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ABSTRACT 

In the past few years, various Cardio-vascular models have been implemented to analyse muscular fatigue 
due to exercise. Heart rate variability measurement has been found to be a perfect analytical measure for 
the analysis of autonomic nervous systems. Dynamics of non-linear HRV complexity and variability can be 
analysed in case of increased exercise intensity is examined in this study and Detrended Fluctuation 
Analysis (DFA) is found to be the perfect technique to apply for this situation which deals with the correlation 
properties of the of heart rate. Twenty-two cyclists performed a simulated exercise que on a bicycle 
simulator. Correlation characters of heart rate and fractal determination of Heart Rate Variability were 
analysed using scaling of short term exponent alpha1 of Detrended Fractal Analysis (DFA). HRV complexity 
and amplitude showed a considerable decrease. Alpha1 showed a considerable increase while the cyclists 
performed gradually from rest to low exercise. These characteristics reversed completely and showed 
almost a linear decrease from higher intensities of exercise till the point of exhaustion. The quality of change 
in heart rate in case of self-organized regulation during the change from rest to low intensity exercise which 
is supported by the analysis too. While on the other end high ends dominated by the non-autonomic heart 
rate control while it reached towards the breakdown.  

Keywords— HRV, Detrended Fractal Analysis (DFA) Non-linear 

 
1. INTRODUCTION 

Numerous cardiovascular models have used HRV (Heart Rate Variability) for designing 
regulation models over a span of few years [1]. The combination of increment and 
decrement of efferent sympathetic activity and modulation of vagal raised by the 
stimulation of intense exercise is feebly portrayed by standard parameters of linear HRV 
[2,3]. Vagal transcriptions have a predominant upper hand over High HRV ad Lower heart 
rate frequency and in contrary to that heavy exercise have considerably reduced the 
activity of vagal modulation and it has been considerably accompanied by sympathetic 
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modulation until exhaustion leading to an increased heart rate. High HRV along with low 
heart rate dominates vagal changes while resting. Until total exhaustion sympathetic 
activity increase followed by a considerable reduction in vagal symptoms and it will 
continue with increase of heart rate until total exhaustion [4]. Vagal activity is continuously 
lowered with reduced activity rate. Changes in tachycardia is also seen while sympathetic 
activity is increased [5-10]. The HRV at time and frequency domain is diminished in terms 
of values and the value is lowered considerably at lower and moderate frequency levels. 
But in these linear parameters we unable to produce consistent results in near about all 
exercise levels [11,12]. Persons in good health the HRV is usually consisting oscillations 
in a quasi-periodic manner along with that the HRV also shows non uniform fluctuations, 
fractal structures are also non uniform [13]. Heavy exercise modes have also shown 
inconstancy in HRV [14-21]. The HRV parameters are not adequate enough to provide a 
deterministic approach in these complex parameters rather Non-linear analysis are robust 
enough to segregate the effects of high, moderate and low density of exercises [22]. Along 
with these more systematic and precise approach can carried out in exercise regulation 
constraints in cardiovascular regulation keeping Detrended Fluctuation Analysis in 
approach. The procedure is found to be suitable under different exercise condition. 
Advantage of the correlative properties of this method along with structural and fractal 
dimension in time series helps to depict the complexity and complexity of the different 
situations [23,24]. The method is clinically proven to be robust and effective against risk 
management and assessment can also be done on that basis showing a minute 
dependency on the heart rate signals [25-29]. In this paper we have tried to relate and 
establish new complex relations in cardiovascular regulations under different conditions 
of exercise which establishes new correlation properties of DFA and try to find its 
effectiveness over other fatigue models which are existing [30]. It also focuses on the 
effects of exercise at different intensities on a mixed group of cyclists. The intension of 
this study is to provide a brief scenario of how do the autonomic nervous systems behaves 
under moderate to high physical workout intensities.  

