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Cardiovascular disease is one of the most prevalent diseases for adults over 20
years old in the United States [1]. Photoplethysmography (PPG) based medical
devices are widely used for cardiovascular health monitoring in clinical settings.
PPG is a typical noninvasive method that measures subtle changes in the light
reflection from human skin due to the blood volume variations through the car-
diovascular pulse cycle [2]. Professional PPG measurement devices are expensive
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Abstract. Photoplethysmography based medical devices are widely
used for cardiovascular status monitoring. In recent years, many algo-
rithms have been developed to achieve cardiovascular monitoring results
comparable to the medical device from remote photoplethysmography
(rPPG). rPPG is usually collected from the region of interest of the sub-
ject face and has been used for heart rate detection. Though there were
many works on the study of chaos dynamics of PPG, very few are on
the characteristics of the rPPG signal. The main purpose of this study is
to discover rPPG dynamics from nonlinear signal processing techniques,
which may provide insight for improving the accuracy of cardiovascu-
lar status monitoring. Univ. Bourgogne Franche-Comté Remote Photo-
PlethysmoGraphy dataset is used for the experiment. The results show
rPPG is considered as chaotic. The best-estimated embedding dimen-
sion for the rPPG signal is between 3 to 4. The time delay is 10 for an
interpolated 240 Hz rPPG signal. The interpolation process will increase
the complexity level and reduce the correlation dimension of the rPPG.
The bandpass filtering process will reduce the complexity level and the
correlation dimension of the rPPG. Introducing the features derived
from reconstructed phase space such as Lyanpunov exponent, correla-
tion dimension and approximate entropy, could improve the accuracy of
heart rate variability detection from rPPG.
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and uncomfortable to use. In recent years, several algorithms have been devel-
oped to achieve heart rate (HR) and heart rate variability (HRV) results similar
to professional devices through remote PPG (rPPG), which uses a camera to
collect a video of the region of the skin from a distance instead of using near-
infrared light for PPG recording. The rPPG signals could be extracted from the
video recordings and provide similar health monitoring results to PPG signals.

There are many works about nonlinear analysis of the PPG signals to improve
the detection accuracy and discover underlying characteristics of the PPG sig-
nals. PPG signals collected from healthy young human subjects is consistent with
the definition of chaos movement [3]. The method of phase space reconstruction
has been applied to PPG signals and shows PPG can provide an earlier warning
of deterioration based on PPG signals because it provides a similar trend for
the parameters derived from arterial blood pressure (ABP) [4]. There are also
studies on PPG signals collected not from near-infrared light. The experiment
results show the PPGs collected under the red or green light is chaotic [5].

In addition to PPG, nonlinear signal processing techniques also apply to
the rPPG. It is possible to use phase space reconstruction on the rPPG signals
collected from the skin of the wrist. The interpolated and filtered signals can be
considered as noise-contaminated deterministic signals [6]. However, the previous
studies are based on PPG signals with a high sampling rate, mostly 200 Hz or
the study of the rPPG collected in an area with little noise and motion. There
has been little work on rPPG chaotic analysis based on video collected from the
face, which has a lower sampling rate 30 Hz and large noise due to the distance
and the motion of the body. In this paper, we present the analysis of the chaotic
dynamics of rPPG collected from human face videos.

The contribution of this paper is as follows:

— We compared the chaotic dynamics for different PPG and rPPG signals.

— We use the phase space reconstruction method to discover the underlying
characteristics of rPPG.

— We showed introducing the features derived from reconstructed phase space
could improve the accuracy of HRV detection.

The structure of the remaining parts of the paper is as follows: In Sect. 2, we
present the method we used for rPPG extraction. Section 3 evaluates the results
of the dynamics of PPG and rPPG signals. In Sect. 4, we present conclusions.

