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A sensitive handheld color-sensing module has been developed to examine the physiological status of 
the human cardio-respiratory system. This portable device can provide color coordinates of the skin 
during both breathing and heartbeat rhythms. Color changes occur in the skin due to more blood cells 
and hemoglobin filling the arterial skin tissue during the heartbeat-induced blood volume pulsing. To 
mitigate small distortions arising from projection of high-dimensional data onto one-dimensional time 
series, we deduced a state-space portrait from the measured skin color changes by implementing 
Takens’s time-embedding approach. Based on the state-space picture, we can apply a cross-recurrence 
plot to disclose nonlinear interrelations and similarity in the time series data. Finally, clear evidence for 
the directionality of cardio-respiratory coupling was yielded by integrating heartbeat- and breathing-
induced skin color data with convergent cross-mapping, which reveals that heart-to-respiration 
coupling is stronger than respiration-to-heart coupling in healthy test subjects. Based on these findings, 
we conclude that the cardiovascular process causally drives respiratory activity in the cardio-
respiratory system. 

 
Key words: Skin color, cardio-respiratory, heartbeat rate, blood volume pulsing, causality, Takens’s theorem, 
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INTRODUCTION 
 
With the rise in health awareness, the concept of self-
health management has recently attracted significant 
attention from physicians for its potential preventive effect 
against modern lifestyle diseases (Rotheram-Borus et al., 
2012). Self-health management can reduce the 
occurrence of chronic diseases and consequently the 
need for medical treatments and hospitalization (Shaffer 
et al., 1999). The expansion of the accessibility of non-
invasive instruments, especially those that can be 
operated by non-medical personnel, is crucial to realizing 
the potential for self-health management. Examples of 
such instruments include infrared thermal imaging 
(Pereira et al., 2018) or thermal sensing materials (Yang 
et al., 2015) to monitor skin temperature changes and 
iontophoresis devices to monitor skin glucose 
concentrations in controlling diabetes (Leboulanger et  al., 

2004). 
The skin is considered the largest organ in the human 

body as it has the largest surface area. It is responsible 
for isolating internal organs from external infectious 
agents and serves as the body’s first line of defense 
against exterior threats (Kligman, 2002). Based on an 
understanding of the skin’s functional properties, 
diagnostic techniques have been developed to acquire 
pathological information (Buttaro et al., 2012; Stephen et 
al., 2009a, b). In this context, recently we designed and 
fabricated a handheld color-sensing module to examine 
the physiological status of the human body in vivo 
(Huang and Hsu, 2019, 2020). The module can record 
both slow and rapid color changes in the skin. It was 
found that the rapid color variations during the heartbeat 
rhythm stem  from  the  heartbeat-induced  blood  volume  
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pulse (BVP), whereas the slow color variations reflect the 
breathing-induced changes in the relative concentrations 
of oxygenated and deoxygenated hemoglobin species in 
the blood volume of the skin. The state distribution 
profiles of the cardiovascular system deduced from skin 
color variation were found to differ before and after 
physical exercise. The distributions also varied among 
healthy adults with different physical exercise habits 
(Huang and Hsu, 2020). In comparison with young 
people, elderly people exhibited increased heartbeat rate 
(HR) with reduced BVP owing to the reduced efficiency of 
their aged cardiovascular systems. 

However, physiological functions typically hinge on 
underlying synergies that are not straightforward to 
decipher (Cheung et al., 2012). The study of complex 
systems can benefit by focusing on understanding the 
inter-dependencies of dynamical variables. It is known 
that complex cardiac and respiratory dynamics are a 
manifestation of the activity of the autonomic nervous 
system (ANS) (Karemaker, 2017) and continuous ANS 
activity can result in cardio-respiratory interaction 
between the respiratory rhythm and the heartbeat rhythm 
(Dick et al., 2014). Improving our understanding of the 
underlying synergies may benefit medical diagnostics. 
This awareness motivates us to analyze skin color data 
to improve our understanding of the cardiorespiratory 
coupling (CRC). Various methods of information theory or 
nonlinear dynamics have been applied to quantify the 
coupling between the respiratory and the cardiac system 
(Schulz et al., 2013; Luchinsky et al., 2005; Rosenblum et 
al., 2002; Marwan et al., 2013). It is commonly 
recognized that the direction of this coupling is such that 
the heartbeat rhythm is subordinate to the respiratory 
rhythm (Rosenblum et al., 2002; Schafer et al., 1998). 
However, synchronization of respiration with the heart 
rhythm has also been observed in certain conditions 
(Tzeng et al., 2003). Despite the work done so far, the 
controversy concerning the direction of coupling remains 
unresolved (Rosenblum et al., 2002; Marwan et al., 2013; 
Schafer et al., 1998; Tzeng et al., 2003). 

