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Abstract – In the field of camera-based photoplethysmography 
the application of blind source separation (BSS) techniques has 
extensively stressed to cope with frequently occurring artifacts and 
noise. Although said techniques can help to extract the cardiac 
component from a mixture of input sources, permutation 
indeterminacy inherit to BSS techniques often introduces 
inaccuracies or requires manual intervention. The current 
contribution focuses on methods to automatically select the cardiac 
component from the output of BSS techniques applied to camera-
based photoplethysmograms. To that end, we propose simple 
Markov models to describe and subsequently identify cardiac 
components. It is shown that good results can be obtained by 
combining different simple Markov models. 

Keywords – camera-based photoplethysmography, blind source 
separation, independent component analysis, principal component 
analysis, permutation indeterminacy, markov model 

I. INTRODUCTION 

The contact-less acquisition of vital signs allows for the 
implementation of novel clinical and out-of-hospital applications. 
Various systems and techniques for contactless measurements 
have been introduced in the last years. Amongst such approaches 
camera-based monitoring is one promising solution. 

The acquisition of the cardiac pulse by using near infrared 
cameras was firstly demonstrated by Huelsbusch et al. 2002 
[1]. Since then many researchers have addressed the camera-
based photoplethysmography most often to capture the heart 
rate [2], [3],[4],[5]. 

Since the camera-based photophlethysmogram (cbPPG) 
strongly suffers from artifacts induced by motion and changes 
in light conditions, elaborated image and signal processing 
techniques are required to make use of the cbPPG under real 
world conditions. In that context, the application of blind 
source separation (BSS) algorithms to extract the cardiac pulse 
from video recordings has been extensively stressed. BSS is 
intended to separate the desired signal content (the cardiac 
pulse) from noise and artifacts by means of decorrelation and 
utilization of statistical independence. 

Principal Component Analysis (PCA) and Independent 
Component Analysis (ICA) [6] as typical BSS techniques have 

been applied to the cbPPG. Common camera-based applications 
[4], [7], [8], [9], [10], [11], [12], [13] input segments of different 
color channels, typically RGB, extracted from regions of interest 
(ROI) including the complete subjects’ face or parts of it to the 
PCA or the JADE ICA [14]. Also the FastICA algorithm [15] was 
applied to RGB signals [12], [16] and achieved a slightly better 
performance in comparison to other ICA algorithms [16]. Tsouri et 
al., in turn, input RGB information of a face ROI to the constrained 
ICA and successively embed sines at assumed heart rates as 
constraint to select the most probable heart rate [17]. A 
combination of spectra from ICA outputs and its underlying RGB 
signals in terms of a support vector regression for heart rate 
estimation is proposed in [18]. A monochrome cbPPG extracted 
from the forehead ROI is used as input for spatio-temporal ICA in 
[18]. Motion information in terms of trajectories of tracked face 
features are processed with PCA in [19] to extract the heart rate. 
Even in the processing of classic PPG (finger clip), FastICA 
algorithms have been applied for the purpose of motion 
compensation. Again, temporal segments of different wavelengths 
(this time near infrared and red) are fed into ICA [20], [21]. 

One major drawback of ICA’s application is the 
permutation indeterminacy of the output components, i.e. the 
components given by the algorithm are of random order. Even 
PCA, which generates an output order regarding the explained 
variance by the components [6], cannot guarantee a fixed 
position of the component belonging to the cardiac pulse in 
presence of noise. Despite its importance for practical 
applications, an automated selection of the desired component 
has been rarely addressed. Some proposals simply select a 
fixed (namely the second) component after transformation of 
the RGB channels [4], [9], [10]. Only one of these works 
briefly assesses the results obtained for this selection [10]. 
Some approaches address a distinct peak in the spectrum 
(caused by the cardiac pulse) by selecting the component with 
the maximum peak [7], [1], [13], [16] or the maximum 
spectral signal-to-noise ratio (SNR) [3], respectively. 
Alternatively, component selection based on cross correlation 
with an assumed heart rate from the processing was described 
in [22]. Others neglect an automated component selection 
[12], [19], [20], exclude the artifact component instead of 
selecting the pulse component [21] or avoid a direct 
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component selection by addressing a different postprocessing 
issue [17], [18]. Another approach assesses the similarity of 
the de-mixing matrix (as one ICA result) to the expected 
composition of a pulse component from the RGB signals [8]. 

