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Abstract: This paper fits into the contest of telemonitoring systems and wearable devices in the field 

of cardiology and aims to present an algorithm for the automatic detection of atrial fibrillation (AF), 

the most widespread arrhythmia, that can lead to stroke and heart failure if not detected in time. 

The developed algorithm performs features extraction from bio signals collected with a sensorized 

T-shirt equipped with a single-lead ECG, a temperature sensor, a pulse oximeter, and an accelerom-

eter for breathing rate. Two PhysioNet databases are also employed to test ECG signals analysis. 

Kolmogorov-Smirnov test is taken to establish the significance (p = 0.05) of the ECG features ex-

tracted and different classification models are evaluated and compared for the automatic detection 

of AF. 
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1. Introduction 

In the last two decades life expectancy increased markedly and the chronicization of 

diseases enhanced along with it. It has been estimated that noncommunicable disease are 

the leading cause of death in Europe and America, especially cardiovascular ones [1]. In 

this contest, abnormalities of cardiac rhythm are prevalent in community-dwelling adults 

(affecting >2% of individuals) [2] and atrial fibrillation (AF) is considered the most wide-

spread arrhythmia. With an estimated growing prevalence of 0.4% to 1% in the general 

population, AF accounts for about 1/3 of hospitalization for cardiac rhythm disorders 

causing an extremely costly public health problem [3]. AF is associated with high cardio-

vascular morbidity and mortality and suffering from this disease may lead to stroke and 

to heart failure [3]. Because of its impact on health, an early detection and a recurring 

monitoring are determining factors in the disease management and in the prevention of 

disease exacerbation. In clinical practice, the diagnosis of AF requires at least a single-lead 

ECG recording during the arrhythmia and it may be facilitated by a Holter monitoring 

[3]. Unfortunately, because AF may be paroxysmal and/or asymptomatic, its diagnosis 

can be challenging, and it may not be detected even on a standard 12-lead ECG or on a 

Holter monitoring system. Since a portable single-lead ECG recording device may help 

establish the diagnosis in cases of paroxysmal AF, the answer to this challenge may be 

represented by the more and more widespread wearable devices, that provide a low-cost 

and user-friendly way for patients’ health continuous monitoring [3,4]. On this back-
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ground, this paper aims to present an algorithm for the screening and monitoring of pa-

tients suffering from heart disease by implementing the analysis of different bio signals 

obtained with a sensorized T-shirt. With the development and the circulation of wearable 

and portable devices and telemonitoring systems, mobile and personalized medicine has 

reached a new level of improvement and the number of algorithms for automatic detec-

tion of heart disease increased along with it. On the ECG, AF is characterized by the ab-

sence of P wave and an irregular ventricular response, when atrioventricular conduction 

is intact [3,5]. Since the morphological analysis of P-waves is complex, especially in wear-

able devices field where the collected data are often exposed to different kind of artifacts, 

and since ventricular activity is influenced by atrial conductivity in AF, the AF automatic 

detection algorithms are mainly based on Heart Rate Variability (HRV) [6] analysis to pro-

vide a higher robustness of the results. 

A large amount of works focuses on the analysis of ECG records in order to extract 

statistical parameters or features for classification, mainly based on HRV analysis in 

different domains: [5] and [7] review features and classification models used for AF auto-

matic detection and in [8] three different algorithms to extract time and frequency domain 

features for AF detection are presented and compared; in [9] the density histograms of RR 

and dRR intervals are used for coefficients of variation (CV) test and in the Kolmogorov-

Smirnov test in order to perform AF detection; in [10] frequency domain features (PSD 

features estimated with Welch’s method) are extracted in order to compare two classifica-

tion models, one based on an evolutionary neural system approach and the other based 

on the combination of the convolutional neural network (CNN) with the bidirectional long 

short-term memory (BiLSTM); Refs [11–13] based their detection system on the analysis 

of Poincare plot and in particular on geometric features and on features linked to points 

distribution in the plot; in [14] two probability density functions are employed to model 

the histograms of RR differences and Neyman-Pearson (NP) detection approach is used 

to obtain criteria for AF detection; in [15] the RR intervals sequence PSD is estimated in 

