
Computers in Biology and Medicine 196 (2025) 110803 

A
0

 

Contents lists available at ScienceDirect

Computers in Biology and Medicine

journal homepage: www.elsevier.com/locate/compbiomed  

Effects of electrocardiographic noise on ultra-short term Heart Rate 

Variability indices
Anna Raimondi a , Alessandro Busacca a , Giuseppe Costantino Giaconia a , 
Yuri Antonacci a , Salvatore Stivala a , Luca Faes a,b , Riccardo Pernice a ,∗

a Department of Engineering, University of Palermo, Viale delle Scienze, 90128, Palermo, Italy
b Faculty of Technical Sciences, University of Novi Sad, Trg Dositeja Obradovića 6, 21102, Novi Sad, Serbia

A R T I C L E  I N F O

Keywords:
Heart Rate Variability (HRV)
Ultra-short term HRV analysis
Electrocardiography (ECG)
Noise
Signal-to-noise ratio (SNR)
Entropy
Time-series analysis

 A B S T R A C T

Heart Rate Variability (HRV) is a key metric for assessing cardiovascular health and autonomic nervous system 
function. The increasing use of wearable devices for continuous health monitoring during daily-life activities 
presents significant challenges, since the acquired signals are often noisy or affected by artifacts, resulting in a 
low signal-to-noise ratio (SNR). This study aims to investigate how electrocardiographic (ECG) noise affects the 
accuracy of ultra-short term (∼ 2 min) HRV analysis. Time-, frequency- and information-domain HRV indices, 
computed on interbeat interval time series extracted from ECG signals contaminated by different types of 
simulated noise (white and frequency-specific) at various SNR levels (−3, 1, 5, 10 and 20 dB) were compared 
to those obtained on reference noise-free waveforms. The results show that low-frequency noise (i.e., at 0.01, 
0.1, 0.3, and 3 Hz) at an SNR lower or equal than 5 dB has a significant impact on the reliability of HRV 
measures, leading to remarkably diminished correlation with reference values. On the other hand, white and 
higher-frequency noise (i.e., 50 Hz and 300 Hz) had a reduced impact on the computed indices even for very 
low SNR values. Overall, a SNR level of at least 10 dB seems enough for ensuring reliable HRV analysis across 
all domains. These findings are valuable for improving the reliability of HRV analysis especially in the case of 
short-duration signals acquired in noisy or extreme environments, to ensure that wearable devices can provide 
reliable physiological information even in challenging conditions.
1. Introduction

The rapid advancement in microelectronics and signal process-
ing technologies has driven the widespread adoption of sensors and 
wearable devices for continuous health monitoring during daily-life 
activities [1–3]. These devices have allowed the continuous recording 
of biosignals on patients directly at home, which are then remotely sent 
to healthcare professionals and clinicians for diagnosis of diseases or 
follow-up through telemedicine services, with significant benefits for 
both the patients and the healthcare system [2,4–6].

Despite its potential, the use of wearable devices for physiological 
monitoring presents significant challenges, since the acquired signals 
are often noisy or severely affected by artifacts, with a low signal-
to-noise ratio (SNR) which requires heavy preprocessing or filtering 
procedures demanding high computational costs; in worst cases such 
procedures may be not enough to avoid unreliable information, forcing 
to discard severely corrupted data [7–9]. Additionally, wearable de-
vices are constrained by limited processing power and memory, posing 
challenges for collecting the minimum number of samples required for 
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an accurate extraction or analysis of widely used cardiovascular phys-
iological indices [10–13]. From these premises, it is evident that the 
design of fast and efficient signal processing algorithms for analysing 
data acquired from wearable devices is still an ongoing challenge.

One important application of wearable devices is the study of 
physiological regulation and autonomic tone from time series extracted 
from single-lead electrocardiographic (ECG) or photoplethysmographic 
(PPG) recordings under different physiological conditions, in order to 
provide valuable insights into the dynamics of the autonomic nervous 
system (ANS) [3,14,15]. Heart Rate Variability (HRV) is a key metric 
for assessing cardiovascular status and autonomic tone [16,17] and 
can be evaluated starting from the sequence of consecutive interbeat 
intervals. It provides valuable information on the ANS functional state 
and on the balance between the sympathetic nervous system (SNS) and 
the parasympathetic nervous system (PNS) activities [16,17], having as 
well a significant prognostic value in ageing and cardiac diseases [18,
19]. A healthy cardiovascular system usually exhibits a higher HRV, re-
flecting its ability to respond to physiological changes, while a reduced 
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HRV has been often associated with poor cardiovascular outcomes or 
pathological conditions, such as arrhythmias and an increased risk 
of sudden cardiac death [16,18,20–23]. However, abnormally high 
HRV can be sometimes linked to pathologies altering the heart rate 
pattern, and, for example, has been reported in patients with atrial 
fibrillation, given the overall higher degree of irregularity of ventricular 
rhythm [24,25].

HRV can be assessed from cardiovascular time series using met-
rics in both the time and frequency domains, the former quantify-
ing the average heart rhythm and the extent of beat-to-beat vari-
ability, the latter instead providing insight into the distribution of 
absolute or relative power in specific frequency bands to assess au-
tonomic function [17,26]. Moreover, since conventional time-domain 
and frequency-domain HRV metrics fail to capture the full complexity 
and dynamic behaviour of heart rate fluctuations [18], information-
domain analysis has emerged as a promising approach to quantify the 
complexity and information content of time series data through the use 
of entropy measures [27]. Such content is related to the regularity of 
temporal patterns found in the time series and has been also put in 
relation to the balance between sympathetic and parasympathetic ANS 
activity [28,29].

HRV analysis has been standardised for long-term recordings (i.e., 
24 h) obtained from ambulatory monitoring, while short-term regis-
trations (∼5 min) are widely employed for practical purposes being 
able to evidence the dynamic relationship between the sympathetic and 
parasympathetic branches of ANS [17]. However, the growing interest 
in ultra-short term (UST) recordings (i.e., less than 5 min) acquired 
from wearable devices has highlighted the need to better understand 
their reliability compared to short-term analysis and the effect of noise 
and artifacts on HRV indices [10,11,13,16]. This is especially important 
for signals acquired in noisy or even extreme environments [30,31].

While previous research has primarily focused on the effects of 
white noise on HRV indices computed from ECG signals [32] or of 
white/pink noise on heart rate complexity metrics [33], the literature 
lacks a comprehensive comparison of how different types of noise, 
including those caused by physiological mechanisms, affect the most 
used HRV indices. Indeed, ECG recordings not only are strongly affected 
by external (e.g. environmental or instrumental) noise, but are also 
often influenced by other physiological mechanisms or biosignals that 
can represent a sort of ‘‘physiological noise’’ [34], such as respiration 
or muscular activity.

Within this context, our study aims to systematically investigate the 
impact of simulated noise added to ECG signals on the accuracy of time-
, frequency- and information-domain HRV indices of ultra-short term 
HRV assessed from ECG recordings of ∼2 min duration. The indices 
computed from reference noise-free ECG signals will be compared with 
those obtained from recordings contaminated by different types of noise 
at various SNR levels, including low-frequency, white and physiological 
noise. In our simulations, the latter will be modelled with spectral 
properties similar to the underlying physiological phenomena, to more 
realistically simulate the conditions under which ECG data acquired 
by wearable or portable devices can be affected. The main aim is to 
provide valuable insights into the reliability of R-peak detection and 
thus HRV indices from ultra-short recordings, enabling in perspective a 
more careful use of wearable devices for health monitoring in real-life 
scenarios.

