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Summary

Photoplethysmography (PPG) is a non-invasive technique which is applied to measure

blood volume variations in the microvascular bed of typically skin tissue. PPG has

been used to derive vital signs, particularly the pulse-rate and arterial blood oxygen

saturation (SpO2), by the placement of sensors in contact to �ngers or other body

extremities. The PPG instrumentation is simple and reliable but the required contact to

the skin is a drawback for clinical populations with sensitive skin. This has motivated

research on contactless alternatives such as camera-based PPG.

Building on prior work that has shown compelling evidence for the feasibility of

detecting pulse-rate from remote PPG frameworks, this thesis explores the prospect

of extending pointwise assessments to imaging and deals with the validity, robustness

and clinical opportunities of imaging PPG from skin exposed to camera(s). By means

of experiments and modeling, I sought to improve the interpretation of PPG images

and explore its usefulness for monitoring vital signs beyond pulse- and respiration-

rate. Possible application scenarios at which PPG-images are a preprocessing step

(but not the main outcome) are also within the scope of this thesis.

The �rst part of this thesis is methodological and begins by drawing awareness

for the need to prevent motion artifact contamination in the PPG imaging literature.

Accordingly, Part 1–Chapter 2 provides best practices for the acquisition of video

recordings and image/signal processing. The chapter demonstrates that homogeneous

illumination is bene�cial against motion artifact contamination. Recognizing that

perfect homogeneous illuminations conditions are hardly achievable, a next contribu-

tion (provided in Chapter 3) is a motion-robust imaging framework that enables valid

skin-surface images/maps to be obtained with non-ideal illumination conditions. To

do this, the degrees of freedom enabled by combining camera channels are explored

to remove the motion artifact source, which is additive to all channels.

Still within Part 1, Chapter 4 elaborates on a promising sidetrack: the exploration

of skin-surface motion signals at the vicinity of pulsating vessels. This chapter illus-

trates the experimental means to acquire and process skin recordings at the vicinity

of the common carotid artery (neck). Speci�cally, it describes the methodology for

v



vi Summary

imaging arterial vessel displacements and for extracting arterial vessel displacement

waveforms. Considerations are also made with respect to the limitations of using

neck displacement signals as remote surrogates for the displacement of the carotid

artery or the jugular vein.

The methodology for imaging PPG enabled the computation of the following PPG

images/maps: the topological variation of the PPG-amplitude and relative PPG-phase

shift of non-overlapping and collocated PPG-signals at skin site(s) exposed to a camera.

The former type of images are referred to in this thesis as PPG-amplitude images/maps,

whereas the latter are referred to as PPG-phase images/maps. Part 1 was �nalized

with the observation that both PPG-amplitude and PPG-phase images/maps have

topological variations that are most pronounced between body regions, e.g., the skin

of the wrist versus palm of the hand. Since these variations were poorly understood,

the work in subsequent thesis parts was aimed at explaining these variations.

Part 2 explains and explores the usefulness of PPG-phase variations. Chap-

ters 5 and 6 elaborate on a biophysical skin-model whose key concepts are skin

non-homogeneities (in the depth dimension and topological) and the wavelength-

dependence of the depth-origin of PPG signals (i.e., the average tissue depth at which

the PPG signals are modulated). The skin-model leads to the suggestion that the

PPG-phase shifts seen in images/maps are simply due to the fact that the optical

properties of the microvascular beds of tissue change within a physiological range.

Similarly, this model supports the suggestion that phase shifts between signals probed

with di�erent wavelengths re�ect the vessels at di�erent tissue-depths modulate PPG

di�erently. In this regard, the modulation of PPG signals acquired using red-infrared

wavelengths is in�uenced by the subdermal tissue. Conversely, PPG signals acquired

using blue-green wavelengths penetrate less deeply into the tissue and get modulated

predominantly by pulsating arterioles at the upper dermis.

In Chapters 5 and 6, attention is drawn to the fact that signal processing approaches

which combine PPG signals acquired using red, green and/or blue wavelengths into a

�nal PPG-measurement are algorithms that “mix” di�erent penetration depths. While

motion-robustness requires signal combinations, mixing weights for wavelength

combinations makes the imaging outcomes algorithm-dependent. Thus, the recom-

mendation is made to refrain from comparing PPG images obtained with di�erent

algorithms. Part 2 also includes Chapter 7, which explores the dual-depth origin of

remote-PPG in green versus red-infrared wavelengths. PPG-phase images performed

jointly on the forehead and hand, or forehead only, suggest the value of PPG-phase

variations as mostly a feature of the skin tissue, rather than a means to estimate the

pulse wave velocity (PWV).

Part 3 considers the meaning and applicability of PPG-amplitude imaging for

contactless assessments, with an emphasis on SpO2. It begins with Chapter 8, which

o�ers insights into the depth-origin of remote PPG signals probed using visible light.

By the means of re�ectance PPG measurements and simulations, the assumption

that remote PPG signals are modulated by arterial blood-volume variations at the

arteriolar level was con�rmed. This also holds for green PPG, thus suggesting that

pulse oximetry in visible light could work.
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Chapter 9 explores the feasibility of calibrating remote SpO2 measurements based

on the PPG-amplitudes in green and red. The results (forehead measurements and

simulations) presented within this chapter evidence that camera-based SpO2 estimated

by using green and red wavelengths result in estimates which are not robust to

physiological variations such as the dermal blood concentration that occurs under a

posture change. Still, Part 3 also includes Chapter 10, which demonstrates that, under

controlled conditions, calibrating the remote SpO2 estimates in visible light is feasible.

The main contribution made in this chapter is the determination of the calibration

constants that enable SpO2 to be computed using cameras coupled with �lters for the

red and green wavelength bands.

Finally, Chapter 11 summarizes the main �ndings of previous chapters. A general

conclusion is provided regarding the (practical) implications of this dissertation and

future research is suggested. By drawing on the proposed skin-model and experi-

mental �ndings, PPG imaging is portrayed as a technique with potential to serve the

scopes of skin research, vital signs monitoring and peri-operative care.
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Preliminary remarks

What is meant by PPG imaging

In this thesis, imaging PPG (or a PPG imaging system) is meant to refer to frameworks

or algorithms whose purpose is to produce imaging outcome(s) with potential value as

a vascular optics tool. This understanding of PPG imaging systems di�ers from camera-

based/remote PPG systems which are aimed at extracting one-dimensional PPG

signals. However, a camera-based/remote PPG system can still be considered a PPG-

imaging system if imaging is performed as an intermediate processing step/operation;

i.e., as a means to re�ne estimates for a particular vital sign, e.g., pulse-rate or SpO2.

Notation used for PPG signals

Note that the notation used in this thesis for PPG signals is not consistent. Instead, I

have ensured that the nomenclature for camera-based PPG signals in each chapter is

in agreement with its published versions. This means that PPG signals probed with a

camera may be referred to as remote PPG or as camera-based PPG signals.

The typology of sMOT sources

As the understanding of skin motion (sMOT) improved, both the notation and the

approach to micro-motion signals evolved. In earlier chapters, the following types of

micro-motion sources were identi�ed: 1. random body movements; 2. respiratory-

related movements; and 3. cardiac-related movements. These motions were regarded

as interfering sources and e�orts were solely directed to cancel them out.

In a later stage, the displacement of skin spots at the vicinity of surface arteries

was identi�ed as a fourth type of skin micro-motion. This particular type of sMOT was

explored as a means to derive vital signals, in particular as a non-contact surrogate of

CA displacement signals. The remotely probed arterial displacements were explored as

possible means to describe the propagation of the pressure wave through the vascular

beds of tissue. Considering this, in Chapter 3, it would have been desirable to denote

sMOT signals acquired in the vicinity of surface arteries as arterial displacements

instead of BCG artifacts.

Over the course of this thesis, it became apparent that probing CA displacements

was typically done by applanation tonometry (contact-based approach) and alterna-

tively by LDV (remote, point-wise method). To bridge the gap between pioneering

works with LDV and the imaging approach proposed in this thesis, in Chapter 7 I

have referred to the camera-based pipelines aimed at retrieving arterial displacement

signals as cVCG, in opposition to laser-based VCG.
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Chapter 1

Introduction

The vital signs of a person such as the heart rate and the arterial blood oxygen

saturation (SpO2) are predictors of serious medical events. For this reason, vital signs

are extensively monitored in patient care settings, at home or in further health, leisure

and �tness settings. One way of measuring vital signs is by photoplethysmography

(PPG) [124]. This technique was discovered by Hertzman (1937) and consists of the

optical measurement of blood volume variations at the microvascular bed of the living

[skin] tissue. Conventional PPG-based devices for measuring the pulse-rate
1

and

the SpO2 level of a person are referred to as pulse oximeters. These are technically

simple and rely on the placement of probes with photo-detecting sensors attached

to the skin, e.g., �ngertip, earlobe or forehead [118, 297]. However, contact probes

are often experienced as unpleasant because of the required skin contact and cabling,

which limits the movements. Using contact sensors may be practically impossible on

sensitive skin (e.g. pre-term infants). Fortunately, it has recently been shown that

PPG signals can also be acquired with cameras [325, 349].

Within camera-based/remote PPG traces, the extraction of vital signs information

is enabled by the time-variant changes of light scattering in a skin area of interest. The

PPG signal is a time-varying signal at which the PPG modulations (“AC” variations) are

additive components to a nearly constant (“DC”) component. Figure 1.1 exempli�es

a case at which the PPG-amplitudes may re�ect the perfusion status of the tissue.

Speci�cally, Fig. 1.1 shows the remote PPG signal of a subject (healthy, 30 yrs old)

who had undergone partial occlusion of the upper limb followed by the release of a

cu�, thus resulting in a high amplitude of the PPG signal. Note that the periodicity

and a sharp systolic phase followed by diastole are typical in PPG traces. Because

the occlusion stage of this experiment induced venous pooling, the DC level during

compression is lower than in the recovery phase.

Partial occlusion is only one among the multiplicity of situations that were tried

1
By medical convention, pulse-rate is used to denote the heart rate measured by �nger pulse oximetry,

whereas the term “heart rate” is reserved for [reference] ECG measurements.

1
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Figure 1.1: Acquisition of remote PPG traces during cu� compression followed by recovery:

(a) Sample frames of video recordings of the hand palm; (b) Representative raw PPG traces

acquired during cu� compression followed by recovery. The PPG traces were acquired at the

palm of the hand using the green channel of a regular RGB camera.

and tested in the remote PPG literature. The impressive growth of PUBMED-indexed

publications on remote PPG is clearly seen in Fig. 1.2. More than 100 references were

found over the last decade and the “dawn of remote PPG is coming” [338].
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Figure 1.2: Evidence for the exponentially growing interest in remote PPG.

Because remote PPG-amplitudes are typically small in comparison with that of

motion artifacts, there is a general interest in improving the fundamentally low

signal-to-interference-plus-noise ratio. The stringent standards set to medical devices

require that algorithms cope with severe motion and challenging environmental or

illumination conditions. Recognizing the utmost importance of ensuring robustness

and accuracy of the vital signs devices and methods, it is not surprising that motion-

robust algorithms are the main focus of the work produced in the scope of the rapidly

growing remote PPG literature
2

(see Fig. 1.2) [187, 297, 371].

2
In the literature various naming conventions are used to refer to remote PPG algorithms including

“Camera(-based) PPG”, “Non-contact PPG”, “Video PPG”, “Distance PPG” and even “imaging PPG”.
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Vision While remote SpO2 is an active “niche” within the remote PPG literature, I

believe that the next challenge in remote vital signs monitoring is imaging. Imaging

PPG is a non-invasive optical technique to describe, by means of skin-surface maps,

the blood-volume variations in the microvascular bed of tissue. Owing to its non-

obtrusiveness, my vision is that this technology can replace or extend the application

scopes of contact-based PPG systems. The technology could enable breakthroughs in

vascular optics such as assisting perfusion assessments during surgery and wound

healing assessments. As a technology looking for applications, PPG imaging needs

to prove its worth in terms of accuracy and precision. Likewise, its limitations need

to be identi�ed. In this thesis, I embrace these important challenges by proposing

methodological improvements to the PPG imaging pipeline. I do so by describing

experiments which support model developments for the images I observe and by

suggesting and/or exploring a number of possible applications.

To familiarize the reader, the next section will o�er an overview of the evolution of

[remote] PPG imaging, starting with a technology overview. Then, Sec. 1.2 provides

an overview of the existing optical techniques, thus enabling the identi�cation of

challenges and opportunities for PPG imaging.

1.1 PPG imaging

The feasibility and clinical potential of imaging PPG by using an RGB camera was

�rst reported by Verkruysse et al. [325]. Facial skin a�ected by port wine stains was

recorded after laser therapy. The resulting data was used to obtain separate images

(as pseudo-colored maps) of the amplitude and phase of the spatially varying PPG

signals. Subsequently, others have also explored maps of the skin-surface variations

of the PPG signal, hence contributing to the progress towards imaging-based clinical

diagnosis and/or perfusion monitoring [38, 145, 286, 306].

The process of imaging PPG is illustrated in Fig. 1.3. Recalling the arm occlusion

experiment introduced earlier in Section 1, the upper panel of Fig. 1.3 depicts the re-

mote PPG signal shown in Fig. 1.1 after conversion to normalized AC/DC. Normalizing

PPG-amplitudes in the AC/DC format promotes invariance to lighting conditions and

eases the comparison of the PPG-amplitudes between test subjects and measurement

conditions. Note that the peak-to-peak amplitudes doubled during the recovery from

occlusion. The resulting pulsatile strength, 5%, is above the normal PPG-amplitudes

measured at the hand in green wavelengths. While typical values range between 0.1%

to 1%, higher values are expected in healthy subjects after a transient limb occlusion.

