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A two-step pre-processing tool
to remove Gaussian and ectopic
noise for heart rate variability
analysis
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Artifacts in the Electrocardiogram (ECG) degrade the quality of the recorded signal and are not
conducive to heart rate variability (HRV) analysis. The two types of noise most often found in ECG
recordings are technical and physiological artifacts. Current preprocessing methods primarily attend
to ectopic beats but do not consider technical issues that affect the ECG. A secondary aim of this
study was to investigate the effect of increasing increments of artifacts on 24 of the most used HRV
measures. A two-step preprocessing approach for denoising HRV is introduced which targets each
type of noise separately. First, the technical artifacts in the ECG are eliminated by applying complete
ensemble empirical mode decomposition with adaptive noise. The second step removes physiological
artifacts from the HRV signal using a combination filter of single dependent rank order mean and

an adaptive filtering algorithm. The performance of the two-step pre-processing tool showed a high
correlation coefficient of 0.846 and RMSE value of 7.69 x 10~ for 6% of added ectopic beats and 6 dB
Gaussian noise. All HRV measures studied except HF peak and LF peak are significantly affected by
both types of noise. Frequency measures of Total power, HF power, and LF power and fragmentation
measures; PAS, PIP, and PSS are the most sensitive to both types of noise.

Heart rate influenced by different physiological origins such as the circadian rhythm, Mayer waves, and respira-
tory activity is not a constant'?. This variability is described by heart rate variability (HRV), determined from
the variance in time intervals between two consecutive heartbeats. HRV is assumed to be the result of rhythmic
changes in the electrical activity of the heart. HRV has been shown to mirror the state of the autonomic nerv-
ous system (ANS), which regulates the cardiac activity and hence provides an insight into cardiac autonomic
function'*-. The ANS has two main divisions, the parasympathetic nervous system (PNS) and the sympathetic
nervous system (SNS). HRV, therefore, reflects a reciprocating sympathovagal balance between the PNS and
the SNS*°. An optimal HRV is a sign of a healthy heart with good modulation of the cardiac rhythm and force
of contraction. Hence, decreased or an excessively increased HRV is associated with disease and can be used to
assess cardiac health®. Over the past few decades, extensive research has shown a significant connection between
ANS and cardiovascular events and supports the analysis of HRV to assess cardiovascular health®>7-14,

HRV measures are derived by applying linear and non-linear mathematical techniques to assess the changes in
the time interval between R peaks (RR interval) from the Electrocardiogram (ECG) recordings. These measures
can quantitatively assess HRV, but the analysis can be influenced due to the presence of artifacts. Although vari-
ous measures are taken to minimize the artifacts in the recordings, signal degradation due to artifacts remains
a major concern®. The two types of artifacts are noise in the ECG signal and physiological artifacts, ectopic
beats, that lead to abnormal RR intervals (RRI) and influence HRV analysis results '6. ECG signals can be cor-
rupted by noise from different sources including power line interference, baseline wander, muscle artifact, and
instrumentation noise, among others. Apart from power line interference and baseline wander noise, all other
sources of noise can be assumed to be of Gaussian nature'’. Physiological artifacts include premature atrial and
ventricular contractions that are a consequence of abnormal cardiac electrical conduction present as abnormal
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and irregular ECG rhythms'®. Ventricular ectopic beats are observed in 40-75% of Holter recordings in normal
recordings and increase in cardiac pathology and hence play an important role in HRV accuracy®.

There are many filtering techniques applied to denoise the ECG signal. Finite impulse response (FIR) smooth-
ing filter, notch filter, low-pass filter, and high-pass filter are the more common ones in use. Also, Hamilton
and Tompkins, or wavelet transform models are used for denoising ECGs?. Recent techniques widely used
also include empirical mode decomposition (EMD) models and deep-learning-based autoencoder models
(DAEs)?22, Ectopic beats can be detected and denoised directly from the HRV signal. However, there is no
standard approach for denoising HRV data, and current techniques are based on manually reviewing complete
files, deleting abnormal beats, interpolating normal beats, and filtering the ECG*. Manual methods of noise
removal can be very time-consuming with a high chance of human error. Deleting ectopic beats can lead to a
systematic loss of information that can falsify the HRV analysis which is not ideal for clinical and epidemiological
studies** -, Presently, several approaches and algorithms are used including threshold filtering, wavelet transform
methods, impulse rejection filter, three-dimensional spatial distribution mapping, automatic recursive filtering,
interpolation methods, and predictive autocorrelation methods, among others for automated preprocessing with
varied results'®?. Automated pre-processing has been included with several HRV analysis software packages
including Kubios?”, ARTiifact?s, STREME?, and several open-source software written in MATLAB-32,

The lack of a standard approach for the preprocessing of ECG signals before extracting the HRV indices,
therefore, remains a major problem in HRV analysis. Traditionally, the preprocessing of ECG and HRV signals
is considered separate steps. However, the existing denoising methods are only adaptable to one type of noise.
In addition, most of these methods significantly distort the original signal removing useful information owing
to a predetermined set of mathematical functions and projections. Some work on the effects of ectopic beats on
HRV measures has been published previously'®***3-*>. While it is known that the majority of HRV measures are
affected by ectopic beats there is a lack of quantitative analysis and in-depth studies. There have been no quanti-
tative studies performed that compared the effects of both Gaussian noise and ectopic noise on HRV measures.

Methods

Data set. Forty, 75-min long artificial ECG files (ECG,,,) with a sampling frequency of 300 Hz were gener-
ated using the ECGSYN, a realistic ECG waveform generator in MATLAB?**¥. These files are free of all noise
and artifacts. QRS detector based on Pan Tompkins algorithm was used to obtain noise-free R-R intervals
(RRI,)***. MATLAB was used for all the programming and statistical analysis in this study.

In addition, human ECG recordings from the following three Physionet® databases were used: MIT-BIH
Arrhythmia database*’, MIT-BIH normal sinus rhythm database*!, and the sudden cardiac death database*.
The MIT BIH database recorded in the Arrhythmia Laboratory at Boston’s Beth Israel Hospital (now the Beth
Israel Deaconess Medical Centre) is the standard ECG database for analysis purposes. It includes the MIT BIH
Arrhythmia database, which consists of 48 half-hour two-channel ECG records digitized at 360 Hz and 18
long-term ECG recordings at 128 Hz in the MIT BIH normal sinus rhythm database. The sudden cardiac death
database consists of complete Holter recordings of 23 subjects with sudden cardiac death caused by ventricular
fibrillation obtained from the Boston area hospitals. The open-source database is available at https://physionet.
org/about/database/.

All 48 recordings of the MIT BIH Arrhythmia database were used in this study. The first 70 min of all the
ECG recordings from the MIT BIH normal sinus rhythm and sudden cardiac death database were extracted for
analysis. The RRIs were derived by applying the QRS detector based on Pan Tompkins algorithm in MATLAB.

Addition of Gaussian noise and ectopic beats. Programs written in MATLAB were used to add
Gaussian and ectopic noise in the ECG,, files. White Gaussian noise was added to each of the 40 ECG,,, files at
intervals of 2 dB, 4 dB, 6 dB, 8 dB, and 10 dB of noise. The Gaussian noise was generated by the MATLAB code
awgn.m. These ECG,,, with embedded Gaussian noise (ECGy,,, were free from all other artifacts. RR intervals
with Gaussian noise (RRI,,,) were then derived by the Pan Tompkins algorithm.

A single QRS complex was extracted from the ECG,,, signal to model the ectopic beats as an additional heart-
beat in the ECG signal. A specified percentage of ectopic beats at 2%, 4%, 6%,8%, and 10% was added to each of
the ECG,,, files to generate ECG with ectopic noise (ECG,,,). The location of the artifacts in the time series was
chosen randomly based on the position of the R peaks in the ECG,,, signal so that the added beat does not overlap
with an existing beat. The amplitude of the R peak of QRS complex for each ECG,,, file was adjusted by a factor
of the mean value of the amplitude of the R peaks of ECG,,, over the amplitude of the R peak of QRS complex.

