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�e ability to identify premature arterial sti�ening is of considerable value in the prevention of cardiovascular diseases.�e “ageing
index” (AGI), which is calculated from the second derivative photoplethysmographic (SDPPG) waveform, has been used as one
method for arterial sti�ness estimation and the evaluation of cardiovascular ageing. In this study, the new SDPPGanalysis algorithm
is proposed with optimal �ltering and signal normalization in time. �e �lter parameters were optimized in order to achieve the
minimal standard deviation of AGI, which gives more e�ective di�erentiation between the levels of arterial sti�ness. As a result,
the optimal low-pass �lter edge frequency of 6Hz and transitionband of 1Hz were found, which facilitates AGI calculation with
a standard deviation of 0.06. �e study was carried out on 21 healthy subjects and 20 diabetes patients. �e linear relationship(� = 0.91) between each subject’s age and AGI was found, and a linear model with regression line was constructed. For diabetes
patients, the mean AGI value di�erence from the proposed model �AGI was found to be 0.359. �e di�erence was found between
healthy and diabetes patients groups with signi�cance level of � < 0.0005.

1. Introduction

�ere has been an increased interest in the development of
innovative noninvasive methods and devices for the diagno-
sis of cardiovascular diseases [1–3]. Photoplethysmographic
(PPG) waveform analysis has been used as one method [4].

PPG is a noninvasive optical technique for measuring
changes in blood circulation that is mainly used for moni-
toring blood perfusion in the skin. �e PPG �nger sensor
consists of a light emitting diode (LED), which is oen red
or infrared, and a photodetector (PD) [5]. PD and LED are
on the opposite side of the �nger. �e light is emitted from
the LED to the skin and a small fraction of light intensity
changes is received by the PD, which are related to blood
�ow, blood volume, blood vessel wall movement, and the
orientation of red blood cells in the underlying tissue [6, 7].
�e PPG signal consists of di�erent components: DC and
AC components and noise, which can be caused by the
poor perfusion state and motion artifacts [5]. Noise can be
eliminated by using di�erent �ltering techniques [8].�e AC

component is synchronous with the heart rate and depends
on changes in the pulsatile pressure and pulsatile blood
volume.

It is apparent that the AC component of the PPG signal
changes with age and the waveform transforms from a
wavy into a triangular-shaped signal (Figure 1, upper part).
Regarding time domain, di�erent methods to analyze the
waveform of the PPG signal, measured at the �nger, can
be used for arterial sti�ness estimation and evaluation of
cardiovascular aging [9–11].

One option is to use the second derivative of the PPG
signal (SDPPG), which was �rst introduced by Takazawa
et al. [12]. �e SDPPG is analyzed by using the amplitudes
of the distinctive waves “a”, “b”, “c”, “d”, and “e”, which are
situated in the systolic phase of the heart cycle (Figure 1,
lower part). �e amplitudes of the waves are normalized as
follows: b/a, c/a, d/a, and e/a. �ey found that normalized
amplitude b/a increases and c/a, d/a, and e/a decrease in
proportion to the increase in the subject’s age. As a result an
“ageing index” (AGI) parameter was proposed according to
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Figure 1:�e �nger PPG signal and its second derivative with distinct waves “a”, “b”, “c”, “d”, and “e” of 24-year (a) and 62-year-old (b) subjects.

AGI = (b−c−d−e)/a, where the a, b, c, d, and e are the
amplitudes of the waves. �e AGI is used to describe the
cardiovascular age of the subject.

In recent publications, the correlation relationship
between cardiovascular risk factors and the SDPPG
normalized amplitudes values has been analyzed statistically
[13–15]. Normalized amplitudes of SDPPG and AGI can be
good parameters for a screening method to detect increases
in the sti�ness of the arteries [16].

