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1 Abstract 
Automatic detection and tracking of skin is an integral part of camera-based vital signs monitoring 

processing pipelines. Subject detection/tracking using the discriminative, cardiac-synchronous, 

temporal color features of the skin has recently shown promising results compared to subject 

detection methods that exploit appearance features of the human skin; specifically for scenarios with 

skin-similar colors in the scene. Several methods based on these temporal features have been 

proposed recently. 

The current workable implementations are designed for visible light conditions. The most critical 

drawback here is that their performance leaves to be desired when applied to darkened 

environments by use of near-infrared wavelengths due to lower pulsatile strength and absence of 

color contrast in darkness. These drawbacks must be dealt with to promote its use in common 

monitoring situations such as sleep-monitoring setups, which dictate a darkened environment. 

Additionally, usage in near-infrared environments opens the door to the extraction of another vital 

sign: blood oxygenation, which is highly desirable. 

Research is conducted specifically aimed to improve region of interest detection and tracking with 

near-infrared wavelengths for these clinical applications. This is extended to verify the feasibility of 

blood oxygenation estimation for both existing methods -and a proposed hybrid method specifically 

created for dark environments. To properly analyze the performance tradeoffs when optimizing for 

near-infrared wavelengths, a realistic dataset is proposed.  
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Definitions and Abbreviations 
PPG PhotoPlethysmoGraphy, measurement of volume changes in microvascular 

tissue beneath the skin causing pulsatile signal 

rPPG Remote PPG, camera-based approach to extract the PPG-signal (the pulse 
signal)   

Pulse-oximetry Obtaining blood-oxygenation levels from the PPG-signal (the pulse signal) 

Melanin Skin pigment 

     Blood oxygenation levels obtainable from pulse-signal 

Arteries Largest blood vessels carrying oxygenated blood 

Veins Largest blood vessels carrying deoxygenated blood 

VPS Voxel pulse spectral, rPPG-based cardiac pulse extraction method using 
segmentation based on color contrast 

PBV Pulse extraction method using the unique ‘signature’ of the pulse signal for 
different wavelengths 

IR Infrared 

NIR Near-Infrared 

SNR Signal-to-noise ratio 

ROI Region of Interest 

BSS Blind source separation 

PCA BSS technique, Principle component analysis 

ICA BSS technique, independent component analysis 

Supervised Learning A type of machine learning where the algorithm is presented with example 
inputs and their desired outputs, given by a “teacher”; the algorithm then 

learns the “rules” to translate input to the desired output 
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2 Introduction 
The Healthcare division of Philips Electronics focuses on increasing the ease of life and treatment of 

patients both in an at-home and a medical environment. Non-intrusive, low cost monitoring methods 

are therefore encouraged to decrease a patient’s discomfort. Due to this point of view, the use of 

camera-based vital signs monitoring is actively researched as it can provide remote healthcare 

monitoring in a non-intrusive, non-contact manner.  

It has been shown that a camera can measure various vital signs remotely; ranging from pulse-rate, 

blood-oxygen saturation and respiratory rate, by detecting color variations of the skin. This camera-

based method (remote-PhotoPlethysmoGraphy, rPPG) has several advantages over the traditional 

contact-based approach, as it is less intrusive, multipoint and uses visible skin to detect these vital 

signs. 

From a clinical perspective, there is a desire for through-night continuous sleep monitoring to 

improve diagnoses of sleeping disorders such as insomnia, sleep apnea, narcolepsy and others. These 

monitoring setups dictate darkened environments and often require multiple sensors, inhibiting 

mobility of the subject and causing discomfort. RPPG methods can offer a solution for these settings, 

however, applying rPPG-based vital sign extractions in sleep-monitoring setups is challenging 

because of the limited number of skin pixels, occurring occlusion of skin during observation, absence 

of color contrast and a low pulse-strength in darkness. 

In order to have adequate vital sign extraction, the visible skin has to be determined first. The 

common front-ends used to track this region of interest (ROI) (visible skin) have several drawbacks as 

the tracking is not motion robust and often rely on facial features which fail when occlusion or 

untrained scenarios occur. This results in a sub-optimal ROI, which in turn leads to sub-optimal vital 

sign detection. In addition to tracking, detection of the skin has to be performed. Current skin 

detection methods have drawbacks as they are mostly color or facial-feature based and fail for 

objects similar to human in terms of color or shape.  

Recently, rPPG-based approaches are used in these front-ends (by exploiting the physiological 

features of the subject) to determine the ROI for further clinical diagnosis (such as [1]). These rPPG-

based living-tissue detection and tracking methods have recently shown promise to detect living 

tissue temporally consistent. These methods employ remote vital sign detection to obtain a 

significantly more stable ROI in terms of motion and temporal consistency. This higher quality ROI 

can consecutively be used for more complex vital sign algorithms or other applications. 

While the application of these rPPG-based ROI selection methods report good results in visible light 

conditions, the performance of these methods in near-infrared(NIR) conditions is subpar. The recent 

rPPG-based methods have limited ROI selection capabilities for NIR environments. Additionally, the 

ability of these methods to extract blood oxygenation (    ) has not yet been demonstrated. 

In this report, a novel rPPG-based framework is proposed, which allows for automated ROI selection 

capabilities in NIR environment and additionally can be used for simultaneous monitoring of vital sign 

parameters, such as pulse rate and oxygen saturation during sleep. It relies on only physiological 

features for detection of living tissue due to the absence of discriminative color features in NIR. To 

allow for fast recovery after large motion events a parallel tracker is used.  
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For clarification, there is a difference between rPPG-based ROI selection and rPPG-based vital sign 

extraction. The former extracts pulse (rPPG) to find living tissue within frame (the ROI), while the 

latter uses living tissue pixels to extract pulse for clinical analysis. 

The remainder of this paper is organized as follows: Firstly, the relevance of this research is evaluated 

after which related work is discussed. This is followed by the set objectives and methods to realize 

these. Additionally, several research considerations are elaborated after which results of the 

proposed method are evaluated and a conclusion is drawn. 

3 Relevance 
Current state-of-the-art rPPG-based ROI-selection implementations are mostly geared towards 

visible light conditions, relatively large ROIs and, more recently, motion robustness[2]. With this 

research we try to push the lighting conditions towards the NIR/IR-range such that its usability 

extents towards     -measurements and sleep-scenarios. 

Firstly, the target application is discussed. This is followed by why NIR-conditions are desired and 

what its difficulties are, next is a short description of the vital sign extractions (pulse-rate and     ) 

that follow after ROI selection. 

3.1 Target application 
There is a desire for vital sign extraction during sleep scenarios. Current methods use multiple 

sensors attached to the skin of the subject for diagnosis, which inhibit motion and can cause 

discomfort for the subject. These drawbacks can affect sleep and consecutively may affect a subjects’ 

diagnosis. Non-intrusive, noncontact vital sign extraction methods are therefore encouraged. rPPG-

based methods can therefore be beneficial to these scenarios. 

Adequate sleep monitoring comes with certain requirements which any proposed method should 

meet: 

 Through-night monitoring: the methods should be continuous throughout the night. 

 Robustness towards motion-events such as rotations and subjects moving out of frame. 

 Robustness towards (partial) occlusion of the subject. 

These requirements are non-trivial for non-contact methods in NIR conditions; the subject needs to 

be detected throughout the monitoring to perform rPPG-based vital sign extractions, while the 

subject may be partially occluded or changes sleeping position. These are challenging scenarios for 

vision-based solutions, especially considering the high requirements for      estimation and the 

drawbacks of a NIR environment as is discussed further in this chapter. 

In order to alleviate these requirements a concession is made: temporary loss of the subject during 

motion is acceptable. During sleep, subjects are mostly unmoving aside from occasional 

rotation/reposition events. This leads to motion robustness becoming less relevant, while apt and 

accurate recapturing of the subject becoming more relevant; i.e. it is considered acceptable to 

temporarily lose a subject when a significant motion-event occurs if the subject is recaptured shortly 

after. 
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3.2 NIR conditions 
It is important to understand why the performance in NIR is of any interest at all, given that most 

work is aimed towards performance in visible light. There are several reasons as to why rPPG 

performance in NIR conditions is of relevance: 

 Practical aspect: Applications in darkness (i.e., for sleep-studies) can only use 

implementations based on NIR as visible light is undesirable in these situations. 

 Effect on      extraction: there are multiple vital signs obtainable from the pulse-signal 

obtainable through rPPG methods. While the availability of most is directly related to the 

quality of the pulse-signal, this is different for the physiological      parameter. The quality 

of this signal is improved when NIR wavelengths are used due to differences in      and 

   as further explained in ‘Blood oxygenation (    )’. 

 No specular reflection: Specular reflection is reduced when rPPG is used in the NIR spectrum. 

While this type of distortion is suppressed by methods such as CHROM, no specular 

reflection is still preferable to suppressed reflection.  

 Smaller effect of melanin: for larger wavelengths the effects of melanin absorption is 

reduced[3]. This means that a NIR-implementation is less affected by skin-type.  

Given these reasons, it can be understood why high reliability in NIR is desirable and research has to 

be conducted to optimize for NIR scenarios. There are however also significant drawbacks to NIR 

environments, which are partly a reason why existing research towards NIR usage is sparse: 

 Lower (spatial) contrast between living/non-living tissue makes detection of candidate 

regions significantly more difficult. This inability for adequate segmentation is displayed by 

the VPS method and is shown in (Figure 25 in ’Voxel Pulse Spectral(VPS)’) 

 The much lower pulse strength in NIR makes it harder to differentiate between pulsatile 

regions(living tissue) and background [4]. 

