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ABSTRACT
Heart rate variability (HRV) is traditionally derived from
the RR interval time series of electrocardiography (ECG). Although, these values can also be obtained from the photoplethysmonography (PPG). With this in mind, the goal of this
work is to evaluate if the results obtained in the PPG are correlated with the results of the ECG, namely during polysomnography exams. For this objective, recordings of six different
patients were used. To evaluate the relation between the two
signals several parameters were calculated for both signals,
using them in their entirety and then using moving windows.
In order to calculate such parameters, the first step was to locate the R peaks using a threshold method for the ECG and the
systolic peaks using a AMPD based method for the PPG. The
results obtained revealed a high level of similarity between
the two signals with an error in the order of the 15% for the
time domain features with exception of the NN50 and pNN50
parameters. Regarding the frequency analysis the errors oscillated in the order of 25%, although these parameters can
have up to a 10-fold increased variability. In the moving window it was possible to detect patterns in both signals related
to the sleep stages, such as high heart rate and RR intervals
variability and low RMSSD in REM and S0 stages. Lastly,
the results obtained with the PPG signals are similar to those
obtained with the ECG and provided a good analysis during
polysomnography studies.
Index Terms— Polysomnography, photoplethysmogram,
electrocardiogram, heat rate variability
1. INTRODUCTION
The scope of the present study is to analyse the quality of the
Heart Rate Variability measurement, when resorting to the
plethysmography technique, instead of the traditional electrocardiogram.
As it is known, the heart is responsible for the distribution
of oxygenated blood throughout the body, and its activity
is rhythmic and well characterized [1]. However, just as
the heart rate can vary depending on internal and external
factors, a normal and healthy heart does not beat evenly as

a metronome, existing constant millesimal variations from
beat to beat, the phenomenon being designated Heart Rate
Variability (HRV) [2]. This fluctuations are related to internal body behaviours, namely neurocardiac functions, and are
generated by heart-brain interactions and dynamic autonomic
nervous system (ANS) processes [3][4]. This results in HRV
being a great marker of the ANS regulation, which in turn
can auxiliary in the understanding and diagnosis of several
illnesses [5][6]. Furthermore, HRV seems particularly interesting as a complementary monitoring tool in the field of
sleep and associated disorders [3]. Particularly, because different sleep stages - non-REM (S1, S2, S3 and S4) and REM
- have specific heart rate behavior, it is possible to identify
them through HRV parameters [7][8][9].
The measurement of the HRV can be achieved through the
acquisition of the cardiac electrical signal, in which successive cardiac cycles are recorded. Each cardiac cycle is
composed by two main phases – the systole and the diastole
– which correspond to the contraction and relaxation of the
heart respectively. This phases can be distinguished in terms
of electrical activity, thus it is possible to use the ECG as
a marker to identify them. Particularly, the ventricular depolarization (and consequent contraction) is well defined by
the designated QRS complex, which can be easily identified
through its high amplitude R peak [10]. So, in order to analyse the HRV, one way to measure the heart beat intervals, is
to calculate the time distance between successive R peaks,
having in mind that to obtain reliable data, this measurements
must be very precise, so that this peaks are correctly identified [10]. The most accurate technique used for this detection
is the already mentioned electrocardiogram. However, this
exam has some constraints regarding its usability and comfortableness.
Thus, in the last few years, the photoplethysmography (PPG)
technique is gaining ground as an alternative method for
HRV detection, specially due to its surpass in terms of integrability in personal health applications. This technique
consists in measuring the variation of the blood volume in
peripheral vessels, through the difference between emitted
and backscattered infrared light received [11]. Since blood