The scope of this contribution is the investigation of 
automated component selection algorithms after applying 
PCA and ICA to the cbPPG. We compare the proposed idea of 
evaluating output components’ spectra [3], [7], [11], [13], [16] 
with an alternative approach to component selection based on 
Markov models. Thereby, Markov models, that for example 
have been applied to classification of cardiac rhythm [23], are 
intended to automatically classify the most probable cardiac 
component inside the PCA/ICA output based on simple 
features from time and frequency domain. 

II. MATERIALS AND METHODS 

A. Data Recording and Selection 
Video data was recorded using an industrial camera (IDS 

UI-3370CP-C-HQ, 100 fps, 420x320 pixels, RGB 3x12 bit). 
The camera was placed at a distance of approximately 60 cm 
to patients faces. See figure 1 for a video frame example. For 
illumination, a fluorescent light source and natural light was 
used respectively. 18 recordings (13 male, 5 female; 30 
minutes per recording) of resting cardiovascular patients in a 
supine position during recovery after heart surgery were 
selected from a larger collective. Electrocardiogram (ECG) 
and finger PPG were simultaneously recorded at 100 Hz as 
reference. Written informed consent was obtained from all 
patients. The study was approved by the Ethics Committees of 
Technische Universität Dresden. 

In order to use only suitable data for further analysis, we 
restricted our analysis to data segments which showed good 
quality on the reference PPG and that did not contain severe 
cardiac disorders. A total of 22000 s video data was selected 
(average length 1200 ± 400 s per patient). Since the selection 
did not consider video quality, video segments containing 
slight patient motion as well as lightning inadequacies 
(changes or insufficient lightning) were included 

B. Data Extraction 
Based on the prerequisite of a linear mixing process [6] of 

desired signals with noise and artifacts in standard PCA/ICA, 
we restricted our cbPPG extraction from RGB video data to 
one single wavelength. This is a major difference compared to 
proposed ICA applications on cbPPG [4], [7], [9], [10], [11], 
[12], [13], [16]. In particular, we expect the wavelength-
dependent penetration depth into human skin [1] to introduce 
nonlinear mixing behavior which might affect the performance 
of BSS algorithm negatively. Due to advantageous absorption 
properties, the green channel was selected as the channel to be 
used for our analysis [2]. Patients were expected to lie 
motionless due to anesthesia. We therefore manually selected 
three static 32 x 32 pixel ROIs on each patients forehead (see 
figure 1 for an example), which served as the basis for signal 
extraction within the videos. The cbPPG was extracted from 
each ROI by averaging its pixel values for consecutive frames 
to obtain a time series (see figure 2 for an example) [1]. 

Fig. 1.  Sample patient video frame showing three exemplary forehead ROIs 
for cbPPG extraction using the green color channel. 

Fig. 2.  Sample cbPPG excerpt showing signals extracted from three forehead 
ROIs with corresponding PPG and BSS components selected by model MM2. 

C. Data Processing 
The preselected signal excerpts were further processed in 

subsegments of 10 s length each (overlap 1.5 s). Each 10 s 
cbPPG signal from ROIn (with n = 1,2,3) was normalized by 
subtracting its mean and division through its standard 
deviation. Every subset of three cbPPG signals subsequently 
served as input to applied BSS techniques, namely PCA and 
FastICA (symmetric use, general-purpose tanh-nonlinearity 
[15]). Consequently, we obtained three output components 
(yPCAn, yICAn, n = 1,2,3) for each subsegment. We then 
estimated the SNR of every output component similar to [7]. 
To that end, the heart rate from the reference ECG (calculated 
from the current average beat-to-beat-distances) was used to 
find the maximum peaks in the amplitude spectra S(f) of the 
components. A binary mask BM containing the spectral 

                                                                                                                                          



                                                                                   

424

indices belonging to the frequency which is considered as 
signal frequency fsi (heart rate) as well as its first harmonic 
(± 5 beats per minute (bpm) or ± 0.083 Hz) is generated 
according to: 
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The sifSNR of the cardiac pulse (fsi = heart rate) serves as 
measure of quality of the output components. An automated 
channel selection is desired to select the channel of maximum 

sifSNR  among the output components. 