 

2. METHODS  

2.1 Participants 

22 cyclists were appointed within the college students from 1st year to fourth year of 
Narula Institute of Technology, Agarpara. Appointed students must fulfil a list of inclusion 
as well as eligibility criterions: The students should be non-smokers. They should over go 
an intense training for last half a year and should practice cycling for 8 hours per week. 
The primary screening process includes ECG and preparation of medical portfolio just to 
confirm that the person is free from all health problems. A consent form was duly signed 
by the students before beginning the process. A study protocol had been given to the 
R&D cell of Narula Institute of Technology which was duly approved.  
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TABLE 1 

DESCRIPTION OF THE SELECTED CANDIDATE FOR THE PROCEDURE 

Candidate 
No. 

Age Height Body 
Mass 

1 19 180.2 77.4 

2 19 182.4 78.2 

3 19 181.4 78.6 

4 20 182.6 81.3 

5 19 185.3 82.7 

6 19 185.2 84.7 

7 20 182.9 77.6 

8 20 186.1 80.2 

9 21 182.3 81.9 

10 21 184.7 82.5 

11 22 184.4 82.4 

12 21 185.2 80.6 

13 21 181.12 80.4 

14 22 180.6 82.7 

15 23 185.5 81.3 

16 23 182.3 85.9 

17 23 182.8 86.7 

18 23 186.1 75.6 

19 23 181.5 75.4 

20 23 181.9 78.6 

21 23 184.6 78.5 

22 23 182.2 78.5 

 

2.2 Study design and measurements 

The students performed a graded exercise test in a gym bicycle wired to collect data 
automatically. The performers shall perform until voluntary exhaustion. The participants 
will start with a weight of 100W and after every 30 min the weight shall be increased by 
20 units as shown in Fig1 Heart rate was monitored completely along with RR intervals 
with the help of a HR monitor. The time resolution of the monitor was set to 1ms and the 
lactate concentration of blood was monitored by a medical team with the blood sample 
taken from an earlobe [31]. The participants were asked to rate the amount of exertion 
and oxygen intake was measured by an oximeter. To be very precise in data acquisition 
we have taken the readings in every stage only in the last minute. 
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2.3 HRV data processing 

The processing of data requires a series of procedures that needs to be followed. Firstly, 
raw Heart rate variability and heart rate data are accumulated and transferred to a 
desktop. Then in the next stage we sort out the perfect way to analyse the data which 
needs to sort out the perfect artefact required for the required signal processing. The 
determination of artefacts requires a separate procedure of eliminating the data that are 
deviating from the previous one by nearly 30%. Mostly RR intervals are sorted out in this 
manner. For a deterministic approach in a more precise manner minimum error ratio is 
also considered (mostly 5%) [32,33]. Data acquired from the last minute of each stage is 
analysed with the HRV analysis technology feature available in the Kubios HRV software 
2020a version. After the analysis we have obtained the values of the time domain features 
like mean RR, Standard deviation NN or total variability, Root men square standard 
deviation all are calculated in milliseconds. Alfa 1 considered to be the short-term scaling 
exponent of Detrended Fractal Analysis (DFA). DFA can be referred to a optimal measure 
for the analysis of non-stationary time series [34].  

 
Fig 1: DFA plotting of acquired signals 

The sizes of the observation windows are different for integrated values as well as 
detrended values during the observations of RMS fluctuations which are then plotted in 
the log-log scale windows of different sizes. The relationship is window size versus 
fluctuation in logarithmic scale. In this analysis we are only plotting in short term scale 
that is within a window size of 4 to 16 beats and this measure is taken because of short 
recording time in each condition [35,36].  
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Fig 2: Regressive polynomial model of the experiment conducted 

2.4 Statistics 

The data acquired requires a statistical analysis that has to be done with the help of SPSS 
21.0 by IBM statistics while the Shapiro wilk method used to determine the major 
Gaussian distribution of data. The Levene’s test verified the variance in homogeneity. 
Repeatedly we have examined for HRV as well as HR data variation through this software 
RPE and PRE as well as oxygen intake and lactification on muscles are also enlisted with 
the increase of exercise intensity. Analysis of regression has also been done in non-linear 
domain with variable exercise intensities and a level of p<0.5 has been set as a significant 
value of regression. 

