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the very-high-frequency band (0.4–0.9 Hz) varied during 
head-up tilt and had strong correlation (r = 0.77) with 
high-frequency band and medium correlation (r = 0.643) 
with baroreflex sensitivity. the very-high-frequency 
band of iPrV helps for the exploration of non-stationary 
autoregulation and provides the non-stationary spectral 
evaluation of HrV without distortion or information loss.

Keywords Heart rate variability · Pulse rate variability · 
Hilbert–Huang transform

Abbreviations
Hr  Heart rate
rri  Beat-to-beat interval
ECg  Electrocardiogram
HrV  Hr variability
anS  autonomic nervous system
SnS  Sympathetic nervous system
PnS  Parasympathetic nervous system
FFt  Fast Fourier transform
lF  low frequency
HF  High frequency
PrV  Pulse rate variability
HHt  Hilbert–Huang transform
EMD  Empirical mode decomposition
IMFs  Intrinsic mode functions
EEMD  Ensemble EMD
CEEMD  Complementary EEMD
aBP  arterial blood pressure
IF  Instantaneous frequency
Ht  Hilbert transform
nHt  normalized Ht
iPrV  Instantaneous PrV
EtCO2  End-tidal CO2

HUt  Head-up tilt

Abstract Heart rate variability (HrV) is a well-
accepted indicator for neural regulatory mechanisms 
in cardiovascular circulation. Its spectrum analysis pro-
vides the powerful means of observing the modulation 
between sympathetic and parasympathetic nervous sys-
tem. the timescale of HrV is limited by discrete beat-
to-beat time intervals; therefore, the exploration region 
of frequency band of HrV spectrum is relatively narrow. 
It had been proved that pulse rate variability (PrV) is a 
surrogate measurement of HrV in most of the circum-
stances. Moreover, arterial pulse wave contains small 
oscillations resulting from complex regulation of cardiac 
pumping function and vascular tone at higher frequency 
range. this study proposed a novel instantaneous PrV 
(iPrV) measurement based on Hilbert–Huang transform. 
Fifteen healthy subjects participated in this study and 
received continuous blood pressure wave recording in 
supine and passive head-up tilt. the result showed that 
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FM  Frequency modulation
iPr  Instantaneous Pr
lH ratio  low–high ratio

1  Introduction

Heart rate (Hr) is regulated by autonomic nervous system 
(anS) and varies over time in healthy subjects. Previous 
studies showed that the variability of Hr (HrV) could be 
measured by beat-to-beat intervals (rri) between consecu-
tive r waves on electrocardiogram (ECg) [19, 21]. the 
anS contains sympathetic nervous system (SnS) and para-
sympathetic nervous system (PnS). the modulation of PnS 
and SnS is important for cardiovascular circulation and 
can be monitored by the spectral analysis of HrV [1, 14]. 
Most studies adopted fast Fourier transform (FFt) for the 
frequency-domain analysis of HrV. Several studies showed 
that the short-term HrV spectrum contained two major 
frequency bands, which are used as the indicators of anS 
activation. the low-frequency (lF) range (0.04–0.15 Hz) 
presents the SnS activities, while the high-frequency (HF) 
range (0.15–0.4 Hz) is mainly regulated by the PnS activi-
ties [19, 21]. though the effect of physiological controls in 
these frequency bands has been demonstrated, the feasibil-
ity and the reproducibility are still restricted in HrV studies 
[10]. an alternative measurement of HrV, called pulse rate 
variability (PrV), was proposed. PrV replaces ECg record-
ing in HrV with photoplethysmography and is capable to 
assess the anS activities during non-stationary conditions 
[9]. Moreover, gil’s study examined that PrV is as a sur-
rogate of HrV during non-stationary conditions, in particu-
lar, during the tilt table test. the arterial pulse wave contains 
small oscillations resulting from complex regulation of car-
diac pumping function, respiratory movement, and vascular 
tone. therefore, PrV provides not only anS activities but 
also the information of peripheral circulation.

