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Abstract. In this paper we investigate important details of the application of Multiresolution Wavelet 

Analysis (MWA) on heartbeat timeseries which improve the diagnostic capabilities of the computation 

of Heart Rate Variability (HRV) and can extract sensitive information from the examined signal. We 

present experimental results using different wavelet families showing that the Haar wavelet is the most 

appropriate wavelet to use for heartbeat timeseries. Next, we apply several metrics on the detail wavelet 

coefficients and show that the diagnostic capability of each one of those metrics may vary from scale to 

scale. The selection of a different metric for each scale of analysis leads to better categorization 

performance. 
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1. Introduction 

Spectral analysis is one of the most popular methods to estimate Heart Rate Variability (HRV) of a 

heartbeat timeseries. Using Fourier transform the heart rate signal is decomposed and expressed in the 

frequency domain as a sum of sinusoidal functions. However, Fourier transform gives only information 

on what frequencies are present and not when they are present. Analysis in the time domain is also very 

popular. It usually includes the standard deviation, the root mean square of successive differences, the 

probability a time interval being larger than a given value (usually 50ms), the mean of the standard 

deviations of 5 minutes time intervals and the standard deviation of the means of 5 minutes time 

intervals. All of them give useful information and are usually used in combination with spectral 

analysis. These methods, among other, are further discussed in [Task Force, 1996] where guidelines for 

HRV analysis and interpretation are given. 

An alternative approach combines analysis in time and frequency domains. Wavelets analyze the 

signal in what we call time-frequency domain and show not only which frequencies are present, but also 

when. Multiresolution Wavelet Analysis (MWA) has been used in [Teich, 1998; Thurner et al., 1998] 

discriminating normal subjects and subjects with heart failure, and is also presented in [Teich et al., 

2001]. After wavelets analysis, the standard deviation of the details coefficient in each scale is used as a 

prognostic index. We will show that standard deviation is not always the best metric to be used for this 

purpose and that other metrics outperforms standard deviation in certain scales of analysis. 

We also present experimental results showing that the Haar wavelet is the most appropriate 

wavelet for this purpose. Our results are in accordance with the suggestion of [Thurner et al., 1998].  

Our experiments involve a larger number of wavelet families, a larger dataset, and quantitative criteria. 

A similar problem was studied in [Chen et al., 2007], where only wavelets from the Daubechies' family 

were considered and wavelets were used as a smoothing component. In bibliography, wavelet analysis 

has been extensively used for the computation of heart rate variability.   
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2. Methods 

Multiresolution wavelet analysis is based on Discrete Wavelet Transform (DWT) which 

decomposes a signal into a series of scales of analysis. The input signal passes through a low pass and a 

high pass filter producing the approximation coefficients (or scaling coefficients) and the detail 

coefficients (or wavelet coefficients) respectively. The filters realize the selected wavelet family. Then 

we compute the standard deviation of the detail coefficients obtaining the index σwav for the first scale 

of analysis. The approximation coefficients produced are fed into a low and a high pass filter again for 

computing the approximation and wavelets coefficient, as well as σwav, for the next scale of analysis.  

The same procedure is followed until σwav have been computed for all desired scales. The index σwav is 

the output of the computation and considered as a prognostic index. The whole procedure is shown in 

Fig 1, in which the computation of standard deviation has been replaced with a more general reduction 

operation. Let us see why. 

 
Figure 1. The signal is decomposed using discrete wavelet transform. From the detail coefficients the index for 

each scale is produced. 

Wavelet decomposition analyzes the signal in time domain. The information given describes not 

only which frequencies are present, but also when. In an attempt to compress this information into a 

more comprehensive index, an operation which reduces a vector into a single value is required. 

Standard deviation has been proposed for this purpose [Thurner et al., 1998]. However, the 

decomposition of a signal into multiple scales of analysis gives us the opportunity to apply a different 

metric in each scale, depending on the nature of information hidden in each scale. 

Please consider the smaller scales of analysis. In the smaller scales neighboring wavelet coefficients 

correspond to neighboring heartbeats. This information is lost when standard deviation is used in these 

scales. In larger scales the use of standard deviation is more meaningful since these scales describe 

correlations of longer term.  

In a previous work [Alexandridi et al., 2002] of one of the authors, the mean length of the detailed 

coefficients was considered as an alternative for the standard deviation, but limited experimental 

evaluation of the idea was done and the target of this work was the simplicity of the metric and its 

implementation in hardware. In this paper several statistical metrics used for HRV analysis are 

examined as alternatives for the standard deviation. Lets us consider rmssd (root mean square of 

successive differences) as an example. In the computation of rmssd, neighboring wavelet coefficients 

are computed from neighboring samples. Standard deviation does not exploit the order of the wavelet 

coefficients, as opposed to rmssd, which does. Fig. 2 shows why this is important. The two signals 

shown in Fig. 2 are made up from the same values, only their order is different (dashed line is 

composed from the samples of the solid line after sorting them in ascending order).  Standard deviation 

is the same for both signals and, therefore, does not lead to a normal/abnormal distinction. Rmssd 

however is different for each timeseries. This simple illustration is obviously too far-fetched for real 

data; however it underlines the importance of considering the sample order in some scales of analysis, 

as done by the proposed method.  

