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Abstract4

Background and Objective: Atrial fibrillation (AF) is the most common sustained cardiac ar-5

rhythmia and a growing healthcare burden worldwide. It is often asymptomatic and may appear6

as episodes of very short duration, hence, the development of methods for its automatic detection7

is a challenging requirement to achieve early diagnosis and treatment strategies. The present work8

introduces a novel method exploiting the relative wavelet energy (RWE) to automatically detect9

AF episodes of a wide variety in length.10

Methods: The proposed method analyzes the atrial activity of the surface electrocardiogram11

(ECG), i.e., the TQ interval, thus being independent on the ventricular activity. To improve its12

performance under noisy recordings, signal averaging techniques were applied. The method’s13

performance has been tested with synthesized recordings under different AF variable conditions,14

such as the heart rate, its variability, the atrial activity amplitude or the presence of noise. Next,15

the method was tested with real ECG recordings.16

Results: Results proved that the RWE provided a robust automatic detection of AF under wide17

ranges of heart rates, atrial activity amplitudes as well as noisy recordings. Moreover, the method’s18

detection delay proved to be shorter than most of previous works. A trade-off between detection19

delay and noise robustness was reached by averaging 15 TQ intervals. Under these conditions,20

AF was detected in less than 7 beats with an accuracy higher than 90%, which is comparable to21

previous works.22

Conclusions: Unlike most of previous works, which were mainly based on quantifying the irreg-23

ular ventricular response during AF, the proposed metric presents two major advantages. Firstly,24

it can perform successfully even under heart rates with no variability. Secondly, it consists of25

a single metric, thus turning its clinical interpretation and real-time implementation easier than26

previous methods requiring combined indices under complex classifiers.27
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1 Introduction35

Atrial Fibrillation (AF) is nowadays a major cardiovascular challenge in the developed world [1],36

being the most common supra-ventricular arrhythmia in clinical practice and affecting approximately37

1.5–2% of the general population [2]. Its prevalence increases with age, such that 3.7–4.2% of people38

aged between 60 and 70 years and 10–17% of those aged 80 years or older suffer from this arrhyth-39

mia [2]. By the middle of this century, it is estimated that AF may affect about 6.12 million people40

in the USA and 17.9 million in Europe [3]. Furthermore, the lack of a full understanding about its41

pathophysiological mechanisms makes the diagnosis and treatment of AF difficult and, often, poorly42

effective [4]. As a consequence, this arrhythmia constitutes a significant public health problem, thus43

accounting for a remarkable percentage of any health service’s spent in developed countries [5].44

Depending on their duration AF episodes can be classified into three main groups [6]. Paroxys-45

mal AF (PAF) is usually the first stage of the arrhythmia, where the episodes terminate spontaneously46

within seven days of its onset. Although many patients present very short initial episodes, they in-47

crease in frequency and duration as the arrhythmia progresses to become persistent [7]. In this stage,48

AF is sustained, at least, longer than 7 days and external intervention is required for its termination.49

Pharmacological and electrical cardioversion as well as catheter ablation are typical interventions to50

restore sinus rhythm (SR) in this kind of patients. Finally, in permanent AF, both the patient and the51

clinician make a joint decision to stop further attempts to restore SR, and only interventions to control52

the heart rate are pursued. Observational studies have shown that permanent AF is the most diagnosed53

arrhythmia, followed by PAF and persistent AF [2].54

Regardless of its duration, when AF occurs the electrical impulses provided by the sinus node are55

replaced by multiple and irregular wavefronts, which uncoordinatedly depolarize the atrial cells [8].56

As a result, the typical P-waves observed on the surface electrocardiogram (ECG) are replaced by a57

sawtooth-like pattern, which is variable in time, shape and timing named fibrillatory ( f ) waves [9].58

Moreover, given that very high activation rates can be reached in the atria (400 per minute and above)59

whereas the atrioventricular (AV) node is only able to conduct some of them to the ventricles, a fast60

and irregular ventricular rhythm is often observed during AF [10].61
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These electrophysiological alterations can sometimes provoke symptoms such as palpitations,62

weakness, fatigue, dizziness or chest pain. However, some studies have concluded that up to 40% of63

AF patients [11] and up to 90% of PAF episodes [12] may be asymptomatic. Hence, AF is often found64

during routine physical examinations, thus leading to a delayed diagnosis. Although this arrhythmia65

is not a deadly disease by itself, it has been associated with a relevant reduction in the quality of66

life [13] and a substantial increased risk of stroke [14] and mortality [15]. Indeed, AF patients have a67

five-fold risk of stroke and a two-fold risk of death compared with healthy people of the same age [8].68

Consequently, an early diagnosis of PAF is a priority to prevent more serious complications [16].69

