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Abstract— Тhe paper presents tools for analyzing cardiac data 

using heart rate variability methods. Linear and non-linear methods 

are presented for the analysis of heart rate variability, which is a 

dynamic, non-stationary variable. Analysis of heart rate with 

mathematical methods is a topical issue. Electrocardiography and 

long-term Holter recordings have established themselves as non-

invasive medical assessment methods cardiovascular activity. In the 

time domain, the parameters established in practice are defined. 

Spectral analysis of heart rate variability makes it possible to 

evaluate the work of the heart and evaluate its status in the coming 

days. Spectral analysis is usually performed in three frequency 

bands and can to be done with different mathematical methods. 

Analyzes were performed on real long-term Holter files for patients 

with proven heart disease diagnosed by a cardiologist and for 

persons without cardiovascular problems. The presented numerical 

and graphical results were obtained using of the software program 

in a Visual Studio environment. Comparative analyzes showed 

differences in the frequency studied parameters between heart 

disease patients and healthy individuals. The studies carried out and 

the obtained results may be useful in the clinical practice of 

cardiologists.  

Keywords — Cardiovascular diseases, ECG, heart rate 

variability, Holter, PPG.  

I. INTRODUCTION

Cardiovascular research diseases carried out in the 

past years, show a connection between the activity of 

the heart and the work of the autonomic nervous 

system [1]. The studies on the cardiovascular system 

are performed through cardio recordings, registered 

mainly in three ways: with electrocardiograph, 

photoplethysmographic device or holter [2, 3].  

Heart rate variability (HRV) represents the change 

in time of successive heart beats, and this 

phenomenon is closely related to the regulation of the 

autonomic nervous system. Scientific research [4, 5] 

shows a close relationship between cardiovascular 

disease and the interaction between the sympathetic 

and parasympathetic nervous systems. Thus, heart 

rate variability is formed over time as an indicator [6] 

of the health of the human body. 

HRV is also beginning to be used in clinical 

practice as research shows that a number of disease 

states depend on changes in the intervals between 

heartbeats [7-9]. 

The work of various researchers over the years has 

proven increased incidence of both total mortality 

and cardiac events occurred as in apparently healthy 

middle-aged and elderly people; which have reduced 

heart rate variability. Decreased HRV is a reflection 

of increased sympathetic activity [10]. Decreased 

parasympathetic or sympathetic tone overstimulation 

leads to a decrease in HRV and lowers the threshold 

for the origin of different type’s arrhythmias, some 

of which can be life-threatening [11]. 

In the scientific literature, there is evidence of a 

relationship between the tendency to have lethal 

arrhythmias and increased sympathetic or decreased 

vagal activity. 

This leads to increased development efforts 

quantitative markers of autonomic activity. HRV has 

the potential to deliver additional insight into the 

conditions induced from impaired cardiovascular 

activity [1]. Heart rate variability today is one of the 

markers of autonomous activity. HRV can be 

described such as variations of RR intervals and 

instantaneous heart rate [12]. The basis for heart rate 

variability as a measure of autonomic modulation is 

that the parasympathetic branch of the autonomic 

nervous system (ANS) has a very rapid tissue 

response and rapid recovery from neural stimulation, 

allowing high frequency of neural activity. The 

sympathetic nervous system (SNS) has a low 

frequency of nervous activity, as there is a very slow 

onset of tissue reaction and recovery from nerve 

stimulation. Primarily the parasympathetic control of 

the heart results in large variations in heart rate due 

to the rapid onset and restoration of the 

parasympathetic system. 
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II. STATISTICAL PARAMETERS IN THE TIME 

DOMAIN 

 

Methods for measuring autonomic activity in the 

time domain are the simplest to implement. In these 

methods, determines the heart rate at any point in 

time, the intervals  between them separate 

consecutive heartbeats are determined. In a 

continuous electrocardiographic  (ECG) recording, 

each QRS (Q, R, S - main points in the 

electrocardiogram) complex is detected as well. In 

this way, the time series of RR intervals is created. 

Then the so-called normal-to-normal (NN) 

intervals (ie, all intervals between adjacent QRS 

complexes resulting from the depolarization of the 

sinus node).  The current heart rate is also 

determined. 