Conventional frequency-domain analysis of HrV has 
several limitations. the time resolution of HrV was lim-
ited by tachogram, which adopted the interpolation method 
in spectral analysis [5]. Besides, FFt and discrete wavelet 
transform are based on linear stationary mathematic model 
and cannot represent the non-stationary characteristics. 
recently, a novel adaptive method, called Hilbert–Huang 
transform (HHt) [11], had been proposed by Huang and 
has been used widely in data-processing research in many 
fields. It has the capability dealing with non-stationary 
and nonlinear data owing to its essential preprocess called 
empirical mode decomposition (EMD). EMD extracts the 
finite set of components, named intrinsic mode functions 
(IMFs), from source non-stationary data. the IMFs adap-
tively represent the features of source data without distor-
tion and had been adopted for HrV analysis [7, 18, 28].

Empirical mode decomposition served as an adap-
tive dyadic filter bank [8]. However, EMD contains the 
intermittency phenomenon, called mode-mixing prob-
lem, owing to the sensitivity of interpolation methods, 
stop criterion of IMF, and the end effect [11]. the mode-
mixing problem was eliminated by noise-assisted data 
analysis method, known as ensemble EMD (EEMD) [25]. 
the ensemble IMFs are computed by averaging each cor-
responding IMF decomposed from different mixtures of 
added noise and source data. But EEMD is still insuffi-
cient for non-stationary intrinsic characterization owing to 
its nonzero noise residue. the noise residue was reduced 
by adding positive and negative white noises, respectively, 
as two mixtures of the added noise and source data, which 
called complementary EEMD (CEEMD) [29]. CEEMD 
extends the concept of EEMD and eliminates the residue 
of added noise in IMFs. Several studies applied these kinds 
of EMD for medical data process [4, 17, 23, 24]. But the 
resolution of multiple timescales is still a major limitation 
of HrV spectral analysis.

the continuous-time component related to heartbeat can 
be extracted from arterial blood pressure (aBP) signal as 
a simple fluctuation signal with heartbeat rhythm by EMD 
[12, 26]. the continuous-time heartbeat rhythm, known as 
Hr in uniform timescale, can be obtained by calculating 
the instantaneous frequency (IF) of heartbeat component 
[26]. though the IF can be calculated by Hilbert transform 
(Ht) [11], the estimated IF might be wrong with negative 
value. according to Bedrosian’s theorem, the orthogonal 
complex pair of simple oscillation was calculated by Ht 
only if there is no amplitude modulation in source data. 
the amplitude modulation was eliminated by normaliza-
tion method of normalized Ht (nHt) [12]. Furthermore, 
according to nuttall’s theorem, the complex pair of source 
data was calculated by Ht only if the oscillation of source 
data is sinusoidal-like signal, which means the source data 
only contains simple oscillation. Because the heartbeat-
related component only contains the Hr rhythm, it is sim-
ple enough to get the correct result from Ht [12].

the aim of this study was (1) to estimate the HrV by 
instantaneous pulse rate variability (iPrV) by HHt; (2) to 
explore new frequency band with much precise time reso-
lution in frequency domain.

2  Methods

2.1  Subjects and data collection

all measurements were performed in a quiet temperature-
controlled room. the beat-to-beat aBP was recorded by 
task Force® Monitor equipped with a servo-controlled 
plethysmography (CnSystems, Medizintechnik ag, graz, 
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austria). ECg, thoracic impedance, and end-tidal CO2 
(EtCO2; respSensetM EtCO2, nonin Medical Inc.) con-
centration were recorded simultaneously with 200 Hz 
sampling rate. the baroreflex sensitivity was calculated by 
the sequence method [13, 15] and was exported from task 
Force® Monitor.