�e sample segment of PPG and SDPPG signal, which has
been registered from a 37-year-old healthy subject, with AGI
values, is shown in Figure 2. �e SDPPG signal is processed,
and the wave amplitudes are detected according to a study
by Millasseau et al. [17]. �e similar processing method has
been also described in less detail in other studies [12–15]. It
is assumed that the cardiovascular system does not change

over short periods in cases of healthy subjects. It is visible
from Figure 2 that the AGI values for the healthy subject
are noticeably higher for the �rst and third periods. �e
di�erence between maximal and minimal AGI values is 0.47,
which constitutes about 39% from the whole scale of AGI
[12]. Furthermore, the detected peaks in the �rst and third
periods are located to the beginning of systolic phase of the
PPG signal compared to the second and fourth periods. As
a result the amplitudes of detected peaks in the consecutive
periods describe di�erent phase of the PPG waveform and
AGI values become noticeably di�erent. �is leads to higher
standard deviation of AGI and to faulty interpretation of the
results for a single subject. �e detection of the peaks from
di�erent phases of PPG signal in case of consecutive periods
is due to the insu�cient suppression of PPG signal higher
components and noise.
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Figure 2: �e sample segment of the PPG signal (upper part) from a 37-year-old healthy subject and its second derivative (lower part) with
detected wave peaks andAGI values.�e SDPPG signal is processed, and the wave amplitudes are detected according to a study byMillasseau
et al. [17].

�e AGI has to be calculated with low standard deviation
in order to di�erentiate the subjects with increased sti�ness
from the healthy subjects. In this study, we have improved the
SDPPG analysis method in order to obtain the AGI values
with minimal standard deviation and to detect the waves at
the same locations within one period of the PPG signal. �e
algorithm is tested on group of healthy subjects and a small
group of diabetes patients as a pilot study.

2. Methods

2.1. SDPPGAnalysis Algorithm. Normalization of the period’s
length, averaging, �ltering, and detection of the waves from
the SDPPG signal are illustrated in a block diagram in
Figure 3. �e PPG signal is �ltered with low- and high-pass
FIR �lters in order to separate DC components and high
frequency noise.�e cuto� frequencies for the low- and high-
pass �lters are selected as 30Hz and 0.5Hz, respectively.
Both �lters are designed using the window method, with the
Hamming window function where the corresponding �lter
orders are chosen as 500 for the low-pass aer and 4000 for
the high-pass �lter.

Subsequently the PPG signal is di�erentiated two and
four times (Figure 3). �e simplest di�erentiator calculates

the di�erences between two consecutive samples of the signal,
which is also known as the �rst-di�erence di�erentiator.�is
kind of di�erentiator works as a high-pass �lter, and the high
frequencies are ampli�ed as a result. However, the unwanted
noise is located at higher frequencies for the PPG signal. Due
to the reason outlined previously, the Smooth Noise Robust
Di�erentiator (SNRD) is used.

�e SNRD has been developed for di�erent cases that
are particularly bene�cial for carrying out experiments with
noisy data where di�erentiation is required [18]. �is di�er-
entiation scheme possesses the following characteristics: pre-
cise at low frequencies, smooth and guaranteed suppression
of high frequencies.�eorder of the di�erentiator determines
the suppression of the high frequencies. In this algorithm, the
�h order of the di�erentiator is used, which is also the lowest
possible one. At the lower frequencies (0–15Hz), where the
majority of the power of the PPG signal is located, the �rst-
di�erence di�erentiator and SNRD frequency responses are
practically equal.

In practice, biosignals such as PPG, which are related to
heart activity, are recurring but not periodic.�is means that
the harmonic components of the two consecutive recurrences
of the PPG signal and its derivatives can be at di�erent
frequencies. In this study, the low-pass �lter is usedwith static
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Figure 3: Block diagram of the signal processing for the second derivative analysis.

edge frequency. Accordingly, certain numbers of harmonic
components are passed and all others are suppressed. �e
lengths of the PPG signal recurrences are then normalized
to ensure that all the harmonic components are processed in
the same way (Figure 3).

�e PPG signal is resampled in such a way that one of
the selected recurrence lengths is 1 s, which corresponds to
the pulse frequency of 1Hz. In this case, the fundamental
frequency is situated at 1Hz. All the other components lay at
the frequency multiples of the fundamental frequency. In the
next step, the signal is �ltered with the 1Hz wide transition-
band PM �lter [19]. �e maximum allowable errors for the
pass and stop bands are set at 0.001. �e resampling and
�ltering are also carried out with the second and fourth
derivatives of the PPG signal. Aer �ltering, the copy of
selected recurrence is aligned with other normalized and
�ltered recurrences from this PPG signal. �e recurrences of
PPG signals can be aligned by using di�erent distinct points
from the signal as reference, for example, the recurrence
maximal orminimal point of the raising front.�e recurrence
minimal point can be di�cult to determine, because of the
wavy ending of the diastole phase. It is also di�cult to
determine the PPG signal maximal point as it depends on the
state of the cardiovascular system [20]. �e 50 percent level
of the PPG signal raising front is used as the reference point
for the alignment of the recurrences. Furthermore, the second
and fourth derivatives are moved according to the movement
of the PPG signal recurrences.

