of indices and hyperparameters for the classifier was de-
termined through iterative evaluation of all possible combinations for each of the four 
classifiers. The final selection of classifier, features, and hyperparameters was based on 
overall performance, analyzing accuracy, sensitivity, specificity and F1-score. This 
process was performed using 80% of the data, reserving 20% for final validation. 

When determining the noise level of a new signal, each second of the signal is as-
sessed for quality. This involves analyzing the preprocessed signal using 5-second win-
dows with a 1-second shift. The probability of each window being noisy is determined 
using the trained classifier. Then, the noise probability for each second of the signal is 
calculated using a weighted average of the probabilities from the five encompassing 
windows. The weighting for this average is performed using a weight vector of (1, 2, 
3, 2, 1). 

Once the probability is calculated for every second of the signal, this value is 
rounded to the nearest integer, resulting in either 0 (non-noisy) or 1 (noisy). 

2.4 RR series acquisition 

The QRS time occurrences of a signal (also known as R peaks) were obtained by ap-
plying a Pan-Tompkins algorithm to the non-noisy segments of the signal. The RR in-
terval series for the signal was created by listing the intervals defined by these R peaks, 
which depicts the structure of the signal based on the time elapsed between two con-
secutive heartbeats. If the obtained RR series was shorter than 5 intervals, its analysis 
was considered not reliable and was therefore discarded. 

While this R peak detection method is mostly accurate, there are cases where peaks 
are missed or detected twice. To address this issue, the RR series is processed to remove 
excessively long intervals or merge intervals that are too short with the adjacent small-
est one. 
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2.5 Ectopic beat handling 

AF is characterized by irregular RR intervals due to the absence of a consistent atrial 
contraction pattern. Ectopic beats can further contribute to irregularities in the RR in-
terval series, making it challenging to identify and classify AF episodes accurately. By 
excluding ectopic beats, the RR interval series better represents the underlying rhythm, 
enhancing AF detection. 

To accomplish this, the RR interval series were initially constructed from the anno-
tated beats. Given that rhythm changes are also annotated, separate RR series were as-
sembled for each rhythm present. Twelve parameters were derived from each RR in-
terval of each series: the prior, current, subsequent, and second-next RR interval, all 
normalized by the median RR interval in the series; the mean of the current and next 
normalized interval; two ratios obtained from the RR ratio series, defined as the quo-
tient of the n-th interval and the previous interval; the 10th, 35th, and 90th percentiles 
of the ratio series, and an irregularity parameter derived from the Poincaré plot. This 
last parameter was added to mitigate confusion in the classifier due to AF irregularity. 

After identifying the ectopic beats, the premature and compensatory RR intervals 
surrounding them were removed, resulting in the NN series. Only patient files with 
annotated ectopic beats were utilized. For training and hyperparameter tuning, 80% of 
these patient files were employed, with K-fold cross-validation used to evaluate the 
performance of each hyperparameter combination. The remaining 20% of patient files 
were reserved for final validation. 

The classifier selection will prioritize maximizing precision, while maintaining a 
reasonable level of sensitivity. This approach is chosen due to the dataset's high imbal-
ance, where normal beats significantly outnumber the ectopic ones. 

2.6 AF detection 

As mentioned earlier, this AF detection method utilizes a rhythm-based approach. 
Therefore, the input features for the AF classifier are irregularity and rythm indices 
obtained from the NN interval series. Several indices were explored, including those 
based on statistical dispersion, Shannon and sample entropy, the number of inflection 
points, Poincaré plots, and coherence function. Histogram-based indices were not as-
sessed since they are recommended for signals of long duration with a minimum of 100 
beats [3]. Finally, 16 indices were assessed: three based on statistical dispersion, com-
monly known as NMASD, RMSSD and the coefficient of variation, PNN50 and 
PNN100, Shannon entropy, three based on sample entropy, the relative number of turn-
ing points, and five based on the Poincaré plots (x(n), x(n+1)), (Δx(n), Δx(n+1)) and 
(x(n), Δx(n)). 

To select the optimal classifier, hyperparameters, and features, the same iterative 
method used in the noise detection stage was applied. In addition to the four previously 
mentioned classifiers, AdaBoost was included in the evaluation. The process involved 
5-fold cross-validation on 80% of the data for tuning and training, while the remaining 
20% was used for validation. 
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The performance of the AF classifier trained on SSLAFDB was internally assessed, 
testing on N (class 0) and A rhythms (class 1), as well as on N, A, and O rhythms where 
N and O were combined into the AF absence class (class 0). Furthermore, the trained 
AF classification model was also validated by external researchers from Virtual Sense, 
using both the Kaggle-modified PTB-XL database and the synthetic ECG database. 

3 Results 

For the noise classification, a KNN classifier with 8 neighbors, inverse distance 
weighting, and Manhattan distances achieved an accuracy, sensitivity, specificity, and 
F1-score of 94.28%, 94.10%, 94.67% and 94.33%, respectively on the training set. On 
the validation set, the classifier obtained an accuracy, sensitivity, specificity, and F1-
score of 91.62%, 90.41%, 92.55% and 90.41%, respectively. 

The results of the noise classifier indicate that approximately 7 in 100 noisy windows 
will be misclassified as non- noisy, and vice-versa. When analyzing the noise of a new 
signal, the noise algorithm performs a weighted average of the noise probability of the 
neighboring windows. Therefore, some of these misclassifications are likely to be cor-
rected when analyzing the complete signal, thus increasing the accuracy of the noise 
classifier. 