Recently, the methodology for inferring causality from 
the relation between two variables has been greatly 
advanced (Schulz et al., 2013; Ma et al., 2018). In this 
context, the correlation between two time series of 
dynamical variables is commonly used to indicate 
whether the two variables interact with each other (Hsieh 
et al., 2005; Semmlow, 2018). However, correlation is 
neither necessary nor sufficient to establish a causal 
relationship by unidirectional interaction. Consequently, 
lack of correlation does not imply lack of causation 
(Sugihara et al., 2012). Granger developed the first 
rigorous framework to identify causation between two 
time series (Granger, 1969). The key assumption of his 
theory is the separability of causative factors involved. 
However, the assumption of separability of causative 
factors is invalid in physiological systems because those 
systems   usually    evolve    with    varying    degrees    of  

 
 
 
 
nonlinearity, in which the internal components intertwine 
with each other to render the dynamical components 
inseparable from one another (Ma et al., 2018). Sugihara 
et al. (2012) developed the convergent cross-mapping 
(CCM) algorithm to circumvent this difficulty. 

In this paper, we show that by invoking Takens’s time-
embedding theorem (Ma et al., 2018; Palit et al., 2015), 
the time series data of skin color changes can be 
converted to state-space trajectories. This state-space 
portrait enables a detailed description of the cardio-
respiratory system with one-dimensional time series data. 
Based on the state-space picture, we exploit Sugihara’s 
CCM (Sugihara et al., 2012; Mønster et al., 2017) to 
analyze heartbeat- and breathing-induced color changes, 
which yields clear evidence for the directionality of CRC. 
Our CCM analysis reveals that heart-to-respiration 
coupling is stronger than respiration-to-heart coupling in 
healthy subjects, suggesting that the cardiovascular 
process causally drives respiratory activity. 
 
 
EXPERIMENTAL AND DATA ANALYSIS PROCEDURE 
 
Color-sensing technique 
 
The design, characterization and color calibration of the 
color-sensing module have been described in detail in 
Huang and Hsu (2019, 2020). In brief, the color-sensing 
module includes a light-collection component that can 
efficiently acquire the optical diffuse reflectance signal 
from the region of interest (ROI) and delivers at least 54 
lux to the sensor’s active area under normal ambient 
lighting. Of the received power, the signal from the ROI 
only decreases from 100% to 60% when the target-to-
sensor distance increases from 4 cm to 10 cm. 

The diffuse reflectance signal is detected using a 
Hamamatsu S9032 color sensor that can deliver a 
photocurrent of 9-20 nA at the red-green-blue (RGB) 
channels under an illuminance of 50 lux. A low-noise 
electronic circuit, which comprises a current-to-voltage 
converter, a preamplifier, and AC and DC amplification 
stages, converts the photo-current into voltage. The AC 
channel provides a gain of 200 in a pass band of 0.1-28 
Hz, aiming to yield statistical information on the skin color 
changes caused by heartbeats. The DC channel 
amplifies the signal by 2 in a pass band of 0-1.6 Hz to 
reveal color variations caused by breathing activity. The 
noise level in the pass band at the AC output is less than 
-60 dB and can be lower than -100 dB to -120 dB at the 
DC output. The measured gain profiles agree with the 
simulated curves (Huang and Hsu, 2019), indicating that 
this circuit can amplify the color signals with an 
acceptable signal-to-noise (S/N) ratio for this study. 

The six voltage signals from the color-sensing module 
at the AC and DC outputs are converted to digital signals 
by a 24-bit delta-sigma analog-to-digital (AD) converter. 
Typically, the sensor module is  operated  with  a  100-Hz  



 
 
 
 

 
 
Figure 1. Photograph showing skin color measurement at the 

palm of the test subject with the color sensing module. 

 
 
 

 
 
Figure 2. Conceptual illustration of the 
reconstruction of state space with time-
embedding approach. 

 
 
 

data acquisition cycle. Each cycle involves six cascading 
1.6-ms AD conversions, which add up to a data 
conversion period of 9.6 ms. To monitor color variation in 
different physiological conditions, the color-sensing 
module is calibrated to yield RGB color coordinates of the 
skin (Huang and Hsu, 2020) by compensating different 
spectral responses of sensor elements and removing the 
influences of non-zero overlap of the pass bands of the 
color filters. 
 
 

Measurement of skin color coordinates 
 
The color-sensing module measures skin color 
coordinates at the palm of the test subject, as shown in 
Figure 1. For this study, four healthy test subjects with 
different ages were recruited: subject A (65-year-old 
Asian man), subject B (57-year-old Asian woman), 
subject C (33-year-old Asian man) and subject D (15- 
year-old Asian girl) to ensure that the measurements  and 
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data analysis would be reproducible across a wide age 
range. This research follows the ethical guideline 
implemented by the author’s organization. All participants 
were fully informed about the privacy and safety nature of 
the study, and signed an informed consent before 
participating in the study. 

