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Abstract
Extensive research has been done to show that heart-

beats are composed of the interaction of many physio-
logical components operating on different time scales,
with nonlinear and self-regulating nature. The more di-
rect, and easily accessible manifestation of the heart-
beat is the pulse; however, it has not been studied any-
where near as extensively.

In this paper, we establish the relevance of the multi-
fractal formalism for the arterial pulse, which has long
been used as a fundamental tool for diagnosis in the
Traditional Indian Medicine, (Ayurveda). The finding of
power-law correlations through detrended fluctuation
analysis indicates presence of scale-invariant, fractal
structures in the pulse. These fractal structures are then
further established by self-affine cascades of beat-to-
beat fluctuations revealed by wavelet decomposition at
different time scales. Finally, we investigate how these
pulse dynamics change with age, and disorder. The an-
alytic tools we discuss may be used on a wide range of
physiological signals.

1 Introduction
Beat-to-beat variations of the heart (and other physi-

ological signals) are members of a special class of com-
plex processes — those which are inhomogeneous, non-
stationary, and display multifractal properties [11, 10].
In contrast to the electrocardiogram (ECG), and de-
spite thought of being similar, the arterial pulse has
not been extensively studied. The principal reason, it
would appear, that the pulse has not yet received due
scientific recognition is the lack of quantitative basis.
We have developed a data acquisition system named
Nadi Tarangini [13] for obtaining clean, and accurate
pulse waveforms. It incorporates pressure transducers,
an ADC, and storage and analysis capabilities. A sam-
ple waveform is shown in Figure 1. The differences
between the peaks (778, 832 and so on) form the pulse

Figure 1. A sample of the pulse waveform from our
Nadi Taringini system [13].

beat-to-beat time series.
Historically, the pulse has in fact been extensively

used in diagnosis. The Indian Traditional Medicine be-
lieves that the function of entire human body is gov-
erned by three humors: Vata (V), Pitta (P), and Kapha
(K), collectively termed as Tridosha [19] and repre-
sented as VPK. The imbalance in these causes the ves-
sels carrying the blood to contract or expand with re-
spect to its normal position. This contraction & ex-
pansion of vessels results in modulation of blood flow,
which is termed as the nadi or pulse [19]. Thus, study-
ing a large amount of information from the pulse can
lead one to an improved understanding of the disease
process affecting a patient.

Traditional Chinese Medicine (TCM) also uses simi-
lar diagnostic procedures [2]. Researchers have already
started obtaining pulse waveforms and apply modern re-
search techniques on these spectra with reference to the
TCM; such as analyzing pulse waveforms with varia-
tions in age [6] [4], gender [6], and diagnosis of severe
liver problems [15].

Our contribution: This work may be viewed as
consisting of three parts
• Like the beat-to-beat variations of the heart, we

show – to our knowledge for the first time – that
the arterial pulse also exhibits self-similar nature
and requires a large numbers of exponents to char-
acterize their scaling properties.

• We show that the detrended fluctuation analysis



(DFA) technique (see §2) indicates the presence
of scaling (self-similarity) through a linear rela-
tionship on a log-log graph, such that fluctuations
in small boxes are related to the fluctuations in
larger boxes in a power-law fashion. To better
quantify the nature of these waveforms, we turn to
the wavelet transform modulus maxima (WTMM)
based multifractal formalism, and show that the
pulse requires not one but many exponents to fully
characterize the scaling properties.

• With aging and disease, fractal structures may
show degradation in their structural complexity
[14]. We show that our multifractal spectrums vary
for pulses from three age-groups and two disorders
as shown in Figure 5. Naturally, this provides bet-
ter diagnoses capabilities.

The rest of the paper is organized as follows. The
method of DFA described in §2 establishes the self-
similarity nature. Therefore the multifractal analysis
was conducted, and is described in §3 along with ex-
perimental results. A discussion with our final remarks
follows in §4.

2 Detrended Fluctuation Analysis
To illustrate the DFA algorithm [9] briefly, consider

the pulse beat-to-beat series f(i) [i = 0, . . . , N − 1]
shown in Figure 2 (a). First, f is suitably integrated
y(k) =

∑k−1
i=0 (f(i) − M) where M is the mean.