volume changes according to the cardiac cycle, in theory it is
also possible to evaluate HRV through the PPG signal.
However, since PPG is measured in the peripheral circulation, several factors, such as motion artifacts, contribute to the
signal obtained through PPG being much more prone to be
affected by noise and artifacts, which decrease its reliability
when measuring HRV. Hence, at the present time, the challenge is to process the signal in such way that the mentioned
artifacts and noise are reduced, in order to calculate the time
intervals, and so, the HRV, with consistency [12].
Currently, there are different filters and algorithms being used
to process the raw signal acquired through PPG [12]. These
generally include a first step of eliminating high frequency
noises and artifacts, and a second phase for optimizing the
identification of the point considered as the reference for
the measurements of distances between consecutive beats.
Particularly, because the shape of each cardiac cycle in PPG
consists in two waves - a first one with higher amplitude, corresponding to the systole, and a smaller one corresponding
to the diastole – in this study the systolic peak was chosen
as the reference. One algorithm usually implemented when
performing this type of analysis is the Automatic Multi scalebased Peak Detection (AMPD), which aims to detect signal
peaks by analysing the local maxima scalogram (LMS) of periodic or quasi-periodic signals, which is the case of the PPG
signal. [13]. Furthermore, there are several improvements
that one can do to this algorithm, which aim at optimizing the
detection of the reference peak, and consequently, measure
the HRV in the most accurate manner possible. In this study,
in a first phase, both ECG and PPG signal records, obtained
from a number of patients during sonography experiments,
are processed. In the case of the PPG, this process includes
the implementation of the AMPD algorithm, and the addition
of some enhancements to it. In a second phase the results
obtained through both techniques are compared, resorting to
some relevant metrics and measurements – in both time and
frequency domains – and concluded about the accuracy of
the HRV measurement with plethysmography, to investigate
whether this technique can replace the ECG in terms of reliability, in some wearable devices for example [14][15][16].

2.2. Data processing
For the ECG, a 100th order FIR highpass filter with a cut-off
frequency of 10 Hz, and a Chebyshev window was applied to
the signal. Besides, it was also applied a 35th order IIR filter
to remove the powerline noise, usually present in frequencies
of 50 or 60 Hz. The improvement of the signal due to its
filtration can be observed in Figure 1. In order to remove
noise and artifacts, an additional analysis resorting to EMD
was performed, with the aim of separating the signals in their
IMFs. However, this technique was rejected since the noise
and artefacts were spread in all IMFs, not providing relevant
information.

Fig. 1: Comparison between the Raw and Filtered ECG signal.
On the other hand, for the PPG, the EMD analysis provided a better signal than when filtering with the previous
filters. In order to have a PPG signal that allowed the best
systolic peak identification, a reconstruction process was performed using the first four IMFs. Afterwards, it was possible
to identify two peaks in most of the cardiac cycles (the systolic peak and the diastolic peak), while using the filter, the
signal was smoothed, and only one peak was identified for
most cardiac cycles, as Figure 2 illustrates.

2. METHODS
2.1. Data Acquisition
To compare and evaluate the two different techniques of R
peak detection, it was performed a study which included ECG
and PPG recordings given by the lecturer of six different patients, obtained between 1999 and 2011. These two signals
were acquired during a sonography experiment, which lasted
around 8 hours.
All described algorithms thenceforth were developed in MATLAB 2019b software (The Mathworks Inc., Natick, USA).

Fig. 2: Comparison between the Raw, reconstructed from
multiple IMFs and the Filtered PPG signal.

2.3. Identification of R peaks location
To identify the R peaks, it was first applied the AMPD function to both signals. In this method, the window size is swept
from its minimum possible value to its maximum one, and
the size of the window that results in the maximum number
of local maxima is selected as the final window size. Then,
at each window, the local maximum point, which is the maximum of that entire window is selected as one of the peaks of
the signal [13]. Since, for both signals, this algorithm was not
properly identifying the peaks, some enhancements had to be
implemented. The improvement performed on the algorithm
for the PPG consisted on a sequential set of steps represented
in the Figure 3. First, in order to select the relevant peaks,
distinguishing them from artefacts, it was applied a threshold of the value 0. After having the cardiac cycles correctly
identified, it was determined the minimums until 100 samples
before and after the peak identified by the AMPD function, in
order to identify the beginning and end of each cardiac cycle.
Afterwards, it was used the findpeaks function and, for each
cardiac cycle, the correct peak was selected. The selection of
this peak followed a set of criteria:
• If only one peak was identified in the cardiac cycle, then
it was assumed as the R peak
• If two peaks were identified, it was assumed that the left
peak corresponded to the systolic peak, and therefore
the R peak, while the right peak corresponded to the
diastolic peak
• In case more than two peaks were detected in the same
cardiac cycle, then it was performed the median and the
maximum peak between the first and the median peaks
was chosen as the R peak.