The PPG-signal shown in Figs. (1.3,1.1) refers to a [virtual] sensor-element span-

ning a small region of the palm (close to the thumb; see upper panel). The location of

this sensor-element is identi�ed by arrows/�ags in the PPG-amplitude maps (see lower

panel of Fig. 1.1). A PPG-amplitude image/map of the skin exposed to the camera is

a pseudo-colored and topological representation at which the local amplitudes are

computed for evenly distributed sensor elements. For simplicity, the segmentation
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Figure 1.3: From point-wise PPG (upper panel) to imaging the amplitudes of the spatially-

varying signals at the palm of the hand (lower panel). The illustrated PPG signals are repre-

sentative of healthy subjects and were acquired during (a) cu� compression followed by (a)

reactive hyperemia [Subject: female; age, 30 yrs]. The location of the pixel-sensor from where

the PPG signals were obtained is indicated by yellow points and/or �ags.

of the skin pixels was done manually and a generous margin of skin pixels in the

hand contours was removed to avoid misinterpreting edge e�ects. For simplicity, the

local PPG-amplitudes were determined as the standard deviations of the PPG signals

during occlusion and recovery (which were then scaled by peak to unity). In the

remainder of this thesis, more sophisticated algorithms are described.

The hope is that the improvements in PPG imaging will result in a diagnostic

modality which may assist the analysis of skin lesions and also add value to peri-

operative care (e.g., by assisting the perfusion assessment of organs during surgery).

Figure 1.4 depicts the concept of acquiring vital signs based on PPG images at an

healthcare facility. Imaging is targeted to the facial skin of adult patients lying in a

bed but may also include neonate or premature infants, e.g. lying in an incubator, or

a person at home. The region of interest is skin but may also be an internal organ

(in which case the images may be recorded in an operation theatre during surgery).

Nevertheless, this thesis considers healthy skin only.

Kamshilin et al. [145] disclosed a system that delivers PPG images from the green

channel of a camera and mentioned operating this system at 525 nm (which is close

to 550 nm where the PPG-amplitude is strongest). His blood pulsation imaging (BPI)

algorithm is relevant to the establishment and development of PPG imaging for several

reasons. First, surface maps of both the varying PPG-amplitude and relative phases

are obtained. These are computed based on the normalized inner-product between a

reference PPG-function and individual sensor-elements over a skin region of interest

(sROI). Second, proposing the normalized inner-product as the operator enabled
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Figure 1.4: Schematic diagram of a PPG imaging system for vital signs monitoring. A camera-

based approach is taken and the spatially varying PPG amplitudes are mapped and used to

derive the surface variations of the PPG-amplitudes and relative PPG-phase variations.

unprecedented sensitivity of the amplitude and phasic outcomes. Lastly, the ambition

of Kamshilin’s group to push the PPG imaging �eld forward led to the exploration

of several clinical application possibilities, such as the migraine [147], and to the

proposal of new explanations for the observed phenomena [146]. This thesis builds

on Kamshilin’s work and provides important contributions to the motion-robustness

and interpretation of imaging outcomes.

Motion-robust imaging framework The motion-induced modulation of the light

re�ected from the skin results in an additive interference signal that pollutes PPG

signals and images. The interference of motion signals in PPG images is a concern

because failing to distinguish PPG from periodic motion signals invalidates the con-

clusions about PPG-amplitude measurements and a�ects the reproducibility of the

results. Typical approaches to enhance motion robustness rely on at least one of the

following strategies: (a) sROI stabilization by optical �ow and/or tracking [159, 254];

(b) provision of invariance to unstable lighting by normalization of signals (i.e., the

pulsatile/varying signal component, AC, divided by the albedo, DC, component) in

all PPG-image sensors [306]; (c) noise removal by bandpass �ltering in a prede�ned

range or “locked-in” at the harmonics of the pulse-rate frequency [145]; (d) correlation

with a normalized PPG-reference waveform [306]; and (e) using polarizers both on

the cameras and on the illuminators [145, 370]. Another possible signal processing

approach to enhance motion robustness is the subtraction of the obtained PPG-images

by a soft mask for which correction factors are higher at the noisier PPG-sensors

(located at contours and high-contrast regions of the image [325]). Similarly, hard

masks may be used to prune sensors a�ected by high-amplitude distortions [159].

However, the above strategies are ine�ective against cardiac-related motion

sources as these are synchronous with PPG signals. The amplitude of cardiac-related

motion signals depends upon the lighting conditions, whereas the shape of its wave-

form varies between acquisition sites and re�ects body posture. The cardiac-related



6 Chapter 1. Introduction

motion sources can be grossly distinguished into ballistocardiographic (BCG) and

vibrocardiographic (VCG) sources. BCG is rigid body motions which are caused by the

mechanical movement of the heart during systole. These signals are measurable with

highest amplitudes at the trunk and face. VCG signals result from skin displacements

in the vicinity of super�cial arteries and a new cycle is initiated when the pulse

pressure wave arrives at the artery of interest. VCG signals are easily measurable at

the skin of the neck and at the distal wrist covering the radial and ulnar arteries.

As will be described later in this thesis, I proposed to mitigate motion artifacts in

PPG images during image acquisition by preferring orthogonal lighting conditions

(e.g., by deploying several di�use light sources) [204]. In addition, I improved the

imaging pipeline by applying channel-mapping to isolate PPG signals from the [addi-

tive] motion signals. Figure 1.5 illustrates a framework for imaging PPG where the

motion-robustness is ensured by channel mapping.
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Figure 1.5: Generic processing pipeline for generating motion robust PPG images. After frame

preprocessing, remote-PPG signals are acquired in each sensor-element, mapped according to

a motion-robust algorithm (gray box), and correlated with a common reference PPG signal.

Similar to BPI [145], the core components of the imaging system discussed in this

thesis are a reference PPG-signal and a [virtual] sensor-array. More speci�cally, the

main processing modules are as follows:

Preprocessing Frames are registered to mitigate involuntary motions, denoised by

Gaussian blurring, and reduced in size. Each of the resulting pixels will be

referred to as sensor-element or virtual sensor. Also, a large reference skin

region of interest (RoI_Skin) is demarcated.

Reference signal To obtain a reference remote PPG signal, a raw RGB stream was

extracted from RoI_Skin. The reference signal was lowpass �ltered to isolate

its “DC” component and normalized as AC/DC. The signals were processed

in strides of about 10 cardiac cycles. Each stride was �ltered in the frequency

domain by adaptively selecting the �rst pulse-rate component(s). The reference

signal, x̃ref , was then Hilbert-transformed and normalized to one.
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Local PPG-amplitudes The processing operations in each sensor-element, s, are

similar to those of the reference signal. The RGB streams in each column m
and line n of the sensor array were normalized to AC/DC, mapped according

to a motion-robust algorithm, e.g. [74], and adaptively bandpass �ltered. The

values of the PPG-amplitude maps at (m, n) are the normalized inner-product

between x̃ref and the spatially varying sensor-elements s(m,n).

The outcomes of the proposed system are the amplitude (AC/DC-normalized)

and relative phase maps (expressed in degrees) at the skin surface. For illustrative

purposes, Fig. 1.6 depicts amplitude and phase maps acquired at the palm and wrist

of one representative subject (recruited for [205]), and enables the motion-robustness

e�cacy of the proposed imaging pipeline to be seen. The same subject was measured

twice and consecutively under homogenous versus lateral (i.e., strongly uneven at

the skin covering the radial artery) lighting conditions. By having part of the wrist

covered by white ink, there would be no doubt that any amplitude signal measured

at the ink’s location would be solely due to the motion-artifact component.
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Figure 1.6: Motion robustness by mapping RGB camera channels [205], as evidenced by the

presence of strong motion artifacts near the radial artery when laterally illuminated. Acronyms:

PBVA, BPV-based amplitude map; BPA, blood pulsation amplitude, proposed by Kamshilin

et al.. Phase-images, obtained by the BPP, proposed by Kamshilin et al.. Motion artifacts are

seen at the wrist in the BPA and BPP maps.

Video recordings were performed with an RGB camera and processed o�ine to

obtain PPG-amplitude and PPG-phase images/maps. The recordings were processed
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according to my proposed pipeline and benchmarked against the blood pulsation

imaging (BPI) algorithm of Kamshilin et al.. I remark that BPI is a single-channel algo-

rithm (hence not motion-robust) which was state-of-the-art when this thesis project

was initiated. Accordingly, the reference images were obtained from recordings from

the green camera channel only. The BPI outcomes of amplitude imaging (denoted

as blood pulsation amplitude; BPA) and phase imaging (denoted as blood pulsation

phase; BPP) evidence the pollution by motion artifacts, the extent of which di�ers

between homogeneous and lateral lighting conditions. Note that motion artifacts can

be reasonably mitigated in BPA by homogenous illumination; yet, the corresponding

BPP map still has considerable remnants of artifacts at the wrist. In opposition, the

proposed implementation of channel mapping—here exempli�ed by deploying PBVA;

i.e., the amplitude map computed by using the BPV algorithm of de Haan and van

Leest, adapted to imaging [205]—shows much better performance. Throughout this

thesis, the exact meaning and usefulness of phase and amplitude maps are explored.

1.2 Existing optical techniques

Considering the recognized value of conventional pulse oximetry for microvascular

assessments, I envision that PPG imaging may �nd usefulness in this scope. This belief

is also justi�ed by the recognition that PPG imaging is a contactless optical technique

and, therefore, non-invasive. This section o�ers an overview of the established non-

invasive optical technologies that have contributed to the increasing understanding

of the microvascular bed of the tissue, including the composition, functioning, and

arrangement of the capillary loops, arterioles, and venules [56]. Thanks to technical

progress of in vivo microangiography, abnormalities in microvessels can be detected

and treated, thereby improving outcomes in �elds such as oncology, dermatology and

rheumatology [56, 80, 337]. Tomographic methods are not a�ordable by most clinics

nor practical for regular clinical practice. The ideal instruments for these scopes are

non-invasive, sensitive, fast, easy to operate, portable and cost-e�ective. In practice,

the speci�c equipment choice(s) ultimately depend upon the intended application

and availability. The speci�cations of each instrument need to be considered for the

target application, temporal and spatial resolution, penetration depth, the �eld of

view, complexity and cost [12].

The growing interest in the microvasculature has motivated the development of

optical methods for assessing parameters such as tissue oxygenation (StO2) or arterial

perfusion, namely by the provision of SpO2 levels or pulsatile �ow. Some technologies

are based on point measurements and require contact with the skin. Interestingly,

optical imaging methods are non-contact and pose no risk of introducing compression

artifacts into measurements nor the risk of irritating the skin. Another distinguishing

feature of imaging is that information is collected from a large skin surface, hence

contributing to the reproducibility of measurements.

The currently established and emerging optical techniques for perfusion assess-

ment have been reviewed elsewhere [3, 12]. The main techniques are infrared ther-
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mography, laser speckle imaging (LSI), variants of re�ectance-based spectroscopy and

contact pulse oximetry (based on transmission-mode PPG signals) [2, 168, 271, 356].

The remainder of this section brie�y highlights the usefulness of each of these vascular

assessment modalities:

Infrared thermography provides an holistic assessment of tissue perfusion. Ther-

mal camera systems are portable devices and accessible technologies which �nd

usefulness in the screening of in�ammatory diseases, burn severity assessment, fever

state detection and in the diagnosis of the Raynaud’s disease [245, 293]. However,

peripheral measurements are not always reliable [39].

DC-re�ectance spectroscopy modalities measure tissue properties based on

the DC-re�ectance of the skin. Near-infrared spectroscopy is used to perform spot

or surface-topological StO2 readings, and for determining the blood concentration

in tissue, among additional optical parameters [221]. Alternatively, tissue viability

imaging uses the DC re�ectance at the green and red camera channels to evaluate

blood concentration changes during provocations. Thus, it is an inexpensive imaging

method running on regular RGB cameras, and is useful in the evaluation of blanching

tests. More recently, modulated imaging emerged as a sophistication of re�ectance

spectroscopy for operation in visible light and IR [68].

Laser-speckle imaging (LSI) is getting established for burn-depth assessment and

cardiovascular diseases. In essence, LSI instruments sense averaged changes in blood

�ow within a large tissue volume. LSI images are the 2-dimensional, pseudo-colored

amplitude of the local pulsatile �ow magnitude, and the velocity is expressed in

relative terms (i.e., as an index of perfusion). LSI is the de facto standard in non-

invasive arterial perfusion assessments in clinical settings.

Conventional SpO2 devices are among the technologies that enable the assess-

ment of arterial blood perfusion into the tissue. These devices are placed at the �nger

and are typically set up in a transmission-mode con�guration, i.e., the illuminating

LEDs and the photodetectors are placed in opposing sides of the �nger. Pulse oxime-

try was also demonstrated at the earlobes and nose, thus providing alternatives for

situations at which �nger measurements are impossible or undesirable. Albeit with

known limitations [356], the �nger pulse oximeters are e�ective and low-cost, and

have become ubiquitous in intensive care units [143]. However, wearing probes for

extended periods or in sensitive skin is uncomfortable. This has motivated research

on camera-based PPG [187].

As an emerging technique, PPG imaging can be complementary to infrared thermog-

raphy or to the DC-re�ectance spectroscopy modalities, while the non-obtrusiveness

and relatively more simple setup can translate to an advantage of PPG imaging over

LSI. Moreover, PPG imaging can be bring pulse oximetry forward, in the sense that
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the information conveyed by PPG amplitude or phase maps can enable the selection

of the skin pixels which optimize the accuracy of SpO2 estimates, thereby improving

the accuracy of measurements. PPG images may also �nd diagnostic value per se as a

perfusion metric in provocation protocols or during surgery.

1.3 Problem statement and objectives

To drive PPG imaging towards applications, it is essential to ensure the reliability of

the imaging outcomes. Addressing this need was how I initiated this thesis project.

My starting objective was, therefore, methodological:

• Improving the reliability of PPG-images by addressing sensitivity/signal-to-

noise ratio aspects, specular re�ections and motion artifact suppression.

Seeking to understand better the information conveyed by PPG signals probed

using visible light wavelengths (morphology and amplitude), and by the amplitude or

phase images, I proceeded by developing a (bio-)physical model to relate the depth-

origin of PPG signals acquired in the visible light range with skin non-homogeneities,

and with the observed PPG images. Accordingly, the following general aims were set:

• Develop and provide supporting experiments for a model for re�ectance signals

and/or remote PPG signals in visible light, featuring blood volume variations

at dermal arterioles and/or subdermal arteries as its optical origin;

• Study the in�uence of the light penetration depth on the PPG signal morphology

and on its relation to the arterial displacement waveforms;

• Model the transfer function between arterial vessel displacements and PPG

signals. Take into account that the pressure wave deforms as it travels across

the vascular bed of tissue, i.e., from the pulsating arteries at the subdermal

tissue to the upper dermis.