Before each measurement, the test subjects were 
asked to sit on a chair and rest for 30 min. Basic 
physiological data, including body height (BH), body 
weight (BW), systolic (Sys) and diastolic (Dia) blood 
pressure, and heartbeat rate (HR), were then recorded. 
Skin color coordinates and an electrocardiogram (ECG) 
of each test subject were acquired simultaneously with 
the color-sensing module and a three-lead 
electrocardiograph (AD8232 kit, Analog Devices Inc.). 
The measured color coordinates of the DC channel 
fluctuated at the skin tone of each test subject with the 
amplitude of breathing-induced color variation being 
approximately 0.5. The color signals from the AC channel 
provided information about heartbeat-induced BVP. The 
observed color signals fluctuated at zero with amplitude 
of approximately 0.05. 
 
 

Data analysis of physiological signals 
 

Phase space reconstruction with Takens’s time-
embedding technique 
 

The physiological systems of a human body typically 
evolve with varying degrees of nonlinearity, resulting in 
strongly intertwined and inseparable internal components. 
The idea of state space reconstruction, which is rooted in 
this inseparability, involves using the dynamics of one 
variable to contain all the dynamical information of the 
whole system. Time-embedding theory shows that the 
finite time series data of an observable variable are 
sufficient to recover the dynamics of the whole system 
(Ma et al., 2018). However, it remains challenging to 
reconstruct the dynamics in state space from the 
measured time series to disclose the underlying 
mechanism of the observed phenomenon. 

Takens’s theorem is the foundation of the time-
embedding theory (Takens, 1981; Ma et al., 2018). As 
illustrated in Figure 2, the theorem states that the phase 
space trajectories{ }nxxx

rrr
,...,,

10
 of a dynamical system can 

be recovered from a finite set of time series data 

{ }nYYY ,...,,
10  

in a reconstructed n-dimensional state space. 

Here the observed time series data are said to be a 

diffeomorphic mapping, RYMxh
i

d

i
∈→∈

r
: , from the 

state space M of the dynamical system to a Euclidean 
space R. When n is sufficiently large, the trajectory in the 
reconstructed space becomes an embedding of the 
original system, implying that for any attractor A that 
appears in the original system, an attractor that retains 
the phase structure of A will appear in the reconstructed 
space. This one-to-one embedding  property  is  essential 
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Figure 3. (Color online) Time-embedding state-space reconstruction of the cardiovascular system: 
(a) A short segment of an electrocardiogram (ECG) signal with relative time to the R peak color-
coded in hue-saturation-value (HSV); (b) Calculated average mutual information of a 50-s-long ECG 
signal; (c) The false nearest neighbor curve with increasing number of embeddings; (d) The 
corresponding 60 trajectories are displayed in the reconstructed state space with the time 
coordinates color-coded in the same way as in (a). 

 
 
 

for a correct reconstruction of the original system from 
the observed time series data. 

Here, { }nxxx
rrr

,...,,
10

 denotes a trajectory in a high-

dimensional state space with time evolution depicted by 

)(
1 ii xFx

rr
=+

. The time series data { }nYYY ,...,,
10

 can be 

obtained with an appropriate apparatus h, and act as a 
diffeomorphic mapping from a state-space manifold of the 
dynamical system to a Euclidean space R. 

To implement Takens’s time-embedding technique, the 
state )(tx

r
of the dynamical system measured at regular 

sampling time intervals is embedded in a state space with 
dimension m and delay time τ. This yields a data vector 

[ ]))1((),...,(),()( ττ −−−= mtYtYtYtY
r

 at time t. This process is 

repeated to render a smooth manifold consisting of a 
finite number of data vectors in the m-dimensional 
reconstructed space. A diffeomorphic mapping must be 
constructed to connect the dynamics of the original 
system with the dynamics in the reconstructed space (Ma 
et al., 2018; Wallot, 2019). This can be achieved by 
properly choosing the embedding dimension m and the 
delay τ. Too small a τ will produce strongly correlated 
data, while too large a τ will cause the reconstructed 
attractor   to   fold  over  on  itself.  Typically,  we  use  the 

smallest τ that will maximize the independence of the 
coordinates of the embedding vectors. A useful approach 
to implement this concept is to locate the first minimum of 
an average mutual information (AMI) function as τ 
increases (Wallot, 2019). Similarly, the embedding 
dimension m should be sufficiently large to meet the 
condition of diffeomorphism, but low enough to avoid the 
curse of dimensionality. The optimal embedding 
dimension can conveniently be chosen as the smallest 
value that affords a topologically correct reconstruction. 
The false nearest neighbor (FNN) algorithm proposed by 
Kennel et al. (1992) is widely used to guide the selection 
(Wallot, 2019). An FNN is a neighbor in the m dimension, 
but is no longer a neighbor in the m + 1 dimension. The 
appearance of an FNN implies that the dynamics are not 
properly unfolded under a specific embedding dimension. 
Thus, we can construct a delay coordinate embedding 
with dimension m and compute its near neighbors, and 
then repeat this process with embedding dimension m + 
1. The dimension with the number of FNNs falling on the 
elbow of the FNN curve with increasing m is a good 
choice for the embedding dimension. 