3.3 Vital signs 
By exploiting the physiological features of skin, rPPG can extract a cardiac-synchronous pulse signal 

from color variations of the living tissue. Consecutively, this pulse signal can be used for pulse-rate 

estimation[5],[3],[6],[7], blood oxygenation[8] and respiratory[9], all which are vital for clinical 

diagnosis. For this research, the main focus is on the former two. 

3.3.1 Pulse rate 

The pulse rate of the obtained pulse signal can be extracted by measuring the peak-to-peak distance 

of the periodic pulse signal and gives indication of the heart rate of the subject. This makes it a 

critical measurement for clinical analysis which is extensively studied in the field of rPPG 

[5],[3],[6],[7]. Furthermore, in rPPG-based ROI selection methods the pulse signal and its pulse rate 

are extensively used for estimation of ROI [10],[11]. 

3.3.2 Blood oxygenation (    ) 

Blood oxygenation (    ) is another important parameter for clinical analysis used to detect hypoxia 

and can be obtained from the pulse-signal (pulse-oximetry). Its estimation is significantly more 

difficult compared to pulse-rate estimation and is based on the amount of (oxy-)hemoglobin. 

Hemoglobin (  ) is the protein in blood that transports oxygen.      values can be detected due to 
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a change in color for oxygen-rich blood (high      -count) and oxygen-poor blood (high   -count). 

These proteins have different absorptions for certain wavelengths making extraction of this vital sign 

possible as investigated by M. v. Gastel et al in [8] and is indicated by Figure 2, where the amplitude 

variation between the wavelengths varies according to changes in     . 

Blood oxygenation levels are mainly determined by the oxygenation of the deeper lying circulatory 

system; the arterial blood, where the difference between the two types of hemoglobin is clearer to 

observe[12]. For     measurement, it is therefore desirable to use higher, NIR, wavelengths which 

can reach deeper levels of the circulatory system due to higher penetration strength. 

3.3.2.1 Difficulties for      

For pulse-rate estimation it is acceptable for some noise to be mixed into the signal; the predominant 

frequency component still is the pulse rate, even if the noise floor got higher. Compared to pulse-

rate,      is significantly more difficult to extract from the pulse-signal [8],[13]. The difference of    

and      absorptions for certain wavelengths, results in an amplitude variation between 

wavelengths’ pulse-signal (Figure 1 and Figure 2). This amplitude variation, ratio between 

wavelengths, is a measure for      but is highly susceptible towards data pollution as inclusion of 

non-living tissue has a direct influence on this amplitude; each wavelength’s amplitude behaves 

differently to noisy segments. This means      measurements require very clean living-tissue 

segmentation in NIR environments to provide adequate results; a combination, which is difficult to 

achieve. Furthermore, healthy     levels are approximately 95-100% after calibration, while drops 

below 80% can have significant health-complications. This means that high stability and accuracy are 

important parameters for this vital sign. 

 
Figure 1 absorptionspectrum 
(oxy)hemoglobin per wavelength for 
different      levels 

 
Figure 2: rPPG amplitude response for different 
wavelengths 

4 Related work 
Related work specifically regarding NIR applications of rPPG-based subject detection and tracking is 

sparse. Most existing works in subject detection use appearance features of human skin to 

discriminate the subject from background by use of supervised-learning methods. While this 

approach works well for standard, pre-trained situations, it suffers similar drawbacks as most 

feature-trained algorithms; it fails when it encounters unexpected situations and additionally a face 

recognizer does not provide a general tracking solution as it only tracks facial features. i.e. the Viola-

Jones face detector [14] trained with frontal faces cannot locate faces sideways. Furthermore, 

misclassification can occur when presented with features similar to living tissue. A more recent 

supervised-learning method based on the use of convoluted neural networks [15] is used for skin-

detection in neonatal intensive care units (NICU) which outperforms color-bases classification 
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methods. While promising, it does require a large annotated data set and its response to a NIR 

environment, due to the absence of most color-variations, is unsure. 

Other subject selection methods rely on a unique discriminative feature of skin pixels for living-

subject selection [11],[16],[17],[1]; the presence of cardiac-synchronous temporal color variations of 

the skin. Most of these rPPG-based methods consider the following three steps: 1) segmentation of 

the video into spatio-temporal regions to extract rPPG-signals. 2) Exploiting properties of the pulse 

signal to differentiate pulse and noise from the rPPG-signals. 3) Labeling the regions containing pulse 

as skin. 

Sun et al. [12] provide an introduction to rPPG-based methods. In 2013, Gibert et al. [11] proposed a 

rigid segmentation method and used a pre-defined threshold to select regions with high spectrum 

energy as skin. Additionally, Lempe et al. [16] implemented a ROI selection reliant on facial landmark 

detection, but is restricted to human face like objects. The VPS-method by Wang et al. [10] proposed 

a similarity-based living-skin detection method, to detect the regions sharing pulse similarities such 

as frequency and phase. Additionally it introduced a voxel-based, color-contrast dependent, 

segmentation strategy. 

In addition to segmentation strategies, extraction methods have been developed as well. While 

Gibert et al. [11] uses the blind source separation (BSS) technique of independent component 

analysis (ICA) without exploiting signal characteristics, this has been further refined by Wang, Haan et 

al. in [18],[3] and[2]. They create the POS, CHROM and PBV extraction methods, more specified 

towards robust pulse extraction by employing multi-camera setups. v. Gastel et al. in [4] takes initial 

steps towards rPPG in a NIR laboratory setup.  

While the application of the traditional rPPG-based ROI selection –and pulse extraction methods 
report good results in visible light conditions, the performance of these methods in NIR conditions is 
often untested or subpar. Firstly, the lower contrast between skin and background in NIR, hinders 
the segmentation of relevant spatio-temporal regions for pulse extraction, especially for methods 
depending on color-contrast. Secondly, the lower pulse strength in NIR makes the differentiation 
between pulse and noise more difficult. Additionally, the ability of the traditional methods to extract 

blood oxygenation (    ), has not yet been demonstrated. 

5 Objectives 
The purpose of this research is correlated to the desire for NIR lighting conditions. There is one main 

objective of this project, which has two related sub-objectives: 

 Analyze the available state-of-the-art algorithms for sleep-monitoring applications in NIR, 

identify the shortcomings and propose and validate possible improvements. 

o Achieve reliable rPPG-based subject detection and tracking in NIR conditions for the 

intended realistic dataset. 

o Create an     -ready front-end, which is able to provide temporally consistent skin-

pixels in accordance with the relatively high      standards. 

The sub-objectives are created to put more concrete bounds on the main objective. 
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6 Methods 
The challenges to achieve adequate vital sign extraction in sleep monitoring setups, especially 

regarding      estimation, have been described in ‘Relevance’. In this chapter, a processing pipeline 

is introduced, which aims to tackle these challenges to provide a framework for automated ROI 

estimation in a NIR environment using rPPG-based living tissue selection. The pipeline is extended by 

using this created ROI as a basis for vital sign extraction methods such as pulse- and the more 

difficult     -extraction. Each of the processing stages is described in this section. 

Video Input
Temporal rigid 

blocks
Parallel pulse 

extraction
Spectral analysis

Confidence metric 
for estimated ROI

Tracker

ROI

Update tracker or use its temporal data

PR estimate 
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Figure 3 rPPG-based subject detection pipeline for NIR environments (a page sized version is added in appendix A) 

6.1 Video input 
The experimental setup for evaluation of the datasets consists of three identical monochrome 

cameras, (Manta of Allied Vision Technologies GmbH), which capture a frame synchronously at 

         with a resolution of         pixels of 8-bit depth. Each camera is equipped with an 

optical filter to capture a specific part of the light spectrum. For our benchmark, dataset filters with a 

wavelength of                 are used. The reasoning for this wavelength selection is twofold: 1) 

the clinical desire to measure     in NIR environments (i.e. sleep scenarios) and 2) the wavelengths 

are sufficiently spaced to provide enough contrast between the different channels while remaining 

within the spectral sensitivity of the camera sensor. 

Due to physical differences in viewpoint of a multi-camera setup, an affine-transformation 

registration of the obtained images has to be performed to ensure that the pixel locations are 

coinciding for the different channels; this results in a video input containing three channels. 

6.2 Gaussian smoothing 
A 2-D Gaussian-smoothing kernel is performed on the input frames. This reduces the effect of sharp 

edges in the images, which have a detrimental effect on pulse extraction. Pulse-extraction is a 

necessary follow-up step and by smoothing out sharp edges, the extraction becomes more forgiving. 

The detrimental effect of sharper edges becomes apparent when taking the next step into account; 

rigid blocks, and will be shortly elaborated there.  

While this smoothing effect is helpful for pulse-extraction (used for the ROI estimation), it is 

detrimental for     -extraction as it means that background gets mixed in which is of direct 

influence on the quality of the measurement. Effect of the smoothing is shown in Figure 4 and Figure 

5. 
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Figure 4 non-smoothed frame 

 
Figure 5 smoothed frame with     

Strength of the implemented Gaussian kernel is determined by the standard deviation   used. It is 

empirically determined to be    , based on its effect on the pulse-extraction and, consecutively, 

the resulting ROI-mask, for evaluation of the datasets. 

6.3 Temporal rigid blocks 
A NIR environment severely limits the methods available to detect candidate regions in a frame as 

the usage of spatial(color)-features is limited to NIR. This essentially means many state-of-the-art 

candidate detection schemes (such as Wang 2015[10]), which are based on available spatial (color) 

information, break down.  