2. Materials and methods

2.1. Data acquisition and pre-processing

In this study, the noise-free ECG signals belonged to a database 
collected at the Department of Engineering of the University of Palermo 
from 17 young healthy volunteers (10 males, 7 females) aged 24.7 ±
4.1 years using a in-house multisensor portable system. Further details 
on a previous prototype of the device, supporting lower sampling rates 
2 
and integrating a different type of photodetector [35] can be found 
in [36]. The analysed ECG tracks were acquired at a sampling frequency 
𝑓𝑠 of 1 kHz during a sitting resting condition lasting for 10 min to 
ensure stabilisation of physiological signals to baseline levels. The study 
was conducted in accordance with the declaration of Helsinki and was 
approved by the Bioethics Committee of the University of Palermo (ref. 
no. 125/2023).

Starting from the ECG signals acquired for each subject, a filtering 
process was carried out to improve signal quality and enable accu-
rate detection of R-peaks. The pre-processing and all the subsequent 
analyses were conducted on MATLAB® R2021b (The MathWorks, Inc., 
Natick, MA, USA) software. The ECG signals were first filtered using a 
zero-phase fourth-order digital Butterworth bandpass filter (passband 
from 0.1 to 20 Hz) to remove the baseline drift and noise from the pow-
erline (50 Hz). This filter was chosen for its maximally flat frequency 
response in the passband. An additional fourth-order Chebyshev type 
II high-pass filter with a cut-off frequency of 0.40 Hz and a stopband 
attenuation of 30 dB was subsequently applied, to remove residual 
signal fluctuations caused by respiratory modulation still present after 
Butterworth filtering due its relatively wide transition band [37]. The 
narrower transition band of the Chebyshev filter allowed to effectively 
remove all the undesired slower fluctuations, thus improving the over-
all effectiveness of the pre-processing. Finally, an initial transient of 2 s 
was removed from the filtered signal to keep only the stationary parts 
of the ECG tracks.

The above-described processing procedure allowed to obtain clean 
ECG signals (one per each subject) which were then treated as reference 
waveforms for the subsequent analyses.

2.2. Noise simulation

To evaluate the effects of noise on cardiovascular variability indices, 
in this work two types of noise were simulated, i.e., a Gaussian white 
noise and ‘coloured’ noises (i.e., at specific different frequencies) at 
various SNR levels. As known, SNR is a commonly used metric to 
quantify signal quality and is defined by: 

SNR = 10 log10

(𝑃𝑠𝑖𝑔𝑛𝑎𝑙
𝑃𝑛𝑜𝑖𝑠𝑒

)

dB, (1)

where 𝑃𝑠𝑖𝑔𝑛𝑎𝑙 and 𝑃𝑛𝑜𝑖𝑠𝑒 represent the power of the signal and the power 
of the noise, respectively [38].

Let us consider 𝑋 a stochastic process, with 𝑋𝑛 denoting the random 
variable representing the state at the current time 𝑛. White noise is 
characterised by its completely random nature, consisting of indepen-
dent and uncorrelated samples, and has a constant power spectrum 
at all frequencies. The autocorrelation function 𝑟𝑋 (𝑚) of a stationary 
white noise process 𝑋 with zero mean and variance 𝜎2𝑛𝑜𝑖𝑠𝑒 is an impulse 
function defined as in Eq.  (2), which takes the value of zero for all lags 
𝑚 except when 𝑚 = 0, in which case it is equal to its variance [38]: 
𝑟𝑋 (𝑚) = 𝐸[𝑋𝑛𝑋𝑛+𝑚] = 𝛿(𝑚)𝜎2𝑛𝑜𝑖𝑠𝑒. (2)

The equivalent description in the frequency-domain is obtained by 
applying the Fourier transform of the autocorrelation function 𝑟𝑋 (𝑚), 
highlighting that the power spectrum density (PSD) is uniformly dis-
tributed over all frequency bands with a value equal to its variance 
𝜎2𝑛𝑜𝑖𝑠𝑒 [38]: 

𝑃𝑋 (𝑓 ) =
∞
∑

𝑚=−∞
𝑟𝑋 (𝑚)𝑒

−𝑗2𝜋 𝑓
𝑓𝑠
𝑚 = 𝑟𝑋 (0) = 𝜎2𝑛𝑜𝑖𝑠𝑒. (3)

In the present study, a Gaussian white noise signal was generated by 
using MATLAB built-in mvnrnd function, which allows the generation 
of random samples extracted from a normal distribution, using as input 
parameters a null mean, the variance of the noise and a number of sam-
ples in this case equal to the length of the signal to be corrupted [39]. 
Since variance is mathematically equal to the total power contained in 
the whole frequency range [16], control of noise variance 𝜎2  plays a 
𝑛𝑜𝑖𝑠𝑒
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crucial role in modulating the SNR, because if the signal variance 𝜎2𝑠𝑖𝑔𝑛𝑎𝑙
remains constant, an increase of the variance consequently causes an 
SNR reduction. Therefore, the noise variance was determined by setting 
the desired SNR value as follows: 

𝜎2𝑛𝑜𝑖𝑠𝑒 =
𝜎2𝑠𝑖𝑔𝑛𝑎𝑙

10
𝑆𝑁𝑅
10

. (4)

The noise at a given frequency 𝑓 was simulated as the output 
process of a linear univariate autoregressive (AR) model driven by 
uncorrelated stochastic noise. The present and past variables of the 
process are related by the following AR model of order 𝑝, considering 
𝑚 past samples [40]: 

𝑋𝑛 =
𝑝
∑

𝑚=1
𝑎𝑚𝑋𝑛−𝑚 + 𝑈𝑛, (5)

where 𝑎𝑚, 𝑚 = 1,… , 𝑝 are the linear regression coefficients and 𝑈 is 
a zero-mean white Gaussian noise process with variance 𝜎2𝑈 . In this 
study, we have simulated an AR process of order 𝑝 = 2 by placing 
two complex-conjugate poles (roots of the characteristic polynomial 
𝐴(𝑧) = 1 −

∑𝑝
𝑚=1 𝑎𝑚𝑧

−𝑚, which is the representation of the coefficients 
in the 𝑧-domain, with 𝑧 = 𝑒𝑗2𝜋

𝑓
𝑓𝑠 ), these poles have a modulus 𝜌 and 

a phase of ±2𝜋𝑓 [26]. This configuration is arranged to determine the 
coefficients of the AR polynomial as follows [40]: 

𝑎1 = 2𝜌 cos(2𝜋𝑓 ), 𝑎2 = −𝜌2. (6)

The procedure to derive the autoregressive (AR) model coefficients 
(Eq. (6)) from the parametric representation of the process (Eq. (5)) 
is detailed in Appendix  A.1.

The choice of poles allows us to simulate a second-order AR process 
with specific spectral properties given by the selected frequency 𝑓 . 
In this configuration, the parameters 𝜌 and 𝑓 define the amplitude 
and frequency of the imposed stochastic oscillation. The process is 
stationary for 𝜌 ∈ [0, 1), with 𝜌 influencing the regularity of the 
oscillation. Specifically, when 𝜌 = 0, the process represents completely 
unpredictable white noise, while as 𝜌 approaches 1, it becomes a highly 
predictable stochastic model characterised by significant oscillatory 
behaviour around the frequency 𝑓 [40].