Although the use of long-term ECG recordings can be useful, the early identification of PAF is not70

an easy task. These episodes often consist of only a few beats in length, and, therefore, their detection71

by visual inspection is very time-consuming [17]. Within this context, automatic PAF detection would72

involve a significant advance, because it would allow real-time continuous ECG monitoring of AF. In73

fact, a wide variety of automatic AF detectors have been proposed during last years. Most of them74

are based on detecting the aforementioned irregular ventricular rhythm by means of time, frequency75

and complexity metrics [17–23]. These algorithms have provided a high ability to identify long AF76

episodes, but they require long enough intervals (around 30 seconds) and, hence, they cannot deal77

with very short AF events. Moreover, the presence of ectopic beats often cause variations in the heart78

rate, thus provoking high false AF detection rates from these algorithms [17, 20, 22]. To reduce these79

problems, some recent works have complemented this ventricular rhythm analysis with information80

from the P-wave absence [24–26]. However, these techniques still fail to work successfully under81

regular ventricular rhythms. This situation is very frequent in AF during the presence of AV block as82

well as in ventricular or AV junctional tachycardia [24, 27]. Furthermore, the use of pacemakers as83

well as drugs to stabilize the heart rate during AF also eliminate the ventricular irregularity inherently84

associated with the arrhythmia [24, 27]. Similarly, these algorithms may also be unable to properly85

identify SR within an irregular ventricular response, which can occur in the presence of a high number86

of ectopic beats [28] or in sinus arrhythmia [24].87

Contrarily, those methods only based on detecting the P-wave absence do not suffer from these88

problems [27]. Indeed, they only analyze the beat interval containing the atrial activity, i.e., the89
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TQ interval, their performance being independent on the heart rate variability. However, not many90

algorithms working under this philosophy can be found in the literature [27, 29]. The low signal-to-91

noise ratio of atrial activation waves in the ECG degrades notably their performance in the presence of92

noise [30]. In the present manuscript a new heart rate independent algorithm to detect automatically93

PAF episodes is proposed. It is based on the stationary wavelet decomposition of the TQ interval for94

every single beat and the further analysis of the relative energy contained by each wavelet scale. Its95

robustness to different conditions, such as the presence of different heart rates, P-wave and f -wave96

amplitudes, regular and irregular ventricular rhythms and noise levels is firstly analyzed making use97

of synthesized signals. Next, the proposed method’s performance is validated by using real ECG98

recordings from patients of PAF as well as from other arrhythmias.99

The remainder manuscript is organized as follows. Section 2 describes how the synthesized ECG100

signals were generated as well as the databases of real recordings that will serve to test the proposed101

algorithm. Section 3 introduces the processing applied to the recordings as well as the algorithm for102

the relative wavelet energy (RWE) computation from each scale. Section 4 summarizes the obtained103

results, which are then discussed in section 5. Finally, section 6 presents the concluding remarks.104

2 Materials105

In order to provide a thorough study of the RWE ability to detect AF and SR within a wide variety106

of realistic contexts, several sets of synthesized signals have been generated. Different aspects that107

could influence the identification of SR as well as AF, such as the heart rate and its variability, P- and108

f -wave amplitude and the presence of noise can be managed within the synthesized recordings. The109

McSharry et al.’s model [31] was used to synthesize SR episodes with a sampling rate of 250 Hz. The110

main parameters of this algorithm were varied as a function of the developed experiments, such as will111

be described in section 3.2. On the other hand, since atrial activity is uncoupled to ventricular activity112

during AF [32], the same model was used to generate the ventricular activity in the AF episodes.113

Nonetheless, P-waves were previously blanked.114

The atrial activity added to the ventricular activity in the AF signals was synthesized by using the115
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model proposed by Stridh & Sörnmo [32]. Briefly, f -waves were obtained as the sum of M harmonics116

with a sawtooth amplitude and a frequency modulated around the fundamental one. Given that previ-117

ous works have proven that the f -wave typical fundamental frequency ranges approximately from 3118

to 9 Hz [32], this parameter was randomly selected according to a normal distribution with mean and119

standard deviation of 6 and 1.5 Hz, respectively. The remaining parameters of this algorithm were120

chosen as described in section 3.2 for each specific experiment. Finally, the synthesized SR and AF121

episodes were combined to generate signals as similar as possible to real PAF recordings. The dura-122

tion of each specific SR and AF episode was randomly varied between 2 and 2000 beats. Similarly,123

the number of AF episodes in each signal was randomly selected between 4 and 50. The transition be-124

tween two consecutive episodes was modeled by means of a gaussian window with 300 ms in length.125

As an example, Figure 1(a) shows a synthesized ECG interval containing the transition from SR to126

AF.127

On the other hand, to assess the RWE predictive power on a real context, both the MIT-BIH AF128

as well as the MIT-BIH Arrhythmia databases have been used. They are freely available datasets129

from PhysioNet [33], which have been widely used to validate automatic detection of AF in previous130

works [23]. The first database contains 23 fully annotated 10 hour-length ECG recordings mainly131

from PAF patients, which were acquired with a sampling rate of 250 Hz and 12-bit resolution over a132

range of ±10 mV. The second dataset consists of 48 half-hour annotated ECG recordings sampled at133

360 Hz and 11-bit resolution over a range of 10 mV. In order to work with a common sampling rate134

in the study, these recordings were downsampled to 250 Hz. These signals are divided into 2 groups,135

such that 23 are in the 100 series and the rest are in the 200 series. The recordings in the 100 series136

contain SR and arrhythmias but no AF episodes. The 200 series contains AF, various arrhythmias137

and SR. Although every ECG recording contained two leads, only the one with the largest P-wave138

was analyzed.139
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3 Methods140