2 Related Works

2.1 rPPG Extraction Methods

PPG signals can be collected from fingertips positioned on a smartphone cam-
era [7]. However, this method still requires the subject to stay in a fixed posi-
tion, which has the same disadvantage of traditional methods. Poh et al. [§]
proposed a new non-contact method, which is known as remote PPG (rPPG).
The method uses the front face of the phone camera to extract PPG signals
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and heart rate measurements has a RMSE < 5bpm and a correlation of 0.95. [9]
extends the work by using CHROM for rPPG extraction for heart rate detection.
This method is further implemented by [10], which provides an algorithm with
improvement in the detection accuracy for heart rate and heart rate variabil-
ity for low-resolution videos. [11] proved the Plane orthogonal to the Skin-tone
method (POS) can generate a better quality signal than CHROM for heart rate
measurement. It also compared the signal to noise ratio (SNR) of different rPPG
extraction approaches and proved the rPPG from POS has an average SNR of
5.16, which is larger than all the other approaches. Table 1 shows the different
related works on rPPG extraction algorithm developed over the years.

Table 1. Algorithms on rPPG extraction

Ref. ROI Algorithm | Parameter | Year
Poh et al. [8] Face BSS HR 2010
Lewandowska et al. [12] | Forehead | ICA HR 2012
de Haan et al. [9] Face CHROM |HR 2013
de Haan et al. [13] Face PBV HR 2014
Wang et al. [14] Face 2SR HR 2016
Huang et al. [10] Face CHROM | HR, HRV | 2016
Wang et al. [11] Face POS HR 2017

2.2 Dataset Used for rPPG Testing

Many efforts have been made in recent years on studying the rPPG algorithms
on heart rate with existing public datasets such as MAHNOB and MMSE-HR.
However, these videos are under strong compression making valuable information
impossible to extract [15]. Normally heart rate estimation requires a lower quality
video than heart rate variability. An uncompressed video data set is required to
derive the best results of heart rate variability. We developed the algorithms and
compared the performance on the public data set UBFC-rPPG.

Univ. Bourgogne Franche-Comte Remote PhotoPlethysmoGraphy (UBFC-
rPPG) is a data set proposed for remote PPG (rPPG) studies [16]. Subject
faces were recorded using a webcam (Logitech C920 HD Pro) at 30fps and a
resolution of 640 x 480. The video file is an avi file in an uncompressed 8-bit RGB
format. The ground truth PPG signal wave was recorded using the CMS50E
transmissive pulse oximeter. It is a popular data set used for the validation of
different rPPG approaches. The video files and ground truth data are used in this
research.
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3 rPPG Extraction Method

Our approach mainly follows the method proposed by Huang et al. [10]. Some
recent enhancements such as amplitude selective filtering [20] and plane orthog-
onal to skin tone method [11] are included. The flowchart of the whole method
is in Fig. 1.

Video frame

*UBFC dataset uncompressed video files
*480x640p, 30fps

Region of interest selection

e face detection (Viola Jones cascade classifier detector,
Kanade-Lucas-Tomas motion tracking)
o Skin color detetion (YCrCb,98<Cb<142,133<Cr<177)

Signal extraction

*computing mean value of R, G, B channel for each frame
*amplitude selctive filtering
e plane orthogonal to skin tone method

Signal postprocessing

einterpolation to 240Hz
ebandpass filtering (0.75Hz-4Hz)

PG ground vun signat

Remote photoplethysmography signals

Fig. 1. Method overview

3.1 Region of Interest Selection

The region of interest (ROI) is first selected by the face detection algorithm using
Viola-Jones detection [17] and Kanade-Lucas-Tomasi [18] for motion tracking.
After the face detection algorithm locates the position of the face in a rectangular
bounding box, the skin detection algorithm is applied to the ROI to select the
skin pixels in the YCrCb color space [19]. As provided, a pixel is detected as
skin if 98 < Cb < 142,133 < Cr < 177.
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3.2 Signal Extraction

After the skin pixels are selected from the ROI, the mean value of the RGB
channels of each frame is calculated to form a series of raw signals of R, G,
B channel. Then, amplitude selective filtering [20] is used to eliminate noise
distortions from the signals. The plane orthogonal to the Skin-tone method [11]
is used to extract pulse signals from the RGB signals. It assumes the RGB
signals are the mixture result from three different source signals. One of them
is the pulse signal and the others are light sources or background noise. The
algorithm is based on the study of the optical and physiological model of the
skin reflection and can separate the pulse signal that is independent of the skin
tone and the light source. The result from [11] shows rPPG from POS has an
average SNR of 5.16, which is larger than all the other extraction methods.