For this study, we have considered a two-pole AR polynomial with a 
modulus fixed at 𝜌 = 0.95 varying the frequency 𝑓 to simulate different 
types of noise, while the variance 𝜎2𝑈  is determined by the SNR level, 
according to the procedure herein detailed. First, the power of the 
signal is calculated and used as a reference for scaling the power of 
the noise at frequency 𝑓 as follows: 

𝑃𝑛𝑜𝑖𝑠𝑒 =
𝑃𝑠𝑖𝑔𝑛𝑎𝑙

10
𝑆𝑁𝑅
10

. (7)

Subsequently, given that the AR coefficients and the transfer function 
are related by 𝐻(𝑧) = 1

𝐴(𝑧)  and introducing the normalised angular 
frequency 𝛺 = 2𝜋𝑓

𝑓𝑠
, the Spectral Factorisation Theorem [41] directly 

relates the PSD of the AR process to the variance of the Gaussian white 
noise: 
𝑃𝑛𝑜𝑖𝑠𝑒(𝛺) = |

|

|

𝐻(𝛺)||
|

2
𝜎2𝑈 . (8)

According to the spectral integration property, integrating a spectral 
measure over all frequencies provides the equivalent measure in the 
time domain. Therefore, the total power of the generated noise as a 
function of the variance of the Gaussian white noise is obtained, and 
the variance 𝜎2𝑈  can be computed as follows: 

𝜎2𝑈 =
𝑃𝑛𝑜𝑖𝑠𝑒

1
𝜋 ∫

𝜋

0

|

|

|

𝐻(𝛺)||
|

2
𝑑𝛺

. (9)

The mathematical steps to derive Eq. (9) starting from the Eq. (8) are 
reported in Appendix  A.2.
3 
In this work, we have taken into account six frequencies (i.e. 0.01, 
0.1, 0.3, 3, 50 and 300 Hz) to simulate different noise types. In detail, 
the frequency of 𝑓 = 0.01 Hz simulates a slowly varying baseline 
at the lower end of the frequency spectrum typically present in ECG 
signals [42]. The frequencies 𝑓 = 0.1 Hz and 𝑓 = 0.3 Hz have been 
instead chosen to model the noise introduced by breathing [43], while 
the frequency 𝑓 = 3 Hz simulates the effects on the ECG signal of atrial 
fibrillation, a cardiac arrhythmia characterised by a rapid and irregular 
electrical activity; this frequency has been selected in accordance to 
previous works using the 3 Hz dominant frequency as a threshold for 
distinguishing between normal sinus rhythm and arrhythmic activation 
rates [44,45]. The frequency 𝑓 = 50 Hz corresponds to the interference 
of the powerline [9] and, finally, the frequency 𝑓 = 300 Hz has been 
selected to simulate muscular noise, caused by electrical activity of the 
muscle [9]. Each type of noise was added to the noise-free ECG signals 
at five different SNR levels, i.e., −3 dB, 1 dB, 5 dB, 10 dB and 20 dB.

2.3. Time series extraction

Herein, the study has been carried out using 2-min ECG windows 
in accordance with the ultra-short term HRV analysis [12,17,46]. For 
each subject, the 2-min window of the reference signal was selected 
during stable physiological conditions, starting at least 3 min after the 
beginning of the recording, to favour stationarity of the time series. 
Starting from both the clean reference and the noise-corrupted ECG 
signals, a simplified version of the Pan-Tompkins algorithm [47] was 
used to identify R-peaks and to consequently extract the R-R interval 
time series (RRI). The working principle of this algorithm relies on the 
fact that the QRS complex is concentrated in the ECG frequency band 
between 5 and 15 Hz [47]. The algorithm consists of five main steps: 
bandpass filtering (5–15 Hz), 5-point derivative filter, squaring, moving 
window integration and peak detection. In the simplified version of 
the algorithm, a span value of 𝑓𝑠7  samples was used for the moving 
window integration, while the peak detection was carried out using 
the MATLAB built-in findpeaks function with custom thresholds, i.e. a 
minimum temporal distance between the peaks kept fixed at 300  ms, 
and a minimum peak prominence defined as three times the median 
of the signal obtained after the previous processing steps. Following 
the application of the simplified Pan-Tompkins algorithm, the R-peaks 
were extracted from the clean and noisy ECG signals. Afterwards, the 
RRI time series were obtained computing the time interval between 
the 𝑛th and (n+1)th QRS apexes. A visual inspection was carried 
out by an expert researcher to assess the quality of the clean ECG 
waveforms in the selected window, to verify that filtering did not alter 
the morphology of the signals, and finally to ensure the stationarity 
of the obtained time series. The average length of the RRI time series 
extracted from noise-free signal was of 145 ± 18 beats.

Fig.  1(a) shows a 5-s window of the reference ECG signal for a 
sample subject alongside the RRI time series extracted from the entire 
2-min recording. Similarly, Fig.  1(b) depicts 5-s windows of exemplary 
ECG signals corrupted by different types of noise at an SNR level of 
−3 dB for a sample subject alongside the RRI time series extracted from 
the entire 2-min recordings.

2.4. Time-domain analysis

In this study, we have first carried out a time-domain HRV analysis 
on noise-free and noise-corrupted ECG signals, computing the average 
value (MEAN), the standard deviation (SD) and the root mean square of 
successive differences (RMSSD) of the RRI time series [48]. As known, 
time-domain HRV metrics assess the variability of interbeat intervals 
using statistical measures, and in particular the MEAN is the basic 
cardiovascular measure reflecting the cardiac rhythm [17].

The SD of the RRI time series, expressed in milliseconds, serves as a 
comprehensive indicator of the multiple factors influencing heart rate 
variability [16,49]. This measure is particularly relevant because both 
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Fig. 1. (a) The reference ECG signal for a sample subject and (b) the ECG signals 
corrupted by different types of noise at an SNR level of −3 dB, alongside the RRI time 
series extracted from the entire 2-min recordings.

the SNS and PNS contribute to its variability, and it is also considered 
a gold standard measure in the medical stratification of cardiac risk, 
particularly in the context of 24-h recordings [29]. The formula for SD 
is given by [48]: 

𝑆𝐷 =

√

√

√

√
1

𝑁 − 1

𝑁
∑

𝑛=1
(𝑥𝑛 − 𝑥)2, (10)

being 𝑥𝑛 the 𝑛th RRI sample, 𝑥 the average interval and 𝑁 the time 
series length.

The RMSSD can be obtained by first squaring each successive time 
difference in milliseconds between heartbeats, then the result is aver-
aged before computing the square root of the total [29,48]. 

𝑅𝑀𝑆𝑆𝐷 =

√

√

√

√
1

𝑁 − 1

𝑁−1
∑

(𝑥𝑛+1 − 𝑥𝑛)2. (11)

𝑛=1

4 
RMSSD is the primary time-domain measure used to estimate
vagally-mediated changes in HRV and reflects the beat-to-beat variance 
in heart rate [49].

2.5. Frequency-domain analysis

Frequency-domain analysis relies on computation of the PSD, which 
provides essential information on how power (or variance) is dis-
tributed as a function of frequency [16]. Prior to performing frequency-
domain analyses, the RRI time series were pre-processed by subtracting 
the mean value. Then, spectral analysis was performed employing 
the weighted covariance method to obtain the spectrum of each time 
series. In detail, the non-parametric Blackman-Tukey approach was 
applied by FFT-transforming (512 points) the truncated and windowed 
sample autocovariance of RRI data, using the Parzen window with 
bandwidth of 𝐵𝑊 = 0.04 Hz and setting the truncation lag 𝑀 of 
the autocovariance sequence as 𝑀 = 1.273𝑓𝑠𝑅𝑅∕𝐵𝑊  [50,51], where 
𝑓𝑠𝑅𝑅 = 1∕𝑅𝑅 is the reciprocal of the mean RRI of the time series. 
𝑓𝑠𝑅𝑅  was computed for each subject assuming the series as uniformly 
sampled with a sampling period equal to the mean heart period. The 
Parzen window was used given its significantly lower side-lobe level 
compared to other common windows (e.g. Hanning and Hamming), 
while the values of 𝐵𝑊  and 𝑀 were chosen in accordance to previous 
works on HRV spectral analysis [51].