An application of Takens’s time-embedding approach is 
presented in Figure 3. A 50-s-long ECG signal was  taken  



 
 
 
 
from subject A (BH=175 cm, BW=76 kg, Sys=124 mmHg, 
Dia=72 mmHg, HR=72) at a sampling rate of 100 Hz. A 
short segment of the ECG signal is shown in Figure 3a 
with the relative time to the R peak color-coded in hue-
saturation-value (HSV) with the R peak marked in red. 
Calculating the AMI of the 50-s-long ECG signal reveals 
that the first minimum is located at τ=7 (Figure 3b). Figure 
3c displays the FNN curve with increasing number of 
embeddings. An elbow can be found at m=3, which gives 
a good value for the optimal embedding dimension. The 
corresponding state-space portrait of 60 trajectories in 
the reconstructed space is displayed in Figure 3d. The 
time coordinates of the trajectories are color-coded with 
the same scheme as that used in Figure 3a. As shown, 
the P (blue-to-pink), QRS (red) and T (orange-yellow-
green) loops appearing in Figure 3a were found to be 
dispersed along different directions in the reconstructed 
space (Figure 3a). Such a state-space portrait is crucial 
to mitigate distortions resulting from projection of the data 
from a high-dimensional system onto the one-
dimensional time series data. The trajectories are 
observed to come back to the neighborhood of any 
former point in the state space with high probability. This 
recurrence, first discovered by Poincare in 1890 
(Poincare, 1890), is a fundamental characteristic of many 
dynamical systems. 

 
 
The recurrence plot of the physiological states 

 
Eckmann et al. (1987) introduced the recurrence plot (RP) 
to help visualize the recurrences of dynamical systems. 
The possible states of a dynamical system at a fixed time 

t can be described by [ ]Td txtxtxtx )(),...,(),()(
21

=
r

in a d-

dimensional state space of the system. Time evolution 
connects the state at each moment to the states at all 

previous times ))(()( txFttx
rr

=∆+  with dd
RRF →: . The 

recurrences of states of a dynamical system in state 
space can be visualized in an RP expressed as a matrix 

)()( jiij xxR
rr

−−Θ= εε
 
with i, j=1,...,N, where N is the 

number of measured points )(tx
i

r
, ε indicates a threshold 

distance, Θ denotes the Heaviside function and ...  

represents a norm. For 
i

x
r

 and 
jx

r
 in an ε-neighborhood, 

1)( =εijR . The values one and zero in this matrix can be 

visualized by the colors black and white. We exploit the 
RP technique to gain insights into the time evolution of 
trajectories, because specific RP structures carry crucial 
information on a specific behavior of the dynamical 
system (Marwan et al., 2007). Some typical textures, 
such as single dots, diagonal lines and vertical and 
horizontal lines that may combine to form rectangular 
clusters of recurrent points, can be revealed (Marwan et 
al., 2007; Marwan and Kurths, 2002). 

Huang          45 
 
 
 
Quantitative measures of recurrence plots 
 
A recurrence quantification analysis (RQA) based on a 
nonlinear correlation technique has been developed to 
quantify the above-mentioned structures in RPs (Marwan 
et al., 2007; Marwan and Kurths, 2002). The typical 
output of RQA may include the recurrence rate (RR), 
which is defined as the ratio of all recurrent states to all 
possible states. Counting the recurrent points in an RP 
can tell us how many individual elements are shared 
between two time series data, and provide the probability 
of recurrence of a specific state. The second variable of 
RQA is determinism (DET), which is a measure of the 
degree, to which elements between two sequences 
repeat to form diagonal line structures. Long diagonal 
lines indicate that a large section of the trajectory is close 
to another similar section of the trajectory at a different 
time. Processes with uncorrelated or weakly correlated 
stochastic behaviors often produce very short or no 
diagonal lines, whereas deterministic processes produce 
longer diagonals. It is useful to exploit the average 
diagonal line length (ADL) to report the average size of 
the repeated patterns. It is also informative to use the 
Shannon entropy (ENT) of the histogram of diagonal 
segment lengths to reflect the complexity of the 
deterministic structure in the system. Similar to DET for 
the diagonal lines, the vertical line structures can be 
quantified by the number of recurrent points that form 
vertical lines. The resulting measure is termed laminarity 
(LAM) and reflects the probability of recurrence in the 
intermittent and laminar states. The vertical line 
structures in an RP are formed by these special states, 
which do not change or change very slowly. The trapping 
time (TT), calculable from the average length of the 
vertical lines, reports how long the system remains in 
such a specific state. 

The RPs of the state-space trajectories shown in Figure 
3d are presented in Figure 4. A 30-min-long ECG trace 
was first divided into several 5 s time blocks. Takens’s 
time-embedding approach was applied to construct a 
state-space portrait of 500 data points from each time 
block (Wallot and Mønster, 2018). The resulting RPs of 
trajectories can be viewed as coarse-grained atoms, 
which form the 30-min-long ECG pseudo-material. We 
applied RQA to quantify the structural information of each 
RP and rendered each RP pattern into a data array [RR, 
DET, ADL, ENT, LAM, TT]. The 30-min-long ECG trace 
contains a total of 360 pseudo-atoms. The resulting data 
arrays were normalized with the standard deviations of 
each dimension. Figure 4a and b displays the result of 
clustering the data. 