3.1 Identification of SR and AF episodes141

The present work introduces a novel method exploiting the RWE to automatically detect AF episodes142

of a wide variety in length that, specifically, can be extremely short. As a general summary of the143

proposed strategy, Figure 2 displays a block diagram of the algorithm to discern between AF and SR144

along with typical signals obtained for each stage. The main details of each preprocessing stage are145

going to be described in the forthcoming sections.146

3.1.1 Preprocessing and TQ detection147

With the aim to improve later analysis, both synthesized and real ECG recordings were preprocessed.148

Whereas baseline wander was removed by making use of an IIR high-pass filtering with a 0.5 Hz149

cut-off frequency [34], high frequency noise and powerline interference were reduced with an IIR150

low-pass filtering with a 50 Hz cut-off frequency [35]. Both filters were designed using a Cheby-151

shev window with a relative sidelobe attenuation of 40 dB and applied to the ECG signal in a152

forward/backward way. Next, every R-peak was detected by using a phasor transform-based algo-153

rithm [36]. The ability of this method to identify R-peaks has been validated making use of databases154

manually annotated by expert cardiologists, reporting an accuracy greater than 99.6%. Moreover, the155

algorithm is able to detect ectopic beats without any additional requirement, thus making it possible156

to consider these beats in the study. This is an interesting aspect, because the presence of abnormal157

atrial and ventricular beats use to be a frequent event before the onset of PAF [37].158

Next, every TQ interval was identified as the segment located 50 ms before the detected R-159

peak [26]. The duration of this segment was adaptively computed as a quarter of the median RR160

interval for the last 10 beats. It was experimentally observed that this interval was insensitive to ec-161

topic beats and errors in R-peak detection. Moreover, it was also corroborated, both from synthesized162

and real ECG signals, that this interval only contained information associated with the atrial activity,163

regardless of the heart rate and its variability.164
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3.1.2 Relative stationary wavelet energy165

After preprocessing, every TQ interval was analyzed by using the Wavelet transform (WT). This trans-166

formation allows to decompose the signal at different time and frequency scales such that each one167

may emphasize different signal properties and characteristics [38]. In fact, the WT is an appropriate168

tool for the analysis of transients, aperiodicities and other non-stationary signal features, since subtle169

changes in the signal morphology can be easily highlighted over the scales of interest [38]. Given170

the non-redundant information provided by the discrete WT, this algorithm has been widely used in171

a variety of previous biomedical applications [39]. In addition, this algorithm can be easily imple-172

mented by a bank of low-pass and high-pass finite impulse response filters followed by decimation173

stages [38]. Given that it is a widely extended tool for signal processing, its mathematical definition174

has been leaved out in this manuscript. The reader is referred to [38, 39] for detailed information.175

However, the discrete WT suffers from some problems of repeatability and robustness when short176

signals are analyzed [38, 40]. Hence, the current study proposes the use of a stationary WT (SWT).177

The SWT is time-invariant and, at each decomposition level, its wavelet coefficients carry the same178

number of samples (temporal information) as that of the original signal [40].179

Having in mind that the P-wave is considered to be a low-frequency wave (below 10–15 Hz) [35]180

together with the fact that recordings were acquired with a sampling rate of 250 Hz, a four-level181

wavelet decomposition was chosen. It has to be noted that every TQ interval was zero-padded to 64182

samples, since the SWT requires a signal length multiple of 2N , N being the number of decomposition183

levels [40]. Then, to discern among AF and SR episodes, the RWE carried by every wavelet scale184

was analyzed. This metric for the scale j can be computed as185

RWE j =
∑64

k=1 C j(k)2

∑4
j=1 ∑64

k=1 C j(k)2
, (1)

C j being the vector of wavelet coefficients obtained for the scale j. As a graphical summary, Figure 2186

shows waveforms for vectors of wavelet coefficients C1, C2, C3 and C4 as well as values of RWE1,187

RWE2, RWE3 and RWE4 from typical SR and AF beats.188

Finally, because no guidelines exist for the wavelet mother selection [39], an exploratory ap-189
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proach testing different functions was adopted. All the functions from the Haar, Daubechies, Coiflet,190

Biorthogonal, Reverse Biorthogonal and Symlet wavelet families were tested both for synthesized191

and real ECG signals. Although no significant differences were noticed, the best outcomes were ob-192

tained from the sixth-order Daubechies function. Hence, this wavelet was chosen and its main results193

will be next presented in section 4.194

3.2 Performance assessment195

3.2.1 Study on the heart rate196

It is well-known that the TQ interval length varies as a function of the heart rate, such that the higher197

this rate, the shorter the TQ length [41]. To analyze the implications of this aspect on the RWE198

computed from every scale, 20 ECG signals were synthesized, as described back in section 2, for199

each specific heart rate of 60, 80, 120, 140, 160 and 180 beats per minute (bpm). No heart rate200

variability was considered both for SR and AF episodes in order to corroborate the RWE ability to201