The power values in the low-frequency band (LF, range 0.04–
0.15 Hz), which can reflect both PNS and SNS activity, and in the 
high-frequency band (HF, range 0.15–0.40 Hz), which reflect parasym-
pathetic activity and respiratory influence, were computed, both in 
absolute power (milliseconds squared) [16] and normalised (in per-
centage) dividing the power value in each band by the total power 
excluding the very-low-frequency range (VLF, 0.003–0.04 Hz) [16,17]. 
The normalised values of the LF and HF components allow to better 
highlight the balance of the ANS reducing the inter-subject variability 
in total power [16].

In this study, we have taken into account the LF absolute power (LF) 
and the normalised value (LF𝑛𝑜𝑟𝑚), together with the low-to-high fre-
quency power ratio (LF/HF), commonly used as an index of the balance 
between SNS and PNS activity under controlled conditions [17].

2.6. Information-domain analysis

Information-theoretic analysis was performed to compute indices 
quantifying the information content and complexity of the analysed 
time series. Before evaluating the information-domain indices, all the 
time series were pre-processed using an IIR zero-phase high-pass AR 
filter [52], with cut-off frequency of 0.0156 times the equivalent sam-
pling rate of the series (𝑓𝑠𝑅𝑅 ), removing the slow trends to improve 
stationarity, and then normalised to zero mean and unit variance.

The entropy (H) and the conditional entropy (CE) measures were 
computed on RRI time series obtained from both noise-free and noise-
corrupted ECG signals. These measures reflect, respectively, the average 
amount of information contained in the current state of the process 𝑋
and the average uncertainty that remains about the present state of the 
process when its past states are known [28,53]. To define the measures, 
let us denote 𝑋𝑛 as the random variable obtained by sampling the 
process 𝑋 at the present time 𝑛, and 𝐗𝑚𝑛 = [𝑋𝑛−1, 𝑋𝑛−2,… , 𝑋𝑛−𝑚] as 
the vector variable describing the past 𝑚 states of 𝑋. Formally, H and 
CE are defined under the hypothesis of stationarity as follows [28]: 
𝐻 = 𝐻(𝑋𝑛) = −𝐸[log 𝑝(𝑥𝑛)], (12)

𝐶𝐸 = 𝐻(𝑋𝑛|𝑋
𝑚
𝑛 ) = 𝐻(𝑋𝑛, 𝑋

𝑚
𝑛 ) −𝐻(𝑋𝑚

𝑛 )

= −𝐸[log 𝑝(𝑥𝑛|𝑥𝑛−1, 𝑥𝑛−2,… , 𝑥𝑛−𝑚)], (13)

where 𝐸[⋅] represents the expectation operator, and 𝑝(⋅) is the proba-
bility density function.
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In this study, the H and CE measures were estimated using a 
model-free approach based on the 𝑘-nearest neighbour (knn) method. 
This approach exploits the intuitive concept that the local probability 
density around a given data point is inversely related to the distance 
between the point and its neighbours. Estimates of H and CE for the 
process 𝑋 can be computed through the following formulations [40]: 
𝐻𝑘𝑛𝑛 = 𝜓(𝑁) − 𝜓(𝑘) + ⟨ln 𝜖𝑛⟩, (14)

𝐶𝐸𝑘𝑛𝑛 = −𝜓(𝑘) + ⟨𝜓(𝑁𝑋𝑚𝑛 )⟩ + ⟨ln 𝜖𝑛⟩, (15)

where 𝜓(⋅) denotes the digamma function, 𝑘 is the number of neigh-
bours selected for the analysis, and 𝜖𝑛 represents twice the distance 
between the 𝑛th realisation of (𝑋𝑛, 𝑋𝑚

𝑛 ) and its 𝑘th nearest neighbour, 
computed using the Chebyshev distance (maximum norm, i.e., the 
maximum distance between the scalar components). 𝑁𝑋𝑚𝑛  represents 
the number of points within a distance from 𝑋𝑚

𝑛  smaller than 𝜖𝑛2  and 
⟨⋅⟩ is the average operator. The average is taken over all the 𝑁 − 𝑚
realisations of the patterns (𝑋𝑛, 𝑋𝑚

𝑛 ) extracted from a time series of 
length 𝑁 . In our analysis, the number of neighbours was set at 𝑘 = 10, 
while the number of past components considered for the time series 
was set equal to 𝑚 = 3, according to previous works [54].

In addition, the CE was estimated using a linear parametric ap-
proach (lin). This method assumes that the observed process 𝑋 follows 
a Gaussian distribution, which is a reasonable assumption for many 
physiological processes. Under this assumption, the CE can be esti-
mated by modelling the dynamics of the process 𝑋 using an AR model 
(Eq. (5)), which expresses the current state of the process in terms of its 
past states. The AR model was identified using ordinary least squares 
method to estimate the regression parameters and the variance of the 
residuals 𝜎̂2𝑈 , from which the CE measure can be computed as [40]: 

𝐶𝐸𝑙𝑖𝑛 =
1
2
ln
(

2𝜋𝑒𝜎̂2𝑈
)

, (16)

being 𝑒 the Euler’s number. The optimal order of the AR model for 
the 𝑙𝑖𝑛 approach was determined using the Bayesian Information Crite-
rion [55].

2.7. Statistical analysis

The main aim of the analyses carried out in this work was to 
assess to what extent the various types and levels of noise affect HRV 
measures. Statistical analyses were performed on the distributions of 
time-domain, frequency-domain, and information-domain HRV indices 
computed on the RRI time series. In detail, the distribution of values 
across the 17 subjects obtained from the noise-free (reference) signal 
was compared to that computed on the noisy signal, for each type of 
noise and SNR level. The pairwise comparisons were conducted using 
the non-parametric Wilcoxon signed-rank test [56], with a significance 
threshold of 𝑝-𝑣𝑎𝑙𝑢𝑒 < 0.05.

Moreover, since reliance on statistical tests alone is often considered 
not enough for assessing the reliability of HRV indices derived from 
different techniques or signals [13,29,57], a correlation analysis was 
also performed to achieve a further indication of the extent of the 
agreement between the two distributions taken into account [58]. To 
this aim, the non-parametric Spearman’s rank correlation coefficient 
(R𝑠) was computed to assess the strength of the monotonic relation-
ship between the distributions of HRV measures computed from the 
noise-free and the noisy signals, with a statistical significance level 
of 𝑝-𝑣𝑎𝑙𝑢𝑒 < 0.05 [59]. In addition, the effect size between the two 
distributions has been computed, in order to provide an indication 
of the significance of observed effects that may be independent of 
the sample size [13,60]. To this purpose, the Cohen’s 𝑑 index was 
calculated as the difference between the means of the two distributions 
divided by the pooled standard deviation [61]: 
𝑑 =

𝜇1 − 𝜇2
√

(𝑛1 − 1) 𝜎21 + (𝑛2 − 1) 𝜎22

(17)
𝑛1 + 𝑛2 − 2

5 
where 𝜇, 𝜎2 and 𝑛 are the mean, the variance and the number of sam-
ples of the compared distributions (1 and 2 in the subscript, i.e. HRV 
indices from noisy and noise-free signals). Typically, the effect size is 
considered small for 𝑑 lower than 0.2, medium when around 0.5, and 
large if 𝑑 is greater than 0.8 [61].

Finally, Bland-Altman analysis was used [62] to assess the accor-
dance in terms of the differences between HRV metrics computed 
from noisy and noisy-free signals (in the y axis) plotted versus their 
average (in the x axis), estimating the bias and quantifying a measure 
of agreement as the ratio between half of the 95% confidence interval 
for the difference (i.e. 1.96 𝜎diff) and the mean of the averaged values 
(𝜇mean) [63]: 

𝑎𝑔𝑟𝑒𝑒𝑚𝑒𝑛𝑡 =
1.96 𝜎diff
𝜇mean

(18)

Higher values of this measure reflect a poorer agreement, thus evidenc-
ing a stronger influence of the noise on the HRV indices.