According to the Bayesian information criterion 
(implemented in the evalclusters function of Matlab), our 
data are best grouped into three clusters, which can be 
achieved by first separating the data into three clusters 
with the k-means clustering algorithm (kmeans in Matlab) 
and then refining  the  result  with  the  Gaussian  mixture  
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Figure 4. (Color online) RQA of the recurrence plots of ECG signal. Clustering of 360 RPs from 30-min ECG signal is shown 
in (a) the space of [RR, DET, ADL], (b) the space of [ENT, LAM, TT], (c) the RP corresponding to the central member of the 
red cluster (the red solid circle in (a) and (b)), (d) RP of the green solid circle member, and (e) RP of the blue solid circle 
member. 

 
 
 
model (GMM) (fitgmdist in Matlab). The results presented 
in Figure 4a and b exhibit one major cluster (red: 229 
members), and two smaller clusters (green: 33, and blue: 
98). The members at each cluster center are displayed 
as solid symbols. Among the three clusters, the members 
of the red cluster have the highest ADL, RR, LAM, and 
TT, which can be seen in the corresponding RP, as 
shown in Figure 4c. Large and regular squares are 
formed by the regular R peaks, as well as by the QRS 
and T features. However, the degree of regularity 
decreases from the red to the blue and to the green 
cluster, resulting in either smaller squares (blue: Figure 
4e or missing squares (green: Figure 4d) in the 
corresponding RPs. The trajectories and RPs 
reconstructed from the one-dimensional time series 
agree reasonably well with the spatiotemporal 
representation in the actual state space, which has 
recently been verified with a vectorcardiogram (Yang et 
al., 2012; Yang, 2011). 

Inferring causal relationship between two dynamical 
variables 
 
The CCM algorithm, developed by Sugihara et al. (2012), 
was designed to circumvent the difficulty of inseparability 
in dynamical variables of nonlinear systems. Note that if 
X is unidirectionally coupled to Y, information will flow 
from X to Y. In this case, the dynamics of X is only 
present in the attractor MX, while the attractor MY 

reconstructed by the time series of Y will carry the 
combined dynamics of X and Y. CCM looks for the 
signature of X in Y’s time series by checking whether 
there is a correspondence between the neighboring 
points in MY and neighboring points in MX. If the 
correspondence exists, one can use Y to estimate X. In 
addition, CCM estimates the system’s states across 
dynamical variables instead of forecasting the system 
evolution. This not only avoids information loss from 
chaotic   dynamics   but   also   can  accommodate  static  
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Figure 5. (Color online) Time-embedding state-space reconstruction from the time 
series of heartbeat-induced skin color changes: (a) (top) A segment of heartbeat-
induced skin color signal (green solid line: a*, red dotted line: L*), (bottom) Fourier 
transform of 600-s-long a* signal; (b) (top) A segment of a heartbeat-induced skin 
color signal (blue solid line: b*, red dotted line: L*), (bottom) Fourier transform of 600-
s-long b* signal; (c) Calculated average mutual information of a 50-s-long L* signal; (d) 
The corresponding 60 trajectories are displayed in the reconstructed state space. 

 
 
 
variables. We can refine the CCM estimates by 
increasing the time-series data length L. With more data, 
the trajectories defining the attractor are filled in, which 
results in closer nearest neighbors, thereby reducing the 
estimation error. We will apply this convergence property 
to distinguish the direction of the causal link in the cardio-
respiratory system. 
 
 
RESULTS AND DISCUSSION 
 
Phase space reconstruction from time series of 
heartbeat-induced skin color changes 
 
Our   color-sensing   module   visualizes  distinctive  color  

variations at the palm of a test subject. The color 
variations are caused by breathing- and heartbeat-
induced scattering/absorption differences between the 
arterial blood and bloodless skin layers, which result in 
lightness and/or color changes in the diffuse reflectance 
signal. To resolve these changes, we first convert the 
measured RGB color coordinates to the CIELAB color 
system (Wikipedia, 2019), which comprises lightness L*, 
the red/green opposing colors a*, and the yellow/blue 
opposing colors b*. Note that a change from red to green 
yields negative a* values, whereas that from green to red 
gives positive a* values. Similarly, a change from yellow 
to blue yields positive b* values, and vice-versa. 

Figure 5a displays a short segment of the heartbeat-
induced L* (red dotted curve)  and  a* (green  solid  curve)  
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Figure 6. (Color online) RQA of the CRPs of time series data of heartbeat-induced skin color 
changes in L* and a*. Clustering of 360 CRPs from 30-min-long skin color signal is shown in (a) 
the space of [RR, DET, ADL], (b) the space of [ENT, LAM, TT], (c) CRP corresponding to the 
central member of the red cluster (the red solid circle in (a) and (b)), (d) CRP of the green solid 
circle member, and (e) CRP of the blue solid circle member. 