Fig. 3: Diagram showing the process for the systolic peak
identification for the PPG signal.
On another hand, for the ECG, the AMPD function was
not used at all, since it did not provide any useful information
about the location of the R peak. So, a detection of R peaks
based on thresholds was created [17]. First, the signal was differentiated using the Matlab function diff and the thresholds
were defined. The thresholds were defined visually. The next
step was to identify all points above the threshold and identify and separate the points corresponding to the beginning

and end of each QRS complex. Then, the maximum between
the beginning and end of the complex was identified as the R
peak. Figure 4 shows the diagram of the algorithm.

Fig. 4: Diagram showing the process for the R peak identification for the ECG signal.

2.4. Featured Extracted
After having nearly all peaks correctly identified, the time intervals between consecutive R peaks were calculated. In order
to minimize noise or artifacts effect on the intervals calculation, the intervals that were unphysiological were not used
for further calculations. After applying this correction, several features were extracted. These features can be divided in
two categories: features of the time domain and features of
the frequency domain.
The features calculated are described in tables 1 and 2, [4]
[18].
Furthermore, SDNN and SDSD have a biological importance for long term records, where they represent the sympathetic and parasympathetic activity, without allowing to distinguishing when HRV changes occur due to the withdrawal
of vagal tone or the increase of the sympathetic tone. The
parasympathetic activity is represented by the NN50, pNN50
and rMSSD features, since they are calculated from adjacent
RR intervals [19].
For the frequency domain analysis, the first step consisted
in interpolating the vector with the R peaks intervals to a frequency of 4 Hz. This was achieved by performing a interpolation in order to get a sampling frequency higher than the
desired 4 Hz, then a down-sample was performed at specific
query points using linear interpolation achieve the objective
sampling frequency. Afterwards, The FFT of the signals was
performed and the band power of the R peaks intervals was
calculated, for different band ranges [4] [18].
Moreover, the HF feature is related to the respiratory modulation, and represents the performance of the vagus nerve on
the heart [19], while the LF corresponds to the joint action
of the sympathetic components of the heart [19]. The physiological meaning of the VLF feature is not well defined and
may be related to the peripheral vasomotor tone, thermoregulation and renin-angiotensin-aldosterone system [19]. The
LF/HF ratio is related to the changes (absolute and relative)
between the parasympathetic and sympathetic components of
the ANS, by representing the sympathetic vagal balance on

Table 1: Time domain Features [4]
Variable
Mean RR
Mean HR
SDNN

Units
s
Hz
s

Max-Min

s

SDSD

s

NN50

pNN50

%

RMSSD

s

Description
Mean RR intervals
Mean hear rate
Standard deviation of all RR intervals
Difference between longest and
shortest RR interval
Standard deviation of differences
between adjacent RR intervals
Number of differences between adjacent RR intervals higher than 50
ms
Percentage of differences between
adjacent RR intervals higher than
50 ms
Square root of the mean squared
differences of adjacent RR intervals

Table 2: Frequency domain Features [4]
Variable

Units

Description

Total power

s2

VLF

s2

LF

s2

Variance of all
RR intervals
Very low frequencies
Low frequencies

HF
HF/LF ratio

s2

High frequencies
Ratio of low-high
frequency power

fined as half of the mean value of the fifty peaks with the
highest amplitude in each window.
2.6. Comparison between ECG and PPG
Having all features calculated, a comparison between both
signals was established. For that, the ECG signal was assumed as the reference and the relative error between each
feature of both signals was determined. While the first analysis only gives information of the errors of the features for the
whole signal, using the moving window a temporal dimension
is included, which allows the evaluation of the distribution of
errors along the time. Furthermore, from the data provided
by the lecturer, the different sleep stages were acquired and
used in order to identify if heart rate variations were related
to some specific sleep stages.
3. RESULTS
From the algorithms created, it was possible to identify the R
and systolic peaks of the ECG and PPG, respectively, which
are shown in Figures 5 and 6.