�e resampling, �ltering, and aligning processes outlined
previously are carried out separately for every recurrence in
PPG signals. �e averaged waveform for one subject with its
9 recurrences is given in Figure 4.

Subsequently, the peaks of waves “a”, “b”, “c”, “d”, and “e”
are found from the averaged SDPPG waveform. Firstly, the

zero crossings of the averaged fourth derivative waveform
are found. �e peaks of waves “a”, “b”, “c”, “d”, and “e” are
between zero crossings of the fourth derivative waveform as
it is revealed in Figure 4. Secondly, the minimal andmaximal
points of the SDPPG waveform are located between the zero
crossings of the fourth derivative waveform. �ere can be
waveforms of the SDPPG, where the peaks of the “c” and
“d” waves do not appear. In this case, the “c” and “d” waves
are determined in the places of the SDPPG waveform, where
the fourth derivative is maximal or minimal between zero
crossings.

2.2. Optimization of PM Low-Pass Filter Edge Frequency.
�e recurrences and averaged waveform of the SDPPG are
a�ected by the edge frequency of the PM low-pass �lter.
�e optimal edge frequency of the PM low-pass �lter was
optimized in order to achieve the lowest standard deviation
of the SDPPG wave amplitudes, which ultimately minimizes
the standard deviation of AGI. In addition, the variation in
the placement of waves “a”, “b”, “c”, “d”, and “e” on time domain
has to be minimal throughout all the periods for one subject.
Here, it is assumed that the cardiovascular system does not
change over short periods in cases of healthy subjects. �e
optimization of the PM low-pass �lter edge frequency was
carried out on signals from a group of healthy subjects.

�e width of the PM low-pass �lter transition-band was
1Hz and the edge frequency was changed between 4 and
14Hz with a step of 1Hz. �e order of the corresponding
PM �lter was 3255 at sampling frequency 1 kHz. �e 3–
13 harmonic components in addition to the fundamental
harmonic are passed through the �lter as the recurrences of
the SDPPG were normalized to the frequency of 1Hz. In this
way, the in�uence of each harmonic component to waves “a”,
“b”, “c”, “d”, and “e” can be analyzed.
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Figure 4: �e averaged PPG and its second derivative and fourth
derivative waveforms (black bold line) with �ltered and normalized
recurrences (thin lines). �e recurrences are aligned according to
50% of the PPG signal raising front and the distinct waves “a”, “b”,
“c”, “d”, and “e” are detected by using the zero crossings of the fourth
derivative.

�e standard deviations for the normalized amplitudes,
b/a, c/a, d/a, e/a, and AGI were calculated for each edge
frequency. For the standard deviation calculation, the nor-
malized amplitudes,�a, fromnormalized SDPPGrecurrences
and from the averaged SDPPG waveform were used. �e
normalized amplitudes from the averaged SDPPG waveform
were taken as average values �avg. �e standard deviations
were calculated for signals from each healthy subject, k, by
using following equation:

�� (�) = √∑��=1 (�a (�) − �avg)2� − 1 , (1)

where � is the number of period and � is the total number
of periods in the processed signal. Similarly, the standard
deviation of the detected wave peaks on the time domain was
calculated. �e standard deviations were averaged over the
group of subjects by using following equation:

��avg = 1� ⋅
�∑
�=1
�� (�) , (2)

where� is the total number of healthy subjects.

2.3. Pilot Study on Patients. �e improved SDPPG signal
analysis algorithm was tested on the signals from a group of
healthy and diabetes patients.�e optimal PM low-pass �lter
edge frequency was used for the analysis. �e SDPPG waves
were detected and AGI values were calculated with standard
deviations.

2.4. Subjects. �e study was performed aer approval of
the protocol by the Tallinn Ethics Committee on Medical
Research at the National Institute for Health Development,
Estonia.�ePPG signals for the analysis were registered from
healthy subjects and diabetes patients.