The Pan Tompkins was modified to identify the additional ectopic beats which would not be detected other-
wise, by lowering the fiducial threshold. RR intervals with ectopic noise (RRL,,) were then calculated. The length
of the signal was preserved by removing the RR intervals adjacent to the added artifact in the RRI,.

Pre-processing tool for Gaussian noise and ectopic beats. Complete ensemble empirical mode de-
composition with adaptive noise (CEEEMDAN). Empirical mode decomposition (EMD) is a local adaptive
algorithm that decomposes non-stationary multi-component signals to amplitude and frequency modulated
(AM-FM) intrinsic mode functions (IMF). The overall result is a separation of the signal into ordered modes
ranging from high frequency to low frequency in the time domain following the process below**:

1. Identify all local extrema in the signal, x(f).
2. Create the upper and the lower envelop by connecting all the maxima and minima through cubic spline.
3. Compute the mean function, local mean, of upper and lower envelop, m(t)
4. Calculate the difference, d(t) = x(t) — m(t).
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5. For d(t), to be the first IMF, ¢,(¢), it must satisfy two conditions:

a. The number of extrema and zero-crossing must not differ by more than one.
b. The local mean m(t) must be close to zero at any given point.

6. The residual signal is calculated as r(¢) =d(t) — ¢,(f).
7. Repeat steps (1) to (6) to obtain more IMFs until predefined stopping criteria are met or when the final
residual signal is obtained as a monotonic signal.

However, the EMD algorithm presents a major problem of mode mixing as each mode is preferred to have
similar scales of frequency. This phenomenon presents as variable scales of oscillations in one mode or similar
oscillations in different modes. Several new methods and improvements have been proposed to address the
mode mixing issue of EMD algorithm. One of these approaches is the ensemble empirical mode decomposition
(EEMD). EEMD adds white Gaussian noise to the signal and performs decomposition of the original signal
over an ensemble of added noise*!. The EEMD follows the same algorithm as the EMD, and the final modes are
calculated by averaging the corresponding IMFs in each iteration. Even though EEMD reduces mode mixing
seen in EMD, several modes from different realizations of the signal and noise are still produced. In addition,
residual noise can be found in the reconstructed signal. Complete ensemble empirical mode decomposition with
adaptive noise (CEEMDAN) is then a further improvement on EEMD which resolves these issues*.

Single dependent rank order mean (SDROM). A single dependent rank order mean (SDROM) algorithm was
used to filter impulse noise from image*® and sound*’. The algorithm identifies the corrupted values by compar-
ing them with neighboring samples and works by using a 1D odd sliding window of size n to look at a sample
segment X centered at X(n). Z(n) is the vector of size n — 1 that excludes the sample of inspection, X(n). Z(n)
Rp—1 (M+Rp—1 (1)

27 T hased

is then sorted in an ascending order, R(n) and the rank ordered mean (ROM), u u = 5

on the window size. The impulse noise threshold T; is chosen such thati = ”%1 . The rank-ordered differences
D;(n) are then calculated as
Ri(n) — x(n), x(n) <
D;(n) =
i) { X (1) = Ripe1— (), 2(m) > p1 W

where X(n) is noise if D;(n) > T; conditions are met?’.

Adaptive filtering algorithm (ADF).  The adaptive filtering algorithm (ADF) is based on the adaptive mean value
and standard deviation values which change and adjust in accordance with the variability of the time series. A
binominal filtered series, T(n) estimating the heart rate variability is calculated using the tachogram or RRI.
This filtered series mimics the HRV without any artifacts. The adaptive mean and the adaptive standard devia-
tion of this series are calculated, and a controlling coefficient regulates the adaptive mean. An individual RRI is
classified as abnormal if it fails to meet the thresholds defined by the proportional limit and adaptive standard
deviation. An abnormal RRI is replaced by values calculated from the adaptive mean and standard deviation.
The next step is the final adaptive controlling procedure where the filtered series is rechecked based on a filter
coefficient and a basic variability parameter which reduces filtering errors by maintaining the variability of the
RR intervals*®. ADF is a dynamic and self-correcting filter that spontaneously adapts the filter coefficients to the
time series to preserve the variability and characteristics of the data.

Proposed approach. The CEEMDAN code written in MATLAB by Colominas and collaborators was used
to remove the Gaussian noise from the ECG,,, files after dividing the signal into multiple segments of shorter
length to decrease computational cost***>. The code outputs the different modes ordered by frequency of the
ECGy,, signal separating the Gaussian noise and the ECG signal.

CEEMDAN was then applied to each segment separately with noise standard deviation (Nstd) of 0.2, 500
realizations (NR), and maximum iterations of 5000 (MaxIter)*. The next step was to apply the fast Fourier trans-
form to each mode to define its frequency domain. Then the mean frequency (f,,) of each mode was calculated by
averaging the frequency values for which the amplitude was greater than one-fourth of the maximum amplitude
for that mode respectively. If f, was greater than the noise threshold frequency of 35 Hz the mode was classi-
fied as noise and removed. The ECG segment was then reconstructed using the remaining modes. It has been
reported that for clean and noisy ECG signals the first three modes contain the noise and the QRS complex™. The
noise threshold set based on the power spectrum of each mode was not very high and to remove the remaining
noise in the reconstructed ECG segment a hybrid approach was used. A level one wavelet decomposition with
soft thresholding was applied to the reconstructed segment of the denoised ECG to remove the noise in the
remaining IMFs. After each segment was processed through the filter, the segments were concatenated to form
the reconstructed denoised ECG signal.

A comparison study for removing an increasing percentage of ectopic noise from RRI, by the SDROM,
ADE, and the two combinations of these filters: SDROM-ADF and ADF-SDROM was then conducted. Forty
RRI files corrupted with an increasing percentage of ectopic beats were filtered using these four methods. The
Pearson correlation coefficient, p, and root mean square error (RMSE) were used as performance metrics for all
the filters used. p is described as:
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where xi is the original noise-free signal and yi is the denoised signal.

Statistical analysis. Twenty-four of the most common HRV features from the time domain, frequency
domain, non-linear measures, and fragmentation measures were calculated for the artificial and real signals *'.
A paired t-test was used to calculate the statistical difference between HRV measures with and without noise
for artificial RRI. Another paired t-test was conducted between the noisy and the denoised HRV measures for
real signals. In addition, for the artificial signals, the relative percentage change in HRV features (RHRV) was
calculated as a measure of change relative to the percentage of added ectopic beats. RHRV was calculated as:

HRV et — HRV yf
HRYV

RHRV = x 100 (4)

where HRV ; is the HRV result with a certain percentage of added ectopic beats and HRV s is the original
noise-free HRV result. A linear regression analysis was performed, and the results were ranked by the absolute
value of the slope of the regression line (B value) for each group (time domain, frequency domain, nonlinear
measures, and fragmentation measures).

Results

In this section, the results obtained from the denoising of artificial and real noisy ECG signals using the pro-
posed approach will be discussed. In addition, the effects of different levels of Gaussian and ectopic noise on
HRYV features will be analyzed.

Validation of the pre-processing tool. Figure 1 shows the performance of the proposed approach used
to denoise ECGy,, with 2 dB of added Gaussian noise. The denoising result in the time—frequency domain shows
high visual quality and accuracy of the partially reconstructed denoised ECG (ECGy,,) with a significant noise
reduction. The spectrograms in Fig. 1 demonstrate that the energy profile of the reconstructed ECG signal, spe-
cifically of the QRS complex is preserved after denoising with the CEEMDAN-WD method.

The performance indicators for denoising the ECGy,, with the proposed method are presented in Fig. 2. High
mean correlation coefficient values indicate good reconstruction of the ECGy,, in comparison to the original
ECG. The correlation coefficient value increase with an increase in the SNR level of Gaussian noise (decreased
noise). The accuracy of the designed filter is further reaffirmed by the small RMSE values seen in Fig. 2b. The
trendline shows a decrease in the RMSE values with a decrease in the level of Gaussian noise (high SNR level)
indicating overall good performance for the proposed approach.