Frequency
range
< 0.4 Hz
< 0.003-0.04
Hz
<
0.040.15Hz
0.15-0.4 Hz

Fig. 5: Final R peaks identification for the ECG signal.
heart [19].
During the calculation of the RR peaks intervals, if one of
these intervals had a number of peaks that do not correspond
to a feasible heart rate, then this interval was not considered
for the calculations of the previous features.
2.5. Moving window
After performing the time and frequency domain analysis for
all signals, a new test was performed this time using a moving window of one minute without overlap and all previous
features were extracted for each window. In this case, if the
moving window of either the PPG or ECG signals had a lower
number of peaks than the physiological value, the window
was not used to perform the calculation of the features of
both signals. Furthermore, the R peak detector for the ECG
required some modifications, particularly when defining the
thresholds. In the previous situation, the thresholds assumed
fixed values, however, in this case, the thresholds were de-

Fig. 6: Final systolic peaks identification for the PPG signal.
The features described before, were calculated for all six
patients whose data was processed beforehand, using the entire signal and using moving windows as described above.
Due to the relative inter-subject homogeneity, in this small

report it will only be included the results obtained for one of
those patients, patient 1, when using the whole signal without
moving windows. The of the calculated features are represented in tables 3. This table also shows the percentage error
between results for PPG and ECG, using the ECG as the reference. Furthermore, in the analysis of the signals using moving windows, a window of 1 minutes, without any overlap
between them. Since the analysis of these particular results
is very complex and involves the scrutiny of a considerable
number of graphs, only some features of patient 1 are going
to be analysed in this report, even though the analysis for the
other patients would be performed in a similar fashion.
Table 3: HRV relevant features and metrics obtained for ECG
and PPG, and associated relative error for patient 1
Feature

ECG

PPG

Mean RR
Intervals
Mean HR
SDNN
Max-Min
Distance
SDSD
NN50
pNN50
RMSSD
Total Band
Power
VLF
LF
HF
LF/HF Ratio

0.9431

0.9691

Relative
error %
2.7589

1.1519
0.3258
2.6758

1.1396
0.3298
2.9531

1.0642
1.2171
10.3650

0.4096
4412
0.1833
0.6802
1.3262

0.4211
9811
0.3798
0.7290
0.9443

2.7994
122.3708
107.1610
7.1795
28.7918

0.4637
0.7411
0.0028
260.7487

0.3631
0.5296
0.0036
148.5174

21.6963
28.5400
25.4607
43.0419

In the analysis of the moving window features only the
most relevant features are going to be analysed. These are the
features present in Figures 7, 8, 11, which correspond to the
mean RR intervals, mean heart rate and RMSSD.
4. DISCUSSION
4.1. Identification of peaks
Regarding the results from the peaks identification, it was
possible to observe that the PPG waveform is delayed in comparison with the QRS complex of the ECG. This delay is expected since this time lag corresponds to the time passed from
the mechanical activity of the heart until the blood reaches the
peripheral tissue, also called the post transit time (PTT) [18],
[20]. PTT is subjected to fluctuations and will, consequently,
lead to errors of the HRV parameters when measuring them
with the PPG, [21].
As a general rule, for both signals, the desired peaks were

Fig. 7: Graph with the mean RR intervals in seconds throughout time calculated with windows of one minute. In black it
is represented the mean RR intervals of the ECG signal and in
red its the mean RR interval of the PPG signal. The vertical
lines represent the different sleep stages: Dark red - stage 0;
Blue - Stage 1; Green - Stage 2; Grey - Stage 3; Magenta Stage 4 and Orange - REM

Fig. 8: Graph with the mean heart rate in seconds throughout
time calculated with windows of one minute. In black it is
represented the mean heart rate of the ECG signal and in red
its the mean heart rate interval of the PPG signal. The vertical
lines represent the different sleep stages: Dark red - stage 0;
Blue - Stage 1; Green - Stage 2; Grey - Stage 3; Magenta Stage 4 and Orange - REM

correctly identified (Figures 5 and 6). However, since both
signals present some artefacts that could not be removed, in
zones of the signal that contained these artefacts, some problems occurred during the identification of the peaks. Besides,
for the PPG, the presence of artefacts in some zones made it
impossible to identify the correct systolic peak, since the cardiac cycle had just one peak (Figure 6 shows cardiac cycles
with only one peak, being only possible to identify that only
peak that might not be systolic one).
4.2. Analysis of the complete signal
Regarding the analysis of the complete signals, as mentioned
before, the RR intervals that were unphysiological were not