All the subjects in the healthy group were aged from 21
to 66 years. �ey were not on permanent medication and
they were dealing with various levels of physical activity in
their everyday lives. As the waveform of the PPG signal varies
with age, the subjects were divided into the following age
groups: 20–30, 30–40, 40–50, 50–60, and 60–70. Each age
group, except the groups of 50–60 and 60–70, comprised �ve
subjects. �ose age groups comprised three subjects, because
it was di�cult to �nd healthy subjects to ful�ll our criteria. In
all, 21 healthy subjects (� = 21) participated in the study.

All subjects in the group of diabetes patients had received
diagnosis from a medical doctor. In all, 20 diabetes patients
participated in this pilot study. �e patients were aged
between 27 and 66 years. �e diabetes patients may have
increased arterial sti�ness due to the sclerotic processes in the
vessels.

2.5. Instrumentation. All signal processing was carried out
in MATLAB. �e high- and low-pass �lter coe�cients were
calculated by using the “�r1” function. A separate function
was written for calculating coe�cients of the SNRD [18].
�e coe�cients of PM �lter were calculated using functions
“�rpmord” and “�rpm.”

�e PPG signals were registered from the index �nger
by using an experimental measurement complex [21], which
included a Nellcor �nger clip sensor and lab-built PPG
module, among other devices. �e PPG signal was digitized
with a PCIMIO-16-1 data acquisition card and registeredwith
LabVIEW environment. �e sampling frequency was 1 kHz.
�e 1-minute long signal was recorded, and a 15-period long
segment (� = 15) was selected for the SDPPG analysis. �e
signal registration was carried out, while the subject was in a
resting position. �e subject was in a resting position at least
10minutes prior to themeasurements.�e room temperature
was around 23 degrees during the experiments.

3. Results

�e general change in standard deviation of the normalized
amplitudes and AGI in cases of di�erent edge frequencies
is illustrated in Figures 5(a)–5(e). For each edge frequency,
the given standard deviation is averaged over the group of
healthy subjects. �e minimal average standard deviation
for AGI, b/a, c/a, d/a, and e/a is 0.06, 0.02, 0.04, 0.03, and
0.02 respectively. For all parameters, the minimal standard
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Figure 5: �e average standard deviations (��avg) of AGI and normalized amplitudes at di�erent edge frequencies for 21 healthy subjects.
(a) AGIs at di�erent edge frequencies; (b) normalized amplitudes b/a at di�erent edge frequencies; (c) normalized amplitudes c/a at di�erent
edge frequencies; (d) normalized amplitudes d/a at di�erent edge frequencies; (e) normalized amplitudes e/a at di�erent edge frequencies.

deviationwas foundwhere the edge frequency of the PM�lter
is 6Hz and transition band is 1Hz.

Similarly, in Figures 6(a)–6(e), the standard deviations
to characterize the dispersion of wave peaks “a”, “b”, “c”, “d”,
and “e” in the time domain are given. �e given standard
deviations are averaged over the group of healthy subjects.
�e minimal average standard deviations for wave peaks “a”,
“b”, “c”, “d”, and “e” in the time domain are 2.2ms, 1.9ms,
4.6ms, 2.8ms, and 5.0ms, respectively.�eminimal standard
deviations can be found for the edge frequency of 6Hz for all
waves, except for wave “b”. In the case of wave “b”, theminimal
standard deviation was at edge frequency of 4Hz.

For the purpose of comparison, the same PPG signals
were also processed with the algorithm described by Mil-
lasseau et al. [17]. �e average standard deviation for AGI
value is 0.12.

�e AGI and age relationship for the healthy subjects and
diabetes patients with standard deviation bars are illustrated
in Figure 7(a). �e PM �lter edge frequency and transition-
band were 6Hz and 1Hz, respectively, which according to
the previously presented results seems to be optimal for

the SDPPG analysis. In addition, regression analysis was
carried out in order to estimate the relationship between
AGI and age by using generalized linear model. As a �rst
approach the general linear model was used, which is a case
of the generalized linear model with identity link function.
A following regression model was proposed: �AGI = 0.019x −
1.556. Despite of relatively simple model high correlation� = 0.91 was found between AGI and age for the healthy
group, which shows the strong linear relationship between
two variables.