order to compute the LF/HF correlation as a feature for a linear discriminant classifier; the 

work [16] estimates PSD of ECG signals (using Welch’s method and a discrete Fourier 

transform) in order to perform machine learning algorithms; in [17] HRV time and fre-

quency domain features are extracted and data are compared by Mann Whitney test and 

by Kolmogorov-Smirnov test; in [18] a simple AF detection algorithm is implemented 

based on the number of RR interval combinations differing more than x seconds in a slid-

ing window of length N; in [19] the number of non-empty cells in RdR (RR-dRR) plot is 

computed and compared with a threshold; [20] deals with the analysis of HRV in time, 

frequency and statistical domain and gives each parameter a different weight based on its 

accuracy of detecting arrhythmia; in [21] AF automatic detection is performed through 

HRV-based features (non-linear and in time domain) and frequency analysis. All the al-

gorithms developed in these works are tested on PhysioNet databases [22]. 

Our proposed system combines elements of these works, providing an algorithm for 

AF automatic detection based on HRV features in time and frequency, but instead of lim-

iting the analysis to ECG records, it implements the analysis of different bio signals rec-

orded through a sensorized T-shirt equipped with a single-lead ECG, a temperature sen-

sor, a pulse oximeter and a 3-axis accelerometer for the respiratory rate [23]. In fact, since 

changes in atrial electrophysiology may be associated with alterations in respiratory phys-

iology [24], it may be important for the management of the disease to estimate respiratory 

parameters such as breathing rate (BR). In this way, through ECG analysis and with the 

support of the other recorded bio signals to monitor patient’s physiological parameters, it 

is possible to perform an automatic detection of arrhythmias (specifically AF) to help in 

the diagnosis and management of the disease. 

2. Materials and Methods 

This work is based on the analysis of four different bio signals recorded with a sen-

sorized T-shirt equipped with a single-lead ECG (AD8232 SparkFun Single Lead Heart 
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Rate Monitor), a temperature sensor (LM35 by Texas Instrument), a pulse-oximeter 

(SparkFun Pulse Oximeter and Heart Rate Sensor) and a 3-axis accelerometer (ADXL335 

by Analog Devices). We collected data of 20 healthy subjects, that act as a control group, 

and for each one we recorded two minutes of a resting trial during which the subject re-

mained seated. Of these 20 subjects, 11 belong to an early measurement phase during 

which chest movement was not recorded, so breathing rate is not available, while all the 

signals are collected for the rest of the subjects. The T-shirt recorded the following signals: 

single-lead ECG sampled at 250 Hz; the trend of temperature over the time with a sam-

pling frequency of 1 Hz; the value of blood oxygen saturation (SpO2) sampled at 1 Hz; 

chest acceleration along the normal axis over the time sampled at 5 Hz. The signals are 

analyzed in Matlab to extract physiological parameters and features for the monitoring of 

the subjects and the detection of AF. 

The performance of the algorithm for the analysis of the ECG signals was also eval-

uated on two PhysioNet databases [22], in particular:  

 MIT-BIH Atrial Fibrillation Database (AFDB): it includes 25 long-term ECG record-

ings (10 h) of human subjects with AF and each recording contains two ECG signals 

sampled at 250 Hz.  

 MIT-BIH Normal Sinus Rhythm Database (NSDB): it includes 18 long-term (24 h) 

ECG recordings of subject with no particular arrhythmias and each recording is com-

posed of two ECG traces sampled at 128 Hz. 

2.1. Data Organization and Preprocessing 

Signals collected for each subject with the T-shirt are organized in distinct vectors. 

Since data recorded with wearable devices are often characterized by different kind of 

artifacts, to improve the signal to noise ratio the ECG signal is bandpass filtered between 

0.05 and 30 Hz with an eight order Butterworth filter, and the accelerometer’s output is 

high-pass filtered (fhighpass = 0.01 Hz by spectral evidence), to remove the baseline, and low-

pass filtered with a moving average, to remove high frequency noise. Because of the lower 

level of noise and a less complex post-processing, temperature sensor and pulse oxime-

ter’s outputs are not preprocessed, and the signals are kept raw for the further analysis. 