Furthermore, I aimed at identifying limitations and possible opportunities of

PPG-amplitude and PPG-phase images for vascular assessments. Speci�cally:

• Explore the morphology of skin-motion waveforms as a means to determine

the onset of the pulse pressure wave or as a means to infer vascular health;

• Assess the potential of PPG imaging for skin characterization; and

• Evaluate the calibratability of remote SpO2 methods using visible light (Vis).

Owing to low-cost and portability, preference is given to RGB cameras.
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1.4 Thesis overview and contributions

This thesis deals with the validity, robustness, and clinical opportunities of imaging

PPG from skin exposed to camera(s). By means of experiments and modeling, I seek

to improve the understanding of PPG images and �nd its usefulness for assessing vital

signs, vascular health, and video-health monitoring in general. My understanding

is that PPG imaging could be a tool to estimate vital signs or an end-goal. The

contributions made can be grouped into three categories:

Methodology Improvements of algorithms and techniques of imaging PPG, with an

emphasis on skin-motion artifact suppression by data acquisition and model-

based algorithmic development. As a complementary sidetrack, this category

also includes a methodological approach related to probing physiological infor-

mation from skin-motion at the vicinity of pulsating arteries;

Phase Imaging Interpretation and usefulness of surface maps of the relative phases

between PPG signals in a single skin site or between body sites; and

Amplitude Imaging Exploration of the usefulness of PPG-amplitude measurements

per se or as a processing stage. Complementarily, contributions were made to

enable a PPG-amplitude-based SpO2 methodology in visible light.

Figure 1.7 o�ers an overview of the thesis structure and shows how its separate

working scopes (organized into parts and chapters) contributed to advance the �eld

of PPG imaging. Content-wise, this thesis includes methodological improvements,

model developments, and the exploration of possible applications.

Part II. Phase imaging Part III. Amplitude Imaging

Chapter 5 Chapter 8 Chapter 10

Part I. Methodology

Chapter 2
• Optimal data acquisition

Chapter 3
• Motion-robust imaging 

• Calibration:
SpO2 in Vis 

• Origin of
remote PPG

• Skin inho-
mogeneity

Model developmentsMethodological improvements ApplicationsLegend:

Chapter 7
• PPG-based

PTT error
•

Chapter 4
• Arterial sti�ness

Chapter 6
• Dual-depth

dissimilarity 

Chapter 9
Pitfalls of
SpO2 in Vis 

Figure 1.7: Schematic overview of this thesis project and the major scopes therein. These

scopes are addressed separately in the three parts of this thesis (dash-dotted blocks). Acronym:

Vis, Visible light.
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Part I is methodological and allows me to proceed to subsequent parts with

con�dence into PPG images. This part provides best practices for acquiring video

recordings, for image/signal processing, and also for probing skin-motion signals in

the vicinity of pulsating vessels. This work was deemed necessary by the realization

that PPG imaging algorithms and experimental results published until 2014 (i.e., the

year at which I initiated my thesis project) lacked motion-robustness and/or thorough

interpretations of the imaging outcomes. Part I has a �rst thesis contribution on the

derivation of the best practices for data acquisition. In particular, it is demonstrated

that homogeneous illumination is bene�cial against motion artifacts. The relevance of

mitigating motion sources was evidenced by taking the cardiac-related and rigid-body

motions of the head, i.e., ballistocardiographic (BCG) motion artifacts, as case-study.

Unfortunately, perfect homogeneous illumination conditions are hardly achieva-

ble in practical scenarios and a supplemental image/signal processing approach (i.e.,

software correction) is necessary to ensure valid and motion-robust outcomes. This

is why a second contribution (provided in Chapter 3) is a remote and motion-robust

imaging framework. This framework was based on color/RGB channel mapping and

was obtained by adapting state-of-the-art remote PPG algorithms to the scope of

imaging. Chapter 3 recalls the models of de Haan et al. [73, 74] and the derived

algorithms, CHROM and PVB, respectively. Emphasis is given to the importance of

exploring the various degrees of freedom enabled by combining camera channels to

remove the motion artifact source, which is additive to all camera channels. Further-

more, considerations are made with respect to a particular challenge of imaging PPG:

the tradeo� of total recording time (temporal resolution) versus imaging sensitivity

(spatial resolution), and the implications for the image sensitivity (as quanti�ed by

its signal-to-noise ratio). The contribution made within this chapter represents an

important milestone to this thesis project and to the overall �eld of PPG imaging

because valid skin-surface images/maps were seen for the �rst time.

Still within the methodology part, I elaborate on a promising sidetrack: the explo-

ration of skin-re�ectance motion signals at the vicinity of pulsating vessels (hereafter

denoted as camera-based vibrocardiographic (cVCG) signals) as an opportunity to

probe physiological information remotely. As such, Chapter 4 begins with the de-

scription of the experimental means to compute cVCG images and arterial vessel

displacement waveforms. Thus, as a third thesis contribution, I show how to extract

and explore motion signals of selected skin sites of the neck as a “proxy” of the

[temporally-varying and periodic] carotid artery (CA) displacement signal. Then, I

describe how to derive arterial sti�ness parameters from CA displacement waveforms.

Considerations are also made with respect to the limitations of neck displacement

waveforms as surrogates for CA displacements. Furthermore, I provide ultrasono-

graphic (US) insights that indicate that CA displacements are best acquired at the

upper neck in the sitting or recumbent position, whereas jugular venous pulsations

dominate in supine and can also be acquired in the lower neck in recumbent position.

The technologies based on skin displacements are best suited for lean subjects with

low super�cial adipose tissue thicknesses. The studies presented in Chapter 4 were

based on red camera-channel of a regular RGB camera but hold for systems with a
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monochrome camera coupled with a bandpass �lter for red wavelengths.

Part I equipped me with technical insights that enabled highly-resolved and

motion-robust PPG images. However, the quest for a useful imaging pipeline was

far from being over with this achievement. Indeed, the opportunity to inspect valid

PPG images confronted me with a limited understanding of the obtained images.

The imaging pipelines provided PPG images of the topological/surface variations

of the PPG amplitude (also referred to as amplitude maps) and of the relative phase

shifts between the �rst harmonic(s) of the PPG signals (also referred to as simply

phase maps). Both types of images had surface variations that were most pronounced

between body regions, e.g., the skin of the wrist versus hand palm, or within the facial

skin. One would expect that the amplitude and phase variations of the PPG-phases

are in�uenced by several factors, e.g., algorithm selection, the velocity of the pulse

pressure wave (i.e., the pulse wave velocity; PWV), and the spatial inhomogeneities

of the microvascular bed of tissue, particularly in the vicinity of more super�cial

arterioles and arteries. However, the extent of these possible contributions is unclear.

As such, further work must be done to explain the observed variations.

Part II stems from questions triggered primarily by the PPG-phase images. Aiming

at an improved understanding of the relative phase shifts (PSs) between PPG signals

and images, I proceed by proposing a (bio-)physical model that relates skin inhomo-

geneities to the observed variations in PPG images. Building on this model, Chapter 5

elaborates on a fourth thesis contribution on skin inhomogeneities as a source of

error in the interpretation of PPG images. Chapter 5 draws attention to the fact that

combining red and blue-green camera channels involves mixing light with di�erent

penetration depths. The larger the depth-gap, the larger the depth-inhomogeneity

and, thereby, the phase shift between the shallow penetrating blue-green, versus the

red wavelengths. The results in this chapter evidence that the skin surface variations

in the skin topology lead to di�erent contributions of the skin layers to the total

PPG signal. The ultimate consequence of this investigation is a better insight into

how the algorithm selection impacts the observed PPG maps. The morphological

di�erences between PPG-waveforms in red and green wavelengths were illustrated

at body extremities (the �nger pad, hand palm, and wrist) under re�ection-mode

and transmission-mode PPG. Chapter 5 stresses that the algorithm selection should

be clearly indicated when proving PPG images. For simplicity of implementation

and interpretation, in subsequent chapters, the normalized green minus normalized

red algorithm (GminR) is used. This choice ensures motion-robustness with only 2

wavelength ranges.

Chapter 6 supports the previously proposed model relating depth, skin-surface

non-homogeneities, and the phase variations seen in maps/images or between PPG

signals acquired at di�erent wavelengths. The main contribution made in this chapter

is the adaptation of the model for the PSs at a single site, as well as the experimental

means for its determination. This enables the elaboration on the possible usefulness

of the waveform dissimilarity (quanti�ed as PSs) between red-green PPG signals for

characterizing the vasculature. I refer to the computation and derivation of insights

from the PSs between green and red PPG signals as dual-depth PPG. The term dual
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highlights the fact that green samples the surface of the dermis whereas red-PPG

signals reach the lower dermis and even the subdermal tissue. Dual-depth PPG

imaging is interesting because of it may help to characterize living tissues.

When bringing a technology like PPG imaging towards maturity, the excitement

of �nding possible applications is often tempered by the identi�cation of its limita-

tions. Chapter 7 considers the technical possibility of phase imaging for estimating

blood pressure (BP), most speci�cally based on PWV derived from phase images.

This application is very appealing for camera-based PPG research because of the

high diagnostic value of BP as a health marker, and also the fact that BP cannot

yet be measured remotely. I tackle this topic by exploring the skin-related phase

variations as impairing factors in remote estimations from PPG-phase images. To do

this, I characterized the transfer function between arterial motion (reference) and

remote PPG (proposed alternative) waveforms. The obtained results suggest that

obtaining replicable measurements is challenging because the vessel structure is

spatially inhomogeneous and its perfusion status varies over time and in response to

multiple non-BP related factors. Thus, the main contribution made in this chapter

is highlighting the dual-depth origin of remote-PPG in green versus red-infrared

wavelengths, and its e�ect on phase measurements; by regarding the PSs between

red and green as a dissimilarity metric for characterizing the skin, I restated the

value of PPG-phase images for inferring the microvascular topology (as suggested in

Chapter 6), but not for determining BP or PWV, indirectly, from PPG imaging.

Whereas Part II is devoted to PPG-phase images, Part. III considers the meaning

and applicability of PPG-amplitude imaging. This part starts with the recognition that

amplitude variations are observed, especially between skin sites with considerable

heterogeneity in the skin structure. To contribute to its understanding, this part o�ers

insights into the origin of remote PPG signals in visible light (see Chapter 8). The

contribution of this chapter is con�rming the volumetric model of the PPG signal

formation at the arteriolar level. The clinical relevance of remote SpO2 measurement

and the technical advantage of being able to conduct these measurements using

regular cameras operating in visible light led me to direct this section towards another

sidetrack: the feasibility of calibrating (hereafter denoted as calibratability) remote

SpO2 measurements using green and red wavelengths. In this regard, the relevance

of Chapter 8 is clarifying that remote PPG signal in Vis-NIR happen due to blood

volume variations at the arteriolar level. This is the foundation for the feasibility of

remote SpO2 calibrations in Vis.

Further developments into the feasibility of remote SpO2 measurements in Vis are

provided in Chapter 9. Similar to contact pulse oximetry, the calibratability of remote

methods is based on the relationship between PPG-amplitudes and the known blood

absorption curves of oxygenated and non-oxygenated hemoglobin. This relationship

is explored by using the “ratio of ratios” (RRs) between red and reference wavelengths

[181]. The RRs are the normalized ratio between the PPG-amplitudes measured in red

over a reference wavelength while normalization is the conversion of PPG-amplitudes

to AC/DC [325]. Calibrations in the red-IR range are established in conventional pulse

oximetry but feasibility reports are also found for camera-based methods [322, 323].
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Recognizing the practical advantage of achieving camera-based SpO2 measure-

ments in visible light, Tarassenko and his group pioneered this research direction by

assessing the feasibility of measuring SpO2 with RGB cameras [301]. Nevertheless,

the early state of this research, combined with the insights from Chapter 8, led me to

explore this possible application. Chapter 9 provides PPG-amplitude measurements

which evidence the susceptibility of remote SpO2 systems based on Vis light to the

interference of physiological skin factors. A change in posture and physiological

variations of the skin properties are provided as case-studies.

An implication from Chapter 9 is the recognition that SpO2 measurements in the

red-IR window are easier to calibrate and likely more reliable than its visible light

counterparts. The last thesis contribution is the provision of experimental support

for this statement. The chapter demonstrates that, under controlled conditions, the

calibratability in visible light is possible. Chapter 10 provides a validation study based

on green and red wavelength ranges. The contribution made in this chapter is the

description of the experimental settings and calibration constants that enable SpO2 to

be computed using 2 monochrome cameras (coupled with bandpass �lters for the red

and green wavelength bands), and regular incandescent lamps. For coping with low

SNR, Chapters 9 and 10 refer to point-wise skin measurements and no PPG-images

are computed. The extension of a point-wise algorithm to actually calculate and

exploit the information within skin surface images/maps is left as an open end.

Chapter 11 summarizes major �ndings and suggests future work. In summary,

I aimed at exploring the value of PPG images for vascular assessments. Soon after

initiating this thesis project, I discovered that part of the published work was �awed

and that the fundamentals of imaging PPG were poorly understood. I documented

and repaired �aws (Part 1), hence arriving at a remote PPG imaging framework which

provides surface maps that describe the pulsatile status of the microcirculatory beds

of tissue. Imaging is performed in vivo and with macroscopic resolution through

detecting blood volume variations due to [pulsatile] arterial blood running through

arterioles and arteries. The imaging pipeline is practical as it does not require struc-

tured lighting. It is cost-e�ective too since it needs no further equipment than a laptop

(or a similar processing unit) and a minimum of two camera channels operating in

visible light and/or near infrared.





Part I

Methodology





Chapter 2

Mitigating motion artifacts during
skin recordings

SCOPE & AIMS: Camera-based PPG-imaging is an emerging technique for mea-

suring the microvasculature of the skin. This chapter provides orientations to

perform video recordings for PPG-imaging which mitigate motion artifacts.

It is shown that setting homogenous and orthogonal illumination is an e�ec-

tive strategy to mitigate motion artifacts while ensuring that PPG signals are

properly extracted. As case-study, we explore cardiac-related, i.e., ballistocardio-

graphic (BCG), head motions as a relevant source of artifacts and demonstrate

the improvements of proper data acquisition on the face.