For the ectopic detection, the XGBoost classifier with 300 decision trees, each with 
a maximum depth of 7, achieved a balanced accuracy, precision, specificity, sensitivity, 
and F1-score of 91.85%, 89.35%, 84.41%, 99.29%, and 86.81%, respectively on the 
training set. On the validation set, the classifier attained a balanced accuracy, precision, 
sensitivity, specificity, and F1-score of 93.87%, 92.55%, 88.23%, 99.51%, and 90.34%, 
respectively. Normal accuracy was not reported due to its diminished relevance in the 
highly imbalanced dataset.  

For AF detection, the AdaBoost classifier, consisting of 150 decision trees with a 
maximum depth of 5, trained on 8 AF features, exhibited superior performance. This 
classifier not only provides the predicted class (AF or no AF) but also estimates the 
probability of being AF. Figure 3 illustrates examples of fully processed signals, in-
cluding noise and beat detection, along with the predicted AF probability. The evalua-
tion metrics for the AF classifier, obtained using the SSLAFDB, PTB-XL, and synthetic 
databases, are summarized in Table 1. 

 

Table 1. Internal and external validation results of AF classification (in %). 

Database SSLAFDB PTB-XL Synthetic 
Set Training Validation All All 

Accuracy 90.10 90.87 90.41 89.61 
Sensitivity 90.55 91.27 85.35 82.02 
Specificity 91.50 90.48 92.04 85.35 
F1-Score 90.98 90.91 81.30 90.29 
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Fig. 3. Example of preprocessed SSLAFDB signals. Noisy segments are in red, non-noisy in 
blue, R peaks in green. The top signal (rhythm N) has an AF probability of 0.11, while the bottom 
signal (rhythm A) has an AF probability of 0.95. 

4 Discussion 

The noise detection algorithm under consideration demonstrated solid overall perfor-
mance. Numerous noise detection and signal quality assessment algorithms have been 
documented before. Among the initial efforts to employ the SQIs utilized in this work 
was a study by Li et al. [14]. However, the performance of their work was gauged 
indirectly via the heart rate estimation error, making a direct comparison of results im-
possible. Zhao et al. [13] also developed a noise detection system based SQI thresholds 
and fuzzy logic This system was trained and validated using the SSLAFDB, and it 
achieved an accuracy, sensitivity, and specificity of 92.67%, 97.33%, and 88.67% re-
spectively, results that align closely with those achieved in this work. Nonetheless, the 
metrics reported in this work and in Zhao’s are hard to compare. In their work, they 
classified between noisy and non-noisy signals, whereas in this case the objective is the 
quality assessment of noisy segments, using the classifier to estimate the probability of 
5 second windows being noisy and performing a weighted average to assess the quality 
of each individual second of the signal. 

Ectopic removal is a stage often incorporated into AF detection algorithms. Among 
the varied approaches, one simple rule-based method was developed by Dash et al. [15], 
which solely depends on three RR series ratios and associated thresholds. However, 
like many ectopic beat removal techniques used in AF detection algorithms, the actual 
performance of their approach remains unreported, leaving its effectiveness uncertain. 
In contrast, the ectopic beat detector developed within this study has shown satisfactory 
results. García et al. [16] developed a more sophisticated technique, creating an ectopic 
classifier for Holter records with superior performance. This method fuses morphology 
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features with RR series features, resulting in a low incidence of false negatives. Yet, 
given the unreliability of morphology analysis in low-quality signals, such as those 
captured by smartphone devices, their approach may not be optimal or directly compa-
rable when applied to ECG data from smartphone devices. 

The AF detection algorithm demonstrated solid performance across various data-
bases, suggesting that the model achieved a substantial level of generalization. A key 
advantage of the presented method is its simplicity; it proposes a straightforward algo-
rithm that only requires eight features for classification, employing a relatively uncom-
plicated model. In contrast, many other methods designed for accurate AF detection in 
low-quality signals propose the use of complex models like convolutional neural net-
works, as in Hong et al.'s [17] work. Alternatively, they use feature-based classifiers 
similar to this study but with a larger feature set, as in Datta et al. [18]'s work, which 
used over 20 features. These two studies were co-winners of the first place in the 2017 
Physionet Computing in Cardiology challenge [19]. 

The Apple Watch 4 (AW4) rhythm detection system provides a comparative stand-
point, with two rhythm assessment methods: real-time notification and offline PDF 
waveform analysis. According to the AHA journal [20], the real-time notification 
method demonstrated a sensitivity of 41% for AF detection and a 61% agreement with 
telemetry. However, it resulted in inconclusive findings in 31% of cases. In contrast, 
the PDF waveform analysis achieved a sensitivity of 96% and a telemetry agreement 
of 98.9%. It is important to note that the PDF waveform analysis is not directly com-
parable to the real-time algorithm developed in this study. This study's algorithm prior-
itizes robust performance, low feature requirements, and operational simplicity on sim-
pler devices, potentially offering advantages over commercial systems like AW4, par-
ticularly for real-time applications. 

5 Conclusion 

In conclusion, this paper details a robust machine learning-based algorithm for atrial 
fibrillation detection, utilizing a three-stage approach: noise detection, ectopic beat re-
moval, and AF detection. The algorithm shows strong performance metrics and is par-
ticularly robust, having been trained on low-quality signals acquired by smartphone 
devices. The results suggest high accuracy in AF detection even amidst noise and other 
arrhythmias. With the rise of telemonitoring in healthcare, the algorithm could poten-
tially play a crucial role in improving telemedicine access and patient care. However, 
further validation is required on signals from telemonitored patients via the Virtual 
Sense platform. Future studies will assess its performance on this platform, providing 
valuable insight into real-world applicability. The results could also guide further re-
finements to the algorithm, including the addition of features and training data, advanc-
ing its utility in AF detection and telemonitoring. 
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