A comparative analysis in terms of the RMSE of the CEEMDAN-WD filtering and some EMD domain denois-
ing techniques using real ECG signals was performed. Three ECG recordings from the MIT- BIH Arrhythmia
database, ‘1117116 and 205} were embedded with 10 dB Gaussian noise and filtered using the CEEMDAN-WD.
The RMSE values for the EMD and EEMD based direct subtraction (EMD-DS, EEMD-DS)>?, EMD with Kull-
back Leibler Divergence (EMD-KLD)*, and CEEMDAN with interval thresholding and higher order statistics
(CEEMDAN-HIT) for the same ECG recordings were taken from literature®. The performance for each method
is shown in Table 1. As seen from this table, lower RMSE values are given by the CEEMDAN-WD method.

The second type of noise, ectopic beats, are processed through two different filtering algorithms and their
combinations to evaluate the robustness and performance of each approach. Figure 3 illustrates the denoising
results of ECG,, with 2% of added ectopic noise for each approach. As seen clearly in the figure, the filter com-
binations, SDROM-ADF and ADF-SDROM, outperform the individual algorithms which fail to account for
all the ectopic beats in the signal. However, between the two filter combinations, SDROM-ADF shows a better
visual performance in removing the ectopic noise.

The performance of each approach is quantified by the mean correlation coefficient and RMSE values. Figure 4
shows the correlation coefficient and RMSE values for all four methods.

SDROM has the lowest correlation coefficients for all noise levels whereas the ADF filter and the combination
filter ADF-SDROM show similar results at low levels of ectopic noise. However, ADF- SDROM filter performs
better than the ADF filter at higher levels of noise as seen in Fig. 4a. SDROM-ADF method has the highest cor-
relation coefficient values for all levels of noise and shows the best performance.

Figure 4b illustrates the RMSE values for all four filters. SDROM- ADF filter has the lowest values for all levels
of noise and SDROM filter has the highest values of RMSE for all percentages of added ectopic beats. ADF and
ADF-SDROM filters have similar performance for lower levels of noise with ADF- SDROM performing better
at a higher percentage of added ectopic beats.

Therefore, a two-step denoising method was applied where the first step is to denoise the ECG signal using the
CEEMDAN-WD algorithm to remove Gaussian noise followed by the application of the SDROM- ADF filter to
remove ectopic noise. The complete denoising algorithm was applied to 40 artificial ECG signals with embedded
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Figure 1. Time-frequecy domain for CEEMDAN-WD denoising (a) Waveform of original artificial ECG
signal, (b) Spectrogram of original artificial ECG, (c) Waveform of artificial ECG signal with 2 dB of white
Gaussian noise, (d) Spectrogram of artificial ECG signal with 2 dB of white Gaussian noise, (e) Waveform of
partially reconstructed denoised ECG signal by CEEMDAN-WD proposed method, (f) Waveform of partially
reconstructed denoised ECG signal by CEEMDAN-WD proposed method.
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Figure 2. Performance indicators for CEEMDAN-WD (a), Mean correlation coefficient for CEEMDAN-WD

denoising algorithm at different levels of Gaussian noise, (b), Mean RMSE for CEEMDAN-WD denoising
algorithm at different levels of Gaussian noise.

ECGrecording | EMD-DS | EEMD-DS | EMD-KLD | CEEMDAN-HIT | CEEMDAN-WD
111 7.02 8.38 14.26 4.94 0.0439
116 11.86 10.91 11.86 8.55 0.1652
205 8.19 13.87 8.19 4.96 0.0732

Table 1. RMSE performance values for comparative analysis of the proposed CEEMDAN-WD method versus
some developed methods EMD-DS, EEMD-DS, EMD-KLD and CEEMDAN-HT.
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Figure 3. Comparison of different ectopic filters, (a) Artificial RR interval with 2% of ectopic beats, (b)
Denoised RR interval by SDROM, (c) Denoised RR interval by ADF, (d) Denoised RR interval by combination
filter SDROM-ADE, (e) Denoised RR interval by combination filter ADF-SDROM.

30

Gaussian noise of 6 dB and 6% of added ectopic beats. The proposed method showed good performance with a

mean correlation coefficient of 0.846+0.114 (mean + SD) and an RMSE value of 7.69 x 10 +4.86 x 10~

Figure 5 shows a visual illustration of the denoising approach applied to one ECG signal from each of the real
ECG signal databases selected above. Figure 5a-c show the denoising of the 16,539} ‘119 and 52’ ECG record-
ing from the MIT-BIH normal sinus rhythm, the MIT-BIH Arrhythmia, and the sudden cardiac death database
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Figure 5. Proposed method applied to real ECG signals, (a) Denoising of the ‘16,539’ ECG recording from
the MIT-BIH normal sinus rhythm database, CEEMDAN-WD filtering Gaussian noise (left), and SDROM-
ADF filtering ectopic beats (right), (b) Denoising of the ‘119’ ECG recording from the MIT-BIH Arrhythmia
database, CEEMDAN-WD filtering Gaussian noise (left) and SDROM-ADF filtering ectopic beats (right),
(c) Denoising of the ‘52’ ECG recording from the sudden cardiac death database, CEEMDAN-WD filtering
Gaussian noise (left) and SDROM-ADF filtering ectopic beats (right).
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respectively. It can be clearly seen from these figures that the denoising performance on the real ECG signals is
showing similar impressive results. The CEEMDAN-WD successfully removes the Gaussian noise without alter-
ing the original ECG signal and the SDROM-ADF approach removes most of the ectopic noise seen in the HRV.

Effects of noise type on HRV measures. Twenty-four HRV features were extracted from the RRI,,,
RRI,, and RRI files. Time-domain features which define the variability of beat to beat intervals include the
average N-to-N intervals (AVNN), the standard deviation of the N-to-N intervals (SDNN), the root mean
square of differences between successive N-to-N intervals, the percentage of N-to-N intervals greater than 50 ms
(pNN50) and standard error of the mean N-to-N interval (SEM). Frequency-domain features measure the dis-
tribution of power into the following discrete frequency bands: high-frequency band (HE, 0.15-0.4 Hz), low-
frequency (LE, 0.04-0.15 Hz), and very low-frequency (VLE, 0.0033- 0.04 Hz). The frequency-domain features
calculated were total power (combine power in all three bands), VLF power, LF power, HF power, normalized
VLF power (VLF Norm), normalized LF power (LF Norm), normalized HF power(HF Norm), the ratio between
LF and HF power (LF to HF), LF peak and HF peak*?. Nonlinear measures reflect the complexity and unpre-
dictability of the HRV signal. These measures included SD1 (standard deviation of N-to-N intervals along the
perpendicular to the line of identity), SD2 (standard deviation of N-to-N intervals along the line of identity),
alphal (low scale slope of detrended fluctuation analysis), alpha2 (high scale slope of detrended fluctuation
analysis) and sample entropy>>*®. Fragmentation features include PIP (percentage of inflection points in the
N-to-N interval), IALS ( Inverse average length of segments), PSS (percentage of short segments), PAS (percent-
age alternation segments)®’.

The results of the paired t-test are shown in Fig. 6. p values with large variability cannot provide support
as accurate and reliable measures of evidence against the null hypothesis®®. One way to resolve this issue is to
explicate the p-value expressed as p=cx 10 on a log scale as —log;,(p) = —log;o(c) + k where ¢ is a constant and
k an integer. This implies that the magnitude k is a continuous measure of the actual strength of evidence®*™.
Using the —log,,(p) value significant statistical differences between the HRV of clean and noisy signals for each
HRYV measure for different levels of noise were able to be ranked.

The comparison of original and noisy artificial HRV measures is shown in Fig. 6a. All the HRV measures
apart from HF peak and LF peak (-log(p) < 1.3) were statistically significant for ectopic noise. VLF norm
(except for 4% ectopic noise) and alpha2 resulted in the highest k value followed by AVNN, SDNN, RMSSD,
SD1, SD2, and sample entropy. Whereas LF to HE, alpha 1, and PAS for 2% of added ectopic beats resulted in
the least order of difference.