3. Results

Results are presented separately for time-domain (Fig.  2),
frequency-domain (Fig.  3), and information-domain indices (Fig.  4). 
The upper part of each panel shows boxplots distributions and indi-
vidual values of the given index, with an asterisk marking statistically 
significant differences (𝑝-𝑣𝑎𝑙𝑢𝑒 < 0.05) compared to the reference RRI 
time series, according to the Wilcoxon test. The lower part of each 
panel reports the Spearman’s rank correlation coefficient, highlighted 
in red if significant (𝑝-𝑣𝑎𝑙𝑢𝑒 < 0.05) and in black if not significant, 
alongside the Cohen’s 𝑑 value. The results for SNR equal to 20 dB are 
not reported because no significant differences were observed under 
any noise conditions, the Pearson correlation coefficient was always 
equal to 1 and the Cohen’s d index was 0.

Fig.  2 compares the distributions of the time-domain indices (MEAN,
SD and RMSSD) calculated over the RRI time series of the 17 subjects 
obtained from both noise-free (reference) and noise-corrupted ECG 
signals with different types of noise at various SNR levels. Overall, the 
analysis reveals that a decrease of SNR (≤1 dB) causes a reduction of 
the Spearman’s rank correlation coefficient and statistically significant 
differences of the obtained measures compared to the reference, espe-
cially for noise at lower frequencies (𝑓 ≤ 3 Hz). In detail, a statistically 
significant increase of MEAN (Fig.  2(a)), SD (Fig.  2(b)) and RMSSD 
(Fig.  2(c)) indices has been detected for a SNR of −3 dB for noise at 
frequencies of 0.01, 0.1, 0.3 and 3 Hz, with low (≤0.62) values of the 
correlation coefficient (not significant for SD and RMSSD) and large 
effect size. With regard to SD and RMSSD, this trend is also observed 
for noise at powerline frequency (i.e., 50 Hz) with medium effect 
size. Interestingly, the MEAN index remains unaffected by white noise, 
showing no statistically significant difference and a perfect correlation 
(R𝑠 = 1.00). With regard to SD and RMSSD, statistically significant 
differences are observed also for white noise and noise at 300 Hz, but 
still with a very high correlation coefficient (R𝑠 ≥ 0.88) and a medium-
small effect size (|𝑑| ≤ 0.31). When decreasing the noise intensity to 
an SNR = 1 dB, similar trends can be found, with however high and 
statistically significant values (R𝑠 > 0.80) of correlation coefficient for 
MEAN index. Moreover, almost perfect (and statistically significant) 
correlation and very low Cohen’s d values are obtained also for SD 
and RMSSD in case of 50 Hz noise. A perfect agreement (i.e., no 
statistically significant differences and R𝑠 = 1.00) between distributions 
for the MEAN index is observed at a SNR of 5 dB, while statistically 
significant differences can still be found for SD and RMSSD indices. 
When the signal quality increases (i.e., SNR = 10 dB), the distributions 
for MEAN index show an almost perfect agreement with the reference 
(R𝑠 = 1.00 and no statistically significant differences). However, for 
SD and RMSSD, sporadic statistically significant differences can still be 
observed (mainly due to some wrongly detected consecutive R-peaks) 
but the correlation coefficient is 1.00 and the effect size negligible 
(|𝑑| ≤ 0.04).
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Fig. 2. Results of time-domain HRV analysis: (a) MEAN, (b) SD and (c) RMSSD. The upper part of each panel shows boxplot distributions and individual values of the given 
index, with an asterisk marking a statistically significant difference (𝑝-𝑣𝑎𝑙𝑢𝑒 < 0.05) compared to the reference RRI time series, according to Wilcoxon test. The lower part of each 
panel reports the Spearman’s rank correlation coefficient – highlighted in red if significant (𝑝-𝑣𝑎𝑙𝑢𝑒 < 0.05) and in black if not significant – and the Cohen’s d index.
Fig. 3. Results of frequency-domain HRV analysis: (a) LF, (b) LF𝑛𝑜𝑟𝑚 and (c) LF/HF. The upper part of each panel shows boxplot distributions and individual values of the given 
index, with an asterisk marking a statistically significant difference (𝑝-𝑣𝑎𝑙𝑢𝑒 < 0.05) compared to the reference RRI time series, according to Wilcoxon test. The lower part of each 
panel reports the Spearman’s rank correlation coefficient – highlighted in red if significant (𝑝-𝑣𝑎𝑙𝑢𝑒 < 0.05) and in black if not significant – and the Cohen’s d index.
Fig.  3 illustrates the results of the frequency-domain analysis, i.e.,
the LF, LF𝑛𝑜𝑟𝑚 and LF/HF indices derived from the RRI time series of 
the 17 subjects, using both noise-free (reference) and noise-corrupted 
ECG signals across various SNR levels and noise types. Similar to the 
time-domain analysis, a decrease in SNR (≤1 dB) leads to a decline in 
the Spearman’s rank correlation coefficient and statistically significant 
differences in the measures compared to the reference, particularly for 
low-frequency noise (𝑓 ≤ 3 Hz). Specifically, at an SNR of −3 dB, 
a statistically significant increase in the LF index (Fig.  3(a)), and a 
decrease in both LF  (Fig.  3(b)) and LF/HF (Fig.  3(c)) indices have 
𝑛𝑜𝑟𝑚

6 
been observed for noise at frequencies of 0.01, 0.1, 0.3 and 3 Hz, 
with a low (≤0.37) and not significant correlation coefficient. For 
noise at 50 Hz frequency, no significant differences are found in LF, 
while LF𝑛𝑜𝑟𝑚 and LF/HF show significant variations. In these cases, the 
correlation coefficient is in the range of 0.56−0.71 and the Cohen’s 
effect size is medium. For both white noise and for noise at 300 Hz, 
no significant differences are observed in the LF index, with perfect 
agreement (R𝑠 = 0.99). Although LF𝑛𝑜𝑟𝑚 and LF/HF show statistically 
significant differences, the correlation coefficient remains very high 
(R ≥ 0.86) and the effect size is small. When the noise level is 
𝑠
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Fig. 4. Results of information-domain HRV analysis: (a) H𝑘𝑛𝑛, (b) CE𝑙𝑖𝑛 and (c) CE𝑘𝑛𝑛. The upper part of each panel shows boxplot distributions and individual values of the given 
index, with an asterisk marking a statistically significant difference (𝑝-𝑣𝑎𝑙𝑢𝑒 < 0.05) compared to the reference RRI time series, according to Wilcoxon test. The lower part of each 
panel reports the Spearman’s rank correlation coefficient – highlighted in red if significant (𝑝-𝑣𝑎𝑙𝑢𝑒 < 0.05) and in black if not significant – and the Cohen’s d index.
reduced to SNR = 1 dB similar trends are noted, while as the signal 
quality improves (i.e., SNR = 5 dB and 10 dB), perfect agreement is 
achieved for all three indices, with no significant differences and a high 
Spearman’s rank correlation coefficient (R𝑠 ≥ 0.80), except for LF𝑛𝑜𝑟𝑚, 
which exhibits some statistically significant differences, although with 
a high Spearman’s rank correlation coefficient and a small effect size.