3. RESULTS 

The maximum and minimum power output from the participants’ end was measured and 
was found to be 339.2±27.3 W. The main effects of exercise intensity was seen by 
increase of Heart rate(HR), Oxygen intake(VO2), Lactification of muscles (La) RER as 
well as RPE rates (HR: F= 552.86, p = .000, eta2 = 0.966; La: F= 156.6, p = .000, eta2 = 
0.925; VO2: F= 486.9, p = .000, eta2 = 0.925; RER: F= 81.36, p = .000, eta2 = 0.798; 
RPE: F= 172.28, p = .000, eta2 = 0.816). While in the other hand complexity as well as 
amplitude also shown a consecutive decrease while there is increase in exercise intensity 
levels (meanRR: F= 326.55, p = .000, eta2 = 0.867; SDNN: F= 157.18, p = .000, eta2 = 
0.892; RMSSD: F= 5.06, p = .018, eta2 = 0.196; see Table 1). A substantial comparative 
value occurred between the values of DFA-alpha1 in resting and in intense exercise 
condition was found where the values at resting conditions are quite lower. A regressive 
polynomial model is best suited for this purpose depicted in Fig 2. This shows a dual 
phase relationship between intensity of exercise and DFA. (R2 = 0.74, F = 192.66; p = 
.000). The downfall towards a low exercise intensity after a significant increase in DFA1. 
The approximate increase is near about 1.7. But after that it has significantly decreased 
after the subject reached exhaustion. (DFA-1: (10,15) = 55.07; p = .000; eta2 = 0.748) 
depicted in Table 1, Fig 2 and Fig  3. The psychological parameter and DFA1 have much 
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negative correlations (HR: r = −0.87, p = .000; La: r = −0.79, p = .004; VO2: r = −0.87, p 
= .000; RER: r = −0.89, p = .000; RPE: r = −0.82, p = .000) while the oxygen intake sets 
on a regression fit  (R2 = 0.82, F = 601.23, p = 000) see Fig 3). The characteristics of 
total heart rate variability vs correlation properties i.e. DFA1 is shown in Fig 4. On the 
other hand, it shows the data of the RR interval of all subjects. Both of them relate to the non-

linear. 
TABLE 2 

DIFFERENT ANALYTICAL MEASURES APPLIED AT DIFFERENT LEVELS OF EXERCISE 

 

  

 

 

 

 

 

 

 

 