METHODS: The amplitude of BCG-artifacts was modeled for a facial (Lambertian)

surface illuminated by a point light source. To derive peak-to-peak head dis-

placements for the model, we recorded, on 54 subjects, PPG and inertial sensor

data at the pulse and cranial vertex. We simulated the e�ect of light source

location at a mesh representation of a human face and conducted additional

experiments on a real subject.

RESULTS: Results show that, under non-orthogonal illumination, the relative strength

of BCG-artifacts is strong enough, compared to the PPG-amplitude, to compro-

mise PPGI in realistic scenarios. Particularly a�ected are the signals obtained

in the non-green part of the spectrum and/or when the incident angle at the

skin surface exceeds 45 degrees.

SIGNIFICANCE: We showed that homogenous illumination is a means to mini-

mize the problem of motion artifacts. Our recommendation for this type of

illumination is a simple means to improve the validity of remote PPG-imagers.

PUBLICATION: This chapter was published as a journal paper [204].
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2.1 Introduction

Photoplethysmography (PPG) is a non-invasive optical technique to detect blood

volume changes in the microvascular bed of tissue. Since transient changes to the

cardiovascular blood pulse-volume modulate incident light, a PPG waveform may

be obtained by illuminating the skin and measuring the amount of light re�ected,

or transmitted, to a photosensor. The thus-obtained waveform is a rich signal that

provides information on cardiac activity, respiration, SpO2, vasomotor activity and

thermal regulation. PPG signals are now widely used in hospitals [11]. However,

typical PPG systems require sensors to be in direct contact with the skin, which is a

drawback, particularly for continuous long-term monitoring or frequently repeated

measurements. In speci�c populations with damaged or highly sensitive skin (e.g.,

burned patients, the elderly and newborns) the application of contact based monitoring

may even be impossible. However, if PPG signals are extracted remotely, such issues

can be solved in an unobtrusive, user-friendly and low-cost manner.

Pioneering remote PPG (PPG) measurement protocols described in early papers

required dedicated equipment [41, 127]. However, the feasibility of PPG measurements

using ambient light and consumer electronics RGB cameras was also demonstrated

[325], as well as using thermal [38] and infrared cameras [319]. E�orts have also been

made to apply remote monitoring to microvascular research by extending the PPG

technique to PPG imaging (PPGI) [12]. Remote PPG imagers are computer-based CCD

systems that non-invasively visualize local changes in dermal blood volume using

backscattered optical radiation [254]. Recent advances in PPGI allow mapping of

blood perfusion in static subjects and hold the promise of application in anesthetized

patients [286]. However, enthusiasm about PPGI is tempered by the immature state

of the technology, in particular when it comes to motion robustness.

In this chapter, we focus on quantifying a particular motion threat to PPGI that has

so far received little attention in the literature. In general, motion with respect to the

light source modulates light [89]. Hence, an PPG-camera captures the summed e�ect

of motion and changes in blood volume (PPG). Band-pass �lters and correlation-based

approaches are typically used to reduce motion components in PPG images [145], but

these have little e�ect if motion itself is related to the cardiac activity. This e�ect of

pulsatile activity is referred to in the literature as ballistocardiographic motion.

Ballistocardiography (BCG) was almost forgotten for some time due to develop-

ment of high resolution electrochocardiography and modern methods of imaging

[76]. However, recently it comes back into favor as a complementary method. For ex-

ample, the latest literature shows both conventional electronic BCG systems designed

for home use [131] as well as �ber-optic sensors for monitoring MRI patients [83].

Although of small amplitude, there is compelling evidence for the detectability of

BCG signals at the thorax [290] and also head, either using inertial sensors [114, 117],

cameras [25], or simultaneous EEG-fMRI [83, 164].

To our knowledge, only Blanik et al. [38] and Verkruysse et al. [325] reported

movement artifacts resulting from heartbeating in functional mappings. However,

the description of this e�ect was restricted to selected skin sites (edges of the forearm,
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carotid artery) and the relation between the amplitude of BCG-artifacts and lighting

conditions was not investigated. Accordingly, the aim of this investigation is to

quantify the relative e�ect of cardiac-induced motion on the measured PPG-image.

In a �rst stage, we model the e�ect of motion on the re�ected light. Then, we assess

implications for PPGI by apply the model to the face, for various lighting conditions.

Finally, we provide a proof-of-concept experiment on real skin.

2.2 Methods

Section 2.2.1 describes the working scenario and models the relation between micro-

motion and the resulting BCG-artifacts for a Lambertian surface illuminated by a

punctual light source. Section 2.2.2 presents the methodology for modeling BCG-

artifacts at a mesh representation of a human face, for di�erent illumination settings.

Finally, Section 2.2.3 demonstrates actual BCG e�ects on the human forehead.

2.2.1 A model for BCG-artifacts at the head

Scenario and assumptions

Fig. 2.1 depicts a head-mounted device for simultaneous acquisition of BCG-motion

and artifact signals at the subject’s cranial vertex (most superior point on the skull

[308]), where a motion sensor (MS) is covered by a white and opaque board similar

to spectralon, providing an horizontal surface for video recording. In this sense,

BCG-artifacts are subtle brightness variations, recorded over time, by a static camera

pointing to a RoI in the surface. Since the MS and the surface are attached together,

they share the same referential axis.

We consider a punctual light source located in the Y0Z plane, at a distance R
from a small RoI in the board surface. The direction of light at any point of the RoI is

given by the unit vector êr = (0, sinα,− cosα)T , oriented outward from the source,

where α is the incident angle between light source and RoI.

For the sake of simplicity, we tackle the scenario of seated subjects that are not

performing voluntary motions. We consider that the head-neck system is con�ned to

rotation around the �rst cervical vertebra [278] and translation due to respiration or

heart beating. BCG-motion was quanti�ed as linear displacements (dX , dY , dZ , for

theX , Y andZ axis) and rotation (θX , extension/�exion; θY , lateral bending; θZ , axial

rotation). The sign of the angles is in agreement to Euler’s rotation theorem (positive

for counterclockwise rotation). According to this theorem, the of micro-motion on

ên(t) is given by

ên(t) = RZ(θZ(t)) RY (θY (t)) RX(θX(t)) ên,0, (2.1)

where ên,0 = (0, 0, 1)T is the baseline normal vector to the surface and RX , RY

and RZ are the rotation matrixes about the X , Y and Z axis, respectively. For

convenience, hereafter we will omit the explicit time dependence (t) of all signals.

The components of ên are as displayed in (3.3).
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en,X = cos θZ sin θY cos θX + sin θZ sin θX ,

en,Y = sin θZ sin θY cos θX − sin θX cos θZ ,

en,Z = cos θY cos θX .

(2.2)

Recognizing that θAXIS is small, the Taylor-series expansion is applicable to (3.3).

Replacing sin(θAXIS) ≈ θAXIS and cos(θAXIS) ≈ 1 into the components of ên

yields the simpli�ed system: 
en,X = θY + θZθX ,

en,Y = θZθY − θX ,
en,Z = 1.

(2.3)

Y
    X

Z

INCIDENT LIGHT

α

Figure 2.1: Reference axis and head-mounted device for simultaneous acquisition of BCG-

motion and artifact signals. The image plane contains a surface attached to the subject’s head

(X0Y plane). The incident light rays are parallel to the Y0Z plane and make an angle α w.r.t.

the surface.

BCG-artifacts resulting from head motion

We now model the average light intensity at an RoI in the surface, I , taking motion

and light source location (incident angle, α, and distance to surface, R) into account.

Using the Inverse Square Law, I is expressed as

I =
I0

(R+ δθ,d)2
||êr · ên||, (2.4)

where I0 is a constant and δθ,d is a perturbation due to BCG movements. We proceed

by considering a distant light source. For this case, since (R+ δθ,d)
2 ≈ R2

, the only
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mechanism by which BCG-motion modulate I is the inner product êr · ên, which is

constant over the RoI. This scenario can even be simpli�ed further by recognizing

that, since the surface is uniform and horizontal, translation movements about the

X0Y plane have no in�uence over brightness values recorded by a camera pointing

to a static RoI. Accordingly, the average brightness at a RoI in the surface, I , is

expressed as

I = (−en,Y sinα+ en,Z cosα).
I0
R2

. (2.5)

For the general case of rotation in all axis of rotation, the substitution of the

approximations en,Y ≈ θZθY − θX and en,Z ≈ 1 into (3.5) results in

I ≈ [−(θZθY − θX) sinα+ cosα].
I0
R2

. (2.6)

Equation (2.6) can be approximated recognizing that, for small angles, the mixed

product term θZθY is much smaller than θX . Neglecting θZθY is further supported by

evidence for θX being stronger than either θZ or θY [117, 164], as well as preliminary

results from this study, pointing to maximal peak-to-peak (P2P) displacements for

�exion / extension (≈ 0.1o). Therefore,

I ≈ [θX sinα+ cosα].
I0
R2

. (2.7)

It is apparent from (3.6) that �exion and extension movements of the neck, θX ,

have the strongest modulating e�ect over I . Also, we can recognize a time-varying

(“AC”) and a constant (“DC”) component in I :

IAC ≈ θX sinα.I0/R
2

(2.8)

IDC ≈ cos(α).I0/R
2

(2.9)

suggesting the ratio BCG = IAC/IDC as a convenient means of expressing the

relative BCG-artifact signal:

BCG ≈ θX sin(α)

cos(α)
. (2.10)

Equation (2.10) is an expression of the kind y ≈ m. θX , where the slope, m =
tan(α), is a factor amplifying head rotation.

Let us now examine the amplitude of BCG-artifacts when the light source is closer

to the surface. For this case, if the RoI is small enough for the assumption of uniform

illumination to hold, I is still expressed as in (3.1), but êr is no longer the same for the

baseline and displaced positions of the RoI. Instead, it can be shown that this vector

is, approximately, (0, sinα,− cosα+ ∆z/R)T , where ∆z denotes the displacement

of the centroid of the RoI in the Z axis. Using (3.3) and Taylor approximations, it

can be further shown that ∆z ≈ ρ(θ2X + θ2Y )/2, where ρ is the distance between RoI
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and axis of rotation of the head-neck system. For adult subjects, ρ is estimated to

be within the range 15–20 cm and R is typically larger than 30 cm. Thus, it remains

safe to ignore the contribution of ∆z to êr and that of δθ,d = ∆z2 (see (3.1)), so the

insights derived from distant light sources hold.

Experimental veri�cation

Figure 2.2 illustrates an experimental setup to verify (2.10) by simultaneous acquisition

of motion and artifact signals for contrasting illumination angles. Head motion was

quanti�ed using accelerometry and gyroscopy, whereas pulse oximetry was used for

identifying cardiac cycles and estimating instantaneous heart-rate. Data acquisition

and signal processing were as follows.

REC.

Gyro

cPPG

[TOP VIEW OF THE HEAD]

Y

    X
Z

Rotation around the 3 axes:
X: �exion (-) / extension (+)
Y: lateral bending (right, + / left, - )
Z: axial rotation (right, - / left, + ) 

50
 c

m

25º

80º

Figure 2.2: Schematic view of the experimental setup, with the reference axis for the triaxial

gyroscope and the surface to the subject’s head. The region of interest within the surface

is marked by a green square. Abbreviations: cPPG, contact-PPG by pulse oximetry; Gyro,

gyroscope; REC, RGB camera.

Data acquisition A subject sat on a rigid chair with back-support and wore a

motion sensor (referential axis as in Fig. 2.1). This device was attached to his cranial

vertex using adjustable straps. Because BCG waveforms are typically low-amplitude,
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the sensitivity and sampling rate of the motion sensors are critical parameters. As

such, the chosen model was MP67B (InvenSense Inc., USA) embedded on an iPhone

6 platform (Apple Inc., USA), owing to its 16-bit resolution, low noise (gyroscope:

0.01
o
/s/

√
Hz, accelerometer: 0.3 mg/

√
Hz) and possibility to sample signals at 100

Hz. To minimize non-cardiac movements, explicit instructions were given to avoid

voluntary hand and facial movements during recordings. The MP67B was covered by

an opaque, white plastic surface, which was recorded with an RGB camera (model

USB UI-2230SE-C, IDS, Germany; global shutter, CCD, 8 bits per color channel)(see

Fig. 2.1). To help stabilize this surface within the �eld-of-view of the camera, the

realtime video recordings were shown to the subject in a front screen. Recordings

of the surface were acquired in an uncompressed data format (frame rate, 40 Hz;

frame size, 384 × 288 pixels). The illuminator was an incandescent lamp providing

uniform illumination on an RoI of about 2 cm × 7 cm (60 × 210 pixels). Consecutive

recordings of 3 min each were performed for the incident angles of 25
o

and 80
o
.

Signal processing All signals were processed by standard and custom software

implemented in MATLAB. Raw artifact signals were obtained for each recording by

averaging red, green and blue pixels within a static RoI on the recorded surfaces.

These were lowpass �ltered to extract its “DC” component (9th order Butterworth

�lter; cuto� frequency, 30 bpm) and normalized as AC/DC. For the illumination

angles of 25
o

and 80
o
, the normalized BCG-artifact signals were denoted as BCG25

and BCG80, respectively. Noise removal was the next processing step: motion and

artifact signals were processed in strides of 1024 samples (corresponding to about

10 cardiac cycles) with an overlapping factor of 50%. Each stride was detrended,

convolved with a Hanning window and �ltered in the frequency domain according

to an adaptive approach similar to that of [145], where the reference heart-rate was

obtained from pulse oximetry signals. For each stride, the frequency bands that

exceeded a tolerance width, ±∆n, around each of the �rst N harmonics of the heart-

rate, [−∆n + fn,∆n + fn], were removed, for n = 1 . . . N . In our implementation,

N was set to 8 harmonics, and ∆n = 4 bins, except for ∆1 = 2 bins, as spectra was

noisier around f1. Then, we obtained average waveforms for motion and artifacts.