D. Output Component Selection Based on SNR 
Since in reported applications of BSS on cbPPG a spectral 

selection of the desired cardiac component is proposed [3], 
[7], [11] we implemented a component selection based on the 
SNR. Despite deriving the heart rate from the reference signal 
the maximum peak of S(f) inside a plausible heart rate range 
(30-240 bpm or 0.5-4 Hz, [7], [24]) is utilized as fsi. The 
calculation of the SNR is then done according to equation (1) 
and (2) and the component with maximum sifSNR  is selected. 
In the following, we denote the automated component 
selection without reference as selfSNR. 

E. Output Component Selection Based on Markov Models 
A Markov model (MM) is a stochastic model characterized 

by the assumptions that future states depend only on the 
present state and are independent of any preceding state [25]. 
We chose this model type for its robustness: typical 
component selection methods, for example based on the SNR, 
use the entire characteristics of a channel/component. Thus, 
they can get misled by intermittent distortions of the tracked 
characteristics (like the spectral cardiac pulse), which were not 
properly separated by BSS routines. Developing a feature, and 
hence a state, which is recurrent within one component of for 
example 10 s duration may allow even short but typical 
segments to dominate the component selection. Moreover, a 
Markov model can be based on simple and easy accessible 
features which makes MM reasonable to practical applications 
and improve the comprehensibility of their behavior. 

We developed three Markov models to identify cardiac pulses 
in processed cbPPG on the basis of the reference PPG subsegments 
(10 s length each, 1.5 s overlap). The PPG subsegments were 
obtained according to the data selection depicted above. These 
three models are intended to assess different time and frequency 
domain characteristics of the PPG (with application to PCA/ICA 
components of the cbPPG). To allow for patient-dependent 
changes in morphology of the PPG waveform [26], we considered 

a frequency range of the PPG which exceeds the expected heart 
frequency range. In particular, we chose two different frequency 
ranges, one wide (0.25 - 7 Hz) and one narrow (0.5 - 5 Hz) for each 
model. The frequency restriction thereby directly affects the 
PPG/cbPPG characteristic to be evaluated by the model. The 
frequency range was applied by bandpass filtering (5th order 
Butterworth) the PPG before training the model. The same 
bandpass filtering was applied to the PCA/ICA components before 
classification of the most suitable component. To generate a 
Markov model embedding the undesired characteristic (the 
unwanted component), we additionally trained every model with 
the same quantitative amount of random generated (normally 
distributed) signals. The statistics of the random signal assessment 
in combination with the PPG statistics and its transition 
probabilities pij are used to calculate the transition likelihood Lij for 
each state pair (i,j), which is similar to [23]: 

( )10 , ,logij ij random ij PPGL p p=  (3) 

Thus, the negative elements of Lij are more likely to occur 
in PPG than in random signals. This property is used to 
classify the PCA/ICA output components of the cbPPG. In 
particular, state transitions according to the models are 
detected and a time series zL of consecutive elements of Lij is 
built for each output component. The average of every 
components’ zL is compared and the most negative Lz  is 
chosen to determine the desired cardiac pulse component. 

1) MM Assessing the Time Course. The first model (MM1) 
assesses amplitude changes in the time course of the 
PPG/cbPPG. Therefore, instantaneous slopes m obtained by 
directly connecting curve points are calculated and classified 
into states according to: 
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Having a discrete PPG/cbPPG time series yPPG(k) and the 
corresponding time stamps tPPG(k), the new slope estimate 
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+ −
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1n n

k const
= +
=
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is updated as long as the absolute difference between the 
preceding slope estimate mold and the new slope mnew is 
smaller than 50%. If this boundary is exceeded, the slope is 
classified according to the specifications above and stored as 
reached state. A new slope estimation is attached after 
updating k=k+n and resetting n=1. See figure 3 for a slope 
classification example on a PPG. 