A rigid block scheme as originally used by Gibert 2013 [11] is used to overcome this inability. As this 

method uses neither temporal nor spatial information available in the frames (as opposed to many 

other methods [10],[15],), it is a completely unbiased method. This comes at a cost however; no 

tracking capabilities are supported due to the inherent rigidness of the roster. 

6.3.1 Sub-region creation 

The video frames are of fixed size of                 per frame. Each frame is sliced into blocks 

(sub-regions) of fixed size. Each sub-region is             (height of image is cut to    sub-regions 

to get to this value); yielding a total of approximately     sub-regions. This value of 25 is chosen as a 

trade-off between accuracy of the overall subject-detection and runtime considerations. 

Additionally, the subjects in the intended use-case are of a relatively fixed size and distance such that 

the chosen granularity is considered sufficient. 

By employing a spatial averaging technique on these sub-regions, we can reduce the camera-pixel 

quantization error. A sufficiently large sub-region-size of             ensures that a possibly 

existing pulse-signal is not lost to quantization noise [19]. 

For each color-channel of each sub-region, the spatial average is computed. These steps are applied 

to every frame such that the mean of each sub-region can be temporally tracked. This temporal 

window is a sliding window of 10 seconds with an 8-second overlap. The number of frames per 

window is thus              ; creating a signal   per sub-region consisting of three channels 

(NIR wavelengths) of length 150 containing the temporal means. 

Due to the rigidness of the roster, it becomes clear what influence sharp edges may have on the 

computation of the mean. Especially edges that appear both in –and out of a sub-region (due to 

small motion artifacts) over the course of the temporal window can significantly influence the 

temporal signal. 
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6.4 Rigid parallel pulse extraction 
This   signal is a linear mixture of pulse (should it exist) and distortions[20]. A de-mixing has 

to be performed to obtain the pulse-signal from  . 

The PBV pulse extraction method is used for this as this state-of-the-art method provides the 

best quality (in terms of SNR) for pulse extraction for relatively small sub-regions compared 

to its competition [2]. 

 

Before employing this PBV extraction method, the   signal is DC-normalized and zero-

centered:  

 ⃗  
 ⃗ 

 ( ⃗  )
   

Where                   . 

This temporal normalization technique does not harm the AC components of the signal. 

This new signal    is put through a 10th order band-pass filter with cut-off frequencies 

          to pre-filter frequencies outside of living tissue pulse-rates. 

 

The PBV extraction method assumes that the pulse signal     can be constructed as a linear 

combination of the three normalized, filtered color channels   : 

   ⃑⃑ ⃑⃑ ⃑⃑     ⃑⃑⃑    

Where  ⃑⃑⃑  is a weighing matrix of dimensions 3x3. 

 

In order to solve this equation, a characteristic of blood-absorption curves for different 

wavelengths is exploited: it uses the known ratios of the rPPG-amplitudes in the normalized 

color channels, to discriminate between pulse signal and distortions. This ratio is denoted as 

a vector,  ⃗⃑  . 

The weights  ⃑⃑⃑  are determined, by constructing the pulse signal    ⃑⃑ ⃑⃑ ⃑⃑   from  ⃑⃑⃑ , for which the 

correlation with the normalized color channels    equals this  ⃑    vector. 

 

Note that the resulting    ⃑⃑ ⃑⃑ ⃑⃑   only is established within the expected region between 40 and 

240 bpm due to the earlier employed band-pass filter. 

 

A possible drawback of the PBV approach is the high dependency of the pre-determined  ⃗⃑  . 

The optimal  ⃗⃑   varies according to camera and light conditions. For the intended setup 

(sleep scenarios), both these influences are controlled as it is a relatively static environment. 

 

This method of pulse extraction is performed on each of the available sub-regions resulting in 

850 signals of which, depending on the subject size in the frame, a portion of these sub-

regions contain a pulse signal. 
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6.5 Spectral Analysis 
After extracting the pulse-signals        where      indicates the row and column of the specific sub-

region, the question arises on how to effectively exploit the pulse-signal as feature to distinguish 

living –and non-living tissue. It is previously noted by [10] that a skin regions belonging to the subject 

share similarities with each other in terms of phase and frequency, whereas the ones extracted from 

non-living tissue are irregular noises without correlation. 

Spectral analysis of the created vectors therefore revolves around finding the similarities between 

the available       ’s to find living-tissue by employing a similarity matrix. The high computational 

load of the similarity matrix is reduced by employing two pre-processing steps using the intrinsic 

signal characteristics. The reduction in load is realized by pruning segments with a frequency-

response unrelated to the pulse-rate of the subject as is described in ‘Pre-processing’    

6.5.1 Similarity matrix 

A reduced version of a similarity matrix as originally developed by Wang[10]is used for 

finding similarities between the indexes of       . Essentially, this similarity approach cross-

references each created pulse-signals       with all others. The amount of cross-references 

follows the following formula: 

        
 

 
(   )  

Where   indicates the amount of sub-regions. 

This equals a quadratic  (  ) growth resulting in approximately              for the 

chosen downsample factor of 25. This amount of       is reduced significantly by employing 

pre-processing to prune sub-segments unrelated to the pulse-rate of the subject, obtaining 

more acceptable runtimes for the similarity matrix. 

 

The similarity matrix is build based on the characteristics of the pulse-signals remaining after 

pre-processing. The pulse signal of the sub-regions belonging to a living subject share the 

following relations: 

 They have no significant phase-shift 

 Frequency correlation is regular and less disordered 

 If considering pulse-signals as multidimensional vectors, the included angle between 

two similar vectors is small. 

o Strength of pulse signals (as opposed to: frequency-likeliness) 

Note that the implemented similarity matrix differs from [10] on the last relation. While 

Wang uses frequency-likeliness in [10] as a characteristic, this is not benificial for this method 

as frequency-likeliness is already enforced by the pre-processing steps described below. 

Instead, a characteristic based on signal strength is used as it is more likely that stronger 

signals are polluted less and therefore are given a higher weight. 

The above metrics are used to define the similarity matrix. This is done as follows: 
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- Spectrum peak: the spectrum peak of two cross-correlated pulse signals is defined as 

follows: 

     ( (      )  (        )
 
)   

Where   denotes the element-wise product and   is the conjunction.  () represents the 

fast Fourier transform (FFT). 

- Spectrum phase: two similar pulse signals are also in-phase, so their normalized cross-

correlation (NCC) should show a strong response in the time domains as: 

     (    (   )) 

With 

     
 (      )  (        )

 

|| (      )  (        )
 
||

 

 

Where        is the L2-norm and     is the inverse FFT. 

 

- Spectrum entropy: the entropy is used to measure the regularity of correlation between 

two pulse signals as: 

  
        (   )

    (      )
 

 

- Inner product: In the time domain the inner product is used to measure the angle 

between two signals as: 

    
      

           
 

        

             
  

Where     denotes the inner product operation. Each of these matrices F,P,E,I are 

normalized to a [0,1] range and fused with a  Gaussian kernel to form the similarity matrix   

as: 

       ( 
(       ) 

         
 ) 

Where          denotes the entrywise standard deviation between four matrices.  

The similarity matrix   contains the mutually connected sub-regions. In order to find the sub-

regions belonging to the subject, a matrix decomposition technique is used to factorize   into 

multiple eigenvectors by using the singular value decomposition: 

       

We end up with a set of eigenvectors  ; each eigenvector indicating the correlation between 

sub-regions whereas the eigenvalues   indicate the strength of this correlation. When taking 

the drop of eigenvalues   into account as shown in Figure 6, we essentially can see how 

many subjects are in the frames; for the intended scenario this mostly is one, meaning a large 

drop after the first eigenvalue. 
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Figure 6 eigenvalue drop(L) and eigenvector weightmap mapping U (R) 

This results in the first eigenvector   describing the correlation within        with each other 

and indicates a specific weight-map      (Figure 6); highly related to the similarities between 

pulse-signals and thus related to a living-tissue mapping. 

 

While this similarity approach works well for estimation of living-tissue. Its runtime leaves to 

be desired due to the necessity of many      . This is especially redundant considering that, 

for subjects depicted by limited positive sub-regions, many of the       contain no valuable 

data and are checked for correlation between the many other uncorrelated sub-regions 

(regions without living tissue). 

 

In order to reduce runtime for the creation of the similarity matrix, a preprocessing approach 

was devised which already prunes many uninteresting sub-regions, with relatively small 

computational footprint. 

6.5.2 Pre-processing 

The similarity matrix really focusses on the correlation between signals, while the preprocessing is 

strictly based on the intrinsic properties of the pulse signals of       . By strictly focusing on the 

intrinsic signal properties, computations remain within bounds while still being able to prune many 

outliers. This is of significant computational benefit to the creation of the similarity matrix. 

The preprocessing consists of two steps: i) a pulse-rate estimate is made based on intrinsic signal 

properties and ii) outliers are pruned and signal quality is rated on the SNR. 

i. Pulse-rate estimate (intrinsic) 

       is evaluated in order to estimate the pulse-rate of the subject, The pulse-rate 

estimate is based on the combination of two different methods for estimation: 1) a 

principal component analysis (PCA) of        and 2) the average pulse-rate of the top 

signal-quality signals in the frequency domain: 

- PCA analysis of        is done: the top principal component should then depict the most 

prominent pulse-vector       . Due to distortions, it may however be the case that the 

top component is not the component depicting the pulse, but i.e. some motion artifact. 

In order to reduce the influence of these distortions, the frequency response of the top 

principal components are looked at, while taking the result of the previously estimated 

pulse-rate       into account when deciding which component depicts pulse-signal 

      . 