work under regular ventricular rhythm conditions. The P- and f -wave amplitude was established to202

their typical values of 200 and 150 μV, respectively [35]. For each heart rate, a ten-fold stratified203

cross-validation was used to train and test the metrics RWE1, RWE2, RWE3 and RWE4. This kind204

of cross-validation allows to obtain a generalization of the algorithm’s performance [42]. Moreover,205

it makes use of all the available data both for training and testing, thus avoiding the problem that206

classification results could be highly dependent on the choice for the training/test split. Indeed, the207

database was first partitioned into 10 equally sized folds, rearranging the data to ensure that each208

fold is a good representative of the whole. Subsequently, 10 iterations of training and validation209

were performed, such that within each one a fold of the data was held out for validation whereas the210

other ones were used for learning. For each learning set, a receiver operating characteristic (ROC)211

curve was used to obtain the optimal discriminant threshold between SR and AF. The ROC is the212

result of plotting the fraction of true positives (TP) out of positives (sensitivity) against the fraction of213

false positives out of the negatives (1−specificity) at various threshold settings. Sensitivity was here214

considered as the percentage of AF beats correctly classified, whereas the rate of SR beats properly215
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identified was considered as specificity. The optimal threshold was selected as that one providing the216

highest accuracy, i.e., the highest number of total beats correctly classified. Finally, the accuracy was217

obtained for the test fold and averaged for the 10 iterations.218

3.2.2 Study on the atrial activity amplitude219

As for the different heart rates, a similar experiment was performed to analyze whether the P-wave220

amplitude could provoke significant effects on the RWE predictive ability. Thus, 20 synthetic signals221

were generated for each specific value of P-wave amplitudes of 200, 160, 120, 80, 40 and 20 μV. In222

this case, all the SR and AF episodes were generated with a regular heart rate of 80 bpm. The same223

test was again repeated, but in this case the P-wave amplitude was set to 200 μV and the f -wave224

amplitude was varied. Precisely, the diagnostic accuracy for f -waves of 150, 120, 90, 60, 30 and225

15 μV was studied.226

3.2.3 Study on the heart rate variability227

Because only regular ventricular rhythms were considered by the previous tests, the RWE ability to228

work with irregular heart rates was also analyzed. Heart rate variability in AF segments was generated229

by randomly varying consecutive RR series according to a specific standard deviation of its mean230

value. Particularly, 20 signals were obtained for each specific value of heart rate variability of 0, 5,231

10, 15, 20 and 25%. Considering the results from the previous experiments, which will be presented in232

section 4, the mean heart rate for SR and AF segments was selected according to a normal distribution233

with mean of 80 and 100 bpm and standard deviation of 7 and 10 bpm, respectively. Similarly, the234

amplitude of P- and f -waves was obtained by a normal distribution with mean of 100 and 75 μV and235

standard deviation of 35 and 20 μV, respectively.236

3.2.4 Study on the noise effect237

Noise is a common nuisance artifact in long-term ambulatory recordings. Therefore, it is important238

to develop AF detectors as robust to noise as possible [26]. Thus, to analyze the RWE behavior239

within a noisy environment, ECG signals with different signal-to-noise ratios (SNR) for every beat240
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were generated. In this case, noise-free signals were firstly synthesized as described for the previous241

experiment, but no irregular RR series were considered. Then, different levels of electromyographic242

(EMG) noise, extracted from the MIT-BIH Noise Stress Test Database such as in [26], were added243

beat-by-beat to each generated signal in order to obtain a specific SNR. To compute this ratio, the244

root mean square value both from P- or f -waves and noise was obtained by only considering the TQ245

interval. SNR values of 40, 30, 20, 10, 5, 0 and −5 dB were analyzed and 20 synthesized signals were246

generated for each case. As an example, Figure 1 displays several ECG segments with SNR values of247

20, 10, 0 and −5 dB.248

3.2.5 Study on TQ segments averaging249

With the aim of increasing noise immunity of the RWE-based metrics, the averaging of several TQ250

intervals was studied. Thus, instead of computing the RWE for every single beat, the median TQ251

interval from its preceding L beats was considered. Precisely, the L values of 1, 2, 5, 10, 15 and252

20 beats were analyzed. For this purpose, when needed, the single TQ segments were shortened253

down to the shortest TQ duration. The point located 50 ms before the corresponding R-peak was254

considered as the reference for a proper alignment of the P-waves. Every single TQ interval was255

shortened from the closest side to the T-wave offset. Note that this signal-averaging approach has256

been widely used in numerous previous works to improve the P-wave SNR, thus reaching clinically257

useful information under different scenarios, such as the identification of patients prone to AF after258

different treatments [43]. Nonetheless, averaging provokes a tiny delay in AF detection. Indeed,259

during the transition from SR to AF or vice-versa, both P- and f -waves are jointly considered to260

generate the median TQ interval. Therefore, the resulting waveform will mainly depend on which261

wave (P or f ) is predominant in the average. This fact will involve a tiny increase in the number of262

averaged beats generating the median TQ interval, such that the larger L, the longer the induced delay.263

Hence, this transition delay was also studied for the aforementioned values of L.264