2) MM Assessing the Autocorrelation Function. The second 
model (MM2) assesses the periodicity of the signal by its 
autocorrelation function. In particular, the autocorrelation 
function of a periodic function itself comprises periodicity of 
decreasing amplitude with increasing time lag τ. 

                                                                                                                                          



                                                                                   

425

Fig. 3.  Upper plot: sample PPG excerpt (grey) with indicated MM generated 
slope assessment (black), center plot: sample autocorrelation function Rxx of 
the shown PPG (upper plot, but underlying full 10 s subsegment length), 
lower plot: amplitude spectrum S(f) (grey) of the first two seconds of the 
shown PPG (upper plot) and fitted gaussian (black) 

We track this behavior for a PPG/cbPPG (see figure 3 for an 
autocorrelation function example of a PPG) by using a two-state 
model evaluating consecutive local extrema (amplitude) of the 
autocorrelation function. Namely, we start from time lag τ  = 0 
and detect amplitudes of consecutive local maxima at τn , τn+1 ,… 
(respectively minima) and assess their temporal behavior: 

1. local maxima at |τn| ≥ local maxima at |τn+1| 
respectively local minima at |τn| ≤ local minima at 
|τn+1| 

2. otherwise 

3) MM Assessing the Spectral Course. The third model 
(MM3) assesses the changes in the amplitude spectrum by 
calculating a short time fourier transform, i.e. windowed 
FFTs. The spectrum at each time is simply described by a 
single gaussian fitted into the spectrum (see figure 3 for an 
example). The parameters mean μf and standard deviation σf of 
this gaussian are evaluated to track a change in the spectrum 
by shifting the underlying window. We chose the window 
length to stretch over 200 samples (including Hanning 
windowing), i.e. two seconds, and a translation by 25 samples. 
This dimension was intended to edge the expected heart rate 
range (0.5-4 Hz). The model states are defined by the changes 
of μf and σf caused by the recalculation in the k-th window. We 
combined the changes of both fitting parameters to one single 
change 

gaussΔ  in terms of (k > 1): 

( ) ( 1) ( ) ( 1)1( )
2 ( 1) ( 1)

f f f f
gauss

f f

k k k k
k

k k
μ μ σ σ

μ σ

⎛ ⎞− − − −
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and derived a three state model according to: 

1)    5%

2)    5% 5%

3)    5%

gauss

gauss

gauss

Δ ≤ −

− < Δ < −

Δ ≥ −

F. Evaluation of Selection Performance 
Since every cbPPG PCA/ICA output component is assessed 

with one sifSNR  (fsi = heart rate) for each 10 s subsegment, we 
applied selfSNR (fsi = maximum peak) component selection as 
well as three Markov model component selection for both 
frequency ranges to each output component set (see figure 2 for 
an example of the MM2 selection after BSS). In the following we 
compare the component with maximum sifSNR  (maxSNR, 
fsi = heart rate) with the automated component selections and 
assess the portion in which the automated selection yields the best 
possible SNR. A theoretical optimum of combining two or three 
Markov models (inside one frequency range) for the selection 
was also assessed by estimating synergistic selection potentials. 

III. RESULTS 

A. Trained Component Assessment Matrices Lij 
Subsequently, the matrices Lij as the result of the Markov 

model training using the reference PPG are depicted. They 
represent the likelihood of a state transition from a present 
state i (column) to a future state j (row). Negative values 
indicate a behavior typical for PPG, whereas positive values 
indicate state transitions atypical for PPG. Typical behavior 
thereby refers to the comparison with a normally distributed 
random signal used for training of the non-PPG signal. 

1) MM1: wide band model (0.25-7 Hz) L1wij and narrow 
band model (0.5-5 Hz) L1nij: 

0.23 0.18 0.05 0.57
0.44 0.02 0.12 0.36

1
0.19 0.02 0.07 0.27
0.41 0.08 0.13 0.23

ijL ω

−
−

=
− −

− − −

0.29 0.24 0.14 0.60
0.60 0.03 0.14 0.83

1
0.18 0.03 0.08 0.30
0.46 0.01 0.30 0.41

ijL n

−
−

=
− −

− − −
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2) MM2: wide band model (0.25-7 Hz) L2wij and narrow 
band model (0.5-5 Hz) L2nij: 