 

- Average pulse-rate of the top signal-quality signals: a Fast-Fourier Transformation (FFT) is 

performed on        denoted by  (). These FFT-plots are sorted on their maximum peak 

in the frequency-domain. the top 10 of        are then averaged to find a single pulse-

vector       . 
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Each of the obtained pulse-vectors        and        describe an estimated pulse-

signal. Combining these two vectors leads to a more accurate estimate. Each of these 

signals is converted to the frequency domain by FFT and normalized. Following this is a 

simple multiplication of their frequency responses where each of the vectors is of equal 

weight. This results in a Fourier-plot where the index of the max-value indicates the 

estimated pulse-rate       in beats per minute (BPM). 

[           ]    ([             ])  

 

    
   

 (    )
 

Where              

                

             (    ) 

While these two estimates share much redundancy, the combination of both is necessary 

for adequate estimation. In the datasets a non-random frequency component 

occasionally occurs. This relatively strong frequency component occurs aside from the 

subject as shown in Figure 7 by two distinctive areas aside of noise-segments. It is 

neither a random component nor a harmonic signal. While this component was of lesser 

quality than the main ROI, it occasionally is falsely selected as the main component if not 

for the additional redundancy. 

  
Figure 7 frame of subject(L) and corresponding frequency mapping (R) 

ii. Outlier pruning 

Now having an estimated pulse-rate available (     ), it serves as the basis for the 

pruning stage. Firstly  (      )  is calculated, yielding the frequency response of each sub-

region. The index of the peaks of these spectra should be at or close to the       (a small 

margin is accepted to adjust for small inaccuracies) in order to qualify as a candidate for 

the similarity matrix. All other sub-regions are removed. 

Additionally, the signal quality of each of the remaining sub-regions in        gives 

information of the quality of the signal. Thus, based on the SNR of the remaining sub-

regions, signals in        get weighted using the SNR-based weight-map           of 

which an example is shown in Figure 8. The remaining weighted        serve as the input to 

the similarity matrix; these remaining weighted        are a weighted subset of all       . 

 

   
Figure 8 examples of: SNR-based weightmap of intrinsic signals SNRmap (L), similarity map U (C) and binary map 
binmap (R) 
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It can be observed that this           is more forgiving than the similarity matrix’     . This makes 

sense as the           is obtained only from using the intrinsic frequency likeliness in        while 

the similarity matrix performs a more convoluted approach to further narrow the living-tissue sub-

regions. 

This load-reduction on the similarity matrix is highly related to the size of the subject in the frames. 

Should the subject appear prominent in the frame, only few sub-regions are pruned, lessening the 

effect of this approach. However, for the envisioned sleep scenario the area of living tissue is mostly 

fixed and relatively small (i.e. <1/4th of the frame) which is why this approach is deemed useful. 

Additionally, due to this relatively fixed size, there is no need to implement an hierarchical/multi-

level approach as was employed by [10]. 

Given that approximately only    th of pixels are of interest to the similarity matrix, the amount of 

      can be reduced by a significant factor from 350000 to approximately 22000 when taking the 

previously determined downsampling factor of 25. Specific runtime differences are shown at 

‘Runtime effect pre-processing’. 

6.5.3 Binary mask 

The similarity matrix consecutively provides a secondary weight-map, which indicates the strength of 

correlation between sub-regions. This weight-map is later used for estimating the final pulse- and 

    -signal of the available living tissue, but for now a binary mask is created from this mapping 

using the Otsu-method[21] which minimizes the variance to find a threshold value in order to give a 

proper indication of the living- and non-living tissue in frame. This is followed by a small 

morphological closing method. 

              (    ) 

                       

                       

Where    is a 2x2 square structure element and      indicates the reshaped first eigenvector of the 

similarity matrix. 

6.6 Confidence metric for estimated ROI 
A novel hybrid method is developed combining rPPG-based subject detection with a tracker in which 

the trackers’ ROI is updated when a valid region has been found by the similarity matrix. Reversely, 

when the rPPG-based subject detection temporarily fails due to movement, the tracker takes over 

for estimating the pulse-vector until a proper region has been recaptured by the rPPG-based method. 

Firstly, the tracker is briefly described. This is followed by the description of the method used to 

define a confidence metric for the ROI estimated by the similarity matrix consisting of several sub-

regions. 

6.6.1 Tracker 

The tracker is an interchangeable part in this research. It is only necessary to temporarily track the 

subject (and extract the pulse-signal) while the rPPG-based subject detection method recaptures the 

subject after motion occurred. It runs in parallel with the rPPG-based approach. 
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A relatively simple tracker is used based on Kernelized Correlation Filters (KCF)[22]. This type of 

tracker provides a reasonable accuracy/runtime ratio. Further focus on exploration of the trackers’ 

capabilities is considered out of scope for this rPPG-based research. 

Note that the tracker is only used for temporary tracking of the pulse-signal and not for the 

temporary tracking of the     -signal. The tracker is only needed when motion occurs and the 

    measurement is highly susceptible to motion-artifacts; even with a tracker employed.  

6.6.2 Confidence metric 

Similar to the pulse-rate estimation in the preprocessing of the similarity matrix, here too a 

combination of several metrics is used to define a confidence metric for the selection of the tracker 

or the estimated region. The quality of the estimated region is determined by three variables, all 

related to the binary mask created from the mapping provided by the similarity matrix: 1) SNR of the 

averaged signal of the resulting sub-regions found in the binary mask, 2) Size of the largest cluster 

found in the binary mask and 3) Sparsety of the data found in the binary mask. 

- SNR of the averaged signal of the remaining sub-regions found in the binary mask is used as a 

metric. Should the detected region be inaccurate, chances are that lower SNR sub-regions are 

selected. A threshold-SNR value is selected to indicate a necessary quality of the signal in the 

binary mask. 

- The signals are weighted according to the binary mask           and similarity mask    . The 

SNR of the mean of the signals        appearing in the binary map is calculated and compared to 

the threshold-value. 

 

  
 (        (      )                ) 

         (         )
 

   ( ) {
                   
                   

 

 

Where   is the weighted average of the signals appearing in the binary mask,           

      (        ) (this value indicates that a signal adequately detectable, hence it is accepted 

as a possible signal for this metric) and the     is calculated as reported in the evaluation 

metrics. 

 

- Size of the largest connected cluster in the binary mask is uses as a second metric. Living tissue is 

usually spatially clustered. By exploiting this information, the confidence metric is improved. The 

largest cluster should be of reasonable size compared to the frame and should still be accepted 

when part of the face is occluded due to bodily rotations. A hard threshold is chosen here due to 

the fixedness of the intended sleep-setup where subject size is of only limited variability. 

 

- Sparsity of the binary mask is used as third metric. It is related to the previous metric in a sense 

that a good rPPG-mask usually only contains one significant cluster (provided only a single 

subject is in frame) and not multiple smaller, more spread-out ones. The total amount of sub-

regions available in the binary mask is compared to the largest available cluster. Should these 

two be too far apart, the rPPG-based mapping is declined. 
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Should any of these metrics be violated, the estimated mapping remains unused for pulse-extraction. 

Instead, the trackers’ ROI is used.  

6.7 Pulse extraction 
Already, the pulsatility of the sub-regions is extensively used to determine the occurrence of living-

tissue in frame. A final step is made to extract the subjects’ pulse signal by combining the sub-regions 

appearing in the binary mask (or the signal provided by the tracker). 

As mentioned in the sub-region creation, a pulse-signal is obtained every 30 frames based on a 

moving window of 150 frames. This   signal is overlap-added to its previous iterations to obtain the 

final estimation of the pulse-signal. A spectrograph can be created indicating the pulse-rate of the 

subject as shown on multiple occasions in ‘Results’ 

6.8      extraction  
As described in ‘Blood oxygenation (    )’, compared to pulse-extraction,     -extraction is 

significantly more difficult due to its high susceptibility towards data pollution as its measurement is 

amplitude based instead of frequency-based.      measurement requires very clean living-tissue 

segmentation in order to provide adequate measurement. 

Due to this difference, the extraction method differs as well on several accounts: 

- Only the binary mask           and weight map     , created by the rPPG-based pipeline 

using the pulsatile information, serve as bases for the     extraction.  

- A different signal extraction method is used for     -extraction, namely AdaptivePBV ([8]). 

This method is specifically aimed towards     extraction and is elaborated below. 

- As mentioned, the     extraction is susceptible to background pollution; hence it does not 

make sense to perform a 2-D Gaussian-smoothing kernel as an initial step where background 

inherently gets mixed in with the signal. Therefore, the original non-smoothed channel 

vectors are fed to the APBV extraction. 

The differences for the     -pipeline are shown in Figure 9 where the methods to obtain the binary 

map           and similarity mapping      are omitted: 

Video Input

Binary map

Similarity mapping 
(U)

SPO2 extraction

APBV

Temporal rigid 
blocks

SPO2

combinedC2

 
Figure 9 differences     -extraction 

The resulting     -estimates are the raw results, meaning that no post-processing or outlier 

rejection has been used and are shown in ‘Results’  
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6.8.1 APBV 

In the pipeline, to extract a pulse-signal from a signal       , the regular PBV-extraction method is 

used. It is based on the unique ‘signature’ of blood volume pulse signal (the vector  ⃗⃑  ). It namely 

utilizes the different relative pulsatile amplitudes in the different used wavelengths to differentiate 

between intensity variations induced by blood volume changes and distortion-related variations. For 

this PBV-method, a pre-determined static  ⃗⃑   vector is assumed. 