10



3.2.6 Performance assessment from real signals265

Because real ECG recordings do not allow to control parameters such as the heart rate or P- and266

f -wave amplitude, only the effect of identifying SR and AF episodes from the median TQ interval267

as well as the corresponding transition delay could be studied from the MIT-BIH AF dataset. As268

for synthetic signals, L values of 1, 2, 5, 10, 15 and 20 beats were analyzed and ten-fold stratified269

cross-validation was also used to validate the proposed metrics.270

On the other hand, given that the MIT-BIH AF database mainly contains PAF recordings, the271

proposed method’s performance in the presence of other arrhythmias was assessed making use of the272

MIT-BIH Arrhythmia database. Indeed, the metric providing the most relevant AF and SR classifica-273

tion, i.e. the RWE4 computed from the median TQ interval for 15 beats (such as will be described in274

section 4), was validated with all the ECG recordings from the series 200 of this database. It is worth275

noting that only these recordings contain AF, SR and other arrhythmias and both series 100 and 200276

have been widely treated as separate datasets in previous works [17, 44].277

3.2.7 Comparison with other AF detectors278

As mentioned back in Section 1, heart rate analysis has proven to be an effective tool for AF detection.279

Thus, a wide variety of algorithms based on detecting irregular ventricular rhythm can be found in280

the literature [17–23]. With the aim to compare the proposed RWE-metrics with such a kind of281

algorithms, two of them were tested both on the synthesized and real ECG databases. Precisely, the282

coefficients of variation (CV) and sample entropy (COSen) of the RR series were computed following283

the details found in [18] and [19], respectively. In brief, CV was defined as the standard deviation284

of the beat intervals divided by the mean beat interval [18] and COSen as a modified version of a285

popular estimator of times series regularity, such as sample entropy [19]. They were chosen because286

the first one has been widely used as a reference in previous works and the second one is currently287

the AF detector reporting the lowest detection delay, with a notably high accuracy [19].288
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4 Results289

4.1 Synthesized ECG recordings290

The obtained outcomes for the proposed RWE-based metrics from all the synthesized ECG record-291

ings, considering the aforesaid scenarios of section 3.2, are graphically presented in Figure 3. As can292

be observed, in general terms RWE1 showed a behavior slightly different from the remaining scales.293

For all the experiments its predictive value was notably lower than for RWE2, RWE3 and RWE4. On294

the contrary, these three metrics presented a very similar performance, although slight differences295

among them were noticed. Thus, whereas RWE4 provided an accuracy near 100% between 40 and296

140 bpm, RWE2 and RWE3 showed a significant decrease (about 5–8%) for heart rates higher or297

equal to 140 bpm (see Figure 3(a)). Anyway, it is interesting to note that accuracy was still greater298

than 90%. In a similar way, RWE2 and RWE3 also showed a lower discriminant ability than RWE4299

for P- and f -wave amplitudes lower than 80 and 60 μV, respectively (see Figures 3(b) and (c)). The300

decrease was slightly greater for P- than for f -waves. Indeed, whereas accuracy values from RWE2301

and RWE3 decreased about 10% and 6% (with regard to RWE4) for P-waves, that decrease was about302

3% and 2% for f -waves, respectively.303

On the other hand, no relevant differences were observed from RWE2, RWE3 and RWE4 for304

the analyzed values of heart rate variability (see Figure 3(d)). Thus, regardless of the presence or305

absence of irregular ventricular rhythms during AF, the three metrics reported an accuracy close to306

100%. On the contrary, a completely different behavior was observed for CV and COSen of the RR307

series. In this case, whereas both indices presented average values of accuracy around 100% from308

the 120 synthesized signals with irregular ventricular response during AF (described back in section309

3.2.3), they only were able to identify correctly 50.11% and 51.36% of the analyzed beats from the310

500 synthesized signals without RR variability (i.e. those described back in sections 3.2.1, 3.2.2 and311

3.2.4).312

Regarding the performance of RWE2, RWE3 and RWE4 with noise (see Figure 3(e)), their aver-313

aged accuracy values notably increased for SNR values from −5 to 20 dB, providing then a stable314

value. Thus, although RWE4 provided an accuracy about 95% for SNR values higher than 20 dB, its315
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performance was notably lower under the presence of high noise levels. Indeed, the accuracy dropped316

down to 78% and 62% for SNR values of 5 and 0 dB, respectively. However, this behavior was sub-317

stantially improved when the RWE was computed from the median TQ interval. To this respect, for a318

SNR of 0 dB Figure 4(a) shows how RWE4 provided accuracies greater than 90% and 95% for L = 10319

and 15 beats, respectively. As expected, for higher SNR values the improvement reported by the me-320

dian TQ interval strategy was limited. Anyway, the use of L = 5 beats increased the accuracy about321