Fig.  4 shows the results of the information-domain analysis, where 
the indices H (using the knn approach) and CE (using both lin and knn
estimators) were computed on the RRI time series from both reference 
and noise-corrupted ECG signals with different types of noise at various 
SNR levels. Similarly to previous results, a decrease in SNR (≤1 dB) 
produces a reduction in the Spearman’s rank correlation coefficient and 
statistically significant differences in the obtained measures compared 
to the reference, especially for lower frequencies noise (0.01 Hz to 
3 Hz). In particular, a statistically significant decrease in the H𝑘𝑛𝑛 index 
(Fig.  4(a)) and an increase in the CE𝑙𝑖𝑛 index (Fig.  4(c)) have been 
detected for SNR of −3 dB for noise at frequencies of 0.01, 0.1, 0.3 and 
3 Hz, with low (<0.5) and not significant Spearman’s rank correlation 
coefficient. Similar trends are also reported for CE𝑘𝑛𝑛 index (Fig.  4(b)) 
though the differences are not significant. For noise at 50 Hz, only 
CE𝑘𝑛𝑛 shows together no statistically significant variations, a moderate 
correlation (R𝑠 = 0.63) and a negligible effect size (|𝑑| = 0.05). In the 
presence of noise at 300 Hz, only H𝑘𝑛𝑛 shows no statistically significant 
variations, together with a very high correlation coefficient (R𝑠 = 0.98) 
and a small effect size. Similar trends can be found for SNR = 1 dB 
with regard to H𝑘𝑛𝑛 and CE𝑙𝑖𝑛, but in this case with also statistically 
significant differences for CE𝑘𝑛𝑛. At an SNR of 5 dB, H𝑘𝑛𝑛 shows no 
statistically significant differences across all noise conditions, but only 
in case of white noise and noise at 50 and 300 Hz the correlation 
coefficient is high (R𝑠 ≥ 0.96) and the effect size small. With regard to 
CE𝑘𝑛𝑛 and CE𝑙𝑖𝑛, even if statistically significant variations are reported 
for white noise and for noise at 50 and 300 Hz, similar remarks in terms 
of high correlation coefficients and small effect size can be made. As the 
signal quality improves to SNR = 10 dB, perfect agreement is observed 
for all indices (i.e., no statistically significant differences and R𝑠 ≥ 0.96), 
except for sporadic significant differences in CE𝑙𝑖𝑛 and CE𝑘𝑛𝑛. However, 
in all cases, correlation remains high (R𝑠 ≥ 0.97), and effect sizes are 
small (|𝑑| ≤ 0.26).
7 
Bland-Altman analysis confirms the previously described findings. 
Fig.  5 presents exemplary Bland-Altman plots for the MEAN, LF𝑛𝑜𝑟𝑚
and CE𝑘𝑛𝑛 indices in presence of 0.1 Hz noise at an SNR level of 
−3 dB, 1 dB and 5 dB, depicting the differences between metrics 
computed for each subject from noisy and noise-free signals versus 
their average. The dashed lines represent the bias, i.e., the mean of 
the differences between the HRV values, while the agreement values, 
computed according to Eq. (18), are indicated on the bottom-right of 
each panel. As reported in the figure, increasing the SNR results in a 
decrease of the bias (in absolute value) and of the agreement measure, 
hence reflecting a better agreement between metrics computed from 
noisy and noise-free signals, and thus a weaker influence of the noise.

The complete results obtained from Bland-Altman analysis are sum-
marised in Figs.  6 and 7, respectively reporting the bias and agreement 
values for all the time-, frequency- and information-domain HRV in-
dices, as a function of the SNR level. Results are graphically reported 
up to a SNR level of 10 dB, given that for SNR = 20 dB zero bias and 
agreement have been achieved. With regard to time-domain indices, 
results show that noise at an SNR of −3 dB has a strong effect on all 
HRV measures, with the exception of MEAN index in case of white noise 
or noise at 50 Hz or 300 Hz (bias lower than 2  ms and agreement 
values ≤0.02). Also SD in case of 300 Hz noise presents a very low bias 
(around 0.4  ms) and agreement of around 0.02. On the contrary, low-
frequency noise (≤3 Hz) causes the worst corruption of the indices, with 
unacceptable values of bias and agreement (bias > 370  ms for MEAN, 
>560  ms for SD, and >820  ms for RMSSD; agreement >2 in the worst 
cases). As SNR increases to 1 dB, noise effects are reduced with lower 
bias, although low-frequency noise continues to affect SD and RMSSD 
(agreement >2). The effects of white, 50 Hz, and 300 Hz noise become 
negligible also for SD index (bias < 1  ms and agreement around 0.01) 
and almost for RMSSD (bias of < 3  ms and agreement of around 0.06). 
Finally, it is important to highlight that the high bias values reported 
for very low SNR values (<1 dB) can be related to undetected R-peaks 
in noisy ECG tracks. In detail, the strong noise generates errors in 
peak detection and, in particular, missing beats that cause longer R-
R intervals, in turn producing higher MEAN, SD and RMSSD values; 
the more peaks are undetected, the more this behaviour is pronounced, 
thus leading to a systematic increase in the difference between the 
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Fig. 5. Bland-Altman plots of (a) MEAN, (b) LF𝑛𝑜𝑟𝑚 and (c) CE𝑘𝑛𝑛 indices in case of 0.1 Hz noise at an SNR level of −3 dB, 1 dB and 5 dB. Each panel shows the difference 
between noisy and noise-free index values against their averages. The horizontal dashed lines indicate the bias, while the solid lines denote the 95% limits of agreement. The 
computed agreement values are reported on the bottom-right of each panel.
Fig. 6. Bias values computed from Bland-Altman analysis as a function of the SNR level for the (a), (b), (c) time-domain, (d), (e), (f) frequency-domain, and (g), (h), (i) 
information-domain HRV indices. Each colour indicates a different type of noise.
noisy and noise-free indices. At 5 dB, MEAN shows a perfect agreement 
(no bias and agreement index almost null), while SD and RMSSD are 
still affected by low-frequency noise. At 10 dB, all time-domain indices 
show excellent agreement with the reference, with near-zero bias and 
agreement values, regardless of noise type.

Similar remarks apply to the Bland-Altman analysis performed on 
frequency-domain indices, which confirm also in this case the previous 
findings. Overall, for low SNR values the frequency-domain indices 
8 
present a poorer agreement if compared to time-domain metrics. In 
detail, at an SNR of −3 dB noise produces an unrecoverable degradation 
of all the indices, except for LF and LF𝑛𝑜𝑟𝑚 for noise at 300 Hz (with bias 
respectively of around 1 ms2 and −1% with agreement ≤0.05). At an 
SNR of 1 dB, frequency-domain indices are still completely unreliable 
in case of low-frequency noise. On the contrary, white and ≥50 Hz 
noise cause an almost negligible decrease of reliability of LF and LF𝑛𝑜𝑟𝑚
(with bias respectively of around ±5 ms2 and −1% with agreement 
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Fig. 7. Agreement values computed from Bland-Altman analysis as a function of the SNR level for the (a), (b), (c) time-domain, (d), (e), (f) frequency-domain, and (g), (h), (i) 
information-domain HRV indices. Each colour indicates a different type of noise.
≤0.05). Similar remarks can be made for SNR = 5 dB, with an overall 
decrease of bias and an overall better agreement. Increasing the SNR 
to 10 dB, all frequency-domain indices show highly reliable behaviour 
with negligible bias for all noise types.

The Bland-Altman analysis performed on information-domain HRV 
indices again confirms the previous results. A noise at a SNR of −3 dB 
produces an unrecoverable degradation of all the indices, apart from 
H𝑘𝑛𝑛 only in case of 300 Hz noise (bias of around 0.004 nats and 
agreement of 0.01). At 1 dB SNR, noise effects remain noteworthy 
in terms of bias and agreement, with only H𝑘𝑛𝑛 exhibiting robust 
performance under white, 50 Hz and 300 Hz noise (bias < 0.006 nats, 
agreement < 0.02). At 5 dB, the influence of noise decreases further, 
although the values of bias and agreement remain quite high for CE 
indices. Finally, at 10 dB SNR, noise has a negligible influence across all 
information-domain indices, with bias values lower than 0.03 nats and 
agreement ≤0.08 for H𝑘𝑛𝑛 and CE𝑘𝑛𝑛; CE values estimated with linear 
approach exhibit a worse performance with higher bias if compared to 
model-free method.