In this paper the following Statistical parameters 

were studied [1, 13]: 

- SDNN [ms] – Standard deviation of the 

average duration of all NN; reflects the 

overall variability: 

        𝑆𝐷𝑁𝑁 = √
1

𝑁
∑ (𝑅𝑅𝑖 − 𝑅𝑅̅̅ ̅̅ )𝑁

𝑖=1                   (1) 

- SDANN [ms] –  Standard deviation of the 

average NN in the blocks of five min data, to 

which the series is divided: 

       𝑆𝐷𝐴𝑁𝑁 = √
1

𝑁
∑ (𝑅𝑅𝑖

̅̅ ̅̅ ̅ − 𝑅𝑅̿̿ ̿̿ )2𝑁
𝑖=1                (2) 

- SDNN index [ms] – Average of all NN for 

the blocks of 5 min data of the whole record: 

      𝑆𝐷𝑁𝑁𝑖𝑛𝑑𝑒𝑥 =
1

𝑁
∑ 𝑆𝐷𝑁𝑁𝑖

𝑁
𝑖=𝑁                     (3)  

- RMSSD [ms] – The standard deviation of the 

intervals between successive heartbeats; 

reflects the activity of parasympathetic: 

          𝑅𝑀𝑆𝑆𝐷 = √
1

𝑁−1
∑ (𝑅𝑅𝑖+1 − 𝑅𝑅𝑖

̅̅ ̅̅ ̅)2𝑁−1
𝑖=1      (4) 

- NN50 [-] – The number of adjacent pairs of 

normal-to-normal intervals  with a difference 

of more than fifty milliseconds, across the 

record: 

         𝑁𝑁50 = ∑ {|𝑅𝑅𝑖+1 − 𝑅𝑅𝑖| > 50𝑚𝑠}𝑁
𝑖=1   (5) 

- pNN50 [%] – NN50 divided by the number 

of normal intervals: 

         𝑝𝑁𝑁50 =
𝑁𝑁50

𝑁
. 100                                    (6) 

- SDSD [ms] – Standard deviation of 

differences between adjacent N-N intervals: 

                𝑆𝐷𝑆𝐷 =

             √
1

𝑁−1
∑ (|𝑅𝑅𝑖 − 𝑅𝑅𝑖+1| − 𝑅𝑅𝑑𝑖𝑓̅̅ ̅̅ ̅̅ ̅̅ )

2𝑁−1
𝑖=1                                                

   Where: 

N- count of all intervals in the segment;   

RR =
1

N
∑ RRi

N
i=1   - average of all RR intervals, 

- average of RR intervals in the segment, 

RR =
1

M
∑ RRi  

M
i=1 - mean of all mean RR 

intervals in all 5 min segments (M per count), 

 

                 (7) 
  

III.  PARAMETERS IN THE FREQUENCY 

DOMAIN 

 

Spectral methods measure the variation of signal 

power as a function of frequency. The classic method 

in the frequency domain is the calculation of the 

Discrete Fourier Transform and Fast Fourier 

Transform applied to the interval time series. This 

gives an expression of the amount of variation in the 

individual frequency bands. 

In this study, the global wavelet spectrum is 

determined for the following three frequency ranges:  

- VLF (Very Low Frequency) – from 0.0033 to 

0.04 Hz; 

- LF (Low Frequency) – from 0.04 Hz to 0.15 

Hz; 

- HF (High Frequency) – from 0.15 Hz to 0.4 

Hz.  

Determination in these areas is done using the 

following dependencies [14]: 

Е𝑉𝐿𝐹 = 𝐸𝑤(6) + 𝐸𝑤𝑡(7);                              (8) 

Е𝐿𝐹 = 𝐸𝑤(5) + 𝐸𝑤𝑡(4);                                (9) 

Е𝐻𝐹 = 𝐸𝑤(1) + 𝐸𝑤𝑡(2) + 𝐸𝑤𝑡(3).             (10) 

Where: 

Е𝑤(𝑖) - the spectral wavelet energy at the i-th level 

of Decomposition. 
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IV. NON-LINEAR PARAMETERS 

 

Poincaré plot analysis [15, 16] is a non-linear 

geometric name for assessing HRV dynamics. This 

method draws a diagram in which each RR interval 

is plotted as a function of the previous RR interval. 

