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Abstract

Ambulatory electrocardiogram (ECG) monitors have
been intensely used since half century but are still associ-
ated to clinical/ambulatory cumbersome procedures. The
question of this research is the following: what is the per-
formance of a photoplethysmography (PPG)- based device
located at the wrist in terms of heart rate variability (HRV)
monitoring?

PPG and ECG signals were recorded simultaneously
on 4 subjects. Heart-beat (RR) intervals were estimated
from both devices. For PPG signals, a multi-sensors ap-
proach based on the detection of local minima of the time-
derivative was used to estimate RR time series. For ECG
signals, an approach based on adaptive threshold was
used (gold standard). The normalized differences observed
on time-domain and frequency-domain HRV features were
computed. Results based on 1565 minutes of recordings
(N=94’000) showed an averaged correlation around 0.9
between the HRV features extracted from the PPG and
ECG-based device. In view of these results, it appears
that the wrist sensor opens the door towards a new gen-
eration of comfortable and easy-to-use cardiac HRV tool
especially well adapted for long-term monitoring.

1. Introduction

The analysis of consecutive beat intervals may provide
quantitative information on the modulation of cardiac va-
gal and sympathetic nerve inputs and consequently con-
stitutes one of the major clinical tool to diagnose cardiac
disorders and other important diseases such as heart in-
farction, or severe head and brain injuries. Normal cardiac
beats, labelled N, are usually identified on electrocardio-
grams (ECG). The NN interval series which are the time
delay between two consecutive normal beats N are fur-
ther analyzed in the time- or frequency-domains in order to
provide non-invasive information about the autonomic ner-
vous system [1]. Note that NN intervals consist in a sub-

group of RR intervals which includes consecutive beats R
of any electrical sources (see ectopic or premature beats).
Other devices based on the dry or textile electrodes prin-
ciple [2] are also available but not appropriate for a con-
tinuous monitoring in daily-life situations. There is thus
a lack of technologies allowing the continuous and com-
fortable measurement of NN intervals, to be introduced in
every-day ambulatory campaigns. This study relies on the
use of an alternative approach: the photoplethysmography
(PPG). PPG is based on a spectrographic technology well-
known in the medical community to assess arterial oxygen
saturation, so-called pulse oximetry [3]. In order to mon-
itor cardiac activity, the simplest form of PPG sensors is
composed of a LED and a photo detector in contact with
the skin surface [3]. At each cardiac cycle, an arterial pres-
sure pulse propagates along the arterial tree resulting in
a generalized increase of the light absorption of perfused
tissues. Accordingly, cardiogenic blood volume changes
modulate the absorption properties of tissues, resulting in
a fluctuation of the observed PPG signal [4].

Although PPG sensors are medically accepted as a
means to assess average heart rate values in pulse oxime-
tres, little is known about the reliability of PPG signals to
extract relevant HRV features [5,6]. The present validation
study evaluates the performance of multi-reflectance PPG
sensors integrated into a wrist device to estimate HRV fea-
tures over a full night.

2. Method

After preparation for a full-night ECG monitoring via a
digital two-lead Holter system (Lifecard CF from Space-
labs Healthcare, 12-bit resolution, 10 mV dynamic range,
2.5 mV amplitude resolution, 128 samples per second),
a wrist monitor integrating infrared PPG technology was
placed at the left wrist of two women and two men aged
between 26 and 38 years. Three PPG time series were
acquired at a sampling rate of 21.33 Hz by the CSEM
proprietary wrist monitor, composed of one infrared LED
(940nm) and three photodiodes in contact with wrist skin.
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The total weight of the device is less than 25g, and its
watch-like size is 34x40x12mm.

Data was recorded during the entire night without inter-
fering with subjects, and it was further downloaded into a
PC platform. The analysis of the recorded dataset was per-
fomed offline. In a first step, reference NN intervals (and
RR intervals) were extracted from raw ECGs by means
of a dedicated software (Sentinel with embedded normal
beat detection). In a second step, NN interval estimates
were extracted from raw PPG signals using the procedure
described below.