3.3 Signal Postprocessing

After the pulse signal is extracted, postprocessing steps are used for denoising.
Because the signal is sampled 30 Hz, interpolation 240 Hz is needed to smooth
the signal.

There are many approaches for post-processing the rPPG signal. The most
widely used approach is bandpass filtering, which is to select only the magnitude
of the signal within the pulse rate range (0.75 Hz 4 Hz) and to use inverse wavelet
transformation to reconstitute the signal.

4 Chaotic Dynamics Analysis of PPG and rPPG

4.1 PPG and rPPG Signals

UBFC-rPPG is a dataset containing video data of an average length of 1min.
Logitech C920 HD Pro is used to collect the video of the frontal face at a dis-
tance of about 1m from the camera. All experiments are conducted indoors
with varying amounts of sunlight and indoor illumination. The recordings have
an uncompressed AVI format at 30 fps and a resolution of 640 x 480. The ground
truth PPG signal was recorded simultaneously using the CMS50E transmissive
pulse oximeter. An example of the ground truth PPG signal is in Fig. 2.

Based on the data provided by the UBFC-rPPG data set, we extract 4 signals
for phase space reconstruction. The ground truth PPG signal is not uniformly
sampled. To apply the approach, we interpolate the ground-truth signal 240 Hz
by linear spline (PPG 240 Hz). The rPPG signal is extracted from the video files
at an original frequency 30Hz (rPPG 30Hz) and interpolated 240 Hz (rPPG
240Hz). Then the signal is bandpass filtered by the continuous wavelet trans-
formation (rPPG filtered).
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PPG ground truth signal
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Fig. 2. Ground truth PPG signal

4.2 Phase Space Reconstruction

A uniformly sampled time series signal with a single variable X =
(z1,22,23...x,) can be reconstructed a phase space which has m-dimension.
If the embedding method uses time lag 7, the delayed reconstruction has coor-
dinates as X, = (2, Zj4r,- - Zjq(m—1)r)-

The time delay 7 can be estimated by finding the first minimum value of the
average mutual information (AMI), which is computed as

N

AMI() = pla, xi+t)log2[l%] (1)

where N is the length of the signal and ¢ is the time lag.
The embedding dimension m can be estimated using the false nearest neigh-
bor algorithm. For a dimension m, the points X and nearest point X* are false

neighbors if
D2(m +1) — D2(m)
\/ D%(m) > Threshold (2)
where D?(m) = || X7 — XI*||%.
The result for the estimation of the time delay 7 and embedding dimension
are in Figs. 3 and 4.
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PPG 240Hz time delay rPPG 30Hz time delay

(a) time delay for PPG 240Hz (b) time delay for rPPG 30Hz

rPPG 240Hz time delay rPPG filtered time delay

35
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4 5 6 7 8 9 75 8 8.5 9 95 10 105

(c) time delay for rPPG 240Hz (d) time delay for rPPG filtered
Fig. 3. The estimated time delay 7 for 4 signals. Histogram z-axis: the value range of
the 7. Histogram y-axis: frequency

The estimated time delay for rPPG 30 Hz is centered and 3. The estimated
time delay for PPG 240 Hz and rPPG filtered is mostly at 7 = 10 and for rPPG
240 Hz is centered at 7 = 5. It shows after the filtering step, the estimated time
delay change from 5 to 10. The bandpass filtering for rPPG signal is required
to keep the time delay 7 similar to the PPG signal after interpolation. The
embedding dimension for all signals is either m = 3 or m = 4. And PPG 240 Hz,
rPPG 30Hz, and rPPG 240 Hz have the majority of the signal from 42 subjects
at embedding dimension m = 4. After bandpass filtering by continuous wavelet
transformation, the rPPG filtered has a majority of embedding dimension m = 3.
It shows that the postprocessing of the signal by bandpass filtering reduces the
complexity of the signal.