The values of each pair of consecutive RR intervals 

define a point on the diagram. Through this graphical 

tool, the RR time series can be visualized in a two-

dimensional coordinate system. As the main 

indicators, the minor (SD1) and major axis (SD2) of 

the formed ellipse [15] is widely used to evaluate the 

morphology of the time series, which two axes 

represent the short-term and long-term HRV, 

respectively.  

In the present study, the classical form of the 

Poincaré graph is drawn and the two axes of the 

resulting ellipse are determined. 

The graph provides summary information as well as 

detailed information about the behavior of the heart. 

Previous studies have focused on the change in the 

spectral components of HRV during the onset of 

illness. However, the Poincaré plot of HRV and the 

possible effects of different events have not been 

well studied. Using Poincaré plot analysis may be a 

better way to monitor the dynamic change of 

autonomic nervous system  and its impact on cardiac 

activity. 

V. RESULTS AND ANALYSIS 

The presented tabular results are obtained as a 

result of a purpose-built C++ program in Microsoft 

Visual Studio environment. 

The studies  were made on HRV time series 

derived from real cardio data. The type of RR 

intervals of a studied patient with cardiovascular 

disease is shown in Fig. 1. The graph shows 16 hours 

and 40 minutes of continuous record registrated with 

Holter monitoring. Almost throughout the recording 

time, the variability of adjacent intervals is not large, 

and cardiac variability parameters have average 

values. 

 

 
 

Fig. 1. RR intervals 

 

Figure 2 shows the results obtained in the time 

domain and is the result of the action of the created 

demonstrative program (one of its result fields). 

 

 
 

Fig. 2. Time domain 

 

Table 1 presents the results of studies of records of 

healthy people (N=12) and people with 

cardiovascular problems (diagnosed with past 

syncope, N=12). A T-test was performed to 

determine the significance of the obtained results. 

Significant significance of the results is accepted at 

values of the parameter p-value<0.05. 

 

Table 1. Results time domain 

 
Parameter Heathy 

mean±sd 

Syncope 

mean±sd 

 

p-value 

 

Mean RR (ms) 838.82 ±142 882.73±65 NS 

SDNN 

 (ms) 

138.1±61 82.44±25 <0.01 

SDANN (ms) 144.66±53 61.99±33 <0.0001 

SDNN index 

(ms) 

52.33±22 32.8±13 <0.05 

RMSSD (ms) 24.12±46 12.68±7 <0.05 

pNN50 5.7±1.02 6.4±1.01 NS 

SDSD 16.08±2.1 18.09±3.2 NS 

 

The determined parameters in the time domain and 

the calculated p-values indicate that the parameters 
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SDNN, SDANN, SDNN index, RMSSD are 

statistically significant (P-value<0.05). For example, 

SDNN has a mean value of 144ms in healthy subjects 

versus only a 61ms mean value in syncope subjects 

(P-value <0.0001). 

The spectral parameters in the frequency domain 

are calculated for a 5 minute segment of the data (in 

accordance with the recommendations of the 

European Cardiology and Northern American 

Electrophysiological Society [1]). 

Wavelet analysis of heart rate variability by 

discrete wavelet transformation is performed by 

frequency ranges. The wavelet energies were 

calculated the coefficients by decomposition levels, 

according to the wavelet determination rule energy 

spectrum defined as the sum of the squares of the 

positive values of the corresponding wavelet 

coefficients. The calculated energy by levels of 

decomposition of a record from a real database (with 

cardiovascular disease) is shown in Table 2. The 

performed analysis reports the highest spectral 

energy at level three and level four, in these levels 

the QRS complex is most strongly reflected, which 

has the highest amplitude at the R peak. 

 

 Table 2. Energy by decomposition levels 

 
Level of decomposition Spectral energy (𝒎𝒔𝟐) 

1 0.112 

2 18.77 

3 64.12 

4 32.24 

5 11.45 

6 8.99 

7 14.04 

 

The calculated energy values in the three 

frequency ranges for the two studied groups are 

given in Table 3. The obtained results are presented 

as an average value ± standard deviation (sd). The 

energy in the individual ranges in is presented 

absolute values (𝑚𝑠2), in percentages (of the total) 

and in normal units (n.u.), which represent the 

relative value of each energy component to the total 

spectral energy minus the value of the VLF 

component. The ratio was also calculated LF/HF, 

giving information about the sympathovagal balance 

in the body. 