6% and 3% compared with L = 1 beat for SNR values of 10 dB and 20 dB, respectively. Remark that322

this accuracy improvement was associated with a transition delay, such as Figure 4(b) displays. Thus,323

whereas an instantaneous identification of AF or SR was reached by using L = 1 beat, a delay of324

about one half of L, regardless of the noise level, was observed when the median TQ interval strategy325

was analyzed.326

4.2 Real ECG recordings327

RWE4 also provided the highest ability to discern between AF and SR from the MIT-BIH AF database,328

thus Figure 5(a) only displays this index. As for synthesized recordings, the higher the value of L,329

the higher the accuracy. Moreover, the behavior of RWE4 was closely similar to the reported by the330

synthesized signals for a SNR of 0 dB, although slightly lower accuracy values were noticed. For331

instance, whereas an accuracy of 95.62% (94.53% sensitivity and 96.89% specificity) was obtained332

from the synthesized recordings for L = 15 beats, that value was 93.32% (91.21% sensitivity and333

94.53% specificity) for real ECG recordings. A similar result was also yielded by COSen, thus re-334

porting values of sensitivity, specificity and accuracy of 95.02%, 92.86% and 93.84%, respectively.335

However, CV was only able to detect a notably reduced number of SR and AF beats compared to both336

COSen and RWE4. Thus, average values of 96.98%, 74.38% and 84.60% were obtained as sensitivity,337

specificity and accuracy, respectively.338

According to the outcomes observed from the synthesized signals, RWE4 also showed an increas-339

ing transition delay as a function of L from the MIT-BIH AF database, such as Figure 5(b) shows.340

However, very similar values were noticed for both cases, the average delay being around 7 beats for341
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L = 15 beats. In this case, CV and COSen reported mean delays considerably greater than RWE4,342

i.e. 11 and 9 beats, respectively. As an example, Figure 6 shows a real ECG segment where RWE4343

was able to detect transitions from SR to AF and vice-versa with a tiny delay of only 6 beats.344

Finally, as in previous works [20], with the aim to analyze the discriminant ability of RWE4 from345

the MIT-BIH Arrhythmia database, all the rhythms different from AF were considered as SR. Thus,346

mean values of sensitivity, specificity and accuracy of 91.05%, 90.38% and 90.81%, respectively, as347

well as an average delay around 8 beats were obtained. In this context, CV and COSen presented348

lower accuracy values and higher delays than RWE4. Indeed, sensitivity, specificity and accuracy349

values of 70.90%, 70.67% and 70.72% for CV and 84.75%, 86.37% and 86.87% for COSen, as well350

as average delays of 11 and 9 beats were noticed, respectively.351

5 Discussion352

The present work analyzes for the first time the RWE ability to discern between SR and AF episodes353

in a beat-to-beat way. A database consisting of synthesized ECG recordings has been first analyzed354

to thoroughly validate the method’s performance within several realistic scenarios. Short-time AF355

detection is very interesting from a clinical point of view, because it would allow the identification356

of arrhythmic episodes as short as 1 or 2 beats. Thus, the time that a patient spends in AF could be357

accurately computed. More interestingly, early AF detection would involve better treatments to avoid358

AF chronification [26]. In fact, recent works have provided a close relationship between the presence359

of brief PAF episodes and a high risk of thrombus formation [45]. Anyway, this kind of AF detection360

is today an unwieldy and unsolved challenge [26, 27].361

For all the developed experiments, RWE1 reported a behavior notably different from the remaining362

metrics, also providing the lowest accuracy. This could be explained by the limited energy contained363

by this scale, both for P- and f -waves, such as Figure 2 shows for typical examples. Indeed, this scale364

covers a frequency range far from the atrial activity band of interest both during SR and AF. On the365

contrary, RWE4 provided the highest accuracy, thus carrying almost all the P-wave energy and a large366

proportion of that related to the f -waves. Although previous works have proven that the f -waves367
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dominant frequency ranges from 3 to 9 Hz [32], they often present several high energy harmonics,368

thus provoking a wider energy distribution between the wavelet scales 2, 3 and 4.369

As can be observed from Figure 3(a), RWE4 provided to be a successful AF detector for the370

most normal heart rates, between 40 and 140 bpm. However, higher rates degraded its performance.371

The main reason for this result could be associated with the fact that normal P-waves were not fully372

included by the selected TQ interval for heart rates of 160 bpm and above. For instance, whereas a TQ373

interval of only 83 ms was obtained under a mean heart rate of 180 bpm, the normal P-wave length374

is considered to be longer than 90 ms [35]. Although this problem appears to be easily solved by375

selecting a wider TQ interval, this action would include final portions of the T-wave, thus hindering376

the identification of SR beats. Anyway, this aspect has not been deeply studied because too high heart377

rates are not common during AF [46]. Indeed, only 8 out of 291 AF episodes from the MIT-BIH AF378

database and 2 out of 88 from the MIT-BIH Arrhythmia database (200 series) presented a mean heart379

rate higher than 140 bpm.380

On the other hand, given that the proposed RWE-based metrics are based on detecting the P-381

wave presence, its amplitude could be thought to play a key role. However, results from synthesized382

recordings only showed a limited accuracy decrease for very low P-waves (see Figure 3(b)). Even for383

P-waves with an amplitude of 20 μV, which are near disappearing, an accuracy about 95% was pro-384

vided by RWE4. Therefore, this metric could be considered as a successful SR detector whenever the385