AVNN (except 2 dB of Gaussian noise), HF peak, LF peak, LF power, and alpha 2(except 2 dB of Gaussian
noise) were not significantly affected by the addition of Gaussian noise. The highest order of significant change
was observed for the fragmentation measures for higher levels of Gaussian noise. In addition, some HRV meas-
ures such as SDNN, RMSSD, SEM, and non-linear measures: SD1, and sample entropy showed the most signifi-
cant changes for lower levels of Gaussian noise.

The last grid in Fig. 6a shows the change for HRV measures with both Gaussian and ectopic noise as would
be the case with real signals, indicating a significant change in all the HRV measures except HF peak and LF
peak, which were not affected by either type of noise.

Figure 6b illustrates the findings for the paired t-test between the noisy and denoised real HRV measures.
The results reaffirm that most HRV measures are sensitive to noise and denoising the signal before performing
HRYV analysis will alter the outcome of the results. The HRV measures obtained from the MIT-BIH Arrhythmia
database showed no significant change for AVNN, HF peak, LF norm, and LF power between the noisy and
denoised signals. HF norm, VLF norm, alphal, and alpha 2 show the highest statistical significance. The MIT
BIH-normal sinus rhythm database showed no effect on the fragmentation measures, sample entropy, HF peak,
LF norm, LF peak, and pNN50. The biggest change for this database was in the nonlinear measure, alphal fol-
lowed by alpha2, VLF norm, and HF norm. The most significant difference for the sudden cardiac death database
was HF norm, VLF norm, and alphal whereas most of the time and frequency domain measures, as well as SD1
and SD2, did not result in any significant change.

Table 2 shows the results of the linear regression analysis ranked by the absolute value of the slope (B value).
The majority of the HRV features examined for added ectopic noise indicate a linear relationship between the
relative percentage change in HRV features (RHRV) and the percentage of added ectopic noise. Some HRV
measures such as HF norm, alphal, and sample entropy among others do not show a linear change with an
increasing percentage of artifacts. RHRV for these measures when plotted against the increasing percentage
of artifacts showed a distinct widening of the spread of data points with small slope values as shown in Fig. 7.
Subsequently, the p values for the regression model of these measures were not significant.

Time-domain and frequency-domain measures except for AVNN, LF peak, and HF norm showed increasing
variability with the increase in the percentage of added ectopic beats. Among the time domain measures, SDNN
and RMSSD were more sensitive to added artifacts than other measures. However, SEM was robust to ectopic
noise. No clear distinction between short-term and long-term time-domain metrics was observed. In addition,
absolute power measures from the frequency domain were more sensitive to added artifacts when compared to
normalized power metrics.

All non-linear and fragmentation measures except alphal increased in HRV with the increase in added arti-
facts. The non-linear measures SD2 and SD1 were the most sensitive to ectopic noise whereas all fragmentation
measures showed the greatest sensitivity to ectopic noise.

For the majority of HRV measures, the variability in RHRV with increasing SNR of Gaussian noise was
comparatively large. This results in an increased spread of data, especially for lower SNR values, like what was
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Figure 6. Heat maps for —log,, transformed p-values for twenty-four of the most common HRV measures for
real and artificial signals, (a) Heat map of —log,,(p-value) of original clean and noisy artificial HRV measures for
different levels of ectopic and Gaussian noise. The last column shows the artificial HRV measures for both types
of noise combined at 6 dB of Gaussian and 6% of ectopic noise, (b) Heat map of —log,,(p-value) of noisy and
denoised (by the proposed algorithm) real HRV measures obtained from three Physionet databases: MIT-BIH
Arrhythmia, MIT-BIH Normal Sinus Rhythm, and Sudden Cardiac Death database.

observed for some HRV measures for ectopic noise. These measures do not conform well to straight line fitting
despite having a highly significant p-value as displayed in Fig. 8.

Discussion

Holter recordings and the latest developments in computational tools have enabled HRV analysis to be used in
clinical settings. HRV analysis is proving to be crucial for risk stratification and prognosis of various cardiovascu-
lar conditions as well as chronic disease classification and progression. In addition, changes in HRV in unrelated
diseases such as stroke®, dementia®, mental illness®?, renal failure, diabetes, sleep apnea, stress, and pain among
others have been observed®®*%. Noise in the recording, being technical or ectopic beats influence any analysis of
the variance in the signal. It is thus imperative to remove all artifacts from the ECG signal and RRI and consider
the sensitivity of the HRV measures to Gaussian and ectopic noise before performing HRV analysis to avoid
any false conclusions. A robust automated pre-processing tool based on a two-step hybrid filtering approach for
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Ectopic noise Gaussian noise

HRV Measures | R? P B Abs(B) HRV measures | R? P B Abs(B)
SEM 0.889 <0.0001 0.016 0.016 | SEM 0.111 | <0.0001 -441E-04 | 441E-04
PNN50 0.557 <0.0001 0.646 0.646 | pNN50 0.088 | <0.0001 0.002 0.002
AVNN 0.999 <0.0001 -0.930 0.930 | SDNN 0.112 | <0.0001 -0.034 0.034
SDNN 0.970 <0.0001 1.225 1.225 | RMSSD 0.136 | <0.0001 -0.046 0.046
RMSSD 0.948 <0.0001 1.355 1.355 | pNN50 0.208 | <0.0001 -0.270 0.270
LF PEAK 0.000 0.943 -0.006 0.006 | HF PEAK 0.011 |0.133 0.005 0.005
HF PEAK 0.013 0.104 0.342 0.342 | LF PEAK 0.002 | 0.487 0.005 0.005
LF TO HF 0.010 0.155 0.403 0.403 | LF TO HF 0.000 | 0.919 0.011 0.011
VLF NORM 0.010 0.155 7.208 7.208 | LF NORM 0.096 | <0.0001 15.287 15.287
LF NORM 0.007 0.249 13.873 13.873 | HF NORM 0.032 |0.011 21.845 21.845
HF NORM 0.014 0.096 -21.098 21.098 | VLF NORM 0.061 |4.02E-04 |-35.935 35.935
VLF POWER 0.611 <0.0001 | 17,416.08 17,416.08 | VLF POWER 0.030 |0.014 -91.591 91.591
LF POWER 0.644 <0.0001 | 51,760.12 51,760.12 LF POWER 0.057 | 0.001 —-138.717 138.717
HF POWER 0.622 <0.0001 | 102,963.27 | 102,963.27 | HF POWER 0.071 | 1.42E-04 | —245.000 245.000
TOTAL POWER | 0.636 <0.0001 | 172,579.35 | 172,579.35 | TOTAL POWER | 0.060 |4.84E-04 |-477.852 477.852
alphal 4.969E-05 0.921 -0.026 0.026 | SD1 0.136 | <0.0001 -0.033 0.033
12%1}4155%\{ 0.004 0.346 0.210 0.210 | SD2 0.102 | <0.0001 —-0.037 0.037
alpha2 0.014 0.092 0.297 0.297 | alphal 0.130 | <0.0001 0.603 0.603
SD1 0.948 <0.0001 0.958 0.958 | IALS 0.309 | <0.0001 —-0.903 0.903
TALS 0.751 <0.0001 1.307 1.307 lsagl}?f{é%Y 0.050 | 0.002 -1.681 1.681
SD2 0.969 <0.0001 1.443 1.443 | alpha2 0.107 | <0.0001 -1.774 1.774
PAS 0.826 <0.0001 51.035 51.035 | PAS 0.323 | <0.0001 —47.178 47.178
PIP 0.751 <0.0001 130.640 130.640 | PIP 0.309 | <0.0001 -90.261 90.261
PSS 0.575 <0.0001 199.337 199.337 | PSS 0.329 | <0.0001 —-106.038 106.038

Table 2. HRV measures ranked by absolute value of slope (B) on linear regression grouped by time domain

measures, frequency domain measures and non-linear and fragmentation measures. Non-significant values are
bold.
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Figure 7. Examples of HRV measures that did not show a linear relationship in the relative change of HRV
measure (y axis) with an increasing percentage of ectopic noise (x axis), (a) HF-Norm, (b) alpha 1, (c) Sample
entropy.