An example of the phase space reconstruction result is shown in Fig.5. The
phase space reconstruction result is based on the 4 signals collected and extracted
from Subject No. 10. The embedding dimension is m = 3 for data visualization
purposes. The time delay 7 = 10 for PPG 240 Hz and rPPG filtered and 7 = 3
for rPPG 30Hz and 7 = 5 for rPPG 240 Hz. The example shows there are
similarities between the PPG 240 Hz and the rPPG filtered signal.
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PPG 240Hz i i i rPPG 30Hz
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(a) embedding dimension for PPG (b) embedding dimension for rPPG
240Hz 30Hz

. rPPG 240Hz embedding dimension rPPG filtered embedding dimension
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(¢) embedding dimension for rPPG (d) embedding dimension for rPPG fil-
240Hz tered

Fig. 4. The estimated embedding dimension m for 4 signals. Histogram z-axis: the
value range of the m. Histogram y-axis: frequency

4.3 Lyapunov Exponent

A chaotic system is sensitive to initial conditions. The chaotic level can be quan-
tified by the Lyapunov exponent, which is used to characterize the trajectories
in the phase space to measure the rate of divergence of neighboring trajectories.
Any chaotic system must have at least one positive Lyapunov exponent. So the
largest Lyapunov exponent (LLE) can be used to determine whether a system
is chaotic. The algorithm for computing LLE mainly follows [21]. The LLE of
all signals is positive, indicating the PPG and rPPG signals are consistent with
the definition of a chaos dynamic system.
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(c) reconstructed trajectories for rPPG  (d) reconstructed trajectories for rPPG
240Hz filtered

Fig. 5. An example of reconstructed trajectories in m = 3 for 4 signals

4.4 Correlation Dimension

The correlation dimension is usually refers to a type of fractal dimension, which
measures the dimension of the space occupied by random points. It can be used
to separate the chaos from random noise. The correlation dimension is the slope
of C(R)vs.R, where R is the radius of similarity and C(R) is given by

2505, Ni(R)

ClR) = “ 55~ 3)
where N;(R) is the number of the points within the range R of point i. The
statistical distribution for correlation dimension is in Fig. 6.

The average value for correlation dimension is 2.5022 for ground truth PPG
240 Hz signal. The correlation dimensions are 4.1118 and 3.2700 for rPPG 30 Hz
and rPPG 240 Hz respectively. In general rPPG contains more noise from the
illumination and the motion of the subject than PPG signals, thus the correla-
tion dimension should be higher. The result rPPG 240 Hz has less correlation
dimension than rPPG 30 Hz also indicates the interpolation process reduces the
correlation dimension. rPPG filtered has an average correlation dimension value
of 2.908, which is less than the unfiltered signal. It means the filtering process
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PPG 240Hz ion dimension rPPG 30Hz correlation dimension
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(a) correlation dimension for PPG (b) correlation dimension for rPPG
240Hz 30Hz

rPPG 240Hz rPPG filtered

15 2 25 3 35 4 45 5 24 26 28 3 32 34 36

(¢) correlation dimension for rPPG  (d) correlation dimension for rPPG fil-
240Hz tered

Fig. 6. The estimated correlation dimension for 4 signals. Histogram x-axis: the value
range of the correlation dimension. Histogram y-axis: frequency

significant reduces the noise in the rPPG signals. The reduce in the correlation
dimension also means the filtered rPPG signal is more close to the ground truth
signal.

4.5 Approximate Entropy

The unpredictability of the time series data can be quantified by approximate
entropy. A higher value of approximate entropy indicates a higher irregularity
and more fluctuations in the uniformly sampled time series data. If more repeti-
tive patterns of a signal is observed, the signal is more predictable and thus has
a smaller value of approximate entropy. The complexity level can be quantified
by the approximate entropy derived from a time series.