0.21 0.18
2

0.27 0.87ijL ω
− −

=  0.29 0.18
2

0.33 02.15ijL n
− −

=

3) MM3: wide band model (0.25-7 Hz) L3wij and narrow 
band model (0.5-5 Hz) L3nij: 

0.18 0.44 0.05
3 0.56 0.40 0.21

0.17 0.19 0.16
ijL ω

−
= − − −  

0.68 0.65 0.21
3 0.76 0.48 0.27

0.25 0.33 0.67
ijL n

−
= − − −  

B. Component Selection Performance 
Table I (PCA) and table II (ICA) show the results of the 

performance of each component selection method 
(selfSNR,MM) regarding its ability to choose the maxSNR 
component after cbPPG processing. 

It can be noted that none of the Markov models alone 
achieves a better selection performance than the component 
selection based on SNR (selfSNR). On the other hand, any 
combination of two or three Markov models shows higher 
detection rates than selfSNR. Quantitatively, SNR reaches 
selection rates of about 70% on average, whereas the best 
combination of MM (using all three models) shows a selection 
performance of about 85% for ICA and PCA. 

Component selection after ICA in general shows a poorer 
performance than after PCA despite the single model selection 

using the frequency course MM3. The best single model selection 
independent of PCA/ICA is reached by the simplest model 
utilizing the fewest model states MM2. This is underlined by the 
fact that the two-model selection without MM2 achieves the 
poorest performance out of the possible model combinations. 

Applying a narrower bandpass filter to train the models 
and classify the components respectively, in general comes to 
improving the component selection performance. One solitary 
exception is given by the single model selection using MM1. 
Nevertheless, the application of the narrow bandpass filter 
used here was not able to facilitate a better single Markov 
model selection performance than using selfSNR. 

IV. DISCUSSION 
As our results indicate the component selection aiming at 

an optimal SNR is not solved by existing approaches, which 
yield only ≈ 70%. We show that combining simple Markov 
models can contribute to an improvement (up to ≈ 85%) of the 
selection performance. However, an automated fusion of 
several Markov models was not in the scope of this work and 
has to be addressed in future works to exploit the potential of 
Markov models. Moreover, the automated selection of the 
maxSNR component may not be necessary for every practical 
task, for example estimating the correct heart rate. Thus, a 
correct heart rate may also be accessible from other 
components. A more detailed investigation of component 
selection algorithms should include an analysis of the 
influence of the component selection on later processing steps 
and results, for example assessing the heart rate error after 
applying a certain estimation method. 
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The evaluation of the influence of two different bandpass 
filters on the model performance shows that increased 
smoothing of the model input not necessarily contributes to an 
increased selection performance. A filter beneficial for 
extraction of features for MM2 and MM3 is found to 
simultaneously decrease the performance of MM1. Thus, a 
proper feature characterization and its state extraction needs to 
be considered during each model development. A selection 
performance increase in turn with for example a decreasing 
state transition likelihood of an anyway negative transition 
likelihood could indicate a beneficial use of the applied 
changes in preprocessing. This could be observed for several 
state transitions in MM2 and MM3. MM1 by contrast shows, 
that this behavior found in some of the state transitions not 
necessarily comes with a performance increase but highlights 
the apparent influence of other state transitions of smaller 
value. Suchlike examinations could be used to optimize the 
performance of single models. Moreover, the quantity of 
transition likelihoods compared to each other could be useful 
to identify characteristic state transitions and thus, 
characteristic behavior of the desired content. 

Furthermore, the application of normally distributed 
random signals for training the undesired (non-PPG) signal 
behavior have to be assessed in future model developments. A 
better characterization of undesired content for example by 
assessing the detailed behavior of PCA/ICA output 
components without any cardiac pulse content may contribute 
in a clarification of the state transition likelihoods. Moreover, 
hidden Markov models [25] could help identifying states and 
models beyond a straightforward signal description. 

CONCLUSION 
The presented work demonstrates that simple modeling by 

means of MM can serve as basis to select the most suitable 
component after applying BSS techniques. Future works must 
address techniques to automatically combine the output of 
several MM to exploit the full potential of that approach. 
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