To this end, the peaks from pulse oximetry signals were used to demarcate cardiac

cycles within the data. Individual cycles were resampled to 100 samples and selected

according to the following conditions: a) Each relative peak is maximal for the current

cycle and also for the neighborhood [−50, 50]% (of the cycle duration) centered at

that peak; b) The relative temporal spacing between the peak of the cycle and any of

its neighbors is within 80-120%; and c) The P2P amplitude of the cycle is within the

95% limits of agreement for the entire signal.

The gyroscope signals were integrated via the trapezoidal method to yield angular

displacements, θX(n), θY (n) and θZ(n). Similarly, the accelerometer signals were

integrated twice to yield linear displacements, dX(n), dY (n) and dZ(n). To estimate

the strength of motion and artifacts, we computed the peak-to-peak amplitude of the

average waveforms for BCG25, BCG80, and displacements.
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2.2.2 Implications for PPGI at the human face

Up to now, we considered a small, �at RoI for which incident light rays are parallel.

We now move a step further into realistic modeling of BCG-artifacts in PPG-images

by considering a topographic representation of a human face. To this end, we used a

3D mesh model randomly chosen from the Basel face model database [230]. For each

triangle of the facial representation, the re�ected light was computed as the summa-

tion of a di�use Lambertian term and the Torrance-Sparrow analytic bidirectional

re�ection distribution function. Parameters were extracted from the MERL/ETH Skin

Re�ectance Database (male adult, skin type II [348]).

To calibrate the model with realistic head rotation and linear displacement param-

eters, we applied the procedure described in Section 3.2.4 on a sample 54 subjects (52

male; 25.6 ± 3.7 yrs). The study was approved by the Internal Committee Biomedical

Experiments of Philips Research, and an informed consent was obtained from each

subject. Angular peak-to-peak displacements (means ± standard deviations) were

dominant for �exion/extension (0.12 ± 0.03
o
) and maximal for forward/backward

translation (0.85 ± 0.30 mm)
1
, so we modeled neck extension/�exion around the X

axis by 0.1
o

and anterior/posterior displacement by 0.5 mm (parameter estimated by

correcting the accelerometer estimate for linear displacement from rotation; i.e., 0.5

mm ≈ dZ,P2P − ρ θX,P2P , with ρ in the range of 15 to 20 cm).

To evaluate the e�ect of a near and distant light source, we set the distance

parameter, R, to 25 cm and 1 m, respectively. For each case, we considered three

incident angles w.r.t. the baseline position of the face: frontal light, oblique light (45o

w.r.t. normal to the face) and a high angle of incidence (about 90o w.r.t. normal to

the face). For all scenarios, we considered a frontal camera pointing to the face, at a

distance of 50 cm. Then, the intensity at each facet i was computed for the baseline

and displaced positions. Using the notation I
(i)
0 and I

(i)
P2P , these were computed as

I
(i)
0 =

I0

||p(i)
0 − pLS ||2

max

(
0,− p

(i)
0 − pLS

||p(i)
0 − pLS ||

· ê(i)
n,0

)
, (2.11)

I
(i)
P2P =

I0

||p(i)
P2P − pLS ||2

max

(
0,−

p
(i)
P2P − pLS

||p(i)
P2P − pLS ||

· ê(i)
n,P2P

)
(2.12)

where: ê
(i)
n,0 is the normal to facet i and ê

(i)
n,P2P = RX(0.11o) ê

(i)
n,0 is the correspond-

ing displaced normal; pLS = (0,−R cosα,R sinα)T is the location of the source,

for α de�ned w.r.t. the Y axis; and p
(i)
0 and p

(i)
P2P are the baseline and displaced

1
In this calibration experiment, peak-to-peak angular displacements were 0.12±0.03o, 0.06±0.02o,

0.07± 0.03o for the X , Y and Z directions, respectively, whereas linear displacements were 0.48± 0.17
mm, 0.85± 0.30 mm and 0.10± 0.03 mm for X , Y and Z . Flexion/extension is the dominant degree of

freedom at the head-neck system because 1. the common carotid arteries are symmetric w.r.t. the sagittal

plane, and 2. both branches are subject to similar cardiac-related pressure variations, so lateral forces

cancel out.
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locations of the center of facet i, respectively, for i = 1 . . . 106. Finally, the relative in-

tensity of BCG-artifacts at the face representation, Y
(i)
f , was computed for each facet

i and expressed as the ratio “AC” over “DC”. This expression was approximated by

|I(i)0 − I
(i)
P2P |/I

(i)
0 , if I

(i)
0 is positive, or 0 otherwise. To prevent numerical instability,

Y
(i)
f was truncated to 1%.

2.2.3 Proof-of-concept on real skin

While the model-based approach conducted so far allows a solid understanding of

BCG e�ects, no results were generated that re�ect pollution of signals on actual skin.

This is why we conducted an additional experiment with di�erent conditions of face

illumination meant to allow qualitative contrast between minimized versus boosted

BCG-artifacts at the forehead. Although it is not possible to isolate BCG from PPG, by

having skin and non-skin RoIs placed next to each other, at least a reference waveform

can be measured for this artifact. So we used black tape and white plastic surfaces to

demarcate pairs of rectangular RoIs within the subject’s forehead. For each pair, one

RoI consisted of skin and another consisted of white opaque plastic board (sizes 2 cm

× 3-3.5 cm; pixels resolution in the order of 50 pixels
2
). For demonstrative purposes,

one pair of RoIs is su�cient to investigate e�ects of non-uniform lighting over the

strength of BCG-artifacts, so we chose, arbitrarily, the middle one (see Fig. 2.3). Data

acquisition and signal processing are described in the next subsections.

Data acquisition

The data acquisition protocol of Appendix 3.2.4 was adapted for measurements of

regions of interest at the forehead on the same male subject as in 3.2.4. The previously

described RGB camera and pulse oximeter were reused (sampling frequency, 20 Hz),

and the subject was required to sit on a chair while avoiding voluntary motions. How-

ever, the �uorescent lamp Philips EnergyLight (reference HF3319) was now preferred,

owing to the provision of di�use illumination. Also, this source has spectral spikes at

439 nm, 550 nm and 615 nm, a feature that minimizes interchannel interference when

Bayer �lters are used.

Two consecutive recordings of 2 min were undertaken. First, non-uniform lighting

conditions were achieved by placing a single �uorescent lamp (FL) about 30 cm over

the subject’s head, with the light pointing downwards (see FL 1 at Fig. 2.3(a)). Then,

three additional �uorescent lamps were included in the setup to provide uniform

illumination at the forehead: one positioned above the head, to radiate light upwards

(FL 4), and the remaining ones positioned near the camera and oriented frontwards

to the subject, at a distance of about 50 cm (FL 2,3). Care was taken to minimize

specular re�ections by covering the camera lens and all lamps with linear polarizing

�lm. Figures 2.3(b) and 2.3(c) show sample frames obtained under top and uniform

illumination, respectively.
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Fluorescent Lamp 4

Fluorescent Lamp 1
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FL1-4

(c)
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Figure 2.3: Setup for data acquisition at the forehead of a seated subject, including an RGB

camera and �uorescent lamps (FL; top lighting conditions requires FL 1 whereas, for uniform

illumination, FL 1-4 are used).

Signal processing

The temporally varying remote-PPG signals were extracted from skin and non-skin

RoIs at the forehead by averaging the corresponding pixels, tracked over time. We

processed signals separately for the R, G and B channels in skin and jointly for the

non-skin surface. Similar to Section 3.2.4, all strides were normalized as AC/DC to

ensure fair comparison of signals irrespective of camera aperture, local brightness

and albedo of surface, whether it is skin or non-skin (e.g., the white plastic surface

is brighter than the skin RoI)
2
. Adaptive bandpass-�ltering was applied around the

pulse-rate frequency plus the �rst 3 harmonics using the short-time Fourier transform

(window size, 128; overlap-and-add by a factor of 50%, with a Hanning window).

Then, the peaks from pulse oximetry were used to demarcate cardiac cycles in the

signals from the skin and non-skin RoIs. These were resampled to 24 samples per

cycle and averaged to obtain representative PPG and BCG waveforms.

2.3 Results

Figure 2.4 shows a segment of raw data obtained on one male subject (age, 26 yrs) for

which the average heart-rate (measured by pulse oximetry) was approximately 59

bpm. Despite the noticeable additive thermal noise polluting signals, BCG-motion

was stronger in the X axis for the gyroscope and in the Y axis for the accelerometer.

Conversely, signals in the Z axis were close to or below the noise level.

2
The AC/DC representation has been applied successfully in the remote PPG literature to promote

invariance to lighting variations and reduce low-frequency noise [73, 306].
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Figure 2.4: Sample raw motion signals, from the triaxial gyroscope (a) and accelerometer (b).
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Fig. 2.5 shows Box-Whisker plots for BCG displacements at the cranial vertex of

54 subjects and evidence that peak-to-peak displacements were maximal for θX,P2P

and dY,P2P .
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Figure 2.5: BCG angular and linear displacements.

Table 2.1 summarizes the peak-to-peak amplitude angular displacements and arti-

facts measured for the incident angles, α, set to 25
o

and 80
o
. For similar displacements,

the strength of artifacts seems to di�er by almost an order of magnitude.

Table 2.1: BCG-motion and artifacts under non-uniform illumination.

α θX,P2P θY,P2P θZ,P2P Measured Predicted

25
o

0.23
o

0.06
o

0.11
o

0.26% 0.17%

80
o

0.21
o

0.08
o

0.11
o

1.86% 2.27%

Fig. 2.6 depicts simulations of motion artifact contaminations at the face. Sim-

ulations were run for contrasting distances to source (R = 25 cm and 100 cm) and

incident angles (top light; 45
o

w.r.t. the normal to the face and frontal light). The

major insights from the simulations are the following:

• artifacts are strongest when the incident light largely deviates from orthogo-

nality to the skin surface;

• illumination angles in the range of 45
o

to 90
o

are the most critical in terms of

the magnitude of motion artifacts; and

• shorter source-to-face distances (e.g., R = 25 cm) increase the uneveness of

the illumination at the face, particularly in edges.

Finally, Fig. 2.7 shows the resulting PPG and BCG waveforms obtained on skin and

non-skin adjacent surfaces at the forehead, under non-uniform and uniform lighting
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Figure 2.6: Amplitude of BCG-artifacts at a human face, expressed in normalized percentage.

Simulations were carried for di�erent incident angles (frontal, 45
o

w.r.t. the normal to the

face and top light) and distance to source (25 and 100 cm). The right side half-faces illustrate

illumination conditions at the face.



32 Chapter 2. Mitigating motion artifacts during skin recordings

conditions. A striking observation from this proof-of-concept experiment is the

fact that artifacts are clearly most prominent under top lighting and are particularly

detrimental to the smaller amplitude PPG signals acquired at the red and blue channels.

By inspecting the frequency domain representations under top light (see Fig. 2.7(b)),

one can further verify that the energy of BCG-artifacts is mostly at the second and

third harmonics of the cardiac frequency (respectively 0.0087 and 0.130 in a normalized

frequency range from 0–1, where 1 corresponds to sampling frequency). Conversely,

remote PPG signals are low frequency signals whose energy is mostly concentrated

at the fundamental pulse-rate frequency. Homogenous lighting improved waveform

shapes in all channels, although there seems to be remnants of BCG-artifacts at the

blue wavelength.

2.4 Discussion

This chapter considers the e�ect of ballistocardiographic artifacts in remote PPG-

images. The overall procedure taken in this investigation consisted of three steps: 1.

building a model for BCG-artifacts at the head with realistic estimates of head motion,

2. applying the model to study the e�ect of non-uniform illumination on BCG-artifact

strength at the human face, and 3. demonstrating actual BCG e�ects on real skin.

Fig. 2.8(a) illustrates the peak-to-peak amplitude of BCG signals and its derivative

with respect to the incident angle, α, for neck �exion/extension, θX set to 0.1o. It

is apparent that the amplitude of BCG-artifacts increases almost linearly until 45
o

and rises sharply for α > 45o. As practical implications, artifacts are minimized

under orthogonal light. However, the reverse situation occurs for lateral light. These

expectations were con�rmed in the validation experiment reported in Section 3.2.4,

where the average waveform of BCG was measured for the contrasting scenarios of

α set to 25o and 80o. Despite contamination by various sources of noise (model error,

muscular tremor, specular re�ections, thermal noise from the sensors, drift of the

head of subject w.r.t. the baseline position, a�ecting the accuracy of α, etc), results in

Table 2.1 indicate that the amplitude of the BCG-artifacts measured for α set to 25
o

and 80
o

is close to what would be expected from (2.10). To put the amplitude of the

BCG-artifacts into perspective, Fig. 2.8(b) depicts the relative amplitude of remote-PPG

signals as a function of the wavelength, derived from the PPG spectrum measurements

of Corral et al. [65, 319]. The values are scaled to the rough estimate of 1% for maximal

signal [325]. The shape of the spectrum su�ers from measurement noise, in particular

for shorter wavelengths. Still, it remains clear from this representation that the

amplitude of the relative BCG-artifacts, when expressed as normalized AC/DC, can

be comparable or even stronger than that of the actual PPG signals. As the accurate

amplitude of signals is mandatory for mapping the spatial distribution of blood-

volume variations in the skin, non-uniform lighting and pulse-synchronous motion

are, indeed, serious concerns to the existing PPGI systems.

The motion maps obtained using a mesh model of the human face (Fig. 2.6) suggest

that distant and frontal sources cause the least BCG-artifacts at most regions of the
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Figure 2.7: Remote PPG and artifact signals obtained under (a) homogenous and (b) non-
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by van Gastel [319] from the measurements of the absolute spectrum by Corral et al. [65].

The spectrum was scaled to 1% for its peak location, which is a realistic value but varies over

individuals [325].

face. For the more distant light source, the same extent of head motion results in

lower variations of the radiant light �ux in a given RoI. Hence, preferring distant

light sources (about 1m) is a means to minimize BCG-artifacts. This option provides

the added bene�t of homogenous illumination, as was previously pointed out by

Rubins et al. [254]. Frontal light su�ers the most from specular re�ections, an issue

that may be overcame if linear polarizers are used or if the specularly re�ected beam

is not in the viewing direction of the camera.