  At Rest 
1st 
grade 

2nd 
grade 

3rd 
grade 

4th 
grade 

5th 
grade 

6th 
grade 

7th 
grade 

8th 
grade 

9th 
grade  

Maximum 

RMSSD [ms] 
46.8 ± 
17.1 

4.7 
±2.6 

4.2 ± 1.9 
4.1 

±1.9 
3.7 

±1.6 
3.7 

±1.6 
2.5 

±1.6 
3.8 

±1.8 
4.0 

±2.0 
4.1 

±2.0 
4.5*#§ ± 1.9 

meanRR[ms] 882 ± 84 
472* 

±36 
447* ± 27 

440* ± 
44 

390* ± 
38 

387* ± 
30 

374* ± 
24 

362* ± 
22 

357* ± 
22 

350* ± 
18 

370*#§ ± 15 

RER 
0.90 ± 
0.11 

0.89 ± 0.5 
0.89 ± 
0.03 

0.96 ± 
0.07 

1.22 ± 
0.03 

1.22 ± 
0.03 

1.23 ± 
0.05 

1.26 ± 
0.04 

1.09* ± 
0.07 

1.23 ± 
0.06 

1.29*#§ ± 
0.04 

La[mmol/l] 
0.87 ± 
0.29 

0.71 ± 
0.18 

0.96 ± 
0.24 

0.89 ± 
0.24 

1.33 ± 
0.56 

1.77* ± 
0.62 

2.17* ± 
0.77 

2.97* ± 
0.92 

3.77* ± 
1.22 

5.74* ± 
1.36 

9.11*#§ ± 
2.12 

Load [W/kgBM] - 
2.29 ± 
0.24 

2.44 ± 
0.32 

2.74 ± 
0.42 

2.72 ± 
0.37 

3.29 ± 
0.32 

3.77 ± 
0.39 

3.72 ± 
0.46 

4.01 ± 
0.48 

4.22 ± 
0.48 

4.51 ± 0.62 

%MAX[%] - 
27.2 ± 

9.8 
38.6 ± 
9.7 

39.0 ± 
7.6 

51.4 ± 
7.5 

62.9 ± 
6.4 

72.3 ± 
5.3 

79.7 ± 
4.3 

79.1 ± 
3.2 

96.6 ± 
2.1 

98 

HR[bpm] 
72.8 ± 
8.4 

132.2* ± 
14.3 

142.6* 
±11.8 

142.1* ± 
12.8 

154.2* ± 
13.3 

164.6* ± 
13.1 

159.2* ± 
10.7 

172.7* ± 
9.5 

165.2* ± 
8.2 

182.7* ± 
8.4 

192.2*#§ ± 
7.1 

VO2[ml/min/kg] 
7.1 ± 

1.02 
29.1* ± 

4.1 
29.8 ± 
4.0 

37.7* ± 
6.4 

42.3* ± 
6.3 

43.6* ± 
6.9 

47.3* ± 
6.7 

50.7* ± 
7.1 

51.8* ± 
6.7 

53.8* ± 
7.2 

62.0#§ ± 7.1 

RPE[6–20] - 
9.7 ± 

3.2 
13.0* ± 
2.8 

12.9 ± 
2.8 

14.7 ± 
2.5 

15.7* ± 
2.3 

17.4* ± 
2.1 

17.3* ± 
2.1 

26.7 ± 
3.5 

21.8 ± 
1.6 

19.0*#§ ± 
1.0 

SDNN[ms] 
61.6 ± 
15.7 

6.5* ± 
3.4 

5.4* ± 3.1 
4.6 

±2.6 
3.0 

±1.1 
3.6 

±1.9 
4.3 

±0.8 
3.2 

±1.6 
3.2 

±1.8 
5.2 

±1.7 
3.4#§ ± 1.6 

DFA-1 
1.27 ± 
0.22 

2.26 ± 
0.32 

1.17 ± 
0.32 

1.02 ± 
0.36 

0.77 ± 
0.22 

0.76 ± 
0.42 

0.72 ± 
0.26 

0.47 ± 
0.12 

0.48 ± 
0.21 

0.39 ± 
0.16 

0.47#§ ± 0.07 
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Fig 3: Relative characteristics of DFA-1 with oxygen levels 

attributes of meanRR. For both Standard deviation NN and DFA1 a polynomial regression 
was found to be the best fit (R2 = 0.89, F = 876.52, p = .000) & (R2 = 0.69, F = 242.48, p 
= .000) respectively. A steep decline in the characteristics curve is seen in the Standard 
deviation NN values and both are shown by declining mean RR and inclining heart rate 
values. Along with that an asymptotic behaviour is also seen after 0.5s at heart rate 
120bpm approximately. Maximum value for DFA1 at mean RR is seen at 0.6s and that 
started decreasing at 0.5s. 
 

4. DISCUSSION 

 

Fig 4: correlation properties and stochastic nature of DFA1 and RR analysis 
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With the increase of exercise intensity levels complexity as well as variability of RR 
interval loses its time dependency. Thus, there are minute changes in Heart rate 
dynamics that can be seen during the transition from lower to higher level workouts and 
that can be observed from the values of DFA1. This observation provides us with an 
advantage over time-frequency parameters of HRV. Since the HRV parameters are 
hugely dependent  

on amplitude. In case of high intensity exercise level, it is found to be useful [37]. The 
observations are further aided by DFA1 of runners that differ in different fitness levels 
[38]. In case of durability tests or for the measurement of endurance HRV time-frequency 
analysis had been found sensitive as well as suitable [39-41]. With the increase of 
intensity levels, the Heart Rate Variability in DFA1 shows significant change in cardiac 
rhythm showing the biphasic behaviour gradually coinciding with increased HR [42]. This 
maintains a balance between the haemodynamic and rest as well as in physical stressed 
condition i.e. during intense exercise levels [43]. In this way a complex biological system 
not only avoids order but also avoids chaos as well. This is because it always wants to 
maintain a critical limit of threshold.  