This is different for AdaptivePBV(APBV)[8]. The ‘signature’  ⃗⃑  vector, representing the ratio of pulse-

amplitudes of the channels, changes according to different blood oxygen values. This is due to the 

used wavelengths’ varying response for different mixtures of      and   , characteristically for 

    values. Essentially, the optimal   ⃗⃑   changes according to these variations in (oxy-)hemoglobin 

and is directly related to an     value. 

This relation between the  ⃑⃗  vector and     is exploited by APBV. It applies a collection of  ⃗⃑  -

vectors, each corresponding to a specific      value, to the inputted data and verifies which vector 

fits best. Its associating     value is the measurement. 

6.8.2 Functionality 

The signal provided to the APBV method is similar to that of the pulse-extraction method; the signal 

of the sub-regions appearing in the binary mask are scaled by similarity mapping     . This is followed 

by taking the mean of these weighted signals. 

As opposed to the pulse-extraction, where the smoothed   signal is created, a non-smoothed 

   signal is created. This serves as the 3 channel input signal to the APBV method where the 

amplitude-difference between the channels is indicative for the      value. 

            
 (        (                      ))

         (                      )
 

Where index   indicates the channel based on the wavelengths                . This is followed 

by the APBV method [23], resulting in an estimated     : 

         (          ) 
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7 Research considerations 
Before reaching the eventual method described above in ‘Methods’, several considerations have 

passed revue to research their performance related to NIR environments.  

There is a clear distinction between detection of pulse-rate and the detection of     ; the former is 

solely obtainable from the detected frequency, while the latter needs to take amplitude-response 

among different wavelengths into account (as discussed in ‘Blood oxygenation (    )’). This makes 

extraction of     significantly more difficult compared to the extraction of the pulse-rate. 

Nonetheless, both vital signs benefit from a clean, highly pulsatile     ; meaning high-pulsatile 

regions good for pulse-extraction, are also beneficial for     -extraction. This observation led to the 

decision to firstly focus on increasing the quality of pulse signal, before moving forward to the more 

challenging scenario of     -extraction. 

7.1 Initial focus on pulse 
Three subprojects stand out when improving the pulse-quality; one related to the segmentation and 

two related to the parallel pulse extraction stage. 

1. Standard deviation-based segmentation: due to the flatness in the color spectrum for NIR 

conditions, many state-of-the-art candidate detection schemes (such as [10]) based on 

available spatial-color information break down. An interesting idea was to shift the focus 

from available spatial information towards temporal information in the form of temporal 

standard deviation. 

Standard deviation ( ) can give indication of motion (and essential color-changes). A leading 

motivation here was to discover whether standard deviation-based mappings can give 

clusterings relatable to pulsatility for our dataset. 

 Initial large ROI dataset 
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Figure 10 standard deviation-based segmentation and extraction 

By performing pulse extraction on mappings created by gaussianed  -rankings (mappings 

which only contains a small accepted window of  ’s) this was tested (shown in Figure 10). 
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Initially these mappings showed an acceptable pulse signal for large ROIs as shown in the 

first columns. When performed on the dataset however, results were not as good. 

Investigation of the created  -mappings showed that none of the mappings specifically 

represented strong pulsatile regions (forehead/cheeks), but for the large ROI the inclusion of 

some living-tissue pixels already yielded an acceptable pulse-rate while having a sub-optimal 

mapping. Reduction of the size of the ROI for the second column prevented this from 

happening, resulting in inadequate signal quality for the intended dataset and this approach 

was not further pursued. 

Both spatial and now temporal segmentation approaches have been investigated and it 

seems neither is discriminative enough for clustering in NIR conditions. This led us to the use 

of the rigid block segmentation method as discussed in ‘Temporal rigid blocks’ 

 

2. POS vs PBV pulse extraction: Aside from the PBV method[2], other methods such as CHROM 

[3] and POS [20] could be used for pulse extraction, but these require a standardized skin-

tone vector or the presence of specular distortions for tuning, unavailable in NIR. 

Nevertheless, an investigation toward the performance of both POS and PBV was performed. 

It was found that a quality difference is observable between POS and PBV related to size of 

the ROI. This is shown in Figure 11 and Figure 12 where a fixed ROI is subsampled to 

incrementally smaller sub-segments. 

 

 
Figure 11: very clean forehead ROI 

 
Figure 12: more distorted face ROI 

It is known that PBV needs some distortion [2] for proper operation. It may be the case that 

not enough distortion is available on temporally clean segments, which is more frequent the 

case when averaging over many skin-pixels. This results in subpar measurement for smaller 

sub-sampling values (larger segments). Reversely, higher sub-sampling values(smaller 

segments) may work detrimentally for POS due to the stronger appearance of noise for 

smaller segments. The higher quality obtained from PBV with smaller segments proved a 

strong combination with the rigid block segmentation approach. 

 

3. Regularization techniques (PBVs): A third technique was investigated is a regularization 

scheme to improve pulse quality. It was noticed that the least-square estimates of the pulse 

signal become problematic for smaller segments as the covariance matrix     used in PBV 

would tend to be singular. 

This approach abandons the requirement of an unbiased estimator and employs ridge 
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regression to achieve lower variance at the cost of accuracy as indicated by Figure 13. For 

PBVs we essentially apply a distortion (an identity matrix) on the sampled covariance matrix 

of PBV (which is an estimation of the actual pulse signal) to nudge it in a direction responding 

better to  ⃗⃑  . This mostly yields a better SNR of the pulse-signal, but its results become 

biased. The effect of this regularization becomes less pronounced for smaller segments as 

the signal (and its sampled covariance matrix) already becomes less clean due to a fewer 

amount of available living-tissue pixels.  

 
Figure 13: regularization effect 

 
Figure 14 PBV-based ROI selection 

 
Figure 15 PBVs-based ROI selection 

This regularization approach visually improved ROI selection as indicated by Figure 14 and 

Figure 15. The ROI estimated by employing this regularized approach served as the basis for 

    -estimation, but was actually of detrimental effect as is discussed below. While it may 

be beneficial to actual skin-selection schemes further investigation is considered out of scope 

due to this detrimental effect.  

7.2 Secondary focus on      
As it was believed an accurate rPPG-based living-tissue segmentation method for NIR was now 

provided for pulse-extraction, focus moved towards     . Firstly, a short investigation was 

performed to indicate the effect of pollution on     -estimation, next, several methods to obtain 

     estimation from the obtained ROI are discussed and eventually regularization is revisited 

related to      performance.  

1. Pollution of     : The effect of background pollution on      estimation is investigated by 

selecting an gradually worsening ROI selection and verifying its effect on the      

estimation. This found that the when the ROI is polluted by background, the      estimation 

gets underestimated compared to the reference and thus does not indicate an accurate 

     estimation. This observation led to the need of accurate ROI selection for proper 

estimation.  

2. Methods for      estimation from ROI: Multiple methods to obtain an      estimation 

from the selected ROI are investigated to ensure the best possible extraction is used. While 

the APBV method is one of the leading methods for      estimation, several variations 

regarding the input provided to the APBV method were tested: 

a. Calculate an      estimation per sub-segment, average these estimations for a final 

definitive estimation. 

b. Take the averaged signal of the     -weighted sub-segments within the selected ROI. 

Feed this signal to the APBV method to obtain a single      estimation. 

c. Do additional intensity filtering on the obtained ROI. This excludes some additional 

pixels within the selected ROI such as eyes and eyebrows that were included due to 

the down-sampling factor. The temporal signal of the remaining living-tissue is fed to 

the APBV function to obtain a single      estimation. 
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It was found that the second method had the most stable estimation. One may expect the 

third method which essentially does an additional intensity-based selection on the ROI 

should be beneficial for      estimation, but this was not the case. It is believed to be due to 

this altering the ROI per estimation, leading to more instability than it brings the intended 

stability. The first method provided very fluctuating results unfit for adequate estimation and 

was not pursued further. 

3. Regularization revisited: The ROI obtained by employing regularization is visually improved 

and had a positive effect on pulse-quality for pulse-rate estimation. However, the addition of 

regularization had a detrimental effect on the stability of      estimation and therefore is 

revisited. Reasoning why this occurred due to regularization is discussed here. 

Investigation of the      estimation of individual sub-segments indicated that a significant 

difference in estimation showed between neck and face-regions. By investigating the signals 

belonging to these estimations, the difference became apparent; Figure 16 shows an 

‘inversion’ of the wavelengths’ amplitude, which, as      estimation is based on the ratio 

between amplitudes, yields very different estimates.   

  
Figure 16 normalised filtered temporal signal of face(L) and neck(R) for different wavelengths 

The hypothesis is that the pulse signal obtained in these ‘inverted’ sub-segments, consist 

partly of BCG-motion (BalistoCardioGraphy-motion[24], physical movement through ballistic 

forces of the cardiac cycle). While this BCG-motion is not specifically an issue for pulse-rate 

estimation, it can strongly influence the amplitude of different wavelengths. 

The effect of BCG-influence is mimicked with a synthetic benchmark; suppose we have a 

signal of which its amplitudes are in accordance with  ⃗⃑  . If we now add phase-motion by 

adding an   [     ]  vector to this  ⃗⃑  , where   indicate the strength of the motion vector 

and [     ]-vector represents the BCG-motion which occurs similarly in all three wavelengths 

([3]). We obtain the response as shown in Figure 17. Where inversion occurs for some     

 
Figure 17 PBV response to motion vector 
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A combination of amplitude and phase variations in this additional BCG-signal can lead to 

vastly different amplitudes and phases when added to the signal. This quite possibly is what 

is occurring for the neck-region. While not conclusive, indications show that this ‘inversion’ 

occurring in neck-regions is related to BCG-influence. Inclusion of these ‘inverted’ regions is 

therefore highly undesirable for      estimation while beneficial for pulse-rate. 