Finally, in our proof-of-concept experiment on real skin vs. non-skin (Fig. 2.7), we

demonstrated that artifacts are visible under non-uniform lighting conditions, and are

particularly detrimental to the smaller amplitude PPG signals acquired at wavelengths

where the relative strength of PPG signals is typically lower, as are the red and blue

channels (Fig. 2.8(b)). On the bright side, this experiment also shows that this problem

can be solved if orthogonal lighting conditions are created. We managed to achieve
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this goal in a simple manner by placing additional di�used light sources around the

forehead RoIs to be inspected, although we recognize that further work is needed

to improve performance at the blue region of the spectrum. Because penetration

depth is shallowest for blue, this wavelength is most sensitive to contamination and

non-ideal experimental conditions, including lighting and leaking specular re�ections

(not fully removed by linear polarizers). Still, the PPG strength in the blue channel

may be obtained by correlation with the green or red as reference waveforms.

As far as peak-to-peak amplitude is concerned, the PPG waveform obtained at

the green channel did not su�er signi�cantly, primarily because the strength of PPG

signals at the 550 nm green light peak is much stronger than the artifact for most

incident angles. Since our light source is di�use and allows incident angles up to

maximally 70
o
, the artifacts in this example for green are modest. Still, even in this

non-extreme situation, artifacts are still dominant in the diastolic phase of the cardiac

cycle. One may expect the scenario to be much worse when roof illumination or

punctual light sources are used, as incident angles may easily go well above 45
o
. Zheng

et al. [375] is a �agrant example. Hereby, the authors describe a PPG-imager meant to

capture PPG waveforms from he human face at red and infrared wavelengths (650 and

870 nm, respectively). At the core of this innovation is a ring unit consisting of multiple

light emitting diodes (LEDs) with a parabolic re�ector, which is mounted around

the camera lens. This structure is claimed to provide homogeneous illumination

at the human face. However, the experimental setup indicates that the forehead is

illuminated by light hitting mostly by incident angles >70
o
, so artifacts may arise in

the outcome images. These suspicions are con�rmed by the thus-obtained Fourier

representation of the remote PPG signals, particularly at the 650 nm wavelength, as

the second and third order harmonics are stronger than the fundamental component.

E�orts to achieve homogenous illumination using external ringlights have also

been attempted by Wieringa et al.[349]. PPG-images of a wrist were obtained in

frontal illumination conditions, with LEDs of red and infrared wavelengths placed

around the camera. However, the relatively higher spectral power at the edges of this

wrist was not explained by the authors, nor seems to have a physiological explanation.

Instead, these are the most likely artifacts, as the angle between LEDs and skin-normal

is highest at the edges of the wrist, an hypothesis that is corroborated the explanation

of Blanik et al. [38] about a similar �nding in their own wrist data. The wrist was

further mapped by Kamshilin et al. [146], using two green LEDs placed around the

camera. Although illumination was assumed to be almost uniform, the schematic

view of the setup for video recordings suggests it to be non-uniform, with angles

of incidence between LEDs and skin-normal that can exceed 45o. This illumination

condition raises doubts about interpretations derived from the resulting amplitude or

phase maps, particularly at the locations of stronger vasomotion, as are the radial

and ulnar arteries. It seems, therefore, plausible, that the reported hotspots are just

skin sites where BCG-artifacts are maximal. Additional examples of artifacts in edges

may also be found in the skin boundaries of the hand or �ngers [145, 251, 254] and

the forehead of a seated subject [38].

Future work could be aimed at improving sensing modalities for estimating and
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adaptively canceling artifacts from actual PPG signals. In this regard, a better under-

standing of micro-motion in di�erent skin sites, positions and populations would be

valuable. For example, Dziuda et al. [84] found di�erences in BCG signals for the

standing and seating positions using a �ber-optic technology, whereas March et al.
[182] found aging to have a signi�cant e�ect on the BCG amplitude.

2.5 Conclusion

We demonstrated the threat of motion artifacts on PPG-imagers under non-uniform

lighting conditions. These artifacts add to PPG sensors by modulating the angle

between skin surface and incident light, thus distorting the resulting waveform

at the PPG-image sensor array. From our calibrated model for head motion and

additional experiment at the forehead, we were able to show that BCG-artifacts are

most detrimental under incident angles approaching 90 degrees w.r.t. the surface-

normal. In addition, we have indicated various publications which su�ered from

these artifacts. We proposed to ameliorate this problem during data acquisition by

preferring orthogonal illumination, a recommendation whose e�cacy is not a�ected

by the location of the camera and is simply achieved, for example, by preferring distant

illumination and/or by deploying several di�used light sources around the skin region-

of-interest. We hope that our paper can help prevent erroneous interpretations of

PPG-images in future publications.
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Chapter 3

Robust color channel mapping

SCOPE & AIMS: Remote PPG-imaging is an emerging non-invasive technique for

mapping spatial blood-volume variations in living tissue. In this chapter, we clar-

ify how cardiac-related vessel motion displacements (i.e., vibrocardiographic;

VCG) artifacts occur in this imaging modality and address these using algo-

rithms from the remote-PPG literature.

METHODS: A model and signal processing pipeline for imaging is proposed, featur-

ing camera channel mapping as a core step for cancel out motion artifacts by

means of signal processing. We use RGB camera channels and adapt algorithms

from the remote-PPG literature (speci�cally, CHROM and PBV) to operate

under the stringent signal-to-noise (SNR) ratios of imaging. The algorithmic

performance is assessed under stationary conditions at the immobilized hand

and wrist.

RESULTS: Our proposal is e�ectively results in artifact cancelation, even under

lateral lighting conditions, and outperform the reference implementation of

Kamshilin et al., Blood Pulsation Imaging (Biomed. Opt. Express 5, 3123 (2014)).

SIGNIFICANCE: VCG-artifacts are suppressed to an order of magnitude below

PPG-signal strength, which is su�cient to prevent interpretation errors. We

believe that the obtained PPG-amplitude and/or phase maps can be useful to

describe the vasculature per se or as intermediate processing steps in remote

vital signs monitoring. The algorithms are applicable to RGB cameras or other

channel combinations.

PUBLICATION: This chapter was published as a journal paper [205].

37
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3.1 Introduction

Photoplethysmography (PPG) is a non-invasive optical technique to detect blood-

volume variations in the microvascular bed of tissue. PPG-images in visible light were

�rst described by Verkruysse et al.. They recorded facial skin a�ected by port wine

stains after laser therapy and used the resulting data to obtain maps of the amplitude

and phase of the spatially varying PPG signals. Subsequently, others have explored the

distinguishing feature of mapping local PPG-data to propose applications for clinical

diagnosis and skin perfusion monitoring [38, 286, 306]. Of particular relevance is the

blood pulsation imaging (BPI) algorithm [145], whereby PPG-amplitude and phase

maps are obtained as the normalized inner-product between a low-noise reference

PPG-function and individual sensor-elements over a skin RoI. However, the BPI is not

motion robust and the fact that it was implemented with a green LED (i.e., a punctual

light source) makes the possibility of artifacts contamination more concerning.

Minute rigid body movements of the head due to cardiac activity (VCG-motion)

was reported by Balakrishnan et al. by using a camera [25], who also demonstrated

the feasibility of remotely extracting the pulse rate from hair and even from a mask

attached to the face. For a better understanding of the modulation of light by BCG,

our group investigated the magnifying e�ect of the illumination angle on a non-skin

(�at, opaque) surface attached to the head. By recording this surface under lateral

versus frontal illumination conditions, the strength of the signal changed by almost

an order of magnitude. But periodic skin motions can also happen in the vicinity

of pulsating arteries. In this case, it is artery displacements, rather than rigid body

motions, which are in the origin of the periodic motions. Following Morbiducci

et al., we use vibrocardiography (VCG) as the measurement of either BCG and carotid

displacements signals, and refer to its e�ect in PPG imaging as VCG-artifacts. PPG-

imaging systems are most susceptible to these artifacts when lighting is neither

uniform nor orthogonal, as light �ux variations amplify the modulation caused by

subtle motions [204]. If arterial motion at the carotid artery is strong enough to

cause head motion, it is unsurprising that VCG-motion is observed in skin sites at the

vicinity of arteries, so contamination of PPG-images still needs to be addressed.

In our previous work, we proposed to eliminate motion artifacts in PPG-images

during image acquisition by preferring orthogonal lighting conditions (e.g., by de-

ploying several di�use light sources around the skin RoI) [204]. However, practical

constraints for data acquisition are rarely compatible with the pursuit of perfect

orthogonality. This is why canceling motion artifacts during signal processing is ad-

vantageous. In this chapter, we propose to improve the PPG-image formation pipeline

by applying channel-mapping to orthogonalize PPG-signals from BCG-artifacts. To

this end, we investigate two established options from the remote-PPG literature: the

chrominance (CHROM) [73] and the blood-volume pulse signature methods [74].

Both rely on linear combinations of normalized sensor data in red, green and blue.

Recognizing that distortions in normalized RGB signals have the same gain, CHROM

seeks to achieve a linear combination of color channels where disturbing motions

are cancelled out and PPG data from di�erent color channels is enforced. Conversely,
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the PBV-method explores the fact that PPG signals have known ratios in the red,

green and blue channels. When these are the coe�cients of a pulse-blood-volume

(PBV) “signature” vector, the least-mean-squared criteria can be suitably applied to

separate distortions from actual signals. Despite being conceptually complementary,

both map (by linear combination of RGB data) the desired PPG-signals to a direction

that is orthogonal to motion artifacts. For this reason, we refer to CHROM and PBV

as motion robust channel-mapping methods.

Similar to the BPI imager [145], we extract a reference PPG signal at the palm

and obtain PPG-images as normalized inner-product between this reference and the

streams from the skin-sensors array. However, we improve motion-robustness over

BPI by using data from multiple (RGB) channels—rather than restricting acquisition

to the green wavelength—so that the input data can be mapped using the steering

weights of CHROM or PBV. The aims of this investigation are twofold: 1) raise

awareness to contamination of PPG-images by BCG-artifacts; 2) assess the robustness

of our imagers against BCG-artifacts. To this end, we start by demonstrating BCG-

artifacts at the human wrist. Then, we describe our proposed algorithms to minimize

these and provide benchmarking results against BPI.

3.2 Materials and methods

3.2.1 Ballistocardiographic artifacts

To understand the challenges posed by BCG-artifacts, we �rst derive insights from

Lambertian theory. We consider a living skin surface that is subject to cardiac-induced

motion. Examples could be skin in the vicinity of arteries (e.g., carotid artery at the

neck [325], radial artery at the wrist [146]), or facial skin experiencing cardiac-related

head motion [25]. Similar to the BPI imager [145, 146], we will consider the wrist’s

skin in the vicinity of the radial artery, as a site for PPG-image acquisition. Fig. 3.1

depicts a convenient choice for the XYZ reference axis, where: skin motion at the

vicinity of the radial artery appears mostly as rotation about the X-axis; the XoY plane

of the reference axis is tangent to a small skin site in the vicinity of the radial artery;

and α (YoZ plane) is the angle between incident light and normal to skin.

We assume the absence of voluntary motions and dominance of skin-motion

induced by pulse in a single degree of freedom, e.g., rotation about the X axis (nomen-

clature: θX , θY and θZ , for the X, Y and Z axis; see Fig. 3.1). We further assume

the light intensity, I , to be constant over the skin surface and that illumination is

provided by a punctual, distant light source located in the YoZ plane, resulting in a

light incident angle α. Finally, we neglect specular re�ections, so we assume that

subsurface scattering is the dominant mechanism by which light is re�ected from the

skin surface to the camera. Using the Inverse Square Law, I is expressed as

I =
I0
R2
||êr · ên||, (3.1)
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Figure 3.1: Vicinity of the radial artery as a working scenario for BCG-artifacts in PPG-images.

where êr and ên are unit vectors of the incident light direction and surface-normal,

respectively, R is distance to source and I0 is a constant. For distant light sources,

small perturbations in R2
are negligible, but BCG-motion still in�uences brightness,

I , over the skin RoI by modulating the inner-product êr · ên. By applying Euler’s

rotation theorem, the normal to skin surface ên(t) is given by

ên(t) = RZ(θZ(t)) RY (θY (t)) RX(θX(t)) ên,0, (3.2)

where the sign of the angles is positive for counterclockwise rotation, ên,0 =
(0, 0, 1)T is the baseline normal vector to the surface and RX , RY and RZ are

the rotation matrixes about the X , Y and Z axis, respectively. For convenience, we

will omit the explicit time dependence (t) of all signals. The components of ên are as

displayed in Eq. 3.3.
en,X = cos θZ sin θY cos θX + sin θZ sin θX

en,Y = sin θZ sin θY cos θX − sin θX cos θZ

en,Z = cos θY cos θX

(3.3)

Recognizing that θX , θY , θZ are small, the Taylor-series expansion justi�es as-

suming sin(θi) ≈ θi and cos(θi) ≈ 1. By further recognizing that the mixed product

term θZθY is much smaller than θX , ên is rewritten as follows:
en,X ≈ θY ,
en,Y ≈ −θX ,
en,Z ≈ 1.

(3.4)

The average brightness at a RoI over the skin surface, I , can now be expressed as

I = (−en,Y sinα+ en,Z cosα)
I0
R2

. (3.5)

Equation (3.5) can simpli�ed by particularizing en,Y and en,Z to (3.4). Therefore,
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I ≈ (θX sinα+ cosα)
I0
R2

. (3.6)

It is apparent from (3.6) that I consists of a constant (“DC”) component and

motion-induced, (“AC”) which is modulated by θX . So we de�ne the ratio BCG =
IBCG,AC/IDC as the relative BCG-artifact signal, where IBCG,AC = θX sinαI0/R

2

and IDC = cos(α)I0/R
2
. BCG reduces toBCG = tan(α) θX , from which it can be

observed that tan(α) is a factor amplifying rotation w.r.t. the orientation of the light

source. As such, the combined e�ect of BCG-artifacts and PPG signals in brightness

intensity recorded in a given camera channel, IC , is modeled as a mixed product of

scattering of light through the skin signals, PPG, and BCG-artifacts:

IC ≈ (βC PPG+ 1)(BCG+ 1) cosα
I0
R2

, (3.7)

where βC is a parameter characterizing relative spectral re�ectance in the camera

channel C . Because βC PPG and BCG are small, it is reasonable to arrive at the

following approximation for the polluted signal in each camera sensor:

IC ≈ (βC PPG+BCG+ 1 + nAWGN,C) cosα
I0
R2

, (3.8)

where the mixed product term βC PPGBCG� 1 was neglected and nAWGN,C ∼
(0, σ2

C) stands for additive white Gaussian (AWGN) noise. In the absence of voluntary

wrist motions, the term cosα I0/R
2

is constant and easily removed when IC is

normalized to AC/DC, resulting in iC :

iC ≈ βC PPG+BCG+ nAWGN,C . (3.9)

Note that the above formulation has implications for all wavelengths; i.e., BCG

motion artifacts are intensity variations that a�ect all wavelengths in the same relative

amount. This property holds, irrespective of whether illumination is provided by a

single point source, or if multiple point sources coexist. Stated another way, di�use

light-sources and pixel-averaging cannot change the fact that motion changes the

intensity (but not the chrominance) of the re�ected light.