The studies done in the frequency domain show 

increased values of the spectrum of the studied signal 

in the very low frequencies in the recordings made 

with Holter of heart disease patients. In the low-

frequency and high-frequency regions, the opposite 

trend is observed: decreased levels of the signal 

Power spectrum in both investigated regions in 

patients with cardiovascular diseases. These 

differences are observed both for the measured signal 

Power spectrum in absolute units and in percentages 

and in normalized units. For example, the signal 

power in a healthy person averaged 1286 ms for the 

LF region versus 648 ms in a person with heart 

disease; in the high-frequency region absolute 

spectral power   812 ms2 versus 622 ms2 mean 

value of absolute spectral power in human syncope. 

In general, the following conclusion is imposed: 

the indicators of heart rate variability in the low-

frequency and high-frequency region are decreased 

in the studied ECG records of people with 

cardiovascular diseases compared to healthy people. 

 

Table 3. Energy by frequency ranges. 

 
Parameters Healthy 

N=8 

Heart Disease 

N=8 

P value 

VLF 

 

Max freq. 0.02 0.02 NS 

Power (𝑚𝑠2) 1438± 

304.22 

2031±876.73 NS 

Power 

 (%) 

0.41± 0.03 0.61± 0.02 <0.05 

LF 

 

Max freq. 0.08 0.08 NS 

Power (𝑚𝑠2) 1286.48± 

102.73 

648.22±36.91 <0.05 

Power 

 (%) 

0.36±0.02 0.20±0.01 <0.05 

Power 

 (nu) 

0.61±0.06 0.51±0.01 <0.05 

HF 

 

Max freq. 0.25 0.25 NS 

Power (𝑚𝑠2) 812.33± 

104.06 

622.73±103.88 <0.05 

Power 

 (%) 

0.23±0.02 0.19±0.02 NS 

Power 

 (nu) 

0.39±0.08 0.49±0.02 <0.05 

LF/HF 1.58±0.01 1.04±0.03 <0.05 
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In Fig. 3. the standard Poincaré plot for an 

individual diagnosed with syncope is shown. SD1 

and SD2 are the minor axes and the major axes of the 

fitted ellipse. The defined parameters for this record 

are SD1=22.9 ms and SD2=145.2 ms. The graph has 

an irregular shape, which indicates the irregular 

nature of the studied time series. From the 

determined values for SD1 and SD2, it can be 

concluded that the studied record has low short-term 

HR variability and relatively high long-term HR 

variability. 

 

 
 

Fig. 3. Poincaré plot 

 

VI. CONCLUSION 

 

The article presents linear and non-linear 

algorithms for the analysis of cardiac data, estimating 

heart rate variability. Analyzes were performed on 

real continuous Holter recordings which are non-

invasive methods of assessing heart activity. The 

presented methods are complete analysis in the time 

and frequency domain and determine evaluation 

parameters. The analyzes are performed on records 

for patients with heart disease diagnosed by 

cardiologist and for people without cardiovascular 

disease. The presented numerical and graphical 

results were obtained using the software program in 

a visual studio environment. 

Comparative analyzes show differences in the 

studied frequency parameters between patients with 

heart disease and healthy individuals. The research 

conducted and the obtained results can be used to 

improve clinical practice of cardiologists.  

ACKNOWLEDGMENTS  

The study was carried out as part of a scientific 

project “Research on the application of new 

mathematical methods for the analysis of cardiac 

data” financed by the Bulgarian National Science 

Fund, Grant No. KP-06-N22/5, 7 December 2018. 

REFERENCES 

[1] Malik, M. 1996. 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. 

Annals of Noninvasive Electrocardiology, vol.1(2). 

[2] Gospodinova, E., 2020, Application of Methods from 

Nonlinear Dynamics for Heart Rate Variability Analysis. In 

processing: Scientific conference with international 

participation STEMEDU-2020, Veliko Tarnovo, pp. 28-35. (in 

Bulgarian)  

[3] Todorov T., Bogdanova G., Noev N., Sabev N. 2019. Data 

management in a Holter Monitoring System, TEM Journal, 

8(3), 801-805. 

[4] Mali, B., S. Zulj, R. Magjarevic, D. Miklavcic, T. Jarm. 