In Figure 7(b) it can be seen the Bland-Altman plot for
the proposed model �AGI. �e standard deviations for the
model a ��AGI = 0.126. For diabetes patients the mean AGI
value di�erence from the proposed model �AGI is ����Dia=
0.359. �e AGI di�erences from the proposed model �AGI

were compared betweenhealthy anddiabetes patients groups.
Paired �-test (two-sample assuming unequal variances) was
performed in MS Excel with � = 0.05. �e signi�cance level
of paired �-test was � < 0.0005, which shows the di�erence
between two groups.
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4. Discussions

With an improved SDPPG analysis algorithm, the average
standard deviation for the AGI value is 0.06, which consti-
tutes about 5% of the whole scale of AGI [12]. Compared to
the algorithm of Millasseau et al. [17], the average standard
deviation is twice lower. As a result, subjects with increased
arterial sti�ness can be more easily di�erentiated from
healthy subjects, and the prevention of cardiovascular disease
can be improved.

�e relatively high correlation relation was found
between AGI and age by using the algorithm with optimal
edge frequency (Figure 7(a)). �is is in relation to previously
published results by Takazawa et al. [12], in which a good
correlation betweenAGI and age among healthy subjects was
shown. �ere are still some deviations from the regression
model line, �AGI, which can be caused by the impact of
cardiovascular de�ciencies and the subject’s biological age.
In addition model can be more complex and dependent on
additional variables, such as blood pressure. However, this
should be considered in the scope of future studies.

�e noticeably higher AGI values, compared to the
healthy group of subjects, were found for diabetes patients
(Figure 7(a)).�e same behavior is also visible in Figure 7(b).
Furthermore, the statistically signi�cant di�erence was found
between the healthy subjects and diabetes patients. �e
higher AGI values are caused by the increased arterial
sti�ness of diabetes patients. Nevertheless, some of the dia-
betes patients have similar AGI values compared to healthy
subjects. It can be caused by the early diagnosis of diabetes
mellitus, which is followed with e�cient therapy, and as a
result premature sti�ening of the arteries has been stopped.

It can be seen from Figures 5(a)–5(e) that the lowest
average standard deviation was achieved when the edge
frequency of PM �lter is 6Hz. Close to 6Hz, the normalized
recurrences start to resemble. �e larger standard deviations
on higher edge frequencies are caused by the noise and
unwanted frequency components of the PPG signal, which
are situated at higher frequencies and ampli�ed through
di�erentiation. �is causes the faulty detection of the waves
from the single normalized recurrence and averaged SDPPG
waveform. At lower edge frequencies, the harmonic com-
ponents are suppressed, which form waves “a”, “b”, “c”, “d”,
and “e”, and the peaks of waves, “c” and “d”, were missing
in single normalized recurrences. As a result, the amplitude
of the waves in single normalized recurrences and averaged
SDPPG waveform are di�erent, which caused the increase
in standard deviation (Figures 5(a)–5(e)). �is means that it
is necessary to have a fundamental harmonic with 5 higher
harmonic components in order to detect waves “a”, “b”, “c”, “d”,
and “e” from the PPG signal.

�e dispersion of wave peaks on time domain decreases,
similar to the results seen in Figure 5, when the edge fre-
quency of PM �lter approaches 6Hz (Figures 5(a)–6(e)). As
in Figure 5, the detection of thewaves from the single normal-
ized recurrences and from the averaged SDPPG waveform
can be di�erent at higher frequencies, which increases the
standard deviation. At frequencies lower than 6Hz, the wave
peaks can bemissing in single normalized recurrence and the

detection point is shied comparedwith the averaged SDPPG
waveform.

5. Conclusions

In conclusion, it can be said that the standard deviation
of AGI values is minimized by using the improved SDPPG
algorithm. Furthermore, the diabetes patients have noticeably
higher AGI values, which are caused by an increase in the
arterial sti�ness. As a result, the subjects, with increased
arterial sti�ness can be more easily di�erentiated from
healthy subjects and the prevention of cardiovascular disease
can be improved. As a future study the more complex model
should be considered in order to enhance the discrimination
of the healthy subjects and patients with increased sti�ness
by taking into account additional physiological variables.
In addition proposed algorithm should be compared with
similar arterial sti�ness estimation reference methods.
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