P-wave is not completely absent. Similarly, the RWE from all the scales was also notably insensitive386

to the f -wave amplitude (see Figure 3(c)). This outcome could be expected taking into account the387

variable morphology of the f -waves. Given that every selected TQ interval use to contain a random388

waveform, its energy distribution would very likely be independent on the f -wave amplitude.389

As also expected, the proposed metrics were sensitive to the presence of noise. Thus, RWE4 only390

achieved accuracy values of about 90 and 95% for SNRs of 10 and 20 dB, respectively. Therefore,391

because noise is very common in ambulatory ECG recordings [26], the median TQ analysis strategy392

seems to be essential to provide robust SR and AF identification through the RWE. For example, as393

can be seen from Figure 4(a), RWE4 computed from the median TQ interval for L = 15 beats and a394

SNR of 0 dB was able to provide an accuracy greater than 95%. It should be noted that this signal-395
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averaging approach was unable to report high accuracy values for a SNR of −5 dB, but in this case the396

atrial activity was completely masked by noise, such as Figure 1(d) shows. Nonetheless, an accuracy397

increase greater than 25% can be obtained when the median TQ interval strategy is extended up to398

L = 20 beats (instead of L = 1).399

Clearly, the method’s strengthening against noise, which involves the need of computing the me-400

dian TQ interval, makes it impossible to detect AF in a beat-to-beat fashion. Indeed, a transition401

delay in the identification of SR and AF of about one half of L was observed both for synthesized402

(Figure 4(b)) and real (Figure 5(b)) ECG recordings. For instance, an average delay of about 7 beats403

was observed for L = 15 beats from the two analyzed scenarios. Remark that this value is compara-404

ble to the one reported by the two most recent works dealing with automatic AF detection [26, 27].405

Moreover, most of other previous works have also provided greater delays of 12 [19], 18 [17], 70 [20]406

or even more beats [18]. The relevance of this aspect mainly lies in the inability of a method to detect407

AF episodes shorter than its own delay, thus missing potentially relevant information about very short408

PAF recurrences.409

Another interesting finding of the present study is that the synthesized ECG recordings provided410

similar results to the ones reached by the real recordings from the MIT-BIH AF database. Apart411

from the indication that the synthesized database responds properly to real life situations, remark that412

the RWE4 discriminant ability also increased notably as a function of L for real recordings. In fact,413

whereas for a beat-to-beat computation the obtained accuracy was about 67%, it was significantly414

improved up to more than 93% for L = 15 beats. This last result was almost exactly the same as the415

one provided by the most recent study dealing with the P-wave to identify AF [27]. However, whereas416

the present methodology provided higher specificity (94.53%) than sensitivity (91.21%), Ladavich &417

Ghoraani’s algorithm [27] showed the opposite behavior (sensitivity of 98.09% and specificity of418

91.66%). Anyhow, a major advantage of the RWE-based strategy is that no training is required. In419

contrast, a long-term training of at least 35 minutes is required in [27] for every single patient.420

Regarding other previous works which also analyzed the MIT-BIH AF database for AF detection,421

the RWE-based method provided comparable results of sensitivity, specificity and accuracy, such as422

can be observed from Table 1. Furthermore, the proposed methodology consists of a single metric423
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computed from the last 15 beats, thus turning its clinical interpretation and real-time implementation424

easier than other previous algorithms that use to require the computation of several indices combined425

under complex classifiers. For instance, Asgari et al [40], who also applied the SWT decomposing426

the ECG into several wavelet scales, used a support vector machine (SVM) to identify AF from 24427

different features. However, that work used the SWT in a very different way. Indeed, they analyzed428

10 second-length ECG intervals without discerning between atrial and ventricular activity [40]. Con-429

trarily, the proposed methodology applies the SWT only to the atrial activity carried by the median430

TQ interval beat-by-beat. In addition, Asgari et al’s algorithm presented a transition delay of 9.8 sec-431

onds [40]. As a function of the heart rate, this delay could range from about 10 to 30 beats, which432

could potentially skip the detection of numerous brief PAF episodes, as aforementioned.433

It is also interesting to remark that most of previous works are based on quantifying RR series434

irregularity and, therefore, they are unable to work properly when AF does not present an irregular435

ventricular response, such as it has been shown for CV and COSen from synthesized signals. On the436

contrary, the RWE methodology provided an unaltered behavior in the presence of regular or irregular437

ventricular dynamics (see Figure 3(d)). Thus, this metric may be used in a wider variety of clinical438

scenarios, such as the analysis of AF patients with a pacemaker, taking rate-control medications or439

patients suffering from multi-focal atrial tachycardia or sinus arrhythmia [24, 27].440

Interestingly, when arrhythmias different from AF were also considered by analyzing some record-441

ings from the MIT-BIH Arrhythmia database, RWE4, CV and COSen provided lower accuracies than442

the ones obtained from the synthetic and MIT-BIH AF datasets. This outcome is line with the work443

of Huang et al. [20], who validated their AF detector by dividing a dataset of 433 and 24 hour-444

length recordings into 4 groups: paroxysmal AF, persistent AF, normal SR and abnormal SR. This445

last group consisted of those recordings containing no AF but, at least, another type of arrhythmia.446