HRYV analysis is proposed in this study to address some of the shortcomings in the current methods applied for
preprocessing of ECGs or RRIs.

Technical noise in the ECG can distort the morphology of the signal and make accurate detection of the R
peak difficult. There are several QRS detecting algorithms and their mechanisms can be generally divided into
two stages, the preprocessing, and the decision-making stages. The preprocessing stage usually consists of linear
filtering and nonlinear transformations where the ECG waveform is smoothed and amplified. The decision-
making stage then classifies the QRS and non-QRS waves®. A comparison study of 10 QRS detectors including
the Pan Tompkins and Hamilton’s shows that most QRS detectors regardless of the mechanism have similar
sensitivity, positive predictivity, and detection accuracy with noise-free or high-quality ECG signals whereas
detection accuracy significantly decreases with low-quality and noisy ECG®. A review of QRS detecting algo-
rithms on the MIT BIH Arrhythmia database corroborates these findings®>. Most studies conducted on ECG
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Figure 8. Examples of HRV measures that did not show a linear relationship in the relative change of HRV
measure (y axis) with incrementing Gaussian noise (x axis), (a) HF-Norm, (b) alpha 1, (c) Sample entropy.

noise analysis and QRS detection algorithms used cleaned data for evaluation and overall performance without
providing details of specific noise types and intensity levels of technical noise that can affect the QRS morphol-
ogy nor the preprocessing steps and algorithms applied. This makes an accurate comparison between heartbeat
detectors mentioned in the literature difficult.

One study compared the performance of the Pan Tompkins, Hamilton, and WQRS (Physionet) algorithms
for heartbeat detection on clean and noisy simulated ECG with baseline wander, muscle artifact, and electrode
motion artifacts®”. The algorithms performed well on high-quality signals, but performance decreased for signals
contaminated with noise. The Pan Tompkins algorithm had the best performance when dealing with noisy sig-
nals. The experimental results on the characteristics and intensity of artifacts and beat detection indicated that
electrode motion and muscle artifacts, modeled as Gaussian noise in the present study, have the most influence
on the detection of QRS leading to a high number of misdetection and false detections. Baseline wander noise
has alesser effect on the detection algorithms and is usually removed by the bandpass or lowpass filters applied in
most detectors®>®”. Therefore, removing technical noise from the ECG signal before applying a heartbeat detec-
tion algorithm can greatly improve the detection performance and accuracy of these algorithms. Time-frequency
analysis and sub-band decomposition algorithms based on linear, adaptive and Baysian filtering combined with
signal quality index have shown relative success in removing high frequency noise and motion artifacts from
ECG signals®®®. These techniques are also applied in conjunction with machine learning algorithms to classify
abnormal waveforms or signal®®7°.

Traditional ECG denoising methods such as wavelet decomposition assume prior information of the signal
and type of noise, which is hard to obtain in clinical settings. Many linear approaches to filtering are not stable
for non-linear and non-stationary ECG signals’’. EMD-based denoising is an adaptive data-driven approach
and hence has shown superior performance to other approaches. A comparative performance analysis of discrete
wavelet transform (DWT), EMD, and EEMD showed that EMD-based methods outperformed DWT?>73, In
another study, EMD and EEMD-based denoising of ECG showed better results than the Wiener filter to remove
Gaussian noise™.

The basic principle of CEEMDAN-based denoising applied here is a partial reconstruction of the ECG signal
after decomposition to its IMFs by removing irrelevant low-order modes identified by a frequency threshold
that is based on a fast Fourier transform. To identify the relevant and irrelevant modes for partial reconstruction
of the denoised ECG direct subtraction methods of lower order IMFs2, the energy density of IMFs’, moving
average filter™, probability density function similarity measure based on Kullback Leibler Divergence between
input signal and IMFs **and detrended fluctuation analysis threshold” have been used. Other methods applied
thresholding techniques to all, or some IMFs based on the quantity of noise to retain the QRS complex in lower
order IMFs that are excluded in the partial reconstruction of the ECG signal. These methods included wavelet
thresholding’®, moving average filter™and interval thresholding, and higher order statistics®*. In this study, a
hybrid approach using wavelet transform on the partially reconstructed ECG signal from CEEMDAN was pre-
ferred to improve the denoising method.

Moreover, a comparative analysis of the proposed technique with some of the recently developed EMD-based
denoising techniques confirms the superiority of the proposed CEEMDAN-WD method. The literature reports
in agreement with the observations in this study that CEMDAN is more accurate and suitable for denoising
ECG applications when compared to EMD and EEMD methods*>**7"77-81 1t is important to note that the
CEEMDAN-based methods have the lowest RMSE values. EMD-DS and EMD-KLD methods show similar
performance for some ECG records. This might be because both techniques discard the first IMF to reconstruct
the denoised ECG signal. It was, therefore, surprising that the EEMD-DS underperformed the EMD methods
for one of the ECG records.

Research shows that all editing methods affect HRV analysis. The degree of impact depends on the editing
method, length of the signal, and percentage of ectopic noise?. Therefore, it is imperative to choose appropriate
editing methods without influencing the results. This study applied a spontaneous adaptive filtering approach
that can self-adjust to the peculiarities of each individual signal keeping the variability of the HRV analysis intact.
ADF-based filtering has been used in different HRV studies with good results®>**. Applying an impulse noise
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filter such as SD-ROM before ADF significantly improved the performance of the filter. This proposed approach
has shown good performance in previous work®.

The presence of even a small number of ectopic beats can significantly alter HRV analysis results
One study showed that even less than 1% of ectopic beats in the HRV signal were enough to cause a significant
difference in the analysis®*. Zhao et al. demonstrated the effect of ectopic beats on HRV analysis increases with
the increase in the number of ectopic beats®®. Researchers have also found that the presence of ectopic beats can
change the HRV analysis results for congestive heart failure patients®. Our analysis of noise-free and noisy arti-
ficial signals confirmed these results. Both types of noise significantly affect the majority of the HRV measures.
A greater number of HRV measures seem to be affected by ectopic noise than Gaussian noise from our analysis
using —log,o(p). It is important to keep in mind that —log,,(p) cannot quantify the change caused in the HRV
measures by the increasing percentage of noise. It merely represents the strength of evidence that confirms the
change.

There has been some work published on the analysis of ectopic beats on the time domain, frequency domain,
and non-linear measures'®. However, these studies do not consider the changes in the fragmentation indi-
ces, which are included in our study. Time domain measures calculated from successive differences have been
reported to be more sensitive to noise and measures that represent the variation such as AVNN and SDNN are
more resilient to noise'®. On the contrary, our results from Table 2 show that AVNN and SDNN are more sensi-
tive to ectopic noise with RMSSD being the most sensitive. While all the time domain measures studied show an
increase with an increasing percentage of ectopic beats, AVNN decreases with increasing ectopic noise. Overall,
the time domain measures are less sensitive to Gaussian noise with pNN50 being the most affected.

It has been found that only one ectopic beat in a 2-min-long ECG recording can lead to a 10% increase in
HF power!®. This change in all the frequency bands has been found in the current results. There is an increase
in the power bands of the frequency domain with the increase in ectopic noise. The only exception to this is
the normalized HF power, which demonstrated a decrease with an increase in the ectopic noise. The sensitivity
of frequency indices is based on the method of calculation. The relative power measures are more sensitive to
ectopic noise than normalized power measures. However, it is important to note that the linear regression model
calculated for the normalized power measures does not fit well due to the widespread data as seen in Fig. 7.
Similar results have been observed for the Gaussian noise. Frequency domain measures appear to be the most
sensitive to both ectopic and Gaussian noise.

