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ABSTRACT:- An algorithm for automatic detection of Atrial Fibrillation (AF) using R peak to R peak (RR) 

interval from electrocardiograph (ECG) signals has been developed and evaluated. The algorithm consists of a 

preprocessing which is based on Pan-Tompkins method to extract reliable QRS complex thus RR interval, 

followed by a 3 steps approach to detect AF using RR interval in ECG. The first step computes the Root Mean 

Square of the Successive Differences of the RR intervals extracted from a 48 hours ECG recording to identify 

the presence of arrhythmia. The second step defines the precise starting and stopping time of an arrhythmia 

episode through applying autocorrelation on the squared ECG signal within an arrhythmia window detected by 

the first step. The last step discerns AF from other type of arrhythmias through computing the Shannon Entropy 

(ShE) for the entire range of arrhythmia episode defined in step 2. The evaluation of the proposed algorithm 

was carried out utilizing normal sinus rhythm, AF and the arrhythmia ECGs provided in MIT-BIH database. 

The result demonstrates a 100% reliability in the detection of AF with accuracy of 99.5% in the identification of 

the start and stop time of an AF episode. In addition, the relationship between ShE threshold value of AF and 

duration of AF episode is studied with a formula proposed based on the results. The total processing time for 

the 48 hours ECG data is approximately 8 minutes, demonstrating the high efficiency of this algorithm. 
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I. INTRODUCTION 

Atrial Fibrillation (AF) is the most common arrhythmia, particularly in the elderly and those with heart 

disease.[1,2] It significantly increases the risk of cognitive dysfunction, thrombo-embolism and heart failure 

leading to mortality and morbidity [3-8]. Approximately 6 million Europeans and approximately 3 million 

Americans are affected by AF [1, 9]. The risk of developing AF increases with age, at age of 55 the risk is 

approximately 23% [1]. As the populations aging, it is highly possible that AF will become a public health 

burden [10]. Therefore, timely and accurate diagnosis of AF is crucial. 

In an AF episode, an uncoordinated electrical and physical activity in the atria of the heart occurs. This 

will lead to disrupted electrical pathways thus quivery of the atria and irregular heart-beats with significant beat-

to-beat variability and complexity. Such abnormally in heart activities can be detected through analysis of 

electrocardiogram (ECG). The ECG of AF episodes have irregular heart beat interval (RR) and/or low P-wave 

amplitude in the QRS complex. Different algorithms had been explored to distinguish AF from other kind of 

arrhythmias using RR. Examples of such algorithms are the Root Mean Square Successive Differences 

(RMSSD), Sample Entropy and Fast Fourier transform [11, 12]. However, the patients may not be aware of the 

occurrence of AF as its occurrence is usually unpredictable [13,14]. The prevalence of asymptomatic AF 

diagnosed parenthetically during clinical visit is approximately 20% [15,16]. Hence, Holter-monitoring is 

commonly utilized to trace the ECG signal of a patient for 24 to 48 hours [17]. It is time consuming and 

inefficient for a trained specialist to examine through such huge amount of data to search for abnormal episode 

which might be only less than one minute in length. This makes the automatic detection of AF episodes with 

various duration and random location from the recorded ECG data essential.   

In this paper, a computationally efficient algorithm that is able to accurately recognize AF episode 

from ECG data recorded for up to 48 hours is proposed. The algorithm analyzes the dynamics of RR interval 

obtained from an ECG signal. The diagnosis is made by examining the variability and randomness of the RR 

interval.  
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The algorithm consists of three major analyzing stages. The first stage is to identify QRS complexes 

and RR intervals based on Pan-Tompkins method. The second stage is to detect the presents of arrhythmia in the 

ECG signal and identify the exact start and stop time of the episode. The last stage is the essential part of the 

process which is to single out AF from other arrhythmia episode. Shannon entropy (ShE) is typically computed 

for this purpose. For arrhythmia episode with ShE higher than the threshold value it will be recognized as an AF 

episode. But the threshold value varies with time duration of the AF episode. To ensure a reliable diagnosis of 

AF episode with different time durations, the relationship between ShE threshold value and duration of AF 

episode is studied. The results show a linear relationship. A formula for computing the ShE threshold of AF 

episode with various durations is proposed.  

This finding of a linear relationship between ShE threshold and time duration of an AF episode is 

essential as the duration of an AF episode varies. For patients diagnosed with an early stage of AF, the duration 

of an AF episode is usually short and recognition is crucial. The algorithm is validated using ECG data provided 

by the MIT-BIH database with different recording, period up to 48 hours. Both ECG signals with various types 

of arrhythmia and normal ECG signals are concatenated for evaluation. The algorithm demonstrates 100% 

reliability in detecting AF episodes with accuracy of 99.5% in determining the start and stop time of each AF 

episode. 