4. Discussion

The aim of this study was to comprehensively assess to what extent 
different types of electrocardiographic noise at various SNR levels 
influence the reliability of ultra-short term indices of HRV measured 
in the time, frequency and information domains, using statistical tests, 
correlation analysis, Cohen’s d effect size and Bland-Altman method. 
In general, it is important to emphasise that the presence of statisti-
cally significant differences between noise-free and noisy distributions, 
9 
complemented by high correlation coefficient and small effect size hints 
that the influence of noise may not have a critical impact on the validity 
of the metrics. Bland-Altman analysis allows to add further information, 
evidencing as well the bias and the level of agreement between the 
distributions.

Our results evidence that a minimum SNR level of 10 dB is needed 
to obtain reliable HRV estimates, as it ensures near-zero bias and agree-
ment values for all indices, whatever is the frequency of the noise. This 
finding is supported by statistical tests, correlation analysis (Spearman’s 
coefficients always higher than 0.96) and small effect sizes according to 
Cohen’s d. Reducing the SNR level to 5 dB already causes a worse agree-
ment for most indices, even if a reliable estimation of MEAN, LF/HF 
and CE𝑘𝑛𝑛 is still feasible, given the correlation values higher than 0.80 
and the small effect size for most noise types. For the other indices, 
instead, lower correlation values, medium effect sizes, and higher bias 
have been observed for noise overlapping to cardiovascular frequencies 
(≤3 Hz). These finding suggest that caution should be exercised when 
computing HRV measures on cardiovascular time series affected by 
noise around 0.1–10 Hz and in case of pathological conditions such 
as atrial fibrillation that alter the normal heart rhythm [44].

Reducing the SNR level to ≤1 dB causes not only an overall 
worsening of the reliability of the computed indices, but also a strongly 
frequency-dependent behaviour. In particular, low-frequency noise
(i.e., 0.01, 0.1, 0.3, and 3 Hz) resulted in a strong decrease in corre-
lation (R𝑠 ≤ 0.8) and increase in agreement value (often even ≥ 1) 
for all the indices taken into account, except for the MEAN index that 
still maintains an acceptable reliability for an SNR equal to 1 dB. 
This behaviour at low frequencies is somewhat expected, given the 
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overlap of the noise with physiological mechanisms operating within 
these frequency ranges, e.g., baroreflex within LF band [64,65] or 
respiration within HF band, heartbeat around 1 Hz (or few hertz in 
case of arrhythmias like atrial fibrillation [44]).

Powerline noise (i.e., 50 Hz), representing the most common type 
of disturbance in ECG signals, caused a strong reduction of reliability 
for a SNR of −3 dB, causing correlation indices lower than 0.7 and 
poor agreement values according to Bland-Altman (often even ≥ 1) 
for all HRV indices except for the MEAN. These remarks evidence 
that even in case of a very strong noise level, the powerline noise 
does not irremediably alter the validity of the MEAN index (com-
monly considered the basic cardiovascular measure and widely used 
to compute the heart rhythm). At higher SNR levels (1 and 5 dB) for 
50 Hz, the correlation with the reference signals remained above 0.90, 
suggesting that the overall information contained in the ECG signal 
remains largely unchanged in case of powerline noise, even if LF/HF 
and CE measures seem to be more strongly affected according to Bland-
Altman analysis. It is worth underlying that this is valid when using 
robust peak detection methods, as the Pan-Tompkins algorithm [47] in 
this work. Moreover, this type of noise can be filtered more easily than 
low-frequency noise, whose band overlaps with that of the signal of 
interest.

Our results evidence that muscle-like noise (at higher frequencies, 
≥300 Hz) did not alter the reliability of most HRV indices even for 
the worst cases of SNR ≤1 dB, with a very high correlation compared 
to the noise-free measures, as also confirmed by the Bland-Altman 
analysis. These finding suggest that high-frequency noise has a rel-
atively minor effect on HRV measures computed from ECG signals. 
This is important for practical applications, since muscular noise can 
be acquired together with useful ECG signal, but being its frequency 
band much higher and farther away from that of the QRS complex, 
the effect can be neglected and its filtering is easier as well. Similarly, 
also white noise has a relatively minor effect on HRV features even for 
very low SNR levels (≤1 dB), even if the impact seems to be overall 
a bit stronger than high-frequency noise, evidenced by slightly lower 
correlation values and higher agreement index according to Bland-
Altman analysis. Nonetheless, although white noise is more difficult 
to be filtered because its spectrum also overlaps with that of the QRS 
complex, its effect does not appear to irremediably affect the HRV 
indices, again when a robust peak detection algorithm is exploited.

It is worth noting that noise has a noticeable effect for entropy 
measures also at 5 dB SNR, with lower correlation coefficients and 
higher effect sizes, especially in case of linear estimator, suggesting 
that information-theoretic measures are more affected than time- and 
frequency-domain indices. Nonetheless, the model-free knn estimator 
appears to offer greater robustness to noise. Moreover, our results 
confirm previous findings showing that CE𝑙𝑖𝑛 tends to overestimate the 
results if compared to CE𝑘𝑛𝑛. This behaviour has been observed in previ-
ous studies using cardiovascular data similar to those considered in this 
work [13], as well as in theoretical simulations [54]. The reasons for 
such a difference are difficult to explain and may be related to several 
factors. The model-free knn method has the advantage of capturing non-
linear mechanisms commonly occurring in cardiovascular dynamics, 
which are instead neglected by linear model-based approaches. How-
ever, the underestimation observed with knn can be attributed to the 
presence of local non-linearities and/or non-stationarities, whereas it 
is not possible to exclude as well the effect of a bias in the non-linear 
measures obtained using the knn estimator, due to the difficulty of 
working on high-dimensional spaces [66].

A limitation of this study consists in the use of fixed custom thresh-
olds for the R-peak detection algorithm, as described in Section 2.3. 
This has been done on purpose to allow a direct comparison of the 
results among different noise types and levels. Nonetheless, better 
results could be obtained using adaptive thresholds for the span of 
the moving window, for the minimum peak prominence and for the 
minimum temporal distance between consecutive peaks (required also 
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for correctly detecting peaks in case of ectopic/missing beats or very 
irregular cardiac rhythm). Although the Pan-Tompkins algorithm has 
been applied in this study thanks to its widespread use and simplicity 
(especially in the implemented simplified version), it is worth under-
lining that alternative peak detection algorithms (such as the Ensemble 
Empirical Mode Decomposition [67]) may provide even greater robust-
ness in noisy environments and should be taken into account in future 
studies. Moreover, it is important to point out that, although the present 
study used ECG signals artificially contaminated by continuous noise 
with SNR levels even lower than 5 dB, this methodological choice may 
not fully reflect the typical conditions of wearable devices, where noise 
is usually transient and movement-related. However, this simulation 
allowed us to explore the robustness of HRV indices by analysing 
possible worst-case scenarios.

Finally, it should be noted that the comparison of the results of 
this study with those reported in the literature is not feasible given the 
lack of works evaluating the effect of different types of noise on HRV 
indices. Nonetheless, our results are in agreement with previous works 
reporting the negative effect of white and/or pink noise on the quality 
of ECG signal or on HRV features [9,32,33], even if a direct comparison 
cannot be carried out given the use of different time series length 
and study protocols. The analysis conducted in our work comparing 
noise at different frequencies is able to provide further insights on 
the magnitude of the distorting effects on cardiovascular variability 
metrics.

5. Conclusion

This study investigated on the effect of different types and levels 
of ECG noise on conventional and entropy-based ultra-short term HRV 
measures. Our results evidenced that low-frequency noise (below 3 Hz) 
with a SNR lower or equal to 5 dB has a significant negative impact 
on the reliability of HRV indices, while the effect of white and higher-
frequency noise (powerline and 300 Hz) is minor when using robust 
peak detection algorithms. Moreover, complexity measures (especially 
when computed through linear-based approaches) appear to be more 
strongly affected than time- and frequency-domain indices at higher 
SNR levels.