 

a. PBV vs PBVs 

As discussed above, regularization ‘nudges’ the sample covariance matrix in a certain 

direction which yields a higher pulse amplitude. This resulted in a visually seemingly 

improved ROI which is an improvement for pulse-rate extractions and initially also seems 

desirable for      estimation. 

The PBV-method behaves, as is expected, poorly for the neck region due to the ‘inversion’ 

appearing in this region not being in accordance with the  ⃗⃑  . When the neck region is 

biased however, even minimally, by regularization, its PBV response yields a significant 

amplitude increase in the frequency-domain.  

While regularization boosts the amplitude of the pulse-rate component (desirable for pulse-

rate detection), it is now clear that the underlying amplitude information (ratio between 

wavelengths), used for     -estimation, is not in accordance with the  ⃗⃑   (by being 

‘inverted’ responses) and should not be used for      estimation. A hypothesis is that that 

regularization biases the phase-information such that the neck regions’ BCG-influenced 

signal is seen as a pulse signal in accordance with the  ⃗⃑   while its actual signals are 

unsuitable for      estimation. 

By again removing the regularization approach, the selected ROIs visually seemed to worsen 

again, however      estimation improved significantly. 

8 Experiments 
In order to verify the accuracy of this fully rPPG-based pipeline a challenging dataset is created fitting 

the envisioned sleep-monitoring setup. This dataset is compared to other subject detection/tracking 

and pulse/     extraction methods available in industry. Results show a performance increase in 

terms of accuracy compared to available methods for      estimation in NIR. Results are shown 

after addressing the created dataset.  

8.1 Dataset 
A challenging realistic dataset is proposed where the robustness of this rPPG-based subject detection 

and tracking is verified in NIR conditions and where additionally the size of the ROI is reduced. This 

type of dataset closely resembles a sleep-scenario setup where subjects are lying down, which is one 

of the intended uses of the created method (Figure 18 experimental setup. Technical details of the 

created recordings are described in ‘Video input’. For reference, a pulse-oximeter is attached to the 

finger and connected to a Philips MP50 patient monitor, which synchronously stores data with the 

recording. 
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cameras

subject

matrass
 

Figure 18 experimental setup 

This dataset is considered challenging because of several reasons: 

- Small ROI: usually a frame contains a relatively large ROI for evaluation of methods. This is not 

possible in this case due to the envisioned sleep-scenario where subject motion may occur 

during the night within bounds of the matrass. As the setup is fixed and it is undesirable for a 

subject to move out of frame, the cameras capture the whole width of the matrass resulting in a 

smaller ROI; meaning less available living tissue pixels. 

- Skin-similar background color: NIR color-space is significantly more flat compared to RGB. This 

quickly devalues the application of color-based segmentation methods, especially when 

background is of skin-similar color. This happens frequently with Caucasian subjects and regular 

white pillows; a relatively standard scenario. It is undesired to create limitations for the props 

used during sleep-study (i.e. pillow/matrass color) hence, we employ this specifically in this 

dataset.  

- Background close by: As the subject is lying on a matrass, the subject (foreground) is very close to 

the background. This complicates measurements, as background-distortion artifacts often 

appear stronger when closer to the camera. 

- Bodily rotation events: While motion occurs less frequent during sleep scenarios, subjects may 

occasionally move or rotate. This can result in partly occlusion of the subject. This dataset 

includes these rotation events such that their effect on the methods can be researched.  

- Out of frame events: subjects may temporarily fully move out of frame. While no camera-based 

method will be able to obtain proper measurements during this time, it is interesting to see how 

methods will react to subjects re-entering; it is critical a sleep scenario method is able to recover 

from such situation.  

While less restrictive with regard to motion robustness, the dataset is still highly challenging as rPPG-

based subject detection tracking in NIR is no trivial matter, especially considering a smaller-than-

usual ROI.  

Five subjects are evaluated according to the schematic shown below. Four of the subjects have a 

caucasian background, one subject is of middle-eastern back ground. 
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Stationary

Face forward
Face 

sideways (L)
Face 

sideways (R)

Rotation

Bodily 
Rotation(S)

Bodily 
Rotation (I)

Bodily 
Rotation (F)

Translation

Out of frame

(Pulse quality)

(Adaption)

(Recovery)  
Figure 19 scenario descriptions of created dataset 
(S,I,F indicate Slow, Intermediate and Fast rotations) 

Several scenarios are created to capture the described challenges. They are divided in three 

categories: stationary, rotary and translatory; each of these categories is chosen to measure certain 

performance metrics (pulse quality, adaption and recovery). 

Each sub-block indicates a 1-minute measurement resulting in three recordings of respectively 3, 3, 

and 1 minute.  

Not all of these created scenarios are evaluated. Bodily rotations are omitted as it was found that for 

slow bodily rotations (20sec per rotation) the methods were not able to recapture in time, partly due 

to the use 150-frames time-window used (see: ‘Limitations’). This was known to be questionable 

beforehand, but the dataset was created anyway for future use within Philips. 

8.2 Evaluation metrics 
The performance of the different methods is evaluated for each evaluation window of 150 

frames/samples with the following metrics for the cardiac pulse signal and oxygen saturation: 

8.2.1 Pulse signal 

 Signal-to-noise ratio (SNR): 

           

     
   ( ( )    ( ))

 

     
   (   ( )    ( ))

 
 

Where      is the frequency spectrum of the pulse signal    ,   is the frequency in beats 

per minute (BPM) and Where   is a binary template centered around the pulse rate peak and 

its harmonics with a predefined margin. 

 Mean absolute error (MAE): 

    
    

       ( )       ( ) 

 
 

Where        and       indicate the estimated and reference pulse (PPG) signal. 

 Root-mean-square error (RMSE): 

     
√(     ( )       ( ))

 

 
 

 Coverage (C): the percentage where a ROI could be detected.  
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8.2.2 Oxygen saturation (    ) 

 MAE: see description for pulse, but the    is replaced by oxygenation levels. 

 MedAE: the median of the absolute error to reduce the effect of outliers, e.g. during the 

change in sleep position where measurements are often rendered nonsensical. 

 PERC: the clinically acceptable accuracy criterion specified in the International Standard for 

pulse-oximeter manufacture ISO 80601-2-61-2011 [25], which requires an accuracy of     

within the saturation range          PERC expresses the percentage where the 

measurement satisfies this criterion. 

8.3 Results 
The performance of the proposed ‘Hybrid’ and ‘rPPG-only’ (same framework excluding the tracker) 

needs to be verified compared to the performance of existing methods. 

Existing methods all suffer from the lower pulsatile strength in NIR, while some, additionally, suffer 

from their reliance on color-contrast, unavailable in NIR. The latter is especially clear with the 

segmentation for the VPS-method as shown when discussing this method more elaborately below. 

Other methods have difficulty selecting the ROI with limited background pollution in NIR conditions 

leading to suboptimal      estimations. A selection of the available methods yields below 

benchmarks: 

 Voxel-Pulse-Spectral (VPS) method of Wang et al. ([10]) 

 rPPG-based method of Gibert et al. ([11]) 

 Viola-jones face detection framework ([14]) 

 Tracker with manually initialized rectangular ROI ([22]) 

Firstly, an overview of the performance of the hybrid method is displayed in Figure 20. Secondly, a 

comparison is made with the benchmark methods (Figure 21) after which the performance of pulse-

rate and      estimation are discussed separately. This is then followed by a more elaborate 

comparison of the benchmark methods, indicating their shortcomings with relation to our dataset. 

Finally, the limitations of the hybrid method are shown.   
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8.3.1 Results hybrid method 

An overview of the performance of the proposed hybrid method is shown here. It depicts the 

recordings of the three sleep scenarios for three different subjects to give indication of the 

consistency of the method. Furthermore, its performance regarding out-of-frame movement is 

shown in the fourth row (only of one subject to reduce clutter). The first column depicts the 

smoothed input frame, the second column the pixel weight map used for extraction of the vital signs. 

The third and fourth column depicts the pulse-rate extraction and      estimation respectively. An 

additional fifth column is shown which indicates the usage of the additional tracker.  
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Figure 20 Hybrid method performance overview 
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8.3.1.1 Stationary evaluation 

Stationary results are shown above. Dips/outliers in the graphs/spectra indicate a rotation event, 

which immediately shows in results as this method has a difficulty coping with strong motion. Aside 

of motion distortions however, it does show a relatively stable pulse-rate and      levels. One can 

see that the tracker is used during this motion to increase the accuracy of the HR-estimate; the 

extent of this effect is discussed in ‘Effect of hybrid approach‘ 

Bear in mind that the      results when motion occurs are invalid; they are obtained from noisy, 

unrelated sub-segments. The MedAE metric weighs these outliers accordingly. 

8.3.1.2 Out of frame evaluation 

In order to show meaningful results regarding out-of-frame movements, only data is shown when the 

subject is in-frame, other results are not omitted from display. It can be observed that the hybrid 

method is able to accurately recapture the ROI after an out-of-frame scenario has taken place, where 

again adequate pulse-rate and      estimations are closely resembling the reference signal found.  

In order to have meaningful comparison for the out-of-frame dataset, nonsensical results obtained 

when the subject was absent are omitted from the evaluation metrics.  
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8.3.2 Comparison to benchmarks 

The proposed methods are compared towards the benchmarks. The results of only one subject is 

shown to reduce cluttering, but as indicated above, results are similar among subjects; for the 

evaluation metrics provided in Table 1 and Table 2 all subjects are taken into account. 