 

II. METHOD 
The ECG data utilized to optimize and evaluate the algorithm is obtained from several MIT-BIH 

databases which include Normal Sinus Rhythm (NSR), Arrhythmia and AF databases. The 48 hour ECG signal 

is constructed primarily from NSR ECG with randomly embedded Arrhythmias and AF episodes of different 

durations.  

 

2.1 Pan-Tompkins method 

Pan-Tompkins method is chosen for its simplicity and accuracy to identify the QRS complex from the 

48 hour ECG signal and thereafter, extract the RR intervals. Pan-Tompkins method is reported to have up to 

99.3% accuracy in identifying QRS complex in ECG signal and can be utilized to avoid false detection and 

reduces interference that is present in ECG signals [18]. In particular, this method is known to be capable of 

attenuating baseline drift, power line interference, electromyographic noise and T wave interference [18].  

The ECG signal is first normalized and cleaned from the DC components, followed by passing through band-

pass filter to remove unwanted noises. The QRS complexes in ECG are recognized through differentiation, 

squaring and integration analysis of the amplitude, slope and width of the ECG signal. The last step is to 

determine R peak by the decision rule algorithm in which a threshold value is typically employed [18].  

 

2.2 RMSSD computation 

To identify AF episodes from 48 hours of recorded signal requires significant amount of computational 

time. Thus, Root Mean Square of the Successive Differences (RMSSD) is used to isolate ECG segments with 

abnormal RR interval, which can be a result of either AF or other arrhythmias. As an efficient time-domain 

method, computation of RMSSD greatly reduces the total computational time. RMSSD is a common method to 

estimate beat-to-beat variability [19]. For an normal episode, the beat-to-beat variation of ECG signal is lesser 

than abnormal episodes so RMSSD will be smaller. RMSSD is calculated based on equation 1[19]: 

      (1) 

In the formula, n is the number of RR intervals; xi represents the ith RR interval. The threshold value to 

distinguish arrhythmia episode from NSR episode is calculated and used to identify abnormal segments. The 

RMSSD value of the 48 hours long ECG single is computed using a sliding window method. The length of the 

sliding window is 5 minutes. The RMSSD value of the data fall into the first sliding window which starts from 

time 0 to 5 minutes is computed first. After that the RMSSD of signal falls within the second sliding window 

will be calculated. The second sliding window include the next 5 minutes data by increasing the starting time of 

the window from time 0 to 40 seconds, thus RMSSD of signal from time 40 seconds to 5 minute 40 seconds will 

be computed. The 40 seconds spacing between each window is optimised based on the study of percentage of 

relative errors and computational time cost. After computing of RMSSD the abnormal ECG segment is 

identified. 

 

2.3 The Autocorrelation of the squared signal 

Autocorrelation analyzes the cross-correlation of a random process between a given time series and a 

lagged version of itself. Thus, the degree of similarity between the two parties can be determined. Every 

abnormal segments identified from the previous step is divided into 5 sections each with a length of 1 minute 
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and the autocorrelation of them is computed. For an arrhythmic episode the energy of the signal will be higher 

compare with the NSR episode. Thus, auto-correlating the squared signal allows highlighting the region of the 

signal presenting a high rate of energy and permits determination of the start time and stop time of the 

arrhythmic episode. The equation used for autocorrelation is shown in equation 2:   

                        (2) 

where E[.] = , is ECG signal of length n, is probability of occurrence of and m is the lagging 

interval. To determine the exact starting and stopping time of the arrhythmic episode, a 10th degree polynomial 

is computed using equation below, after that the slope is computed as shown in equation 3: 

                                      (3) 

2.4 The Shannon Entropy 

She was first proposed in the 1940s and has been commonly utilized in the information science field 

[20]. It quantitatively measures the uncertainty of a random variable. The equation utilized in the process is 

shown in equation 4: 

                                      (4) 

where, si is the coefficient extracted from the signal, in an orthonormal basis. For episodes with high uncertainty 

the results of ShE will be high. And the AF episode can be singled out due to the higher uncertainty of AF 

episode compare with other arrhythmic episodes. Thus, an accurate threshold ShE value is required for the 

process. But the threshold values vary with the length of ECG episodes. And the length of AF episode is 

random. To ensure that the result is precise the relationship between the length of AF episode and the threshold 

value is calculated and a liner relationship is realized.  