Fifteen healthy subjects (9 males; age 43 ± 17), who did 
not have the history of cardiovascular disease, participated 
in this study. all recruited subjects were asked to rest qui-
etly in supine position for 10 min. after all recorded signals 
were stabilized, a 10-min baseline recording was performed 
under spontaneous breathing. then, participants were tilt-
ing up passively on the automatic tilting table and kept in 
the tilt-up position for 10 min as head-up tilt (HUt) experi-
ment. this study was approved by institutional review 
board of this hospital. Informed consent was obtained from 
all subjects before the experiment.

2.2  Ensemble empirical mode decomposition

the IMFs are computed by sifting process, as an itera-
tively detrending operation. the essence of sifting pro-
cess is based on energy-associated extraction with each 
timescale. the timescale is determined by the locations of 
local extrema. the sifting process of EMD contains sev-
eral steps. First, the local extrema of the time series x(t) 
are identified by peak-valley detection. the upper envelope 
U(t) and lower envelope L(t) are generated by cubic spline 
interpolation according to the local maxima and the local 
minima, respectively. Both U(t) and L(t) cover x(t) in cur-
rent timescale. the trend in current timescale is computed 
by calculating the mean of U(t) and L(t).

the sifting process subtracted the trend from original 
time series x(t), as detrending operation.

and the subtraction was iteratively performed

k presented the number of detrending operation. h1k(t) was 
considered as an IMF only if the trend m1k(t) satisfies the 
criterion as the steady constant trend.

the first residue was computed.

the residue ri(t) was the target of ith iteration of EMD 
for IMFi(t) computation, and x(t) performed at the first 
iteration for IMF1(t). after n iteration, x(t) was decomposed 

(1)m(t) = (U(t) + L(t))/2

(2)h1(t) = x(t) − m1(t)

(3)

{

h11(t) = x(t)

h1k(t) = h1(k−1)(t) − m1k(t), k > 1

(4)h1k(t) = IMF1(t)

(5)r1(t) = x(t) − IMF1(t)

into n IMFs, IMF1(t) ∼ IMFn(t), and one residue, rn(t), 
which was either the steady trend or a constant.

EMD decomposes the non-stationary data into finite set of 
IMFs without information loss or distortion. the mode-
mixing problem, which means that one IMF contains mul-
tiple characteristics rather than monotonic characteristics as 
monocomponent, was eliminated by a noise-assisted EMD, 
called EEMD. For elimination of noise residue in EEMD, 
CEEMD was proposed and produced much stabilized and 
consistent results of IMFs. this study used CEEMD for the 
aBP signals decomposition as feature extraction method.

2.3  Determination of IMF

IMF, as the monocomponent, contains monotonic charac-
teristic and its trend approximates zero at any time instant 
[27]. However, the mean envelope, as the trend, is hard to 
achieve zero owing to the interference of non-stationary 
signal. Stop criterion, a recognized method for steady trend 
determination, is an important issue of EMD and deter-
mines the feasibility of the decomposition results. the 
mean value criterion [20] was adopted in this study, which 
was able to produce the consistent IMF in non-stationary 
conditions [6].

2.4  Instantaneous frequency by normalized Hilbert 
transform

the instantaneous frequency presents how frequent the 
oscillation of source data is at specific time instant, which 
can be computed by nHt. nHt contains several steps. 
First, the amplitude modulation of source data x(t) was 
eliminated by iteratively normalization [12]. then, the Hil-
bert pair, y(t), of frequency modulation (FM) part of source 
data, xFM(t), was calculated by Ht, H(xFM(t)), and repre-
sented the complex pair in complex plane.

the instantaneous frequency was obtained by the differen-
tial of the instantaneous phase ω(t), which was calculated 
from the complex composition of xFM(t) and its complex 
pair y(t).

(6)x(t) =

n
∑

i=1

IMFi(t) + rn(t)

(7)y(t) = H(xFM(t)) =
1

π
P.V .