A decrease in the values of sample entropy with the presence of ectopic beats has been reported. This is in
agreement with the results observed from the calculation of RHRV from the current signals. At 2% ectopic pres-
ence in the HRV a decrease of approximately 198% was observed. Similarly, percentage changes in detrended
fluctuation analysis have also been observed. But these changes do not significantly increase with the increase
of ectopic noise as is seen in Fig. 7. The Poincaré plot measures however are significantly affected by ectopic
noise with SD2 showing increasing variability with increasing noise leading to an approximate 10% increase in
the value of SD2 for 2% ectopic beats.

All fragmentation measures show a large sensitivity to ectopic noise. There is a considerable increase in the
variability of fragmentation measures with an increase in the percentage of ectopic noise. IALS is the least sensi-
tive to noise with only a 2.5% RHRV with 2% of added ectopic beats. PAS, PIP, and PSS show an 11%, 242%, and
404% change in the HRV measures with the addition of 2% ectopic noise. These results suggest that fragmenta-
tion measures can be a good indicator of the presence of ectopic noise. Overall, the Gaussian noise affects the
fragmentation measures less severely than the ectopic noise. The RHRV values for 10 dB Gaussian noise IALS,
PAS, PSS and PIP are 1.6%, 41%, 154% and 158% respectively. The results show considerable variation in the
relative change in HRV measures by the addition of an increasing percentage of ectopic noise.

16,24,26,33,34

Conclusion

A novel preprocessing two-step method was developed to eliminate both technical and ectopic noise types for
a comprehensive denoising approach. The tool was able to eliminate both types of noise without distorting the
original signal with the performance indicators showing a high correlation and a low RMSE value. Overall, the
relative percentage change in HRV measures observed was greater for ectopic noise than technical noise. This
study, therefore, reaffirms that the majority of the HRV measures are affected by noise. However, the considerable
variation in the sensitivity of HRV measures against the type and level of noise suggests the different contexts of
preprocessing requirements for different HRV indices based on their robustness to noise should be considered
when selecting HRV features to describe physiological signals.

Data availability
The data collected in this study is available upon request from the corresponding author.

Code availability
The code developed in this study is available upon request from the corresponding author.

Received: 31 March 2022; Accepted: 4 October 2022
Published online: 01 November 2022

References
1. Berntson, G. G. et al. Heart rate variability: Origins, methods, and interpretive caveats. Psychophysiology 34, 623-648 (1997).
2. Carney, R. M. et al. Association of depression with reduced heart rate variability in coronary artery disease. Am. J. Cardiol. 76,
562-564 (1995).

Scientific Reports |

(2022) 12:18396 | https://doi.org/10.1038/s41598-022-21776-2 nature portfolio



www.nature.com/scientificreports/

3. ChuDug, H., NguyenPhan, K. & NguyenViet, D. A Review of Heart Rate Variability and its Applications. APCBEE Proc. 7, 80-85
(2013).

4. Shaffer, FE & Ginsberg, J. P. An Overview of Heart Rate Variability Metrics and Norms. Front. Public Health 5, 1 (2017).

5. Rajendra Acharya, U., Paul Joseph, K., Kannathal, N., Lim, C. M. & Suri, J. S. Heart rate variability: A review. Med. Biol. Eng.
Comput. 44, 1031-1051 (2006).

6. Stein, P. K., Domitrovich, P. P.,, Hui, N., Rautaharju, P. & Gottdiener, ]. Sometimes higher heart rate variability is not better heart
rate variability: Results of graphical and nonlinear analyses. J. Cardiovasc. Electrophysiol. 16, 954-959 (2005).

7. llan, G. et al. Heart rate variability for risk assessment of myocardial ischemia in patients without known coronary artery disease:
The HRV-DETECT (heart rate variability for the detection of myocardial ischemia) Studyt. J. Am. Heart Assoc. 8, 014540 (2019).

8. Sessa, F. et al. Heart rate variability as predictive factor for sudden cardiac death. Aging 10, 166-177 (2018).

9. Kubota, Y., Chen, L. Y., Whitsel, E. A. & Folsom, A. R. Heart rate variability and lifetime risk of cardiovascular disease: The ath-
erosclerosis risk in communities study. Ann. Epidemiol. 27, 619-625.€2 (2017).

10. Hillebrand, S. et al. Heart rate variability and first cardiovascular event in populations without known cardiovascular disease:
Meta-analysis and dose-response meta-regression. EP Eur. 15, 742-749 (2013).

11. Teresa, L. R. M. et al. Short-term heart rate variability strongly predicts sudden cardiac death in chronic heart failure patients.
Circulation 107, 565-570 (2003).

12. Sanderson, J. E. Heart rate variability in heart failure. Heart Fail. Rev. 2, 235-244 (1998).

13. Musialik-Eydka, A., Sredniawa, B. & Pasyk, S. Heart rate variability in heart failure. Kardiol. Pol. 58, 10-16 (2003).

14. Tsai, C.-H. et al. Usefulness of heart rhythm complexity in heart failure detection and diagnosis. Sci. Rep. 10, 14916 (2020).

15. Citi, L., Brown, E. N. & Barbieri, R. A real-time automated point-process method for the detection and correction of erroneous
and ectopic heartbeats. IEEE Trans. Biomed. Eng. 59, 2828-2837 (2012).

16. Nabil, D. & Bereksi Reguig, F. Ectopic beats detection and correction methods: A review. Biomed. Signal Process. Control 18,
228-244 (2015).

17. Clifford, G. D. ECG statistics, noise, artifacts, and missing data. Adv. Methods Tools ECG Data Anal. 45, 1 (2006).

18. Scully, C. 5—Cardiovascular medicine. in Scully’s Medical Problems in Dentistry (Seventh Edition) (ed. Scully, C.) 125-170 (Churchill
Livingstone, 2014). https://doi.org/10.1016/B978-0-7020-5401-3.00005-9.

19. Ng, G. A. Treating patients with ventricular ectopic beats. Heart 92, 1707-1712 (2006).

20. Satija, U., Ramkumar, B. & Manikandan, M. S. A review of signal processing techniques for electrocardiogram signal quality
assessment. JEEE Rev. Biomed. Eng. 11, 36-52 (2018).

21. Houssein, E., Kilany, M. & Hassanien, A. E. ECG signals classification: A review. Int. J. Intell. Eng. Inform. 5, 376-396 (2017).

22. Chatterjee, S., Thakur, R. S., Yadav, R. N., Gupta, L. & Raghuvanshi, D. K. Review of noise removal techniques in ECG signals. IET
Signal Process. 14, 569-590 (2020).

23. Heart rate variability: Standards of measurement, physiological interpretation and clinical use. Task Force of the European Society
of Cardiology and the North American Society of Pacing and Electrophysiology. Circulation 93, 1043-1065 (1996).

24. Salo, M. A., Huikuri, H. V. & Seppanen, T. Ectopic beats in heart rate variability analysis: Effects of editing on time and frequency
domain measures. Ann. Noninvasive Electrocardiol. 6, 5-17 (2001).

25. Peltola, M. Role of editing of R-R intervals in the analysis of heart rate variability. Front. Physiol. 3,1 (2012).

26. Mateo, J. & Laguna, P. Analysis of heart rate variability in the presence of ectopic beats using the heart timing signal. IEEE Trans.
Biomed. Eng. 50, 334-343 (2003).

27. Tarvainen, M. P, Niskanen, J.-P, Lipponen, J. A., Ranta-aho, P. O. & Karjalainen, P. A. Kubios HRV—Heart rate variability analysis
software. Comput. Methods Programs Biomed. 113,210-220 (2014).

28. Kaufmann, T, Siitterlin, S., Schulz, S. M. & Végele, C. ARTiiFACT: A tool for heart rate artifact processing and heart rate variability
analysis. Behav. Res. Methods 43, 1161-1170 (2011).

29. Arvind, S., Maheshkumar, K., Vaishali, S., Lavanya, S. & Padmavathi, R. Development and validation of an integrated portable
heart rate variability (HRV) analysis system - STREME. Med. Hypotheses 143, 109887 (2020).