Correlation properties are strongly seen in the RR interval value with the increasing 
intensity of exercise and that spiked up to 1.6 from the resting values [44,45]. This is 
relevant and consistent with other data that has been analysed at lower intensities of 
exercise and they also follow the correlation properties [28-33]. Initial HRV parameters 
are strongly responsible for such characteristic changes in RR intervals. The appearance 
of such characteristics happens at intrinsic values of heart rate [22]. Autonomic sinus 
node activity at this state is neither modulated by parasympathetic or sympathetic nervous 
systems. This is the cause which HRV correlation signal is affected by intrinsic changes 
in characteristics of cardiomyocytes [34-36]. At around 0.3 at exhaustion which increases 
with the intensity of exercise along with gradual decrement of DFA1. This shows all 
correlation properties and stochastic nature Fig 4. SDNN depicted purple colour and 
DFA1 depicted blue colour with reference to meanRR. By this method the data has been 
pooled during the whole period of resting condition to exhaustion. This relates to previous 
studies which deals with RR interval of random signals which reduces the complexity [6-
10]. Random walk model already explained the correlation models existing which relates 
to the correlation properties of heart rate [11]. Some changes are made to initiate a 
withdrawal of orgasmic systems to protect the system from homeostasis which matches 
the central autonomy systems network which produces an anatomy for CNS combining 
various types of stimuli [12-14]. Complexity of HRV linked with complex models with 
graded physical stress with a vegetative perspective. This is already shown in CGM 
(Central Governor Model) while other Cardio systems imply their focus on CC (Central 
Command) [15-21]. Thus, from this aspect we can always say that HRV analysis in 
nonlinear domain can provide new roads in research in near future. The integration 
complexity in central and peripheral nervous systems which has laminated and self-
organised information for deployment of muscles and protective measures over 
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homeostasis in orgasmic levels explained in CGM and this can be derived in details. 
Through this the RPE which is proportionally increasing with workout intensity acts as a 
feedback system as well as it acts as autonomic function during intense exercise. This 
behaves as a multi-signal system and all the cumulative data determines the regulation 
that is required during the exercise. CC and cardio mechanism cumulatively under CAN 
can introduce disturbances in the system by various physiological means [22,23]. The 
CNS continuously tries to maintain a set value fluctuating between set point and actual 
value. Due to this non-linear analysis can provide a detailed approach on both nervous 
systems in orgasmic levels. 

5. LIMITATIONS AND FUTURE DIRECTIONS 

The application of the Scaling unit DFA1 has been tested in this study. This is done during 
a graded test of increasing exercise intensity. This has detected high correlation features 
in the physiological changes during the changes from moderate to high exercise intensity 
rates. As the data acquired for the failure sets was not available with us scaling exponent 
of DFA1 is hard to establish. Thus, future studies are required to establish such 
physiological measures in a graded exercise variation. As DFA is established as clinical 
measure for prognosis as well as risk management [24-26]. To get a new perspective on 
HRV in non-linear terms can be established in near future. This can produce a 
characteristic relationship in gradual response in multiple intensities and in different 
volumes. This will be highly applicable in sports to take precautions in higher risk groups.  

6. CONCLUSION 

The conclusion from our results show minor change in heart rate dynamics with the 
increase of exercise intensity levels. This has been detected by DFA1 of HRV. Heart rate 
regulation (self-organized) has a quantitative change in RR scaling. This will be highly 
observable in autonomic control mechanisms in case of low intensity exercises and Non-
autonomic control in case of higher intensity of exercise. Research should be continued 
on various levels like duration, intensity and cadence to attain intricate observations at 
different levels of exercise. The observations include the relationship and coordination of 
central and autonomic nervous systems as well as non-linear dynamics of HRV. In turn 
we will be able to develop more sophisticated and complex models in the future for 
accurate evaluation. They will be able to determine exercise fatigue. The system is quite 
robust and can be recommended for medium and high workout rates in case of HRV 
analysis. 
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