∞
∫

−∞

xFM(τ )

t − τ
dτ

(8)A(t)ejω(t)
= xFM(t) + jy(t)

(9)ω(t) = tan
−1 y(t)

xFM(t)
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according to Bedrosian’s theorem, the orthogonality 
between xFM(t) and y(t) was verified by polar plot in com-
plex plane.

2.5  Instantaneous pulse rate variability

the steps of iPrV were shown in Fig. 1. the IMF4 of aBP 
extracted by CEEMD was used as the continuous-time 
heartbeat-related component [6] in this study, and its oscil-
lations were consistent with Hr rhythm at each time instant 
(Fig. 2). the instantaneous frequency of heartbeat-related 
component was computed by nHt. the instantaneous pulse 
rate (iPr) was estimated by the inversion of instantaneous 
frequency of IMF4 in order to compare with the rri series. 
the wavelet analysis was applied for the detrend process 
as the trend (<0.01 Hz) elimination (Fig. 1b). the ampli-
tude modulation of heartbeat-related component was elimi-
nated obviously individually (Fig. 3). the FM of IMF4 of 
aBP waveform (Fig. 3) presented a simple sinusoidal-like 
fluctuation. the orthogonality was good that its polar plot 
presented a clear unit circle for all of the heartbeats during 
10-min recording. the FFt was applied for power spectral 
estimation in each frequency band, including lF, HF, and 
VHF. the spectral analysis programs used in this study was 
developed by using commercial software (labVIEW ver-
sion 2011, national Instruments Corp., austin, USa).

2.6  Statistic analysis

Paired-sample t test was used to compare the significant 
difference between the percentage changes of spectral 
power in each frequency band during supine and HUt. the 
percentage change was calculated by dividing the spectral 
power by total power. P value of <0.05 was considered sig-
nificant. Pearson’s correlation coefficient was calculated 
with different indices, and P value <0.01 was considered 

(10)ω′(t) =
xFM(t)y′(t) − y(t)x′

FM(t)

xFM(t)2 + y(t)2

as significant correlation. all statistical analysis was per-
formed by using commercial statistics software (Statistical 
Package for Social Science, version 15.0, SPSS Inc., Chi-
cago, Illinois).

Fig. 1  a Flow chart of instan-
taneous pulse rate variability 
(iPrV) compared with heart 
rate variability (HrV). b Power 
spectrum algorithm

Fig. 2  results of CEEMD and nHt for aBP waveform. Top graph 
presents the original aBP waveform, IMF1–IMF4, the FM of IMF4, 
and instantaneous frequency (IF) of IMF4 are listed below, and the 
bottom graph is iPr estimated by the inversion of IF of IMF4
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3  Results

3.1  Instantaneous pulse rate variability (iPrV)

the rri series and iPr series were observed in Fig. 4a. 
the iPr series had synchronous changes with rri series 
and contained much more fluctuations with higher time 
resolution as intra-wave frequency modulation of heart-
beat-related component [12]. Conventional HrV spectrum 
contained two major frequency bands in short-term anS 
evaluation, including lF (0.04–0.15 Hz) and HF (0.15–
0.4 Hz) (Fig. 4b). the amplitude of iPr series and the 
power of iPr spectrum decreased during HUt [9, 21]. Fur-
thermore, the power of iPrV in very-high-frequency band 
(VHF, 0.4–0.9 Hz) decreased during HUt. the Hr was 
observed in iPrV spectrum with the highest power magni-
tude in the frequency band around 1 Hz (0.9–1.5 Hz) as the 
main carrier of iPr. the iPrV spectrum indicated that the 
Hr increased during HUt.