In the following section we present experimental results from several metrics attempting to find 

which one and in which scale could replace standard deviation in the reduction operation applied on the 

detail coefficients. But before that we will show that the Haar wavelet is the most appropriate wavelet 

for analyzing heartbeat timeseries. 
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Figure 2. The two signals are made up from the same values and present the same standard deviation. However 

they carry different diagnostic information. The solid line is part of a recording from a healthy subject 

while the dashed line consists of the same values after sorting them. 

3. Results 

We used two different datasets for our experiments. The first one, the Arrhythmia Research dataset 

[Arsenos et al., 2012] consists of 227 Holter recordings (approximately 24 hours each) from heart 

failure patients, 43 of which are characterized as high risk for sudden cardiac death.  Recordings were 

acquired in the first Department of Cardiology in Hippokrateion Hospital of Athens. The second 

dataset, Fantasia [Iyengar et al., 1996], consists of 20 young and 20 elderly subjects, all healthy, in 

sinus rhythm during a resting state (approximately 2 hours each). 

 

 
Figure 3. P-values for different wavelets. The solid line is for the Haar wavelet. 

In our first experiment our purpose was to select experimentally the wavelet that gives the clearest 

classification. Since heart rate signals consists rapid variations, the Haar wavelet seems to be the most 

appropriate wavelet for these signals. Our experiments verified this assumption, something that is in 

accordance with [Thurner et al., 1998]. Our experiments involved a larger number of wavelet families, 

approximately ten times more recordings and were based on quantitative criteria. We considered the 

most popular wavelets: Haar, db2, db3, db4, db10, db20, coif1, coif2, coif3, coif4, coif5, sym2, sym4, 

sym6, sym8, sym10. The Haar wavelet presented better categorization performance than the rest as 

shown in Fig. 3. In this figure results from the Arrhythmia Research dataset are depicted and the 

classification capability is expressed in p-values. Not all wavelet families, but only those presented 

relatively good classification performance have been included in the graph. The thick solid line is for 

the Haar wavelet. The Haar wavelet seems to present lower p-values, a more stable behavior, 

remaining significant at all scales. 
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Figure 4. Classification resultsexpressed in p-values for the Arrhythmia Research  dataset. Solid line is for 

rmssd, dashed line for stardard deviation and dash-dotted line for meanstd 

 

 
Figure 5. Classification resultsexpressed in p-values for the Fantasia database. Solid line is for rmssd, dashed 

line for stardard deviation and dash-dotted line for meanstd 

In figures Fig. 4 and Fig. 5 we compare the classification capabilities of DWT when three different 

measures are used as reduction operation: (i) standard deviation (std), (ii) root mean square of 

successive differences (rmssd) and (iii) mean of standard deviations computed in 128 non-overlapping 

successive intervals (meanstd). Rmssd detects relations between successive intervals, std searches for 

longer term correlations and the meanstd searches for correlations somewhere between the other two. 

Stdmean resembles to the sdann metric used for HRV analysis, but the five minutes intervals used by 

sdann has been replaced with a certain number of intervals. 

Having a closer look at these figures, one can notice that in small scales of analysis rmssd seems to 

achieve lower p-values. This is not a surprise since rmssd takes into consideration the relation between 

successive intervals, and the relation between neighboring intervals is described in the lower scales. The 

classification capability of standard deviation seems, from the experimental results, to be independent 

from the scale of analysis compared to the other two metrics. The third metric, stdmean seems to 

perform slightly better than std in the medium scales of analysis. There is a contradiction in these two 

figures for the classification capabilities of meanstd and std in the lower scales of analysis. Since the 

Arrhythmia Research dataset consists of a much larger number of recordings, we can consider the result 

in Fig. 4 more reliable. 

4. Conclusions 

In this paper we showed that with the Haar wavelet we can achieve better classification 

performance compared to that achieved using other wavelets. We also showed that the detail 

coefficients of Discrete Wavelet Transform can give different prognostic information when processed 

with different measures in different scales of analysis. Smaller scales which correspond to the rapid 

effect of the vagus nerve on the sinus node are adequately estimated with rmssd index applied to 
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detailed coefficients. This index reflects successfully the parasympathetic influences of the signal. For 

larger scales, i.e. longer periodicity changes in RR intervals timeseries duration, meanstd and std 

indexes quantified them better and presented better classification performance than rmssd. 
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