The approximate entropy is calculated as ¢,, — @41, Where,

S " log(Ny)

Om = N-m-+1
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PPG 240Hz imate entropy PPG 30Hz imate entropy
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(a) approximate entropy for PPG (b) approximate entropy for rPPG
240Hz 30Hz
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(¢) approximate entropy for rPPG (d) approximate entropy for rPPG fil-
240Hz tered

Fig. 7. The estimated approximate entropy for 4 signals. Histogram z-axis: the value
range of the approximate entropy. Histogram y-axis: frequency

where m is the embedding dimension, N is the number of data points, N; is s the
number of the points within the radius of similarity R of point ¢. The statistical
distribution for approximate entropy is in Fig. 7.

5 Results

The average value for approximate entropy is 0.4963 for ground truth PPG
240 Hz signal. The approximate entropy are 0.2315 and 1.0156 for rPPG 30 Hz
and rPPG 240 Hz respectively. The result rPPG 240Hz has higher approxi-
mate entropy than rPPG 30Hz indicating the interpolation process increases
the approximate entropy and introduces more complexity into the signal. rPPG
filtered has an average approximate entropy value of 0.6885, which is less than
the unfiltered signal. It means the filtering process will significantly reduce the
complexity of the signal. It also means the filtered rPPG signal is more close to
the ground truth signal.

The signal properties derived from the reconstructed phase space include
Lyanpunov exponent, correlation dimension and approximate entropy. These
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Fig. 8. SDRR results derived from the rPPG filtered (RMSE = 13.72)

properties can be used to improve the current HRV detection method accuracy
based on rPPG as an addition feature for a regression model.

After the rPPG signal is derived from the face video ({PPG 30 Hz), interpo-
lated (rPPG 240Hz), and bandpass filtered (rPPG filtered), the signal is recon-
structed by inverse CWT. The peak detection algorithm is used to detect peaks
of the signal.

RR interval is defined as the time interval of the consequent peaks.

RR; = PP,— PP,_, (5)

where RR; is the ith RR interval and PPF; is the time for the ith peak.
We use HRV time domain definitions SDRR. SDRR is defined as standard
deviation of all RR intervals, that is

SDRR = \/Zi(RRi ]—ane;m(RR))Q ©)

The HRV result derived from the ground truth signal and rPPG filtered is
shown in Fig. 8. With RMSE = 13.72. We can improve the accuracy by building
a regression model using 4 features, including the HRV detection results derived
from the rPPG, Lyanpunov exponent, correlation dimension and approximate
entropy. The HRV result derived from the ground truth PPG240 Hz signal and
Gaussian process regression model is shown in Fig. 9 with RMSE = 12.19.
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Fig. 9. SDRR results derived from the regression model using HRV detection results
derived from the rPPG, Lyanpunov exponent, correlation dimension and approximate
entropy (RMSE = 12.19)

6 Conclusion

The main purpose of this study is to investigate rPPG dynamics from non-
linear signal processing techniques. The PPG and rPPG signals obtained from
UBFC-rPPG dataset are used for the experiment. The phase space reconstruc-
tion methods are applied to test the chaotic characteristics of rPPG dynam-
ics. The obtained results provided strong evidence that rPPG is considered as
deterministic chaotic after interpolation and bandpass filtering. Additionally, we
discovered the best embedding dimension for the rPPG signal is between 3 to
4. The time delay is 10 for 240 Hz rPPG signal. The phase space reconstruction
shows bandpass filtering is required to preserve the topological similarities of
the rPPG signal and the PPG signals. The interpolation process will increase
the complexity level and reduce the correlation dimension of the rPPG. The
bandpass filtering process will reduce the complexity level and the correlation
dimension of the rPPG. Including the features such as Lyanpunov exponent,
correlation dimension and approximate entropy could reduce the RMSE of HRV
detection.

This result provides some insight into the feasibility of using rPPG signal for
cardiovascular state monitoring. Nonlinear approaches may become a potential
method used to evaluate the quality of different rPPG extraction algorithms. The
applications of nonlinear signal methods may also contribute to future studies
of human mental and physiological health detection.
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