the spectral analysis of HrV and iPrV was summarized 
in table 1. In HrV spectrum, the power of lF decreased 
and the percentage of lF increased during HUt [9, 21]. 
the changes in lF, including its power and its percentage, 
were not statistically significant. Both the power of VHF 
and the percentage of VHF were small in HrV spectrum. 
the correlations of the power between HrV spectrum and 
PrV spectrum are 0.999, 0.989, 0.763 in lF, HF, VHF, 
respectively, in baseline and are 0.999, 0.985, 0.514 in lF, 
HF, VHF, respectively, during HUt. the correlations of 
the power between HrV spectrum and iPrV spectrum are 
0.965, 0.949, 0.864 in lF, HF, VHF, respectively, in baseline 

and are 0.82, 0.953, 0.809 in lF, HF, VHF, respectively, 
during HUt. the power of HF and the percentage of HF 
decreased significantly during HUt. In iPrV spectrum, the 
power of lF decreased non-significantly, and the percent-
age of lF was not significantly different during HUt. the 
power of HF and the percentage of HF decreased after HUt. 
the power of VHF decreased and the percentage of VHF 
increased significantly in HUt test. Furthermore, the power 
of VHF was significantly correlated with the power of HF 
(r = 0.77) and with the power of lF (r = 0.5). the power 
of VHF had significant relationship (r = 0.643) with barore-
flex sensitivity, while the percentage of VHF had significant 
negative correlation (r = −0.59) with baroreflex sensitivity. 
the relevant scatter plots were illustrated in Fig. 5.

4  Discussion

It had been examined that the PrV is a surrogate of HrV 
analysis during non-stationary conditions, in particular, 
during HUt [9]. the results in this study showed the con-
sistent investigation with high correlation between PrV 
spectrum and HrV spectrum. Moreover, this study showed 
that the results of iPrV were highly consistent with those 
of conventional HrV in lF and HF bands. In addition, the 
novel spectral analysis of iPrV improved the time resolu-
tion of Pr series by iPr series based on HHt, therefore, it 
was able to explore the new frequency band, called VHF. 
the VHF was related to baroreflex and HF power and 
could be a potential indicator of PnS activities. the analy-
sis of iPrV has potential for quantitative evaluation of the 

Fig. 3  results of the orthogonality for three different kinds of aBP 
waveform in three different subjects. all panels represent orthogonal-
ity of nHt. From the top graph to the bottom graph showed the origi-

nal aBP waveform, the corresponding IMF4, the FM of each IMF4, 
and the polar plot of FM of IMF4, and its Hilbert pair for orthogonal-
ity verification
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physiological control in new frequency band and helps to 
discover the non-rhythmic mechanism of autoregulation in 
cardiovascular circulation.

Previous study demonstrated that EMD could act as a 
filter bank adaptively [8] without composited phase dis-
tortion, which existed in conventional band-pass filter. 

Fig. 4  Illustration of power spectrum of iPrV and HrV during baseline (left panel) and HUt (right panel). a rri series (gray dotted line) and 
iPr series (black line) of 15-s (upper) and 5-min (lower) periods; b the power spectrum of HrV, c the power spectrum of iPrV

Table 1  Spectral analysis of conventional short-term heart rate variability (HrV) and instantaneous pulse rate variability (iPrV)

LF low-frequency band (0.04–0.15 Hz), HF high-frequency band (0.15–0.4 Hz),VHF very-high-frequency band (0.4–0.9 Hz),TP total power 
within the whole frequency band (0–0.9 Hz)