From Eq. 3.9, it is apparent that recovering PPG from iC requires PPG-imagers

to eliminate sensor noise and BCG-artifacts. However, like PPG signals, artifacts are

periodic and related with the pulse-rate, so addressing artifacts is not as straightfor-

ward as noise and random motion distortions. Indeed, for non-cardiac related sources,

methods can safely rely on the periodicity of the desired PPG-signal, and assume

that noise and interferences have a Gaussian distribution. Examples range from sim-

ply �ltering in the spacial or temporal domains to independent component analysis

[234] and maximum ratio combining [159]. Unfortunately, however, these strategies

will likely recover a scaled version of the compound signal f = βC PPG+BCG,

rather than βC PPG. One might argue that this is generally not a problem in the

remote-PPG domain, where the goal is to determine pulse-rate. So BCG-artifacts
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enforcing PPG are actually bene�cial for performance, whereas signal loss at skin

sites where artifacts are in opposition of phase with PPG is compensated by the fact

that PPG-image sensors are merged to a large skin region-of-interest (RoI) [340].

However, when it comes to PPG-imaging, accurately quantifying PPG-amplitude at

every skin site is paramount.

At this stage, it is reasonable to ask whether the magnitude of the artifact compo-

nent (BCG) in each sensor-element is indeed strong enough in comparison with the

intended signal, βC PPG, and, if so, what options are there to promote robustness

against BCG-artifacts. Clearly, if illumination would be perfectly uniform, there

would be no dependence on the angle between normal to skin and lighting. Conse-

quently, the inner-product term, ||êr · ên||, would be absent from Eq. 3.1 onwards

and micro-motion would not a�ect skin brightness. Even when the illuminator is a

single punctual light source, BCG-artifacts are still ameliorated if the source is distant

and orthogonal to the skin surface (i.e., the tangent of the incident angle amplifying

BCG is minimized). Proper illumination for PPG-image acquisition comes with the

added bene�t of robustness against other sources of motion noise. Yet, this may not

be always possible to achieve since the skin is generally curved.

An additional strategy to eliminate BCG e�ects in PPG-imaging may start by

recognizing that motion artifacts have no wavelength dependence, whereas remote-

PPG signals do. These are the principles of CHROM and PBV, which have been proven

e�ective at separating remote-PPG signals from motion sources and form the core

of our motion robust imagers, further referred to as CHROM-imager (CHROMi) and

PBV-imager (PBVi).

3.2.2 Motion robust channel-mapping methods

Chrominance-based method (CHROM)

CHROM was designed to estimate the pulse-rate from the chrominance (i.e., channel

di�erences) of the skin [73]. The output signal is as follows:

SCHROM = Xf − αYf , withα =
std(Xf )

std(Yf )
, (3.10)

where Xf = Rf −Gf and Yf = Rf/2 +Gf/2−Bf are orthogonal chrominance-

based signals with subscript (f) denoting �ltering around the fundamental (and

possibly multiples) of the pulse-rate frequency. The adjustment parameter α accounts

for imprecision in skin-tone standardization; otherwise, α takes the value of one.

Since motion artifacts have the same intensity in the normalized RGB channels of the

video camera, the contributions of BCG or other interfering motions cancel out in

the resulting chrominance signal. The correctly mapped signal, SCHROM , is a linear

combination of the PPG signal components in RGB:

SCHROM = PPGf [3 (1−α/2)βR− 2 (1 +α/2)βG+ 3α/2βB ] + nRGB , (3.11)
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where nRGB is the equivalent sensor noise after band-pass �ltering and linear combi-

nation according to Eq. 3.10, and βC , C ∈ {R,G,B}, translates wavelength depen-

dence of PPG strength.

Blood-volume pulse signature method

The relative PPG-amplitude as a function of wavelength, λ, is determined both by

the optical contrast of blood and bloodless skin, and the penetration depth of the

light. The spectrum of the re�ected PPG signal is a combination of the absorption

spectra of the oxygenated arterial blood and that of the microvascular bed of tissue,

normalized by the baseline non-pulsatile component. The relative-PPG spectrum is

wavelength-dependent and peaks around 550 nm (i.e., green region of the spectrum).

The simulations of [126] further indicate that the pulsatile activity in green is stronger

than in red. For green, there is much less light being re�ected from deeper skin

layers, but the contrast with the skin is much higher than for red. More recently, the

simulations of Huelsbusch have also been used by de Haan et al. [74]. Recognizing

this physiological property as an opportunity, Haan et al. derived the PBV-method

which exploits the characteristic relative strength—referred to as “signature”—of

normalized PPG-signals in multiple wavelengths or regions of the spectrum.

Since economy RGB-cameras incorporate Bayer �lters (central frequencies: about

450 nm, 550 nm and 650 nm; channel bandwidth: about 100 nm), these can be used as

a low-cost multispectral cameras, providing input to the PBV-method. In this case, the

signature for the relative-PPG signal is a three-dimensional vector whose components

are the root-mean-squared standard deviation (STD) of the PPG signal’s amplitude in

the normalized R, G and B channels. We denote this vector as pbv = (pR, pG, pB)T

or pbv = κ(βR, βG, βB)T , where κ is factor normalizing of pbv to unity.

In this chapter, pbv was determined experimentally as the standard deviation

of the fundamental of the normalized signals in the R, G and B channels. Since the

pbv-vector is not subject dependent, it could be calculated from one subject only.

However, care was required to minimize sensor noise and motion interference. Note

that sensor noise is di�erent in all channels, but is zero mean and Gaussian distributed.

Conversely, the corruption by motion changes the intensity of the light entering the

skin by changing distance to the light-source, or, more importantly, by changing

the orientation of the skin-surface with respect to (w.r.t.) the light-source. Motion

distortions are identical for all wavelengths. Although we recognize that using the

STD operator as a primary source for estimating the PPG amplitude in RGB will likely

cause a bias error (particularly for the smaller amplitude red channel), we were still

able to ameliorate the problem by considering a reasonably long recording of the

palm lasting about 2 minutes (sampling rate, 20 Hz). Additionally, the strides were

normalized as AC/DC and �ltered to the fundamental of the pulse-rate. We hoped

to minimize motion distortions in our estimate of the amplitude ratios in RGB (i.e.,

the PBV-vector) by acquiring videos under homogeneous lighting conditions and by

mechanical stabilization of the �ngers (see section 3.2.3 for details).
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Having pbv, the task of optimally separating PPG signals from motion-related

interferences can be formulated as a least mean squares (LMS) problem:

SPBV MT = pbv
T

(3.12)

where M = [Rf , Gf , Bf ]T is an augmented matrix constructed by combining strides

of �ltered and normalized red, green and blue data. Since strides may be required to

last 10–20 sec [73], L can easily exceed 200 samples on a sampling frequency of 20 Hz.

This is why the pseudo-inverse of MT
, required to solve Eq. 3.12, is better avoided

by prior computation of the covariance matrix of M, S = MT M, size (3× 3). The

LMS problem is now restated as follows:

SPBV = pbv
T S−1 MT . (3.13)

The compound product WPBV = pbv
T S−1 [Eq. 3.13] is the (three-dimensional)

steering weight vector of the PBV-method. Once determined for a speci�c illumi-

nator and recording settings, WPBV correctly maps PPG data irrespective of the

characteristics of subject, skin site or kind of interfering motions.

Pitfalls of adapting remote-PPG algorithms to PPG-imaging

In order to achieve motion-robustness in imaging by channel mapping, care should

be taken w.r.t. signal-to-noise ratio (SNR) of PPG-images and proper calibration of

CHROM and PBV.

Resolution vs. SNR. Given the noise speci�cations of a camera, PPG-imaging

involves balancing spatial resolution and SNR of the PPG-image. On one extreme,

an imager may output PPG-images with low spatial resolution, but low quantization

noise in each image sensor. Conversely, the PPG-image may be large so as to account

for the spatial variations within a body region, but the PPG-signal will be more

a�ected by noise. Sensor noise is a less serious problem in remote-PPG literature

than it is for imaging, as the skin RoIs for signal extraction are made as large as the

input video allows. In the remote-PPG literature e�orts are directed to coping with

specular re�ections, large body motions or challenging lighting conditions. Thus,

stride processing with a window length, L, as short as 32–64 samples (at a sampling

frequency within 15–30 Hz) has been recommended for heart-rate detection. However,

when it comes to PPG-imaging, a calibration test is advised to ensure the suitability

of L (see Section. 3.3.1).

Calibration of the steering weights of CHROM and PBV. Large body motions

are common in remote-PPG applications, but PPG-imaging protocols typically require

subjects to remain still during recordings and the contribution of skin motion to the

received signal can be small. Consequently, determining α = std(Xf )/std(Yf ) in

CHROM and S−1 in PBV becomes numerically unstable. This potential threat may

be overcome by introducing the e�ect of a pulsating light source, which is equivalent
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to adding AWGN noise, ladded ∼ (0,
√

(N)), to the data from a reference skin RoI,

IrefC , with C ∈ {R,G,B}. Mathematically:

IrefC ≈ (1 + βC PPG+ nrefC ) cosα
I0
R2

[1 + ladded]. (3.14)

As long as ladded � 1, Eq. 3.14 is approximated by

IrefC ≈ (1 + βC PPG+ ladded + nrefC ) cosα
I0
R2

. (3.15)

As before, we proceed by expressing the received signal in each channel as normal-

ized AC/DC; i.e., the fraction of the pulsatile variation over the mean signal intensity,

so that the obtained signal, irefC ≈ (βC PPG+ ladded + nrefC ), is made independent

of the illuminator’s intensity, I0, and location. The steering weights of PBV are ob-

tained from the data matrix M = [irefR irefG irefB ]. Finally, the covariance matrix for the

reference skin RoI, Sref−1
, is stabilized, and so is WPBV = pbv

T Sref−1
[Eq. 3.13].

Likewise, α of CHROM is corrected if Xf and Yf are obtained from irefR , irefG and irefB .

In practice, a calibration stage is required to compute the steering weights for PBV and

CHROM (WCHROM = [3 (1−α/2) ;−2 (1+α/2) ; +3α/2]; See Eq. 16 of [73]). To

this end, IrefC should be obtained from a large reference skin RoI, where a parameter

regulating the noise gain of ladded is increased until optimal results are achieved. For

example, in this investigation, data was acquired at a reference RoI in the subject’ s

palm and the noise gain factor a�ecting light modulation, N , was varied from 0.0 to

0.1. Figure 3.2 provides a geometrical view of the calibration process for CHROMi

and PBVi. As the strength of multiplicative noise increases, the trajectories de�ned

by the weight vectors converge to the plane for which the sum of its components

amounts to zero; i.e., WR +WG +WB = 0. As such, artifacts have the same gain in

normalized red, green and blue and are eliminated in the output signal.

Note that the �nal weights for PBVi and CHROMi may di�er. For these methods

to have same units as BPI, i.e., AC/DC units of the green channel, PPG-images need

to be scaled by the corresponding factors

CPBV =
1

WT
PBV pbv

, (3.16)

CCHROM =
1

WT
CHROM pbv

. (3.17)

3.2.3 Motion-robust PPG-imaging framework

This section describes our framework for PPG-imaging (see Fig. 3.3), where the input

signals originate from channel mapping. Similar to BPI, our imagers are o�ine

MATLAB implementations whose core components are a reference PPG-signal and

an sensor-element array.
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Figure 3.2: The normalized weight vectors of the color channel mapping methods converge

to the WR + WG + WB = 0 plane for increasing noise gain of the modulated light, L.

Visualization (a) in the RGB space and (b) coe�cient values as a function of L.
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Figure 3.3: Framework of the proposed motion robust PPG-imagers. After frame preprocessing,

remote-PPG (rPPG) signals are acquired in each sensor-element, mapped according to CHROM

or PBV algorithms (gray box), and correlated with a reference PPG signal from the palm. The

instantaneous pulse-rate is obtained by contact PPG (cPPG).
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Preprocessing First, we registered frames w.r.t. the central frame of the video

sequence. We used the RealTITracker toolbox [247], which implements the Horn-

Schunk algorithm to ensure stabilization against small movements, even at wrinkles

and contours of the skin. The resulting frames were subsequently denoised by Gaus-

sian blurring (kernel size, 45) and reduced in size, horizontally and vertically, by a

factor of 5. Each pixel in the obtained images will be referred to as a sensor-element.

Finally, skin sensors were segmented from the background and a large reference skin

RoI (RoI_Skin) was manually demarcated at the palm.

Reference remote-PPG-signal To obtain a reference remote-PPG (rPPG) signal,

a raw RGB stream was extracted from a user-de�ned RoI at the palm. The reference

signal was �rst lowpass �ltered to extract its “DC” component (9th order Butterworth

�lter; cuto� frequency, 20 bpm) and normalized as AC/DC. The signals were pro-

cessed in strides of 128 samples (corresponding to about 10 cardiac cycles) with an

overlapping factor of 50%. Each stride was detrended, multiplied with a Hanning

window and �ltered in the frequency domain by selection of heart-rate component(s).

The heart-rate measurements from pulse oximetry were used to select either one or

three harmonics of the heart-rate. In this thesis, we refer to this strategy as adaptive

bandpass �ltering (ABPF). The signal was then linearly combined according to the

PBV or CHROM steering weights, Hilbert-transformed and normalized to unit norm

as

∑
Re[x̃ref ] x̃ref = 1.