Matlabbased tool for ECG and HRV analysis.  Biomedical 

Signal Processing and Control, 10, 2014, 108-116. 

 [5] Pham, T. D. 2018. Pattern analysis and classification of 

blood oxygen saturation signals with nonlinear dynamics 

features, in Proceedings of the 2018 IEEE EMBS International 

Conference on Biomedical & Health Informatics (BHI) (Las 

Vegas, NV: IEEE), 112–115. doi: 10.1109/BHI.2018.8333382 

[6] Bhogal, A. S., De Rui, M., Pavanello, D., El-Azizi, I., 

Rowshan, S., Amodio, P., et al. (2018). Which heart rate 

variability index is an independent predictor of mortality in 

cirrhosis. Dig. Liver Dis. doi: 10.1016/j.dld.2018.09.011 [Epub 

ahead of print]. 

[7] E. H. Hon and S. T. Lee, Electronic evaluation of the fetal 

heart rate patterns preceding fetal death, further observations, 

American Journal of Obstetrics and Gynecology, vol. 87, pp. 

814–826, 1963. 

[8] D. Escutia-Reyes, J. de Jes´us Garduño-Garc´ıa, G. 

EmilioLopez-Chavez et al., Differences in heart rate variability 

and  body composition in breast cancer survivors and women 

without cancer, Scientific Reports, vol. 11, no. 1, Article ID 

14460, 2021 



Complex 

  Control 

     Systems 
ISSN 1310-8255            Proceedings of the International Scientific Conference “Robotics & Mechatronics 2023” 

 
[9] M. C. Stoco-Oliveira, A. L. Ricci-Vitor, L. M. Vanzella et 

al. Parkinson’s disease effect on autonomic modulation: an 

analysis using geometric indices, Arquivos de Neuro-

Psiquiatria, vol. 79, no. 2, pp. 114–121, 2021. 

[10] Schuit, A. J. L G van Amelsvoort, T C Verheij, R D 

Rijneke, A C Maan, C A Swenne, E G Schouten, 1999, Exercise 

training and heart rate variability in older people, Med Sci 

Sports Exerc., 31(6):816-21 

[11] Melanson, E. L., 2000, Resting heart rate variability in men 

varying in habitual physical activity, Med Sci Sports Exerc. 

2000 Nov; 32(11):1894-901. doi: 10.1097/00005768-

200011000-00012 

[12] Tarvainen M.P., Niskanen J-P, Lipponen J.A., Ranta-aho 

P.O., Karjalainen P.A.Kubios HRV – Heart Rate Variability 

analysis software, Computer Methods and Programs in 

Biomedicine, Vol. 113, Issue 1, 2014, pp. 210-220. 

[13] Ernst, G. Heart Rate Variability. Springer-Verlag London, 

2014. 

[14] German-Sallo, Zoltan. 2014. Wavelet Transform based 

HRV Analysis. Procedia Technology. Vol. 12, 2014, Pp. 105-

111. https://doi.org/10.1016/j.protcy.2013.12.462. 

https://www.sciencedirect.com/science/article/pii/S221201731

3006476?via%3Dihub 

[15] Satti, R; Abid, Noor-Ul-Hoda; Bottaro, Matteo; De Rui, 

Michele; Garrido, Maria; Raoufy, Mohammad R.; Montagnese, 

Sara; and Mani, Ali R. The Application of the Extended 

Poincaré Plot in the Analysis of Physiological Variabilities. 

Front. Physiol., 19 Febr. 2019, Sec. Fractal Physiology, Vol.10 

– 2019, https://doi.org/10.3389/fphys.2019.00116 

[16] Wang, Bin; Liu, Dewen; Gao, Xin;  Luo, Yunlei. Three-

Dimensional Poincaré Plot Analysis for Heart Rate Variability. 

Parallel Analysis, Control, and Intelligence of Cyber-Physical-

Social Systems 2021. Vol. 2022,  Article ID 3880047, 

https://doi.org/10.1155/2022/3880047 
 

 

 

 

 

 

 

https://doi.org/10.1016/j.protcy.2013.12.462
https://www.sciencedirect.com/science/article/pii/S2212017313006476?via%3Dihub
https://www.sciencedirect.com/science/article/pii/S2212017313006476?via%3Dihub
https://doi.org/10.3389/fphys.2019.00116