* P < 0.05 compared with baseline

 § P < 0.01 compared with baseline

Baseline Head-up tilt

HrV iPrV HrV iPrV

lF (ms2) 669.5 ± 908.9 888.83 ± 1205.89 316.5 ± 308.6 344.0 ± 296.9

HF (ms2) 1062.9 ± 1192.4 1905.0 ± 1904.9 348.0 ± 426.5§ 623.3 ± 626.0§

VHF (ms2) 59.3 ± 110.9 1359.8 ± 1524.2 34.4 ± 47.9 725.8 ± 697.7

lF/tP (%) 27.2 ± 8.5 20.8 ± 8.3 32.7 ± 15.6 19.9 ± 8.3

HF/tP (%) 42.7 ± 17.2 43.6 ± 11.7 28.7 ± 17.6§ 34.3 ± 15.8*

VHF/tP (%) 6.2 ± 9.1 35.6 ± 10.6 8.4 ± 8.6 45.8 ± 17.0*
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Our results showed that the component related to heart-
beat (IMF4) could be extracted well form aBP signal by 
CEEMD. the heartbeat rhythm was presented by heart-
beat-related component as the simple sinusoidal fluctua-
tion. By the normalization method, the amplitude modula-
tion was eliminated from heartbeat component and the FM 
of the component related to heartbeat had good orthogo-
nality individually (Fig. 3). the amplitude modulation of 
heartbeat-related component varied along with pulse pres-
sure, therefore, it could potentially be used for pulse pres-
sure related study, such as pulse pressure variation [22]. 
the iPr was computed by nHt and presented the contin-
uous-time Pr, as the intra-wave frequency modulation of 
the component related to heartbeat. It had been proved that 
the intra-wave frequency modulation presented much more 
physical meaning in nature [12]. By analysis of intra-wave 
frequency modulation of the component related to heart-
beat, the frequency band of HrV could extend the explora-
tion region widely owing to increasing time resolution. the 
time resolution increased from discrete-time tachogram 
into continuous-time measurement (Fig. 4a). Moreover, 
iPr series fluctuated in much higher time resolution than 
rri series, and rri series might be one of the fluctuation 
trends of iPr series.

traditionally, there are mainly three frequency bands of 
non-rhythmic neural regulatory in cardiovascular circula-
tion in short-term ECg recording. Most studies examined 
that lF presented the SnS activities and HF presented 
the PnS activities. VHF is much less defined in short-
term recording [9, 21]. Most of HF is coupling respira-
tion frequency (0.1–0.3 Hz) and presented the interaction 
between PnS, respiration, and cardiorespiratory coupling. 
the changes in these frequency bands were quantitatively 
measured by spectral power, normalized unit power, and 
percentage change divided by total power. the modulation 
of SnS and PnS was evaluated by the ratio of lF and HF, 
called low–high ratio (lH ratio) [9, 21]. But lH ratio might 
underestimate the balance between SnS and PnS, and 

recent study examined that the percentage change provided 
much reliable evaluation [16].

the HrV analysis interpolated the discrete rri into time 
series and converted the discrete multiple timescale into uni-
form timescale. the time resolution is limited by the beat-to-
beat timescale of rri in spite of high sampling rate in ECg 
recording. therefore, the conventional HrV analysis cannot 
produce reliable result at higher-frequency band. the time 
axis of Pr was continuous in uniform scale based on HHt, 
which called iPr. the iPrV spectrum demonstrated similar 
variation along with HrV spectrum in lF and HF during 
HUt. the decreasing power of HF indicated the decreasing 
PnS activities with increasing SnS activities for the com-
pensation of temporary postural hypotension during HUt. 
Furthermore, the VHF (0.4–0.9 Hz) became more evident by 
the spectral analysis of iPrV. the power of VHF decreased 
significantly during HUt, and it was significantly corre-
lated with the power of HF (r > 0.7). the percentage of VHF 
increased while the percentage of HF decreased. It might 
indicate the different dominant autoregulation mechanism 
during HUt. the main frequency peak of VHF was varied 
with different Hr individually. though VHF had significant 
correlation with baroreflex sensitivity, the linearity of the 
correlation was not strong (<0.7). VHF might contain the 
regulation frequency of baroreflex owing to the medium cor-
relation. the results that the power of VHF decreased dur-
ing HUt suggested that the VHF might be influenced by the 
activities of anS at higher-frequency range, cardiac pump-
ing function, the influence of cardiac performance related 
to respiration [2], and other cardiovascular autoregulation 
mechanism, such as baroreflex or peripheral vascular tone 
in non-stationary conditions. VHF was evaluated from iPrV 
and represented the non-stationary physical meaning of intra-
wave frequency modulation of heartbeat rhythm based on 
HHt. However, pulse waveform was affected by peripheral 
regulation, such as arterial elasticity and peripheral resist-
ance. these regulations might present by fluctuation of com-
pound at specific frequency band in iPrV spectrum, which 