Fig. 9: Graph with the number of differences between adjacent RR intervals higher then 50 ms throughout time calculated with windows of one minute. In black it is represented the number of differences between adjacent RR intervals higher then 50 ms of the ECG signal and in red its
the same feature calculated with the PPG signal. The vertical
lines represent the different sleep stages: Dark red - stage 0;
Blue - Stage 1; Green - Stage 2; Grey - Stage 3; Magenta Stage 4 and Orange - REM

Fig. 10: Graph with the relation between the number of differences between adjacent RR intervals higher then 50 ms
over the total number of differences, in percentage, throughout time calculated with windows of one minute. In black it
is represented the relation between the number of differences
between adjacent RR intervals higher then 50 ms over the total number of differences, in percentage, of the ECG signal
and in red its the same feature calculated with the PPG signal.
The vertical lines represent the different sleep stages: Dark
red - stage 0; Blue - Stage 1; Green - Stage 2; Grey - Stage 3;
Magenta - Stage 4 and Orange - REM

used for the further calculations which corresponded to less
than 10% of the whole signals. It was possible to clearly
identify a huge similarity of the mean RR intervals and mean
heart rate between the two techniques (ECG and PPG), as
table 3 indicates. Furthermore, the value of both parameters
was around 1Hz, which was already expected since it corresponds to a normal heart rate [22].
The standard deviation of the RR intervals is very similar

Fig. 11: Graph with the square root of the mean squared differences of adjacent RR intervals (RMSSD) throughout time
calculated with windows of one minute. In black it is represented the RMSSD of the ECG signal and in red its the same
feature calculated with the PPG signal. The vertical lines represent the different sleep stages: Dark red - stage 0; Blue Stage 1; Green - Stage 2; Grey - Stage 3; Magenta - Stage 4
and Orange - REM

between the ECG and PPG, which might show that the sensibility for the variations of heart rate is similar between both
techniques.
Although practically all features were very similar, NN50
and pNN50 presented an error much higher than the other
features, even reaching values above 100% in some patients.
This error can be explained since, contrarily to the ECG
signal, the PPG signal does not have a consistent template
throughout time, so there will be some variations in the place
of the wave where the peaks are identified. These variations
will influence the difference between consecutive intervals,
which can be caused by fluctuations of the PTT, which induce
constant overestimation of the heart rate variability and by
unphysiological reasons [18]. Moreover, the RMSSD parameter is very similar between the two signals and is lower than
the error of the NN50 and pNN50, since RMSSD is more
stable, making it a more relevant feature [4].
Regarding the features of the frequency domain, there is a big
discrepancy in the power of each frequency component between the ECG and PPG signals. However, the ratio between
the power of LF and HF was almost identical in both signals,
which shows an identical correlation between LF and HF for
both signals.
Finally, variations of all these parameters between patients
can happen due to the signal acquisition conditions, which
can produce more or less artefacts.
4.3. Analysis using moving window
Just like the previous approach, some zones of both signals
were not used for the calculation of the HRV parameters. In
this analysis, these zones corresponded to 18 minutes from
the initial 420 minutes, showing a low elimination ratio,