2.1. Heartbeat detection

First, a root mean square (RMS) signal was added to the
three PPG signals, where the nth sample of RMS signal x4
was computed as follows:

x4(n) =

√
1

3
(x21(n) + x22(n) + x23(n)),

where xi(n) denotes the nth sample of the ith PPG signal.
Then, cardiac beats were detected on each xi signal inde-
pendently using first derivatives yi(n) defined as follows:

yi(n) = xi(n)− xi(n− 1).

where yi(n) is the approximation of the temporal derivate
of the ith PPG signal. The amplitude envelope θi(n) was
obtained from each derivative using a first order low-pass
filter applied on the negative part y−i (n) = min(yi(n), 0)
of yi(n):

θi(n) = αy−i (n) + (1− α)θi(n− 1),

where α = 1/32. The amplitude envelopes were further
used to detect regions where a heartbeat could be detected,
the condition for the detection being:

yi(n) < βθi(n), (1)

where β = 2.5 is a factor that controls the detection of
the heartbeats. The value of β is a trade-off between false
positive (small value) and false negative (large value). The
position of potential heartbeats was obtained on each sig-
nal independently by searching for the minimal value in
every continuous interval that fulfilled the condition given
in equation (1). As the precision of the heartbeat positions
is linked to the sampling period, which is relatively low,
a second-order polynomial interpolation was used around
the detected minimal value to increase its precision. Ac-
cordingly, an estimate of a fractional part of the sampling
period that corresponded to the position of the minima was
obtained. Assuming yi(nmin) to be a detected local min-
imum, the fractional part of the sampling period was esti-
mated as:

nfrac =
yi(nmin − 1)− yi(nmin + 1)

2(yi(nmin + 1)− 2yi(nmin) + yi(nmin − 1))
.

(2)
The position of the heartbeats was thus given by nmin+

nfrac from each PPG signals. The final heartbeat lo-
cation estimates R̂, were obtained by a procedure which
merges the detected heartbeats from each PPG signals
(x1, x2, . . . , x4) such that the local variation of the R̂R in-
tervals is minimized. Finally, the R̂R serie was calculated
as the difference between consecutive positions of detected
heartbeats R̂. Figure 1 displays typical detection of R-wave
peaks (cardiac muscle contractions) on ECG, the respec-
tive hearbeats detected on PPG signals and both resulting
RR and R̂R series.
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Figure 1. Illustration of typicalR-wave peak detection
(cardiac muscle contractions) on ECG, the respective hear-
beats detected on PPG signals and both resulting RR and
R̂R series.

2.2. Motion artefacts

In order to detect and correct the episodes which con-
tain important motion artefacts, an approach similar to the
heartbeat detection was applied to the computed yi sig-
nals. The beginning of episodes with important artefacts
was identified as the location where |yi| > α with α fixed
at 70. When important artefacts were locally detected on
more than one PPG signal, the 10-second time interval fol-
lowing the detection point was not considered. An interpo-
lation algorithm in the R domain was then applied to obtain
R̂R with the lowest variation value.
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2.3. Sequence alignment

The estimated R̂ (extracted from PPG signals) where
converted into R̂R series. The obtained heartbeat interval
or RR serie was aligned with the RR serie extracted from
ECG signal (provided by the Sentinel software), via an ad-
hoc proprietary algorithm in order to compensate for the
difference between the time bases (offset and clock drifts)
of the two measuring devices. This algorithm synchronises
the two sequences every five minutes by estimating the rel-
ative delay between them via the peak detection of a cor-
relation function.

2.4. Outlier rejection

To avoid that the comparison between the two heartbeat
interval series be biased by ectopic, premature beats or out-
liers, a simple rejection procedure was applied to the series
of R̂R. Any R̂s associated with intervals below or above
threshold values (< 600 ms or > 1500 ms) were removed
from the series.
At the end of this procedure, uniformly sampled NN series
of reference and their estimation labeled N̂N were obtained
by interpolating samples at a fixed sampling rate of 4Hz as
described in the HRV guidelines [7].