Fig. 5  Scatter plot of a the 
power of VHF and baroreflex 
sensitivity; b the percentage of 
VHF and baroreflex sensitiv-
ity with total fifteen healthy 
subjects
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needs further investigation and verification. In the higher-
frequency band (0.9–2 Hz) of iPrV spectrum (Fig. 4c), the 
pulse rate was observed with the highest power magnitude. 
the higher Pr indicated the compensatory increase in Hr 
during HUt. Besides, Mateo et al. investigated that the 
power of VHF in HrV was obtained as the index for coro-
nary artery disease diagnosis during exercise, while the mean 
Hr was above 120 bpm [3]. the potential usefulness of the 
power of VHF in iPrV in the cardiovascular disease diagno-
sis also needs further investigation.

although clinical evidences showed that ECg could be 
more relevant and physiologically meaningful for the study 
of rapid neural activities related to the cardiovascular regu-
lation, iPrV measurement cannot be applied to ECg sig-
nal. iPrV is fundamentally based on EMD and nHt. Since 
ECg signal is the summation of multiple action potentials 
at each part of heart, it is difficult to extract the sinusoid-
like wave function from ECg by EMD. If the extracted 
components are not sinusoid-like wave function, the results 
of nHt would be wrong according to nuttall’s theorem 
[12]. On the other hand, the blood pulse signal, such as 
aBP signal, is the synthesis of the stroke volume pulse and 
reflected wave, which are sinusoid-like function, and the 
waveform of blood pulse signal matches the requirement 
of iPrV measurement. In order to ensure that VHF band 
was not derived from the artifacts of aBP measurement 
by finger cuff, this study applied the iPrV measurement 
to aBP signal recorded by radial artery tonometer (Colin 
CBM-7000, Colin Medical technology Corp., Mediana 
technologies Corp., San antonio, texas, USa) at the wrist. 
the result showed substantial VHF band which was con-
sistent with that obtained by finger photoplethysmography. 
therefore, the variability found in VHF is associated with 
the physiological source rather than the device of aBP 
measurement.

though iPrV analysis provided more information than 
traditional HrV analysis, it has some limitations. First, 
the precise iPr is on the premise of that every blood pulse 
generated successfully by each cardiac muscle contraction, 
which might fail in some specific circumstances, such as 
premature ventricular contractions. Second, the precision 
of iPr measurement depends on aBP measurements, such 
as pulse plethysmography. Blood pulse measurements are 
quite sensitive to patient and probe-tissue movement arti-
facts and the sensing equipment is more elaborate compared 
to ECg. though EMD, as the filter bank, has the capabil-
ity to deal with high-frequency noise caused by movement 
artifact, the automatic artifact detection and the replacement 
of corresponding corrupted signal segments are essential if 
the artifact breaks the morphology of the heartbeat fluctua-
tion. third, iPrV analysis depends on HHt. the selection 
of parameters setting of HHt and the property of source 
signal would influence the results. the time complexity of 

HHt belongs to non-deterministic polynomial time, and it 
is insufficient for real-time processing currently.

5  Conclusion

this study showed that the continuous-time Hr rhythm 
could be evaluated by iPr based on HHt. the iPrV spec-
tral analysis showed the consistent results with conven-
tional HrV analysis that the correlation was good in each 
frequency band. In addition, the iPrV spectral analysis is 
able to examine the new frequency band-VHF-owing to the 
breakthrough of the limitation of time resolution. VHF is 
correlated with baroreflex sensitivity and PnS activities. 
the physiologic meanings of VHF need further investiga-
tion with large population for verification. the iPrV analy-
sis provides a new approach to explore anS function and 
helps for the quantitative evaluation on the non-rhythmic 
mechanism of cardiovascular autoregulation.
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