Hybrid rPPG-only VPS Gibert Viola-Jones Tracker 

      
 

     
Figure 21: Comparison with benchmarks for stationary positions 

hybrid rPPG-only VPS Gibert Viola-jones tracker 

      
 

     
Figure 22 Comparison with benchmarks for out-of-frame scenarios 

8.3.2.1 Pulse 

Results of the evaluation metrics regarding pulse for all subjects are summarized in Table 1. Although 

most of the benchmark methods are capable to extract the pulse signal (with slight SNR variations), it 

can be observed that the proposed hybrid method provides the best results for the stationary 

dataset. While the Viola-Jones method works reasonable well when frontal faces are available, it falls 

flat when rotation events occurred leading to coverage of only 38%. This was expected however as 

Viola-Jones is mainly trained with frontal-facing images. The performance of the tracker is highly 

dependent on the quality of its tracking capabilities, which can be varying throughout observation. 

In order to have meaningful comparison for the out-of-frame dataset, nonsensical results obtained 

when the subject was absent are omitted. Here too the proposed methods work best for the created 

dataset, but the tracker performs significantly worse, even compared to the Viola-Jones benchmark. 

This is because it is questionable whether the tracker is able to recapture the subject after it was 

temporarily out-of-frame, while Viola-Jones with this dataset is able to detect the subject as it 

reappears with frontal-face in frame. Furthermore, it is noticed that the rPPG-only method 

outperforms the hybrid approach for the out-of-frame method in terms of SNR. This can happen due 

to the tracker only being used when significant motion, and thus lower signal quality, occurs. While 
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the tracker is able to obtain a pulse-rate for a longer amount of time compared to the rPPG-only 

approach, its quality can drop slightly. 

 stationary positions Out-of-frame 

Method SNR(dB) MAE(BPM) RMSE(BPM) C(%) SNR(DB) MAE(BPM RMSE(BPM) 

Hybrid 5.74 1.85 3.28 100 6.13 1.85 2.75 

rPPG-only 5.58 2.81 5.23 100 6.47 2.22 3.24 

VPS[10] 4.24 3.33 5.75 100 4.14 2.02 3.14 

Gibert[11] 4.40 3.32 5.51 100 3.52 2.86 5.31 

Viola-
Jones[14] 

2.14 7.87 11.41 38.5 1.89 6.55 15.92 

Tracker[22] 3.18 3.90 7.37 100 1.52 19.36 31.87 
Table 1 results pulse-extraction per benchmark 

8.3.2.2      

The hybrid approach is of no benefit to the      estimation as the added tracker is not able to 

estimate a ROI of     -ready quality. The benchmark methods are therefore compared to the rPPG-

only method. Results are shown in Table 2. 

While the benchmark methods provided reasonable results for pulse-rate extraction, this is different 

for      estimation where the benchmarks show to be highly fluctuative. The rPPG-only method 

performs significantly better compared to the benchmarks for this vital sign, which especially show 

after the initial rotation occurs. This is in line with the visual comparison made above, where      

response is varying greatly for the benchmark methods. Note that the PERC metric includes the 

outliers occurring during rotation events.  

Similar results are obtained for out-of-frame scenarios where the rPPG-only method obtains the best 

results for the created dataset in terms      estimation, given that the subject is in-frame. 

The difference in performance is most likely attributable to the improved ROI selection wherein less 

background pollution occurs compared to the benchmarks. It was thought to be the most limiting 

factor in adequate      estimation due to background pollution having a direct, significant influence 

on the ratio of amplitudes between wavelengths.  

 Stationary Out-of-frame 

Method MAE(pp) MedAE(pp) PERC(%) MAE(pp) MedAE(pp) PERC(%) 

rPPG-only 4.11 1.67 79.3 2.55 1.60 87.23 

VPS[10] 6.73 4.82 39.3 5.09 4.07 44.78 

Gibert[11] 5.29 3.62 56 5.75 4.42 47.12 

Viola-
Jones[14] 

10.06 9.43 9.78 7.71 6.66 28.71 

Tracker[22] 5.06 3.37 60.9 5.28 2.24 58.61 
Table 2 results      estimation per benchmark 
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8.4 Breakdown per benchmark-method 
A more elaborate comparison of the benchmark methods is performed in this chapter. It indicates 

their shortcomings with relation to our dataset.   

8.4.1 Gibert(2013) 

Gibert uses a more simplistic implementation of a rigid block method [11]. Originally it uses 15 

second windows as opposed to 10seconds, additionally it originally uses ICA to de-mix the signal 

from  . For fair comparison, it is chosen to instead use the PBV extraction method, which works well 

on shorter, 10-second windows. It then determines living tissue based on the SNR of the sub-regions. 

It is observed that Gibert’s approach suffers on several accounts for this dataset: 

- It cannot differentiate different pulse rates within the spectrum of 40-240bpm. I.e. the pillow 

shows a higher frequency component, unrelated to the subject, but Gibert’s method cannot 

differentiate what the main component is. It only takes the pulse rate per block into account 

without relating it to a ‘meta’ pulse rate. This leads to the pollution of the ROI with additional 

unrelated frequentile components as seen in Figure 23(L). 

- SNR difference between fore –and background is limited. Stronger noise components are found 

due to background being closer to the foreground. This results in the hard threshold initially set 

in [11]to be too low as can be seen in Figure 23(M). This is tweaked to improve performance 

resulting in mappings similar to Figure 23(RM). This in itself is however undesirable as the 

available window between pulsatile and non-pulsatile blocks narrows. This consecutively results 

in a higher amount of false positives/negatives. 

    
 

Figure 23 Gibert comparison: fLtR; frequency map, SNR weightmap, original binary Gibert threshold, improved binary 
Gibert threshold and a typical binary mask of hybrid method 

It can be seen that for the threshold selected by Gibert pulse and noise segments are not adequately 

discriminated due to the relatively low difference in SNR between the two. For vital sign comparison 

with the hybrid method, a different threshold is selected, resulting in a better mapping.  

Though this method suffers from sub-optimal mappings, resulting in significantly fluctuating      

values, it can certainly be used for basic pulse-extraction, as this extraction method is more forgiving. 

Due to pollution, its frequency spectrum contains more non-HR related noise artifacts as shown by 

Figure 21. 

While this method may lack additional sophistication, it does show basic functionality of a rPPG-

based rigid-block implementation. Additionally, due to lack said sophistication, a higher runtime 

performance is possible. However, performance in terms of accuracy is considered more important, 

especially considering the necessity for a clean ROI for      extraction. 
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8.4.2 Tracker 

As opposed to a rigid block method, a ROI can be pre-selected which is then followed by a tracker. A 

KCF-tracker with relatively good accuracy/runtime performance is implemented to compare 

performance. This method yields a ROI per frame. The temporal mean of these ROIs are then used to 

extract pulse and      by using the PBV and APBV methods described above. 

Two things can be noted:  

- Losing track of subject: it can happen that the tracker loses its subject after significant motion 

occurs. The tracker then has no method of resolving this. This is especially the case for out-of-

frame movement, but also occurs for within-frame movement. This is highly undesirable for 

continuous autonomous measurements. The hybrid method does not rely on a tracker and 

automatically reconfigures it.  

- More background is mixed in the signal: The tracker is rarely a precise fit on the ROI. Some 

additional, non-pulsatile, background will be mixed in resulting in pollution of the extractable 

vital signs. The rPPG approach of the hybrid method can get a more precise ROI as it only uses 

pulsatile regions. The effect of this suboptimal tracking capabilities shows from the trackers’ 

pulse-rate and      response in Figure 21 and additionally Figure 24; after manual initialization 

both estimates show high correspondence to the reference, but after a change in position its ROI 

is suboptimal resulting in subpar estimates.   

Note that for this specific recording the tracker was able to keep acceptable track during recording. 

This is by no means a given, especially considering longer unsupervised recordings.  

This is a result of the suboptimal tracking; drift occurs resulting in the additional mixing of 

background noise.  Additional motion events may result in the subject being out of the selected ROI 

completely. An example of this drift is shown below: 

  
Figure 24 suboptimal tracking: pre-selected ROI(L), drifted ROI(R) 

8.4.3 Viola jones 

The Viola-Jones object detection framework is used for face-detection on a per-frame basis; this 

method yields a ROI per frame. Vital sign extraction is performed similar to that of the tracker. 

The Viola-Jones framework suffers from similar situations as the tracker, but to a stronger extent: 

- As the ROI is detected on a per-frame basis, the provided ROI is slightly shifted each ROI, 

whereas the aforementioned KCF-tracker is more smooth. This essentially results in the 

distortion of the underlying pulse-signal as the temporal mean of the ROI is influenced due these 

slight variations each frame. 

- While the KFC-tracker tries to follow the subject when changes occur due to rotation events, 

Viola-Jones falls flat, as it cannot detect a face positioned sideways. Though this method is able 
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to reconfigure as soon as a face appears in-frame (as opposed to the tracker-approach), its 

inability to detect living tissue in all rotations is severely limiting and shows in the comparison. 

A more sophisticated tracker method such as [16]may be beneficial for subject detection, but this 

was not the goal of this research; it was to create a method which has its basis in rPPG rather than in 

deep learning. This comparison is made to indicate the significant difference in performance and 

reliability between the created pipeline and common-off-the-shelf deep learning approaches.  

8.4.4 Voxel Pulse Spectral(VPS) 

The VPS method by Wang [10] significantly differs in segmentation method. This method creates 

temporally consistent segments (supervoxels) by weighing spatial and color information of pixels for 

segmentation. This method allows for spatiotemporal consistency, resulting in some additional 

tracking capabilities. Its performance in NIR leaves to be desired however. 