2.5. Feature extraction

The gold standard HRV features were then computed
from the resulting four uniformly resampled NN signals.
These HRV features estimated over each 5-minute seg-
ments (short-term HRV analysis) are described in the fol-
lowing section. In the time domain, the simplest variable
to calculate is the standard deviation of the NN intervals,
labeled SDNN. The standard deviation of differences be-
tween adjacent NN intervals, labeled SDSD was also com-
puted over each 5-minute segment. The units of both fea-
tures are in milliseconds (ms).
Concerning the frequency domain, various methods to es-
timate the power spectral density exist. In this study, we
relied on the Yule-Walker algorithm to estimate paramet-
ric spectral densities by fitting auroregressive (AR) pre-
diction models of a given order to RR and R̂R series.
An AR model with order 44 was fitted on each 5-minute
segments used to evaluate the power in different ranges;
the power in the very low frequency range, labeled VLF
(< 0.04Hz), the power in the low frequency range, la-
beled LF (0.04 − 0.15Hz), and the power in the high fre-
quency range, labeled HF (> 0.15Hz) [7]. The LF/HF
ratio values were also computed. This last feature is often
used to monitor the sympatho-vagal balance. The series of
time- and frequency-domain features evaluated from syn-
chronized ECG and PPG signals were then compared in

terms of normalized correlation, as well as the mean µ and
standard deviation sd of there difference µ± sd.

3. Results

In this section are presented results to assess agreement
between the reference Holter system and the proposed PPG
system for HRV feature extraction. In total, 1565 minutes
of data were analyzed, containing approximately 94’000
heartbeats.

The correlation between the temporal and frequency
features of the ECG and PPG systems, of the four subjects
estimated from both devices are depicted in table 1. The
plots of the temporal and frequency features of one of the
subjects are shown in Figures 2 and 3, respectively.
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Figure 2. HRV temporal features (SDNN and SDSD) ex-
tracted from one of the subject of the database (#4). The
correlation values are 0.93 and 0.95, respectively.
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Figure 3. HRV frequency features (HF, LF, LF/HF and
VLF) extracted from one of the subject of the database
(#4). The correlation values are 0.98, 0.96, 0.84 and 0.86,
respectively.

Results show that the two methods lead to high corre-

937



Table 1. The correlations values and normalized errors between the HRV features extracted from the ECG and PPG signals
are displayed. The correlation is around 0.9 for all HRV features, which shows statistical agreement between both ECG-
and PPG-based approaches.

Temporal features Frequency features

Features SDNN SDSD HF LF VLF LF/HF

# 1 0.82 / 0.23 0.82 / 0.22 0.90 / 0.30 0.91 / 0.23 0.69 / 0.59 0.78 / 0.40

# 2 0.96 / 0.12 0.87 / 0.14 0.86 / 0.29 0.93 / 0.22 0.93 / 0.29 0.85 / 0.31

# 3 0.99 / 0.07 0.87 / 0.18 0.88 / 0.32 0.98 / 0.14 0.96 / 0.23 0.85 / 0.25

# 4 0.93 / 0.15 0.95 / 0.11 0.98 / 0.16 0.96 / 0.14 0.86 / 0.43 0.84 / 0.25

Average correlation 0.93± 0.06 0.88± 0.05 0.91± 0.04 0.95± 0.03 0.86± 0.11 0.83± 0.03

Average normalized error 0.14± 0.06 0.16± 0.04 0.27± 0.06 0.18± 0.04 0.39± 0.14 0.30± 0.06

lated values for all the temporal and frequency features.
The average correlation is around 0.9 on all features. The
most correlated features being the SDNN, HF and LF
which have an average correlation of respectly 0.93±0.06,
0.91 ± 0.04 and 0.95 ± 0.03, while the worst correlation,
on the LF/HF feature, is still above 0.8 (0.83± 0.03).

As can be observed in Figures 2 and 3, the difference be-
tween the HRV features extracted from the PPG and ECG
is mostly due to errors in few segments, which also ex-
plained why the relative error shown in table 1 can be rel-
atively high even if the signals are highly correlated. A
deeper investigation on the raw PPG signals shows that
these errors are due to strong motion artefacts that leads
to very strong noise in the PPG signal. Moreover these
artefacts are very difficult to correct due to the absence of
relevant information on a large temporal interval. As these
motion artefacts are identified (see section 2.2), it is possi-
ble to discard them if we want to only keep the segments
where a very accurate HRV value is desired.

4. Conclusion

We presented a study that demonstrates based on the
long-term recording of four healthy subjects, that the HRV
features computed from R̂R intervals estimated via the
analysis of PPG signals recorded at the wrist level are
in agreement with simultaneous HRV features computed
from RR intervals measured by from ECG signals. A cor-
relation of around 0.9 has been shown for both temporal
and spectral HRV features. The use of comfortable sen-
sors such as the suggested wrist device might in the fu-
ture provide novel insights into cardiovascular regulation
mechanism occuring during sleep.
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