30. Mali, B., Zulj, S., Magjarevic, R., Miklavcic, D. & Jarm, T. Matlab-based tool for ECG and HRV analysis. Biomed. Signal Process.
Control 10, 108-116 (2014).

31. Vollmer, M. HRVTool—An open-source matlab toolbox for analyzing heart rate variability (2019). https://doi.org/10.22489/CinC.
2019.032.

32. Vest, A. N. et al. An open source benchmarked toolbox for cardiovascular waveform and interval analysis. Physiol. Meas. 39, 105004
(2018).

33. Zhao, L., Li, P, Li, J. & Liu, C. Influence of ectopic beats on heart rate variability analysis. Entropy 23, 648 (2021).

34. Choi, A. & Shin, H. Quantitative analysis of the effect of an ectopic beat on the heart rate variability in the resting condition. Front.
Physiol. 9,1 (2018).

35. Stapelberg, N. J. C., Neumann, D. L., Shum, D. H. K., McConnell, H. & Hamilton-Craig, I. The sensitivity of 38 heart rate variability
measures to the addition of artifact in human and artificial 24-hr cardiac recordings. Ann. Noninvasive Electrocardiol. 23, 1 (2018).

36. Goldberger, A. L. et al. PhysioBank, PhysioToolkit, and PhysioNet: Components of a new research resource for complex physiologic
signals. Circulation 101, E215-220 (2000).

37. McSharry, P. E., Clifford, G. D., Tarassenko, L. & Smith, L. A. A dynamical model for generating synthetic electrocardiogram
signals. IEEE Trans. Biomed. Eng. 50, 6 (2003).

38. Pan, J. & Tompkins, W. J. A Real-Time QRS Detection Algorithm. IEEE Trans. Biomed. Eng. 32, 230-236 (1985).

39. Sedghamiz, H. Matlab Implementation of Pan Tompkins ECG QRS detector. https://doi.org/10.13140/RG.2.2.14202.59841 (2014).

40. The impact of the MIT-BIH arrhythmia database - PubMed. https://pubmed.ncbi.nlm.nih.gov/11446209/.

41. The Beth Israel Deaconess Medical Center, T. A. L. The MIT-BIH Normal Sinus Rhythm Database. (1990) https://doi.org/10.13026/
C2NK5R.

42. Greenwald, S. D. The development and analysis of a ventricular fibrillation detector. (Massachusetts Institute of Technology, 1986).

43. Zeiler, A. et al. Empirical Mode Decomposition - an introduction. in The 2010 International Joint Conference on Neural Networks
(IJCNN) 1-8 (2010). https://doi.org/10.1109/IJCNN.2010.5596829.

44. Torres, M. E., Colominas, M. A., Schlotthauer, G. & Flandrin, P. A complete ensemble empirical mode decomposition with adap-
tive noise. in 2011 IEEE International Conference on Acoustics, Speech and Signal Processing (ICASSP) 4144-4147 (IEEE, 2011).
doi:https://doi.org/10.1109/ICASSP.2011.5947265.

45. Colominas, M. A., Schlotthauer, G. & Torres, M. E. Improved complete ensemble EMD: A suitable tool for biomedical signal
processing. Biomed. Signal Process. Control 14, 19-29 (2014).

46. Abreu, E. 4 - Signal-Dependent Rank-Ordered-Mean (SD-ROM) Filter. in Nonlinear Image Processing (eds. Mitra, S. K. & Sicuranza,
G.L.) 111-133 (Academic Press, 2001). doi:https://doi.org/10.1016/B978-012500451-0/50004-7.

47. Chandra, C., Moore, M. S. & Mitra, S. K. An efficient method for the removal of impulse noise from speech and audio signals. in
1998 IEEE International Symposium on Circuits and Systems (ISCAS) vol. 4 206-208 vol.4 (1998).

48. Wessel, N. et al. Nonlinear analysis of complex phenomena in cardiological data. Herzschrittmachertherapie Elektrophysiologie 11,
159-173 (2000).

Scientific Reports|  (2022) 12:18396 | https://doi.org/10.1038/s41598-022-21776-2 nature portfolio


https://doi.org/10.1016/B978-0-7020-5401-3.00005-9
https://doi.org/10.22489/CinC.2019.032
https://doi.org/10.22489/CinC.2019.032
https://doi.org/10.13140/RG.2.2.14202.59841
https://pubmed.ncbi.nlm.nih.gov/11446209/
https://doi.org/10.13026/C2NK5R
https://doi.org/10.13026/C2NK5R
https://doi.org/10.1109/IJCNN.2010.5596829
https://doi.org/10.1109/ICASSP.2011.5947265
https://doi.org/10.1016/B978-012500451-0/50004-7

www.nature.com/scientificreports/

49.

50.
51.
52.
53.
54.

55.

56.
57.
58.

59.
. Buitrago-Ricaurte, N., Cintra, F. & Silva, G. S. Heart rate variability as an autonomic biomarker in ischemic stroke. Arq. Neurop-

61.
62.

63.
64.

65.

66.
67.
68.
69.
70.
71.
72.
73.
74.
75.
76.
77.
78.
79.
80.
81.

82.

83.
84.

85.

Hernandez Santander, R. & Camargo Casallas, E. Inspection of Methods of Empirical Mode Decomposition. in 5th International
Conference on Computer Science, Information Technology (CSITEC 2019) 39-50 (Aircc Publishing Corporation, 2019). https://doi.
org/10.5121/csit.2019.91104.

Jha, S., Singh, O. & Sunkaria, R. K. Modified approach for ECG signal denoising based on empirical mode decomposition and
moving average filter. Int. J. Med. Eng. Inform. 6, 165-188 (2014).

Behar, J. A. et al. PhysioZoo: A novel open access platform for heart rate variability analysis of mammalian electrocardiographic
data. Front. Physiol. 9, 1390 (2018).

Chang, K.-M. & Liu, S.-H. Gaussian noise filtering from ECG by wiener filter and ensemble empirical mode decomposition. J.
Signal Process. Syst. 64, 249-264 (2011).

Komaty, A., Boudraa, A.-O., Augier, B. & Daré-Emzivat, D. EMD-based filtering using similarity measure between probability
density functions of IMFs. IEEE Trans. Instrum. Meas. 63, 27-34 (2014).

El Bouny, L., Khalil, M. & Adib, A. ECG signal filtering based on CEEMDAN with hybrid interval thresholding and higher order
statistics to select relevant modes. Multimed. Tools Appl. 78, 13067-13089 (2019).

Peng, C., Hausdorff, J. M. & Goldberger, A. L. Fractal mechanisms in neuronal control: Human heartbeat and gait dynamics in
health and disease. in Self-Organized Biological Dynamics and Nonlinear Control: Toward Understanding Complexity, Chaos and
Emergent Function in Living Systems (ed. Walleczek, J.) 66-96 (Cambridge University Press, 2000). doi:https://doi.org/10.1017/
CB0O9780511535338.006.

Costa, M., Goldberger, A. L. & Peng, C.-K. Multiscale entropy analysis of biological signals. Phys. Rev. E Stat. Nonlin. Soft Matter
Phys. 71, 021906 (2005).

Costa, M. D., Davis, R. B. & Goldberger, A. L. Heart Rate Fragmentation: A New Approach to the Analysis of Cardiac Interbeat
Interval Dynamics. Front. Physiol. 8, (2017).

Gibson, E. W. The Role of p-Values in Judging the Strength of Evidence and Realistic Replication Expectations. Stat. Biopharm.
Res. (2020).

Boos, D. D. & Stefanski, L. A. P-value precision and reproducibility. Am. Stat. 65, 213-221 (2011).

siquiatr. 78, 724-732 (2020).

da Silva, V. P. et al. Heart rate variability indexes in dementia: A systematic review with a quantitative analysis. Curr. Alzheimer
Res. 15, 80-88 (2018).

Beauchaine, T. P. & Thayer, J. E. Heart rate variability as a transdiagnostic biomarker of psychopathology. Int. J. Psychophysiol. Off.
J. Int. Organ. Psychophysiol. 98, 338-350 (2015).