(Notice that values of f(i) − M are signed.) y(k)
is now divided into boxes of equal width n and the
least-square line fitting the data in each box, yp,n(j),

Figure 2. (a) Pulse beat-to-beat data. (b) y(k) (in
green), and local trends for n = 20 (in red) and
n = 40 (in black). (c) Log-log plot of F (n) versus
n shows a linear trend.

Figure 3. Linear plots for absolute and sign values.

j = 0 . . . (N/n) − 1, p = 1 . . . n, is computed. The
integrated time series is then detrended by subtracting
the local trend yp,n(j), and the root-mean square fluc-
tuation of the entire detrended series, F (n) is computed

F (n) =

√√√√(
1
N

N∑
k=0

[y(k) − yp,n(bk/nc)]2) (1)

2.1 Self-similarity in Pulse
As shown in Figure 2 (b), y(k) is the solid green

curve and the vertical dotted lines indicate boxes of
width n = 20. The red and black straight line seg-
ments represent the trends estimated in each box of
sizes n = 20 & n = 40 respectively by a linear least-
squares-fit. Note that the typical deviations for the two
lines is different. F (n) is now plotted against the box
width n for various values in Figure 2 (c). The two
highlighted points in red are for n = 20 & n = 40.

Typically, F (n) increases with box size n. The linear
relationship on a log-log graph (Figure 2 (c)) indicates
the presence of power-law scaling (self-similarity), such
that fluctuations in small boxes are related to the fluctu-
ations in larger boxes in a power-law fashion. The slope
of the line relating log(F (n)) to log(n) determines the
fractal scaling exponent.

2.2 DFA on absolute and sign values
Similar self scaling is also observed if we take abso-

lute values (i.e., |f − M |) as shown in Figure 3 (a). A
similar nature is found if f − M is approximated to be
a binary number (1 or -1). This situation has been pre-
viously explored for beat-to-beat patterns of ECG [10].

3 Multifractal Spectrum
In our work, we have applied the wavelet-based mul-

tifractal spectrum approach for feature extraction from
the pulse beat-to-beat signal. The continuous wavelet
transform (CWT) of a function f (W (f)) is a con-
volution product of the time series with a scaled and
translated kernel. In our work, we used derivatives of
the Gaussian function (“Mexican hat wavelets”). Their
time-frequency localization properties make them par-
ticularly useful for the task of revealing the underlying
hierarchy that governs the temporal distribution of the
local Hurst exponents [16].



Figure 4. A sample pulse waveform and the corre-
sponding WTMM tree.

As the CWT is an extremely redundant and a
computationally expensive representation, the WTMM
method [8] changes the continuous sum over space into
a discrete sum by taking the local maxima. The branch-
ing structure of the WTMM skeleton in the (scale,time)
plane indicates the hierarchical organization of the sin-
gularities. This is clearly illustrated in Figure 4.

The WTMM method consists in taking advantage of
the space-scale partitioning given by this skeleton to
define a series of exponents τ(q) through the follow-
ing partition functions Z(s, q) of qth moment based on
multifractal formalism [3] [16]:

Z(s, q) =
∑
Ω(s)

|W (f)|q ∝ sτ(q) (2)

where Ω(s) is the set of all maxima at the scale s. Here,
q has the ability to select a desired range of values. The
scaling function τ(q) globally captures the distribution
of the exponents h. For large negative q, weak expo-
nents are addressed, while strong exponents are effec-
tively filtered out; at the same time, for large positive
q, the opposite situation is in place [11]. This depen-
dence could have a slope non-linearly changing with q.
The local tangent slope to τ(q) gives the corresponding
exponent h(q). The related dimensions D(h) for each
value of h form the spectrum of singularities of the sig-
nal. Formally, the transformation from τ(q) to D(h) is
referred to as the Legendre transformation [3]:

h(q) = dτ(q)/ dq (3)
D[h(q)] = q h(q) − τ(q) (4)

3.1 Results
The pulse waveforms were recorded using Nadi

Tarangini [13]. There are 6 pulse waveforms for each
volunteer corresponding to the three pick-up positions
(VPK at the root of thumb on wrist) on two hands [19].
In this study, we had a total of 108 waveforms from
16 volunteers with no disorder. (Some volunteers were
recorded multiple times).