Thus, whereas 99.4% of all normal SR beats were correctly identified, only 88.6% of abnormal SR447

beats were properly detected. Anyway, it is worth noting that RWE4 experienced a lower discrimi-448

nant ability reduction than CV and COSEn, thus increasing the gap in accuracy with respect to the449

RR-based methods. Moreover, although other works reported higher accuracies than RWE4 [47,48],450

they normally suffer from the need of combining a considerable amount of parameters under ad-451
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vanced and complex classifiers. In contrast, the present work introduces an easily computable and452

interpretable metric which is sufficiently generalized to detect AF with a reasonably high accuracy in453

a wide variety of scenarios, including the presence of other arrhythmias.454

Finally, this work has only applied the RWE-based analysis over one ECG lead, thus rejecting455

the possible information contained in other leads, where available. However, it is important to note456

that the metric could work successfully under multi-lead scenarios, because the P-wave as well as the457

f -waves are present in all the ECG leads.458

6 Conclusions459

The present work has proven that beat-to-beat analysis of the RWE computed for every TQ interval is460

able to provide a robust automatic detection of AF under a wide range of heart rates as well as notably461

small P- and f -waves. In addition, as any other methodology addressing AF detection only from the462

atrial activity, the RWE-based metrics were sensitive to noise, thus requiring the median TQ interval463

strategy. This approach introduced a delay of a few beats within the detection process, but it proved464

to be shorter than most of previous works. Indeed, RWE4 was able to detect SR or AF in less than 7465

beats. Furthermore, this metric provided a discriminant ability similar to previous works, but with the466

major advantage of performing successfully regardless of the heart rate variability during AF. Hence,467

the RWE methodology could be used in a wider variety of clinical scenarios.468
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Figure 1: Synthesized ECG recordings evolving from SR to AF with different values of SNR from

20 dB down to −5 dB. The transition between both rhythms has been indicated because no irregular
RR series can be observed during AF.
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Figure 2: Block diagram of the proposed method to identify the patient’s rhythm as well as the typical
signals associated to each stage obtained for SR (left panels) and AF (right panels) beats.
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Figure 3: Results for automatic detection of AF and SR beats from the synthesized ECG recordings

provided by RWE4 (�), RWE3 (�), RWE2 (�) and RWE1 (•) varying (a) heart rate, (b) P-wave

amplitude, (c) f -wave amplitude, (d) heart rate variability and (e) SNR of the TQ interval. Note that
only average accuracy of the 10-fold cross-validation is presented to maintain information as clear
as possible. Standard deviation was always lower than 4.76% for every experiment.
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Figure 4: Results for automatic detection of AF and SR beats showing (a) accuracy and (b) transition

delay as a function of L obtained from RWE4 for synthesized recordings with SNR values of −5

(�), 0 (�), 10 (�) and 20 dB (•). Note that only average accuracy of the 10-fold cross-validation is
presented to maintain information as clear as possible. Standard deviation was always lower than
3.98% for every experiment.
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Figure 5: Results for automatic detection of real AF and SR beats of (a) accuracy and (b) transition

delay as a function of L obtained from RWE4 for the MIT-BIH AF database. Note that only the aver-
age value for the 10-fold cross-valiation is displayed as �, whereas standard deviation is represented
by whiskers.
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Figure 6: Real ECG signal where transitions from SR to AF and vice-versa were detected by RWE4

with a tiny delay of 6 beats. The median TQ interval was computed with L = 15 beats.
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Table 1: Performance comparison of AF detectors validated making use of the MIT-BIH AF Database.

HRI stands for heart rate independent, whereas HRD refers to heart rate dependent.

Algorithm Sensitivity Specificity Accuracy Delay Methodology
Slocum et al [29] 62.80% 77.46% – – HRI. Atrial activity analysis

Tateno & Glass [18] 94.40% 97.20% – – HRD. Ventricular activity analysis

Dash et al [17] 94.40% 95.10% – 18 beats HRD. Ventricular activity analysis

Hong-Wei et al [49] 97.80% 99.00% – – HRD. Ventricular activity analysis

Babaeizadeh et al [50] 92.00% 95.50% – – HRD. Combined ventricular and atrial

activity analysis

Huang et al [20] 96.10% 98.10% – 70 beats HRD. Ventricular activity analysis

Lake & Moorman [19] 91.00% 94.00% – 12 beats HRD. Ventricular activity analysis

Jiang et al [24] 98.20% 97.50% – – HRD. Combined ventricular and atrial

activity analysis

Lee et al [44] 98.20% 97.70% – 11 beats HRD. Ventricular activity analysis

Zhou et al [23] 96.89% 98.25% 97.67% – HRD. Ventricular activity analysis

Ladavich & Ghoraani [27] 98.09% 91.66% 93.22% 7 beats HRI. Atrial activity analysis

Asgari et al [40] 97.00% 97.10% 97.10% 9.8 seconds HRI. Combined ventricular and atrial

activity analysis

This work 91.21% 94.53% 93.32% 7 beats HRI. Atrial activity analysis
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