Data obtained from PhysioNet databases are organized into two different structures 

to allow the analysis of both long-term and short-term ECG recordings. For the analysis 

of long-term recordings, the length of AF recordings remains unchanged (10 h), while 

normal sinus rhythm (NS) ECGs are shortened from 24 h to 10 h, to allow the comparison 

between the two class. To simulate short-term recordings, the length of the signals from 

both databases is reduced to two minutes, to match T-shirt recordings duration. For both 

databases only the first ECG trace of each recording is considered for the analysis. 

2.2. Analysis and Features Extraction of ECG data 

Both ECG signals from databases and collected with the T-shirt are analyzed with 

the same algorithm. The first step in the analysis of ECG signals is the detection of R-peaks 

to be able to extract HRV-based features. Pan and Tompkins algorithm is adopted to per-

form R-peaks detection, because of its high accuracy (99.3%) and its simplicity in the im-

plementation [25]. Since HRV is conventionally described as the variation of both instan-

taneous HR and RR intervals, the time intervals between consecutive heartbeats (RRIs) 

are computed, to extract RRI sequence. Once HRV is computed, time and frequency do-

main features for AF detection are extracted. 

One of the features is based on the Poincare plot, where, given consecutive RRI pairs, 

RRi are plotted against RRi + 1 (i = 1,…, N−1; N = number of RR intervals). Different studies 

[11,12,21] agree on the evidence that Poincare plots constructed with non-AF data show 

some patterns, while plots obtained from AF data show irregular shapes. In this work, we 

use data points to fit an ellipse and to extract the ratio between the long (SD1) and the 

short (SD2) axis as a descriptor about Poincare plot, since SD1 and SD2 are believed to 
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reflect the long-term and short-term dispersion of HRV and so the dynamics of heart ac-

tivity. 

The following other HRV- based features are extracted in time domain: the mean and 

the standard deviation of RR intervals and of instantaneous HR (HR = 60/RRI); the stand-

ard deviation (SD) and the root mean square (RMS) of successive difference (SD), where 

the successive differences are the temporal differences between two consecutive RR inter-

vals (SD = RRIi + 1 − RRIi); the percentage of RR intervals above 50 milliseconds (PRR50). 

To compute HRV-based features in frequency domain, HRV power spectrum is com-

puted with FFT algorithm. Since the RRI sequence taken as a digital signal is irregularly 

sampled in time domain, the HRV signal is resampled to obtain a signal equally spaced 

in time, with a sampling frequency of 4 Hz. The following features are extracted: the low 

frequency (LF) power, calculated as the PSD (area under the PS curve) at low frequencies 

(0.04–0.15 Hz); the high frequency (HF) power, calculated as the PSD in the frequency 

band 0.1–0.4 Hz; the ratio of LF and HF power; the total power, considered as the sum of 

LF and HF power; the percentage of power affecting the LF band and the percentage in 

HF band. 

Features extracted from ECG signals are employed in the development of machine 

learning models to classify healthy subjects and AF patients. To test the significance of the 

features extracted through ECG signals analysis, the two sample Kolmogorov-Smirnov 

(KS) test is taken, based on studies [9,17]. 

2.3. Analysis of Bio Signals Collected With the T-Shirt 

As well as ECG signal, also the other bio signals collected by means of the T-shirt are 

analyzed to extract additional features for the characterization and monitoring of patients 

with AF. Since subjects were asked to perform a resting trial which does not affect the 

value of body temperature and oxygen in time, temperature sensor and pulse oximeter 

outputs are processed to extract the mean value of the temperature (°C) and of the blood 

oxygen saturation (%) during the trial. To extract the respiratory rate, the output signal of 

the accelerometer sensor is processed to compute the power spectrum through the Fast 

Fourier Transform algorithm. The frequency value at the maximum peak of the spectrum 

corresponds to the respiratory rate (Hz). 

3. Results 

Mean and standard deviation values of the control group are computed for pulse 

oximeter signals, body temperature and breathing rate (Table 1). 