 

III. RESULTS 
3.1 Pan-Tompkins method 

The Pan-Tompkins method determines the R peaks with an accuracy of up to 99.3%. After applying it 

to the ECG signals, the QRS complex is extracted and remapped to the original ECG data. The resultant 

waveform with denoted QRS complex is shown in figure below.  
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Figure 1. Detection of QRS complex using Pan-Tompkins method 

 

3.2 RMSSD 

To be able to evaluate the presence of an anomaly in the ECG signal, the threshold for RMSSD mean 

value needs to be determined. In order to determine this threshold, the RMSSD mean value of NSR, AF and 

other arrhythmia are computed as shown in Table 1. It is found that the RMSSD mean value of some arrhythmia 

episodes are very close to AF episode. This is reasonable since it has been reported that the range of RMSSD 

value for some other arrhythmia overlaps with AF.[19] Thus, subsequent process is necessary to distinguish AF 

from other arrhythmia episode. The RMSSD is only capable of isolating abnormal episode from NSR. The 

RMSSD mean value of NSR, arrhythmia and AF are normalized with the maximum value and the result is 

shown in Table 1. The threshold value is calculated by taking the average of the RMSSD mean value for an AF 

and NSR episode.  
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 NSR  AF  Arrhythmia 

RMSSD mean 0.209 0.379 0.347 

Threshold calculated 0.294 

Table 1. RMSSD mean and threshold 

 

Besides that the duration of spacing between sliding windows is also optimized based on the study of 

percentage of relative error and computational time. The percentage of relative error is computed based on 

equation 5: 

 

                                                     (5) 

where, xreal is the real starting time of the abnormal segment and xestimate is the estimated starting time. Table 2 

shows the relationship between the duration of spacing and percentage of relative error. Figure 2 illustrates the 

processing time needed for different spacing duration. For longer spacing duration the percentage of relative 

error is high, but the processing time is short. Based on the data obtained a spacing duration of 40 seconds is 

chosen which has comparatively low percentage of relative error (as shown in table 2) and short processing time 

(as shown in figure 2). After the RMSSD process, abnormal segments including AF and other arrhythmia 

sections are identified from the 48 hour signals from the MIT-BIH database.  

 

Sliding window (seconds)  Percentage of relative error (%)  

10 0.1076 

20 0.0646 

30 0.1792 

40 0.0190 

50 0.0873 

120 0.0227 

180 25.0868 

Table 2. Percentage of relative error function of sliding window 

 

 
Figure 2. Duration of sliding window versus processing time 

 
3.3 The autocorrelation of the squared signal 

The autocorrelation process is applied on the above identified abnormal segments to determine the 

exact starting and stopping time of arrhythmia episode. The percentage of relative error is also computed for 

arrhythmia episode with various duration and random location. It is found that an accuracy of 99.5% can be 

achieved on determination of the starting and stopping time. Figure 3 shows the ECG signal after the 

autocorrelation and 10th degree polynomial process. 
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Figure 3. ECG after autocorrelation and 10th degree polynomial function process 

 

3.4 The Shannon Entropy 

To evaluate the relationship between ShE and the length of the episode. The relationship between the 

two parties is plotted as shown in Figure 4. 

 
Figure 4. Evolution of the Shannon Entropy function based on signal length. 

 

It is found that ShE evolves linearly with the length of the signal. A formula is proposed as shown in 

equation (6) based on the data obtained which can be utilized to calculate the ShE for various duration of 

episode. Through testing with the signal from MIT-BIH database, this step can discern 100% of the AF episode 

from other arrhythmias episodes: 

ThShE = 500 ( Tstop-Tstart )                    (6) 

 

IV. CONCLUSION 
In this paper, we show that AF episode with various duration can be accurately detected and 

differentiate from other kind of arrhythmia. The computational time needed is short, where a 48 hours ECG 

requires approximately 8 minutes. The algorithm applies the Pan-Tompkins method for ECG RR interval 

extraction with the combination application of the RMSSD, Autocorrelation of the squared signal and Shannon 

Entropy methods. In addition, an optimized RMSSD sliding window is proposed together with a formula for 

calculating the AF threshold of the ShE value. The latter is based on the study of the relationship between 

threshold values of ShE obtained as a result of different durations of an AF episode. This algorithm is capable of 

automatic determination of AF episodes within an ECG signal with an accuracy of up to 99.5% in the 

determination of the start and stop time of each AF episode. 
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