 
 
 
signals. A time lag between a* and L* was observed. This 
can be understood as follows: during BVP from the 
heartbeat, more blood cells and hemoglobin fill the 
arterial skin tissue, which causes more light to be 
scattered and more green light to be absorbed. This 
renders the diffuse reflectance light brighter and redder. 
The time lag observed between a* and L* reflects the 
time difference in the responses of the dynamical 
processes that affect a* and L*. The Fourier transform of 
a 600-s-long a* signal is shown at the bottom of Figure 
5a, revealing several spectral features. The spectral 
peaks appearing at 0.09, 0.18, and 0.25 Hz may stem 
from the sympathetic/parasympathetic modulation and 
breathing activity. The main peak at 1.16 Hz can be 
attributed to the heartbeat rhythm and the 2.31-Hz peak 
is the second harmonics of the heartbeat rhythm. Figure 
5b displays the signal variations in L* and b*, showing 
that b* closely follows the variation in L*. This is 
understandable because at the peak of BVP, Rayleigh 
scattering from red blood cells is strongest. The 
scattering, which is inversely proportional to the fourth 
power of the wavelength, will cause the diffuse 
reflectance light to be brighter and bluer at the same time. 
The Fourier transform of the b* signal shown at the 
bottom of Figure 5b is similar to that of a*, suggesting 
that the main driver of both a* and b* is BVP. 

In Figure 5c, a 50-s-long L* signal is used to calculate 
AMI, which reveals that the first minimum occurs at τ=22. 
The corresponding FNN curve (not displayed here) 
exhibits an elbow at m=3. The corresponding state-space 
picture of 60 trajectories is displayed in Figure 5d. This 
portrait will be used to prepare RPs for further analysis. 
 
 
Cross-recurrence quantitative analysis of the 
heartbeat-induced skin color changes 
 
The cross-recurrence plot (CRP) is an extension of the 
RP to bivariate analysis (Marwan and Kurths, 2002). It 
can be used to detect nonlinear interrelations from 
bivariate time series and assess the similarity in two 
dynamical variables with a certain delay. These 
capabilities motivate us to apply this technique to analyze 
the time lag between a* and L*. 

Considering two time series 
i

x
r

 and 
jy

r
with i, j=1,...,N, 

the CRP can be prepared by calculating 

)()( jiij yxR
rr

−−Θ= εε . We present the co-evolution of two 

time series in a CRP and then use cross-recurrence 
quantitative analysis (CRQA) to quantify the CRP 
structures. Figure 6 presents the result of the time series 
of L* and  a*.  Two  30-min-long  L*  and  a*  traces  were  
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Figure 7. (Color online) Diagonal cross-recurrence profile (DCRP) of heartbeat-induced color variation 
signals: (a) DCRP of 5-s-long heartbeat-induced L* and a* signal; (b) A histogram of L*-a* time delay 
deduced from each CRP of test subject A (65-year-old Asian man: BH=175 cm, BW=76 kg, Sys=124 
mmHg, Dia=72 mmHg, HR=72); (c) A histogram of L*-a* time delay deduced from each CRP of test 
subject B (33-year-old Asian man, BH=180 cm, BW=99 kg, Sys=123 mmHg, Dia=78 mmHg, HR=60); (d) 
A histogram of L*-a* time delay deduced from each CRP of test subject C (15-year-old Asian girl, 
BH=164 cm, BW=58 kg, Sys=110 mmHg, Dia=62 mmHg, HR=57). 

 
 
 
divided into several time blocks, each of 5-s duration. 
State-space trajectories in each time block were 
constructed, yielding a total of 360 CRPs. The 
corresponding CRQA data points are clustered into three 
groups. The result is presented in Figure 6a and b, which 
exhibit two large groups (red: 140 members, blue: 134) 
and one smaller group (green: 82). The members at each 
cluster center are marked with solid symbols. Among the 
three groups, the red cluster members have the highest 
ADL, RR, LAM, and TT. This is also visible in the CRP 
displayed in Figure 6c. Here the X-axis displays the time 
index of L*, and the Y-axis indicates a* time index. The 
dashed red line denotes the central diagonal. The long 
and periodic diagonal lines in the CRP indicate that L* 
and a* are well linked and behave like a periodic motion 
with one period in each short time block. The degree of 
regularity decreases from the red (Figure 6c) to the blue 
(Figure 6e) and then to the green cluster (Figure 6d). 

Dale et al. (2011) showed that the amount of cross-
recurrences around the central diagonal of a CRP can be 
used to quantify the lagged cross-recurrences between 
two time series. The information can be revealed by 
calculating ADL as a  function  of  the  distance  from  the 

central diagonal. The resulting distribution is called a 
diagonal cross-recurrence profile (DCRP) (Wallot, 2019). 
Figure 7a shows a DCRP corresponding to the CRP 
displayed in Figure 6d. Note that a diagonal line above 
the central diagonal denotes 1*)*,(, =− aLR iki

 with k > 0, 

implying that a∗
 
leads, while the L∗

 
signal follows (i.e., 

negative time delay). Similarly, 1*)*,(, =− aLR kii
 with k > 0 

would depict a diagonal line below the central diagonal, 
reflecting that a* lags behind the L* signal (positive time 
delay). Figure 7a shows two line profiles in one heartbeat 
period. The first peak at negative delay time indicates 
that a∗

 
leads L∗

 
in the same BVP. The positive-delay-time 

peak corresponds to a∗
 
lagging the preceding L∗. 