Due to the reduced spatial (color) information available within frames of the dataset, the VPS 

method has difficulty to achieve proper segmentation in NIR as is indicated in the comparison of 

Figure 25. Although some parameter tuning is possible for VPS, it inherently has limitations for NIR 

environments due to this color-dependency.  

  
Figure 25 Comparison VPS' segmentation in visible light conditions (L) and NIR (R) 

This leads to sub-optimal segmentations as no color-information can be exploited for adequate 

fitting of the segments. While it is still possible to extract pulse-rate with these sub-optimal mapping, 

it leads to significant background pollution for      estimation as can be observed from the results. 

8.4.5 Effect of hybrid approach 

The hybrid method combines the rPPG-based approach with an additional tracker such that the 

tracker may respond when the rPPG-based approach temporarily fails due to small motion artifacts. 

The effect of this is shown for pulse-extraction in Figure 21. It can be seen that the tracker is able to 

decrease the time necessary to recapture the pulse-rate. This makes sense as the tracker is able to 

follow the ROI, while the rigid block approach has no tracking capabilities and has to ‘wait’ for living 

tissue to appear long enough in other blocks. 

The effect and usage of the tracker is shown in Figure 21 to indicate that it is only activated when an 

rPPG-based ROI is deemed of insufficient quality. 

8.5 Runtime effect pre-processing 
The additional pre-processing significantly lowers the load for the similarity matrix while not giving in 

on accuracy. As noted earlier this reduces the amount of necessary       significantly, which 

consecutively significantly reduces the computational load necessary to create the similarity matrix 

    . Typically, this lowers the required runtime by an order of magnitude. 
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A short runtime-breakdown is done of the hybrid method for the both the full as the pre-processed 

implementation. Additionally it is compared to the benchmark methods. 

Evaluation 
method 

Task Similarity matrix 
(pre-processed) 

Similarity 
matrix (full) 

Gibert[11] Viola-
jones[14] 

Vps 
(K=20)[10
] 

tracker[22] 

        

Per frame Initial image 
processing 

0.07s 0.07s 0.07s - 0.49s - 

Per frame Tracker 0.11s 0.11s - 0.44s 
(detector) 

- 0.11s 

Per interval (Parallel) PBV 
extraction 

0.65s 0.65s 0.65 0.01s 0.02s 0.01s 

Per interval Pulse-estimate 
(pre-processing1) 

0.08s - - - - - 

Per interval Pruning (pre-
processing2) 

0.04s - - - - - 

Per interval Similarity matrix ±2.0s 40s - - 0.02s - 

 total 8.17s 46.05s 2.75s 13.5s 14.74s 3.31s 

Table 3: runtime breakdown 

Note the ‘per frame’ and ‘per interval’ indicating whether it is calculated each frame or every   

frames. Total is calculated based on an interval of 30 frames; per frame values are multiplied by 30. 

Runtime benchmarks are obtained using a notebook with an Intel Core 2.70GHz i5-6400 CPU, 8GB 

RAM and an NVIDIA GeForce GTX 970 GPU. 

Several of these runtime estimates are varying depending on parameters, i.e. the down-sampling 

factor used has an effect on the amount of parallel PBV extractions, which consecutively affects the 

workload of the similarity matrix. Note that the workload of the similarity matrix fluctuates slightly 

throughout recording due to variations in the amount of pruning performed. 

A varying runtime also occurs for VPS’ K parameter. Additionally, the calculation of the mean of the 

labels for the initial image processing takes considerable time for the VPS method. 

Note the difference between the hybrid method’s similarity matrix and the original VPS’ 

implementation. This runtime difference occurs because the hybrid method significantly more sub-

segments’ signals to the similarity matrix as opposed to the K-amount by the VPS method. 

While a significantly higher runtime is required compared to Gibert, it does boast a better accuracy 

considering     -measurement and noise-levels of the pulse-signal as was shown earlier.  

8.6 Limitations 
While this method can recapture the subject post-motion and does provide high skin-segmentation 

accuracy, it does have limitations when continuous or frequent motion occurs. This can be observed 

clearly when the method is run on the bodily rotation dataset where a rotation event occurs every 20 

seconds. This time-window is barely enough for the hybrid approach to recapture the subject and 

becomes more reliant on the tracker. The amount of time required to recapture is further elaborated 

on in ‘Recapture time’. 
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Figure 26 pulse-rate estimates for frequent motion distortion for hybrid method (L) and rPPG-only method (R) 

While the additional tracker improves pulse-rate detectability, its limitations also clearly show here: 

it can occur that the tracker loses track of its subject due to strong motion. When the rPPG-method 

consecutively is not able to recapture, the tracker never reconfigures. This occurs between frames 

200-700 resulting in sub-optimal measurements, even for pulse-extraction. This effect worsens for 

longer motion-events. 

8.7 Recapture time 
No adequate tracking measures are available due to the rigidness of the roster. This means several 

iterations of PBV-extraction may be necessary after motion occurs before recapture takes place. For 

the current implementation a window-length of 10 seconds is used, with 8 seconds overlap; each 2 

seconds a PBV-extraction consecutively resulting in a binary mask. 

As described, the PBV-extraction method uses the temporal means of the sub-regions. When living 

tissue appears in a sub-region for the full window-length, the PBV-extraction finds pulse of significant 

quality. When the temporal means get distorted due to significant motion during this 10 second 

window, PBV-extraction will not yield a pulse signal. Given this information, we obtain the following 

schedule: 

Window of ROI (10s) Window of ROI (10s) Window of ROI (10s)

Adequate signal distortion Adequate signal

Window of ROI (10s)
Window of ROI (10s)

Window of ROI (10s)

Window of ROI (10s)
Window of ROI (10s)

Window of ROI (10s)

Window of ROI (10s)
Window of ROI (10s)

Window of ROI (10s)

Recapture window2s interval
 

Figure 27 schedule of recapture time 

As significant motion distortion-events can take several seconds, it is often the case that distortions 

occur in multiple windows as indicated above. The length of the recapture window is dependent on 

the length of the distortion, but the time between the last and following adequate measurement can 

quickly take up to 20 seconds (300 frames). The extent of this effect is shown in ‘effect of hybrid 

approach’ and it now is clear how the additional tracker helps to alleviate the inherent tracking-

inabilities of the rigid approach. 
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9 Conclusion 
When addressing sleep monitoring setups for vital sign extraction, it was found that currently used 

methods have limitations towards NIR environments and      estimation. This is due to some of 

these methods relying on color contrast for segmentation, which is largely unavailable in NIR in 

addition to lower pulse strength. Furthermore,      estimation quickly becomes unreliable due to 

sub-optimal ROI selection. 

A hybrid framework is therefore proposed to enable an     -ready, automated ROI selection and 

subsequent vital sign extraction (in the form of remote pulse extraction and the high-requirement 

     estimation), for these NIR environments. This is of interest to applications that dictate darkness 

and non-invasive clinical vital sign monitoring. Furthermore, as certain vital sign estimation methods 

such as     -estimation benefit from using NIR wavelengths, it may be possible to achieve a higher 

quality estimation; something that was currently not adequately measurable with traditional 

methods due to the necessity of accurate ROI selections in NIR environments. 

With its basis in previous work, the hybrid framework is devised after considering several alternative 

methods. It is unbiased towards spatial features and combines existing rPPG-based features with a 

novel pre-processing approach and a parallel tracker to detect and track living tissue. The intrinsic 

approach of the pre-processing significantly reduces runtime requirements without reducing 

accuracy, while the tracker increases accuracy for temporary motion events to alleviate the rigid 

segmentation approach. 

The framework has been successfully validated on a realistic self-created dataset in NIR simulating 

sleeping conditions. While all benchmark methods are able to estimate pulse-rate (with varying 

noise-levels), the hybrid method shows significant improvement regarding the more critical      

estimation compared to the benchmarks. 

While the proposed method obtains the best performance for the tested dataset in terms of vital 

sign accuracy, it does have limitations regarding frequent and strong motion. Bear in mind that 

motion-robustness was not the foremost goal of this research, but focused more on cleanliness of 

the ROI for      estimation in NIR. Methods such as VPS can perform better for scenarios requiring 

motion-robustness. 
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9.1 Future work 
Future work is considered to find further uses of the pipeline or propose possible improvements 

- Validate framework in a clinical setting to promote its use.  

- It is now assumed that we can use ‘signature’  ⃗⃑   for pulse extraction of the sub-segments, but it 

is unsure whether this holds when the subject displays actual lower      values. Due to varying 

     values, the amplitude ratio between wavelengths changes, consecutively meaning a 

change in optimal PBV-vector. To overcome this, a sweep of several  ⃗⃑   vectors can be done 

belonging to different      values to find the best fitting  ⃗⃑   (similar to the aPBV approach, but 

now for extraction of the initial pulse signal from the sub-segments) 

- Higher video quality datasets can improve the quality of the pulse signal consecutively resulting 

in higher quality vital sign extraction.  

- Pulse extraction may be performed on shorter windows. For this implementation, a 10 second 

window is used with 8 seconds overlap. This window-length is a necessity for      estimation, 

but not necessarily for pulse rate as this is less difficult to estimate. A shorter window-length can 

be beneficial to the required recapture time after motion occurred.  

- Runtime increase: the staging of the proposed pipeline lends itself well for parallelization 

schemes. Currently the pipeline runs completely sequential where each stage is dependent on its 

previous. This can be optimized to make most, if not all, stages run concurrently, resulting in a 

runtime similar to the length of the longest stage; possibly even real-time. 
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10 Appendix A 
 

 

 