Overall, a SNR of 10 dB has been demonstrated to be enough to 
guarantee a very good reliability with respect to noise-free reference as 
confirmed by statistical tests, correlation analysis, Cohen’s d effect size, 
and Bland-Altman method. These findings are important for improving 
the reliability of HRV analysis in real-world applications when using 
wearable devices for continuous health monitoring during daily-life 
activities or especially in noisy or extreme environments.

Although the obtained results are robust, it is important to note that 
the analysis took into account a relatively small number of subjects, 
which may limit the generalisability of the conclusions. Moreover, 
since multiple types of noise are often simultaneously present during 
ECG signal acquisition, future research should explore the effects of 
more complex noise patterns (e.g., within different frequency ranges) 
in order to provide a more thorough understanding of the challenges 
faced in daily-life monitoring. Finally, it would be important to carry 
out the same analyses on pulse rate variability indices computed from 
PPG signals [15,17,29], given that wearable devices usually rely on 
photoplethysmographic technique being easier and less expensive than 
ECG, although being more prone to movement artifacts.

CRediT authorship contribution statement

Anna Raimondi: Writing – original draft, Visualization, Software, 
Investigation, Formal analysis. Alessandro Busacca: Writing – review 
& editing, Resources, Investigation, Funding acquisition, Data curation. 
Giuseppe Costantino Giaconia: Writing – review & editing, Inves-
tigation, Funding acquisition. Yuri Antonacci: Writing – review & 



A. Raimondi et al. Computers in Biology and Medicine 196 (2025) 110803 
editing, Investigation, Data curation. Salvatore Stivala: Writing – re-
view & editing, Validation, Investigation. Luca Faes: Writing – review 
& editing, Supervision, Software, Methodology, Funding acquisition, 
Conceptualization. Riccardo Pernice: Writing – review & editing, Su-
pervision, Software, Methodology, Investigation, Funding acquisition, 
Conceptualization.

Ethics statement

The study was conducted in accordance with the declaration of 
Helsinki and was approved by the Bioethics Committee of the Univer-
sity of Palermo (ref. no. 125/2023). Informed consent was obtained 
from all subjects involved in the study.

Declaration of competing interest

The authors declare that they have no known competing finan-
cial interests or personal relationships that could have appeared to 
influence the work reported in this paper.

Acknowledgements

This research was funded by European Union under the Italian Na-
tional Recovery and Resilience Plan (NRRP) of NextGenerationEU: part-
nership on ‘‘Telecommunications of the Future’’ (PE00000001-program 
‘‘RESTART’’), projects S10 - SEXTET, CUP E63C22002070006, and by 
SiciliAn MicronanOTecH Research And Innovation CEnter ‘‘SAMOTH-
RACE’’, Italy (MUR, PNRR-M4C2, ECS 00000022), spoke 3 - Università 
degli Studi di Palermo ‘‘S2-COMMs - Micro and Nanotechnologies for 
Smart & Sustainable Communities’’.

Appendix

A.1. Autoregressive model

In this section, we describe the procedure to derive the autoregres-
sive (AR) model coefficients in terms of its pole locations starting from 
the parametric representation of the process. Let us consider a generic 
zero-mean scalar random process 𝑋 with variance 𝜎2𝑋 and identify the 
following AR model [68]: 

𝑋𝑛 =
𝑝
∑

𝑚=1
𝑎𝑚𝑋𝑛−𝑚 + 𝑈𝑛, (A.1.1)

where 𝑝 denotes the model order, defining the maximum lag used to 
quantify interactions, 𝑋𝑛 represents the present state of the process 𝑋, 
𝑎𝑚 are the AR model coefficients relating the present with the past 
of the process at lag 𝑚, and 𝑈𝑛 is a zero-mean white process, i.e., a 
process composed by independent and identically distributed variables 
with variance 𝜎2𝑈 .

The AR model can be suitably represented in the 𝑧-domain. To this 
end, the 𝑧-transform of Eq. (A.1.1) is computed to obtain: 

𝑋(𝑧) =

(

1 −
𝑝
∑

𝑚=1
𝑎𝑚𝑧

−𝑚

)−1

𝑈 (𝑧) = 𝐴(𝑧)−1𝑈 (𝑧), (A.1.2)

where 𝑋(𝑧) and 𝑈 (𝑧) are the 𝑧-transform of 𝑋𝑛 and 𝑈𝑛, respectively, and 
𝐴(𝑧) = 1−

∑𝑝
𝑚=1 𝑎𝑚𝑧

−𝑚 is the characteristic polynomial, with 𝑧 = 𝑒𝑗2𝜋
𝑓
𝑓𝑠

and 𝑗 =
√

−1, being 𝑓𝑠 the sampling frequency of the process.
Considering an AR process of order 𝑝 = 2, the characteristic 

polynomial is: 
𝐴(𝑧) = 1 − 𝑎1𝑧−1 − 𝑎2𝑧−2. (A.1.3)

An AR process of order 𝑝 = 2 is simulated by placing two complex-
conjugate poles (i.e., the roots of the characteristic polynomial) at 
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𝑧1, 𝑧2 = 𝜌𝑒±𝑗2𝜋𝑓 , where 𝜌 is the modulus and ±2𝜋𝑓 is the phase. 
Factoring the polynomial in terms of its roots gives: 
𝐴(𝑧) = (1 − 𝑧1𝑧−1)(1 − 𝑧2𝑧−1) = 1 − (𝑧1 + 𝑧2)𝑧−1 + 𝑧1𝑧2𝑧−2. (A.1.4)

Comparing Eq.  (A.1.4) with the original form in Eq.  (A.1.3), the AR 
coefficients can be directly identified: 
𝑎1 = 𝑧1 + 𝑧2 = 𝜌𝑒𝑗2𝜋𝑓 + 𝜌𝑒−𝑗2𝜋𝑓 = 2𝜌 cos(2𝜋𝑓 ), (A.1.5)

𝑎2 = −𝑧1𝑧2 = −𝜌2𝑒𝑗2𝜋𝑓 𝑒−𝑗2𝜋𝑓 = −𝜌2. (A.1.6)

A.2. Spectral factorisation

In this section, we explain how spectral factorisation can be used 
to obtain the PSD of the resulting stochastic process, and how this 
frequency-domain representation can be integrated to recover the total 
power of the process.

Starting from the 𝑧-domain representation of the AR model in
Eq.  (A.1.2), and recalling the definition of the transfer function for a 
linear time-invariant system, the transfer function is given by: 

𝐻(𝑧) = 1
𝐴(𝑧)

. (A.2.1)

Computing 𝐻(𝑧) on the unit circle in the complex plane - i.e., by setting 
𝑧 = 𝑒𝑗𝛺, where 𝛺 = 2𝜋𝑓

𝑓𝑠
 is the normalised angular frequency ranging 

in 𝛺 ∈ [−𝜋, 𝜋] - and exploiting spectral factorisation, it is possible to 
derive the power spectral density of the stationary random process 𝑋: 

𝑃𝑋 (𝛺) = |

|

|

𝐻(𝛺)||
|

2
𝜎2𝑈 . (A.2.2)

Finally, exploiting the spectral integration property, which guarantees 
that the observation of a given spectral measure extended over the 
entire frequency range leads it back to the corresponding time-domain 
measure, it is possible to obtain: 

𝑃X = 1
𝜋 ∫

𝜋

0
𝑃X(𝛺) 𝑑𝛺 =

𝜎2𝑈
𝜋 ∫

𝜋

0

|

|

|

𝐻(𝛺)||
|

2
𝑑𝛺 (A.2.3)
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