The histogram of the L∗−a∗
 
time delay deduced from 

each CRP of test subject A (65-year-old Asian man: 
BH=175 cm, BW=76 kg, Sys=124 mmHg, Dia=72 mmHg, 
HR=72)) is displayed in Figure 7b. Here the delay time 
has been normalized by the heartbeat period in each time 
block. The histogram exhibits a narrow distribution near -
0.5, indicating that a∗

 
leads L∗

 
by nearly a half heartbeat 

for most of the time during the 30 min test period. This 
distribution   profile   is   reproduced   for   the   other  test  
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Figure 8. (Color online) Causal inference from skin color signals with convergent cross-mapping 
(CCM): (a) A segment of a heartbeat-induced skin color signal (blue solid line: a*, red dotted line: L*); 

(b) )|**,(
*aMLLρ  (blue open circles) and )|**,( *LMaaρ  (red cross symbols) denote the cross-

correlation curve of the measured and CCM-predicted L*(blue)/a*(red) signal from a*(blue)/L*(red); (c) 

Skin color signal (blue solid line: heartbeat a*, red dotted line: breathing L*); (d) )|**,( *LMaaρ  (blue 

open circles) and )|**,(
*aMLLρ  (red cross symbols) denote the cross-correlation curve of the 

measured and CCM-predicted a*(blue)/L*(red) signal from L*(blue)/a*(red). 

 
 
 
subjects with different ages, but similar physiological 
parameters (see Figure 7c: a 33-year-old Asian man, 
BH=180 cm, BW=99 kg, Sys=123 mmHg, Dia=78 mmHg, 
HR=60; Figure 7d: 15-year-old Asian girl, BH=164 cm, 
BW=58 kg, Sys=110 mmHg, Dia=62 mmHg, HR=57). 
The flexibility in delay time appears to be greater in 
younger people. 
 
 

Inferring causal relationship between heartbeat and 
breathing activity from the time series data of skin 
color changes 
 

As illustrated in inferring causal relationship between two 
dynamical variables, investigating the interdependencies 
of dynamical variables can improve our understanding of 
the cardio-respiratory system. In CCM, convergence 
criteria are implemented to refine the CCM estimates with 
increasing time-series data length L. The predicted CCM 
values of a dynamical variable X are estimated using  the 

cross-mapped data from the nearest neighbors of the 
other variable Y. 

If information flows from X to Y, the estimation error of 
X can be reduced. In this case, we can infer that Y is 
caused by X. However, the estimation error of Y will not 
be reduced by including the information of X. This 
asymmetry can be exploited to distinguish the direction of 
the causal link in dynamical variables. In CCM, an 
increasing cross-correlation of measured and predicted 
data as a function of L is used as a surrogate for a 
decreasing estimation error. 

Figure 8 shows an application of CCM to 100-s-long 
heartbeat-induced variations in L∗

 
and a∗. For clarity in 

Figure 8a, only a short segment of the data is displayed. 
Two cross-correlation curves of the measured and 
predicted data are presented in Figure 8b. With X=L∗

 
and 

Y=a∗, )|**,(
*aMLLρ  (blue open circles) denotes the 

cross-correlation curve of the measured L* and predicted 
values L∗|Ma∗ with  the  information  of  the  cross-nearest 



 
 
 
 

 
 
Figure 9. (Color online) Schematic that summarizes our findings 

on the cardio-respiratory coupling and illustrates the signal flow in 
the cardio-respiratory system. 

 
 
 

neighbors from a∗
 

data. Similarly, )|**,( *LMaaρ  (red 

cross symbols) represents the cross-correlation of the 
measured and predicted a* data with information from the 
L∗

 
data. As can be noticed, both )|**,(

*a
MLLρ  and 

)|**,( *LMaaρ exhibit similar convergent behavior, which 

indicates that L∗
 

and a∗
 

are linked bidirectionally. A 
bidirectional link can occur if two dynamical variables are 
driven by a common process. 