Figure 5. Variations in spectra for (a) normal sub-
jects and for 3 age-groups (b) Group (G3) spec-
tra with normal subjects, subjects with diabetes
(green), and subjects with skin abnormalities (blue).

We extracted peaks in these signals using a complex
frequency b-spline wavelet [12]. The length of each
waveform is at least 250, and the distances in them form
the pulse beat-to-beat time series. We obtained the mul-
tifractal spectra for all the signals in the database using
the methodology explained in § 3 and adapting the Leg-
endre spectrum code from FracLab [1].

Variations with Age: Figure 5 (a) shows the results.
The results are grouped according to age into three
groups– ‘less than 25’ (G1), ‘25 to 50’ (G2) and ‘above
50’ (G3) respectively. The spectra from the left hand of
the vata pulse vary, as shown in Figure 5 (a). We ob-
serve that the multifractal spectrum drifts to higher val-
ues of h, as the age increases. (Only the average case is
drawn for better visibility.) The results for other pick-up
positions on both hands also show similar behavior, but
are not displayed in this paper due to space restrictions.

Variations with Disorder: Figure 5 (b) shows the
results. In this case, the multifractal spectra of volun-
teers in the age group G3 has been chosen. Three of
these volunteers had diabetes, five had problems with
skin, and three were normal (i.e., no complaints). It can
be seen that the spectra vary, and hence there is an op-
portunity for classification. These spectra were for the
nadi taken with the left hand and the vata position; but
again, similar behaviour was observed for all pick-up
positions.

4 Discussion and Final Remarks
The signal characteristics of the arterial pulse has not

been as thoroughly investigated in the community. In
this paper, we showed the presence of self-similarity
scaling in arterial pulse data through a linear relation-
ship on a log-log graph in DFA analysis. Also, we
studied the fractal characteristics of pulse beat-to-beat
signals with the multifractal formalism based on the
WTMM method. The spectra showed variations in
range and area depending upon age and disorder of the
person in both the hands, and also for locations VPK.
Our results (to our knowledge for the first time for
the arterial pulse) are consistent with the behaviour re-



Left Hand Right Hand
G1 G2 G3 G1 G2 G3

Normal 14.95 15.23 14.82 15.04 15.40 13.71
Diabetes – – 14.36 – – 15.27
Skin 13.67 – 14.25 14.82 – 13.47

Table 1. Area ratios for multiple age groups, and
varying disorders.

ported for ECG signals. Multifractal studies have been
undertaken in other domains such as DNA sequences
[18], turbulence [5], day and night heart rate character-
istics [17], alterations with disease and aging [7].

In this study, we have confined our scope to extract
only the multifractality present in the pulse waveforms.
The results in Section 3.1 are consistent with the heart-
beat results from [20], which states that a person’s mul-
tifractal spectrum is controlled mainly by his neurosys-
tem. With advancing age, the neuroautonomic control
of people’s body on the ECG decreases and tends from
multifractality to monofractality. We provide the ratios
of areas under the spectra in the Table 1. It can be ob-
served that the areas under G2 have higher values as
compared to those under G3. And it reinforces the as-
sumption of [11].

The varying ranges of the D(h) curve (Figure 5)
for various disorders may be useful for classification of
various types of nadi. Also, the nadi signal (obtained
from convenient, inexpensive, painless, and noninva-
sive Nadi Tarangini) identifies the presence and loca-
tion of disorders in a patients body [19], unlike ECG
which mainly reflects the electrical activity of the heart,
and thus the pulse contains much more useful informa-
tion than ECG. Therefore, a diagnostic system can be
formed using these multifractal values (and other infor-
mative features from the pulse signals) and providing
them as input vectors to a classifier (e.g. multiclass
Support Vector Machine). Further detailed studies on
a larger number of datasets are needed to establish the
advantages of the given method compared to others and
to find optimal combinations of methods for diagnostic
and prognostic purposes.
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