Ishaque, S., Khan, N. & Krishnan, S. Trends in heart-rate variability signal analysis. Front. Digit. Health 3, 1 (2021).

Johnston, B. W, Barrett-Jolley, R., Krige, A. & Welters, I. D. Heart rate variability: Measurement and emerging use in critical care
medicine. J. Intens. Care Soc. 21, 148-157 (2020).

Kirti, S. H. & Jain, S. Review and Comparison of QRS Detection Algorithms for Arrhythmia Diagnosis. in 2019 5th International
Conference on Signal Processing, Computing and Control (ISPCC) 200-205 (2019). doi:https://doi.org/10.1109/ISPCC48220.2019.
8988503.

Liu, E et al. Performance analysis of ten common QRS detectors on different ECG application cases. J. Healthc. Eng. 2018, 9050812
(2018).

Mohd Apandi, Z. E, Ikeura, R., Hayakawa, S. & Tsutsumi, S. An analysis of the effects of noisy electrocardiogram signal on heartbeat
detection performance. Bioengineering 7, 53 (2020).

Bashar, S. K., Ding, E., Walkey, A. J., McManus, D. D. & Chon, K. H. Noise detection in electrocardiogram signals for intensive
care unit patients. IEEE Access 7, 88357-88368 (2019).

Johannesen, L. & Galeotti, L. Automatic ECG quality scoring methodology: Mimicking human annotators. Physiol. Meas. 33,
1479-1489 (2012).

Clifford, G. D., Behar, J., Li, Q. & Rezek, L. Signal quality indices and data fusion for determining clinical acceptability of electro-
cardiograms. Physiol. Meas. 33, 1419-1433 (2012).

Abdalla, E Y. O,, Zhao, Y. & Wu, L. Denoising ECG signal by complete EEMD adaptive noise. in 2017 IEEE International Symposium
on Signal Processing and Information Technology (ISSPIT) 337-342 (2017). doi:https://doi.org/10.1109/ISSPIT.2017.8388665.
Elouaham, S., Latif, R., Nassiri, B., Dliou, A. & Maoulainine, F. Analysis electrocardiogram signal using ensemble empirical mode
decomposition and time-frequency techniques. Undefined (2013).

Sraitih, M. & Jabrane, Y. A denoising performance comparison based on ECG Signal Decomposition and local means filtering.
Biomed. Signal Process. Control 69, 102903 (2021).

Flandrin, P.,, Gongalves, P. & Rilling, G. Detrending and denoising with empirical mode decompositions. in 2004 12th European
Signal Processing Conference 1581-1584 (2004).

Mert, A. & Akan, A. Detrended fluctuation analysis for empirical mode decomposition based denoising. in 2014 22nd European
Signal Processing Conference (EUSIPCO) 1212-1216 (2014).

Kopsinis, Y. & McLaughlin, S. Development of EMD-Based Denoising Methods Inspired by Wavelet Thresholding. IEEE Trans.
Signal Process. 57, 1351-1362 (2009).

Combination of the CEEM Decomposition with Adaptive Noise and Periodogram Technique for ECG Signals Analysis | IntechO-
pen. https://www.intechopen.com/chapters/69455.

Liu, T,, Luo, Z., Huang, J. & Yan, S. A Comparative Study of Four Kinds of Adaptive Decomposition Algorithms and Their Applica-
tions. Sensors 18, 2120 (2018).

Teja, K., Tiwari, R. & Mohanty, S. Adaptive denoising of ECG using EMD, EEMD and CEEMDAN signal processing techniques.
J. Phys. Conf. Ser. 1706, 012077 (2020).

Zhao, Y. & Xu, J. Denoising of ECG Signals Based on CEEMDAN. in 2021 6th International Conference on Intelligent Computing
and Signal Processing (ICSP) 430-433 (2021). doi:https://doi.org/10.1109/ICSP51882.2021.9408721.

Xu, Y., Luo, M., Li, T. & Song, G. ECG signal de-noising and baseline wander correction based on CEEMDAN and wavelet thresh-
old. Sensors 17, 2754 (2017).

Jelinek, H. J., Alothman, T., Cornforth, D. J., Khalaf, K. & Khandoker, A. H. Effect of biosignal preprocessing and recording length
on clinical decision making for cardiac autonomic neuropathy. in 2014 8th Conference of the European Study Group on Cardiovas-
cular Oscillations (ESGCO) 3-4 (IEEE, 2014). https://doi.org/10.1109/ESGC0.2014.6847490.

dos Santos, L., Barroso, J., Macau, E. & Godoy, M. Application of an automatic adaptive filter for Heart Rate Variability analysis.
Med. Eng. Phys. 35,1 (2013).

Alkhodari, M., Jelinek, H. F, Saleem, S., Hadjileontiadis, L. ]. & Khandoker, A. H. Revisiting left ventricular ejection fraction levels:
A circadian heart rate variability-based approach. IEEE Access 9, 130111-130126 (2021).

Liu, C. et al. Effect of ectopic beats on heart rate variability indices in heart failure patients. World Congr. Med. Phys. Biomed. Eng.
2018, 361-365. https://doi.org/10.1007/978-981-10-9038-7_68 (2019).

Scientific Reports |

(2022) 12:18396 | https://doi.org/10.1038/s41598-022-21776-2 nature portfolio


https://doi.org/10.5121/csit.2019.91104
https://doi.org/10.5121/csit.2019.91104
https://doi.org/10.1017/CBO9780511535338.006
https://doi.org/10.1017/CBO9780511535338.006
https://doi.org/10.1109/ISPCC48220.2019.8988503
https://doi.org/10.1109/ISPCC48220.2019.8988503
https://doi.org/10.1109/ISSPIT.2017.8388665
https://www.intechopen.com/chapters/69455
https://doi.org/10.1109/ICSP51882.2021.9408721
https://doi.org/10.1109/ESGCO.2014.6847490
https://doi.org/10.1007/978-981-10-9038-7_68

www.nature.com/scientificreports/

Author contributions
S.S., AH.K. M.A,, LJH, H.EJ. designed research idea. S.S. performed research. S.S., M.A., H.EJ. analyzed data
and results. S.S. wrote the paper. H.E]., L.J.H, A.H.K. edited the paper.

Competing interests
The authors declare no competing interests.

Additional information
Correspondence and requests for materials should be addressed to S.S.

Reprints and permissions information is available at www.nature.com/reprints.

Publisher’s note Springer Nature remains neutral with regard to jurisdictional claims in published maps and
institutional affiliations.

Open Access This article is licensed under a Creative Commons Attribution 4.0 International

License, which permits use, sharing, adaptation, distribution and reproduction in any medium or
format, as long as you give appropriate credit to the original author(s) and the source, provide a link to the
Creative Commons licence, and indicate if changes were made. The images or other third party material in this
article are included in the article’s Creative Commons licence, unless indicated otherwise in a credit line to the
material. If material is not included in the article’s Creative Commons licence and your intended use is not
permitted by statutory regulation or exceeds the permitted use, you will need to obtain permission directly from
the copyright holder. To view a copy of this licence, visit http://creativecommons.org/licenses/by/4.0/.

© The Author(s) 2022

Scientific Reports|  (2022)12:18396 | https://doi.org/10.1038/s41598-022-21776-2 nature portfolio


www.nature.com/reprints
http://creativecommons.org/licenses/by/4.0/

	A two-step pre-processing tool to remove Gaussian and ectopic noise for heart rate variability analysis
	Methods
	Data set. 
	Addition of Gaussian noise and ectopic beats. 
	Pre-processing tool for Gaussian noise and ectopic beats. 
	Complete ensemble empirical mode decomposition with adaptive noise (CEEEMDAN). 
	Single dependent rank order mean (SDROM). 
	Adaptive filtering algorithm (ADF). 

	Proposed approach. 
	Statistical analysis. 

	Results
	Validation of the pre-processing tool. 
	Effects of noise type on HRV measures. 

	Discussion
	Conclusion
	References