For ECG Signals, three different pairs of samples are tested in multiple classification 

models. The first pair of sample is composed of AF patients from PhysioNet AFDB (short-

term records) and healthy subjects from PhysioNet NSDB (short-term records); the second 

pair is composed of long-term records from AFDB for the sample of AF patients and long-

term records from NSDB for the sample of healthy subjects; the last couple of samples has 

the same unhealthy subjects of the first case, but the control group is composed of short-

term records from NSDB added to records collected with the T-shirt. 

For each pair of samples, classification models are trained and validated using both 

all the features computed, and the features selected with KS test, whose results are shortly 

shown in Table 2 as the number of significant features (with a p-value = 0.05) on the num-

ber of total features. 

Table 1.  Mean and std dev. of SpO2, T and BR of the control group. 

Features Number of Subjects Mean Std 

SpO2mean [%] 20 96.939 0.8777 

Tmean [°C] 20 36.273 0.632 

BR [Hz] 9 0.213 0.081 
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Table 2.  Kolmogorov-Smirnov test results. 

Samples Test Results*  

short-term database records 11/14 

Long-term database records 10/14 

Samples with mixed control group 11/14 

* Reported as the number of significant features (with a p-value = 0.05) on the number of total fea-

tures. 

Table 3 shows the results of the classification for the three pairs of samples using a 5-

fold Cross-Validation. For each test are reported the three classificators with the best per-

formances in terms of validation accuracy, sensitivity, specificity and area under the curve 

(AUC). 

Table 3. Results of classification for the three different samples: the samples with the mixed control groups, the samples 

composed of short-term records from databases and the samples formed of long-term records of the databases. 

Samples with Mixed Control Group 

 All-Features Features Selected with KS Test 

Classification 

model 
Bagged trees 

Subspace 

Discriminant 

Kernel Naïve 

Bayes 
Bagged Trees 

Gaussian Naïve 

Bayes 
Fine Tree 

Validation 

Accuracy (%) 
75 75 70 75 75 71.7 

Sensitivity (%) 54.5 50 68.2 63.6 50 78.9 

Specificity (%) 86.8 89.5 71 84.2 89.5 59 

AUC 0.84 0.79 0.77 0.86 0.83 0.74 

Short-term database records 

 All-features features selected with KS test 

Classification 

model 

Kernel Naïve 

Bayes 

Bagged 

Trees 
Fine Tree Bagged trees Gaussian 

Naïve Bayes 

Kernel Naïve 

Bayes 
Validation 

Accuracy (%) 
90 90 87.5 95 92.5 90 

Sensitivity (%) 95.5 90 90 100 95.5 95.5 

Specificity (%) 83.3 88.9 83.3 88.9 88.9 83.3 

AUC 0.96 0.92 0.86 0.94 0.96 0.94 

Long-term database records 

 All-features features selected with KS test 

Classification 

model 
Fine Tree 

Kernel Naïve 

Bayes 
Bagged Trees 

Kernel Naïve 

Bayes 
Cubic SVM Bagged Trees 

Validation 

Accuracy (%) 
95 95 92.5 95 95 92.5 

Sensitivity (%) 100 100 95.5 100 100 95.5 

Specificity (%) 88.9 88.9 88.9 88.9 88.9 88.9 

AUC 0.94 0.94 0.95 0.94 0.95 0.96 

4. Discussion and Conclusions 

Results show that this algorithm achieves competitive performances on databases 

records, both on long and short term ECGs, reaching high level of accuracy, sensitivity 

and specificity. 

In the present work, the algorithm for ECG analysis aims to extract and select features 

for ECG signals statistical classification. On the contrary, the classification algorithm of 

the dataset with the mixed control group reports less performing results, reaching a max-

imum accuracy of 75%, probably because of data heterogeneity. 
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In all the three different datasets it is possible to observe how feature selection with 

KS test either helped improving performances or didn’t affect them, but never worsened 

the results. 

This study fits into the contest of machine learning applications in the filed of cardi-

ology [26] proposing an algorithm for the automatic detection of AF that can be employed 

in the telemonitoring systems through wearable devices, such as the sensorized shirt used 

in this study to record different bio signals, including ECG. Future developments include 

the enlargement of the dataset of the shirt recordings, by including more healthy subjects 

and a sample of patients suffering from AF, in order to develop a classification model, 

based on the presented algorithm, to be used in telemonitoring of cardiopathic patients. 
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