Previous studies on CRC have not yielded clear 
evidence for the directionality of coupling (Rosenblum et 
al., 2002; Marwan et al., 2013; Schafer et al., 1998; 
Tzeng et al., 2003). Hence, in the following study we 
focus on CCM analysis of heartbeat- and breathing-
induced color changes. For clarity, a shorter segment of 
the data is shown in Figure 8c with the blue curve 
denoting the heartbeat-induced a* and the red dotted 
curve representing the breathing-induced L*. The cross-
correlation curves of 200-s-long time series data are 
presented in Figure 8d. Here )|**,( *LMaaρ  (blue open 

circles) depicts the cross-correlation of the measured and 

predicted heartbeat a∗, whereas )|**,(
*aMLLρ  (red cross 

symbols) denotes the cross-correlation of the measured 
and predicted breathing L*. Different convergent 
behaviors are clearly observable: )|**,( *LMaaρ  increases 

significantly with data length, whereas )|**,(
*aMLLρ  

stays near to 0 even when more data are included. 
The cross-correlation curves can be fitted to 

∞

−−
+⋅−⋅−= ρρρρ γγ LL

eeL 21

21)( , which are presented as 

black dashed curves in Figure 8d. The fitting result with 
T1 = 0.1/γ1 = 0.44 s (about half of the heartbeat period) 
denotes a loss of synchronization between heartbeat and 
breathing rhythms. The second lifetime T2 = 0.1/γ2 = 270 s 
reflects the decay of a long-term correlation between 
heartbeat and breathing signals, which builds up to a final 
cross-correlation level of ρ∞/ρ2 = 0.95. In contrast, 

)|**,(
*aMLLρ from heartbeat to respiration yields a fairly 

low cross-correlation ρ∞ = 0.1. These results show that 
our   breathing  data  contain  the  information  needed  to 
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predict the heartbeat signal. Thus, we can infer that the 
breathing data are caused by the heartbeat-induced a*. 
Our analysis therefore yields evidence for the 
directionality of CRC, which suggests that heart-to-
respiration coupling is stronger than respiration-to-heart 
coupling in healthy subjects. 

Figure 9 summarizes our understanding of the cardio-
respiratory response. The dynamical processes that 
affect a* and L* are driven by the heartbeat, which 
establishes a mutual link between a* and L* as revealed 
in Figure 8b. This is understandable in view of the fact 
that L* is affected by the heartbeat-induced BVP in the 
skin tissue and the red-to-green color signal a* reflects 
the changes in the relative concentrations of oxygenated 
and deoxygenated hemoglobin species caused by BVP. 
The arterial baroreceptors were reported to sense the 
heartbeat signal and relay the signal to the cardio-
respiratory system (Galletly and Larsen, 1999). The CRC 
regulates the breathing activity via the sympathetic and 
parasympathetic nervous system (Dick et al., 2014). 
Therefore, the magnitude of the delay of inspiratory onset 
depends on the magnitude and timing of the arterial 
pressure pulse, resulting in the onset of inspiration 
occurring at a preferred latency (Dick et al., 2014). 
Recently, Sobiech et al. (2017) observed that the 
distribution of CRC time, defined as the time from 
inspiration onset to the R peaks in the ECG, is 
asymmetric and nonuniform. The preceding ECG R peak 
was found to strongly affect the position of inspiration 
onset, whereas the relation between inspiration onset 
and the following ECG R peak was much weaker. Based 
on this finding, the authors concluded that heart-to-
respiratory coupling is stronger than respiratory-to-heart 
coupling in healthy subjects. Our data on skin color 
changes also reveal that the cardiovascular process 
drives respiratory activity. This conclusion supports 
previous findings by Galletly and Larsen (2001) and 
Sobiech et al. (2017). 

This portable color sensor module could be a useful 
device for self-health management. However, the number 
of color channels in the current version is quite limited. 
Crucial bio-active species in blood stream, such as fat 
and proteins, exhibit absorption from 1000 nm to 1500 
nm (Elmasry et al., 2012). For further development, it will 
be of high value to expand the RGB channels to the near 
infrared region. Changes in local concentrations of these 
species can result in skin color changes and is detectable 
with the color sensor module of broader spectral 
coverage. Spectral profiles of the skin may be 
recoverable from a few discrete color data. Acquiring 
such multiwavelength data per heartbeat or breathing 
cycle could offer valuable dynamical information on blood 
stream in the skin tissue caused by the cardiorespiratory 
activity. The relative delay time of the heartbeat-induced 
skin color changes and variations in spectral profile from 
subjects with varying physiological conditions may further 
enlighten our imagination of the color sensor  applications 
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in physiology. 
 
 
Conclusion 
 
In summary, we developed a skin-color-sensing 
technique to monitor the physiological status of the 
human cardio-respiratory system. This handheld portable 
module can provide color coordinate changes of the skin 
caused by both breathing and heartbeat activity. The 
heartbeat-induced skin color changes are mainly due to 
there being more blood cells and hemoglobin in the 
arterial skin tissue during blood volume pulsing. By 
invoking Takens’s time-embedding approach, the time 
series data of skin color changes can be converted to a 
state-space portrait, which allows a detailed description 
of the cardio-respiratory system with the time series of 
skin color coordinates. By exploiting cross recurrence 
plots, we can detect nonlinear interrelations and similarity 
between the time series data. Convergent cross-mapping 
was further applied to analyze both heartbeat- and 
breathing-induced color changes, and clear evidence for 
the directionality of cardio-respiratory coupling is yielded. 
Our analysis reveals that heart-to-respiration coupling is 
stronger than respiration-to-heart coupling in healthy 
subjects, suggesting that the cardiovascular process 
causally drives respiratory activity. 
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