which does not influence further conclusions extracted from
these results. However, after a visual analysis it was possible
to observe that not all artefacts could be removed. According
to the criteria used for the elimination, intervals with a heart
rate outside of the physiological range were excluded. However, even within the physiological range, huge variations can
occur, and some artefacts will be kept. Again, after a visual
analysis, it was easily concluded that peaks with considerable amplitude occurred in windows which included these
artefacts. Regarding the analysis using a moving window for
patient one, the results of mean RR intervals and mean heart
rate clearly demonstrate a correspondence between ECG and
PPG, Figures 7, 8. Although most parameters are similar
between both signals, the NN50 and pNN50 in PPG once
again are consistently higher than in ECG (Figures 9, 10 and
). Furthermore, this discrepancy is observed during the whole
duration of the recording and not a localized error, so, it can
be caused by the same reasons as explained in the previous
approach [18].
Resorting to the classification of the sleep stages provided
by the lecturer, it was possible to define the intervals of time
of each sleep stage in order to try to establish a relation between the values of HRV parameters with each sleep stage.
Since, it was only used the PPG and ECG signals (and not a
whole polysomnography) the production of conclusions was
not direct and easy to perform. Furthermore, the presence
of artefacts that could not be removed also difficulted this
process. Doing an a priori evaluation, it was expected that
the heart rate decreases along the time while the RR intervals
increased [23]. This can be explained since the patient began
awake and went through light sleep stage. As time goes by,
the patient went through different non-REM phases (where
the heart rate and its variability decrease) intercalated with
REM periods (where the heart rate variability increases), so,
heart rate variabilities should be more pronounced during
REM and S0 stages [3], [4]. The Figures 8 and 7 show this
phenomenon, where it can be observed more variations of the
mean values of RR intervals and of heart rate during REM
and S0 stages, not taking the peaks caused by artefacts into
account.
Relatively to the NN50 and pNN50 parameters, since the
RMSSD is a more stable feature, it was decided it would be
best to only analyse the latest. Since during non REM stages
there is more parasympathetic activity compared to REM
and awake stages and the RMSSD is a direct measure of
the parasympathetic activity, it was expected to have higher
values of this parameter in the former stages, which can be
observed in Figure 11 [24], [25]. Regarding the frequency
domain, since in this analysis it was used a moving window of
only one minute, it is not possible to acquire relevant conclusions, considering that a relevant analysis must be performed
with a moving window of at least five minutes [24]. These
analysis are usually performed using long duration signals,
such as the one performed without moving windows. Further-

more, in the frequency domain the features can be associated
up to an 10-fold increased variability, thus this parameters
should be applied in HRV analysis only if important physiological reasons suggest their use. Moreover, if used, they
should be interpreted with caution, taking into account the
statistical weaknesses of spectral estimation [26].
5. CONCLUSION
The goal of this project was to compared ECG and PPG signals obtain throughout a sleep period with a duration of an
entire night. With this in mind, it is possible to note that the
first step in analysing both signals was the detection of their R
peaks. Based on results presented, it is possible to say that the
approach taken to identify such peaks was fairly successful although with some minor mistakes in removing some artifacts.
After this identification, two different approaches were taken
in the analysis of the signals, one using moving windows and
a second one without using such windows.
When analysing the signals without using the moving
windows, generally, both signals revealed to have similar
results for the calculated features, namely in the mean RR
intervals and mean heart rate, with a physiological value of
around 1 Hz, which is according to the expected 60 bpm.
Even though, some features showed higher discrepancies
between both signals, namely the NN50 and pNN50 features, since these represent basically the same information
but in two different forms. This discrepancies can be justified
mainly due to the fluctuations of the PTT in the PPG signal
and due to the characteristic of the PPG signal the peak identified as the R peak does not always have the same location
in the signal wave, having minor fluctuations between the
systolic peak and the diastolic peak, being the systolic peak
the correct R peak to be identified.
The analysis performed using moving windows follows the same patterns established by the previous analysis,
namely, the heart rate and R intervals revealed to be very similar in both signals, although in this analysis it is possible to
see a decrease in the heart rate in the non-REM sleep stages
(excluding the S0 stage since this represent the awake state),
simultaneously having an increase in the R intervals since
these two features are inversely correlated, this follows the
results expected theoretically [9]. Once again, slight discrepancies were observed in the NN50 and pNN50 features due
to the same reasons as before. Furthermore, it is possible to
observe a decrease in the RMSSD during REM and S0 stages
since this features is directly related to the parasympathetic
activity which is lower in these stages. Lastly, the frequency
domain analysis was not performed using the moving windows since information obtain with these features is mainly
related to long duration signals.
In conclusion, since both signals are highly correlated, the
physiological information, such as the heart rate variability,
obtained with ECG signal can be reliably obtained using the

PPG. This revealed that the PPG can be used instead of the
ECG in various applications such as the monitorization of the
patient during polysomnography, which can be very useful
since the PPG requires less and simpler hardware allowing
for more comfortable examination for the patient and with far
less issues related to the hardware (such as the disconnection
of electrodes from the skin).
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