Local rPPG amplitude The initial processing stages in each sensor-element are

similar to those of the reference remote-PPG-signal, i.e., the raw RGB streams in

each column m and line n of the sensor array were normalized to AC/DC, mapped

according to CHROM or PBV and adaptively bandpass �ltered. The value of the

PPG-image at (m, n) is the normalized inner-product between XSkin and sm,n; i.e,

PPGIm,n =
√

2/L
∑L
l=1 sm,n(l) x̃Ref(l).

3.2.4 Performance assessment

Benchmarking algorithm

The original BPI algorithm [145] is the benchmarking algorithm considered in this

investigation. We remark that the decision for not implementing BPI’s latest version

[306] is due to the fact that the reference PPG-signal in this implementation is modeled,

empirically, as trellis hand-crafted triangular waveforms, which complicates the

interpretation of results and can lead errors when remote-PPG waveforms have

prominent dichrotic notches, particularly with children [85], or under alternative

protocols where the hand would be lowered below the heart level [121].
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Subjects and experimental protocol

The performance of all imagers was evaluated in recordings from 7 subjects (ages,

25 to 40 yrs; gender: 6 males, 1 female). The study was approved by the Internal

Committee Biomedical Experts of Philips Research and an informed consent was

obtained from each subject. An RGB camera (model USB UI-2230SE-C, IDS, Germany;

global shutter, CCD, 8 bits per color channel) and a pulse oximeter (model CMS50E,

Contec, China) were synchronized and the recordings stored in an uncompressed

data format (frame rate, 20 Hz; frame size, 520 × 400 pixels).

Figure 3.4: Setup for PPG-image acquisition at the palm and wrist.

Fig. 3.4 depicts the setup for data acquisition. Subjects were asked to sit and

have their hand immobilized, about 20 cm below the level of the heart, with the

palm facing the ceiling. To minimize non-cardiac movements, explicit instructions

were given to avoid voluntary hand movements during recordings. Illumination

was provided by �uorescent lamps (model HF3319/01, Philips). These were used to

implement the contrasting situations of nearly homogeneous versus somewhat lateral

lighting conditions. In the rest of this chapter we shall brie�y refer to “lateral” and

“homogeneous” illumination. The area of both light sources (about 50 cm × 25 cm)

is large in comparison with the hand. When only the right-side lamp was active,

the illuminating pattern was identi�ed as lateral. Adding the second illumination

surface yields a good attempt to realize di�use illumination although we emphasize

that is it not perfect. The �uorescent lamps have discrete peaks at red, green and blue

(about 440 nm, 550 nm, and 625 nm, respectively; see Figure 3.4), which is bene�cial

to minimize inter-channel interference.

To minimize specular re�ections, a cross-polarization strategy was implemented

by covering the illuminators and objective of the camera with linear polarizing �lm.

Note that addressing the issue of specular re�ections does not eliminate the issue

of BCG-motion per se; BCG-motion is not only about specularly re�ected light, but
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also about di�usely re�ected light. The latter is a�ected by orientation changes of

the skin-surface, which modulates the amount of incoming light. Consequently, all

signal components (also the di�usely re�ected light) are modulated. Hence, polarizing

strategies alone cannot solve BCG e�ects, although these e�ects would possibly be

more severe if the polarizers were not used.

Four consecutive recordings of 2 min each were performed for uniform and lateral

lighting conditions, with and without pen corrector ink over the skin in the vicinity

of the brachial artery (see Fig. 3.5). The purpose of the recordings where skin was

covered by opaque ink was to isolate BCG-artifacts, so that the artifact cancellation

performance of imagers could be quantitatively compared (see Section 3.2.4). The

normal-skin recordings were used to con�rm PPG-images for each subject.

(a) (c) (d)(b)

Figure 3.5: Recordings acquired using (a-b) homogeneous and (c-d) lateral illumination.

Bechmarking metrics

Unfortunately, there is no ground truth method to evaluate the agreement of PPG-

imagers. However, it is still possible to evaluate the proposed imagers based on artifact

cancellation performance by devising a protocol that isolates the BCG component in

a skin site. To this end, we took the skin covering the brachial artery as a convenient

RoI (see Figs. 3.5 (b) and (d)). This region shows strong pulse-induced skin motion,

as con�rmed visually under lateral lighting conditions and further by Wu et al.
using the Eulerian video magni�cation algorithm [354]. We performed consecutive

recordings where BCG-artifacts are minimized or ampli�ed by recreating, respectively,

homogeneous and lateral lighting conditions.

In all recordings, the skin at the vicinity of the brachial artery was covered by

opaque ink to ensure that the measured amplitude in (polluted) PPG-images at a RoI

de�ned over ink (ROI_Ink) was due to BCG-artifacts only. BCG-artifact cancellation is

assessed by quantifying the normalized root mean squared (NRMS) error of the PPG-

images at the ROI_Ink. Normalization is done by dividing absolute RMS-errors by the

RMS PPG-signal strength, measured at the palm under homogeneous illumination

conditions. As such, despite the inherent e�ort of acquiring data twice at a number

of subjects, the assessment procedure based on the normalized RMS error does not

require estimates of the PPG signals at the inspection sites and e�ectively allows

quantifying the remnant energy of BCG-artifacts after attempts to compensate for it.
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3.3 Results

3.3.1 Preliminary tests

De�ning the window length

As shown in Figure 3.6 (a), when the window length is increased from 128 to 2000

frames (sampling rate, 20 Hz), the normalized RMS error (de�ned in Section 3.2.4) in

CHROMi and PBVi decays by the inverse of the window length. This holds true when

the methods use �ltered versions of the PPG signals with only the fundamental of the

pulse-rate (“1H”), or three harmonics (“3H”). Although 1000 frames would already

provide a good tradeo� between computational load and performance, taking all the

2000 frames available provides best results and is, therefore, our choice to evaluate

CHROMi and PBVi. For the same settings, the normalized RMS error of BPI does

not show a decaying tendency; malfunctioning is particularly critical under lateral

illumination, irrespective of window length (see Fig. 3.6 (b)).

As also seen in Figs. 3.6 (a) and 3.6 (b), under nearly homogeneous illumination

conditions, artifact suppression can be achieved with less frames and the BPI error

is minimized. This translates to the observation that, as long as temporal-spatial

averaging are adjusted so as to minimize sensor noise, CHROMi and PBVi provide

more reliable results than its single-channel counterpart, BPI, even under nearly

homogenous lighting conditions.
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Figure 3.6: E�ect of window length on the NRMS error of (a) the proposed imagers and (b)

BPI. CHROMi and PBVi are implemented with one vs. three harmonics of the pulse-rate (H1

vs. H3) and tested at the wrist under homogenous and lateral illumination conditions.

Artifacts in the vicinity of the brachial artery

Figure 3.7 shows average waveforms for artifact signals extracted from a ROI_Ink

at the wrist. For comparison, the average PPG waveform from the reference RoI at

the palm (green channel) was also included in the plot. BCG and PPG signals were



3.3. Results 51

obtained from two consecutive recordings of the same subject, under homogeneous

and lateral lighting conditions. The left part of Fig. 3.7 shows sample frames for each

(top, homogeneous; bottom, lateral). As in section 3.2.3, signals were normalized

in amplitude as AC/DC. Cycles were demarcated by using the peaks provided by

contact-PPG, rescaled to unit standard deviation per cardiac cycle and resized to

23 samples per cycle. We followed the convention that 0 – 23 samples corresponds

to a range of 360 degrees. When the same average waveform is repeated twice for

visualization purposes, the scale of the repetition waveform ranges from 360 to 720
o
.

The RoIs for extraction of counter-phase BCG-artifacts were re�ned by selecting

sensors that correspond to hotspots and coldspots in the BPI phase maps. User-de�ned

thresholds of ≤-40 and ≥140 were applied to query the opposing BCG- and BCG+

signals The application of the BPI maps as scores map, and the corresponding selection

mask is illustrated at the middle panel of Fig. 3.7. It is unequivocal that BCG-artifacts

have di�erent waveforms from remote PPG signals in green, and are either in-phase

or opposite-phase, depending on the orientation of the skin-surface w.r.t. the light-

source (con�rmed by the overlap of the amplitude spectrum for in-phase and opposite

phase artifacts). BCG waveforms have a sharper systolic slope than PPG-green at the

palm. The FFT spectrum further con�rms the higher harmonic content of the BCG

signals in comparison with its PPG counterpart from the palm.
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Figure 3.7: Sample average BCG and remote-PPG waveforms acquired at the green channel at

the wrist and palm, respectively [Subject A]. BCG waveforms may be in phase or in phase-

opposition, and are morphologically di�erent from the reference remote-PPG.

3.3.2 PPG image formation

Figures 3.8 (a-p) are PPG amplitude and phase maps obtained for one subject (A: female,

30 yrs), using the proposed channel mapping algorithms, side-by-side with BPI under

homogeneous and lateral lighting conditions. The e�cacy of lighting conditions to

minimize BCG-artifacts is the �rst observation suggested by the contrast of this set of

images. Clearly, lateral lighting conditions cause stronger BCG e�ects in the vicinity

of arteries. Still, even under homogeneous illumination, BCG patterns at the wrist
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remain visible. Depending on the selected body-part, orthogonal illumination may be

very hard to achieve, particularly for curved skin-surfaces. Whereas BPI is unable

to cope with this interference, channel mapping algorithms robustly cancel out this

interfering source, though inaccuracies may occur, particularly under lateral lighting

conditions, when the average brightness at a skin site is low and/or the magnitude of

artifacts is much stronger than PPG.

(a) PBV (b) CHROM (c) BPI (d) BPI

(j) CHROM (k) BPI(i) PBV

(n) CHROM (o) BPI (p) PBV vs. BPI(m) PBV

(e) PBV (f) CHROM (g) BPI (h) BPI

(l) PBV vs. BPI

Figure 3.8: PPG amplitude (“AMP.”) and phase (“PHA.”) images, obtained using CHROM, PBV

and BPI under homogeneous and lateral lighting conditions [Subject A].

We assessed the e�cacy of artifact-cancellation by PBVi and CHROMi in the

remaining subjects from our database. Figure 3.9 shows results for a test subject (B:
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male, 27 yrs) where artifacts occurred in the vicinity of both the brachial and ulnar

arteries. As before, whereas BPI amplitude maps are polluted, the CHROM and PBV

imagers e�ciently removed these artifacts from the ink RoI. Also included are average

waveforms obtained in the vicinity of the brachial artery, by merging ink sensors of

cold and hotspots in phase maps from BPI (named BCG- and BCG+, respectively). It

can be observed that the BCG- and BCG+ waveforms are in opposition of phase with

one another and contain more energy in higher-order harmonics than PPG signals.

The observation that the palm has stronger PPG-signals than the wrist was con�rmed

in the remaining �ve subjects from our study. Similarly, although the skin motion

patterns observed in phase maps are highly varying among subjects, 180-degree phase

phase shifts are systematically strong over the brachial artery.

(e) LATERAL (f) PBV (g) BPI (h) BPI
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Figure 3.9: BCG-artifact patterns contaminate BPI amplitude maps, but are correctly eliminated

by the PBV-imager [Subject B].

3.3.3 Artifact suppression performance

Table 3.1 summarizes the NRMS errors measured at the wrist (ROI_Ink) on recordings

from the 7 subjects measured in this study. Only recordings containing ink on the

inspection site were analyzed. This procedure allows isolation of the interfering

source. BPI is compared with the CHROM and PBV imagers, under contrasting

illumination conditions. The bene�t of considering three harmonics of the cardiac

rate frequency, rather than the fundamental only, was further taken into comparison.

It is clear that, under the challenging lateral lighting conditions, both CHROMi and

PBVi improve over BPI by an order of magnitude and keep artifacts within less

than 5% (AC/DC) of the rPPG average amplitude at the palm. Under homogeneous

illumination conditions, channel mapping o�ers a threefold bene�t and contributes to
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the best performance of this comparative study. A last observation is that higher-order

harmonics of the pulse-signal improve performance, though only marginally.

Table 3.1: Normalized RMS-Error in PPG-Images at a Non-skin RoI

Illumination

PBVi (%) CHROMi (%) BPI (%)

1H 3H 1H 3H 1H

Homogeneous 2.2 ± 1.1 2.6 ± 1.1 2.1 ± 0.9 2.5 ± 1.1 6.5 ± 0.8

Lateral 4.5 ± 1.8 4.9 ± 2.2 4.1 ± 1.9 4.6 ± 2.1 31.2 ± 13.3

Accronyms and abbreviations: BPI, Blood Pulsation Imager, CHROMi,

Chrominance-based imager; PBVi, pbv-signature Imager; 1H/3H, one/three

harmonics of the pulse-rates.

3.4 Discussion

This chapter considers, for the �rst time, cancellation of ballistocardiographic artifacts

in remote PPG-images by means of signal processing. As this kind of motion is

synchronous with the cardiac signal, common strategies to enhance the motion

robustness are ine�ective against this interfering source, and risks are that artifacts

are confounded with actual PPG signals. BCG-artifacts in PPG-images have only

been recognized as such by Verkruysse et al. [325] and Blanik et al. [38], and, so far,

only our previous work was conducted to minimize this problem by means of proper

illumination during image acquisition.

A step towards the validity of PPG-images is done by demonstrating that two

motion-robust channel mapping algorithms previously reported for heart-rate de-

tection in the remote-PPG literature, namely CHROM and PBV, can be extended to

imaging. These o�er the promise of eliminating motion sources in remote PPG sensor-

elements, irrespective of whether they are cardiac-related or from other sources, with

the added bene�t of compensating artifacts resulting from non-orthogonal illumina-

tion in curved skin-surfaces. However, CHROM and PBV were validated for pulse-rate

measurements, but not for multi-point amplitude and phase measurements. Since

the sensor sub-RoIs of the PPG-images are small in comparison with the (merged

skin) RoIs used for a single point estimates in the remote-PPG literature, additional

measures to overcome the penalty in signal-to-noise ratio. In this regard, our core

innovation resides in extracting the weights of the PBV and CHROM papers from the

reference palm, which were, subsequently, applied at all sensors locations in the skin.

Because the palm may be static and, consequently, contain little motion distortion, we

proposed to arti�cially modulate the intensity of the illuminator so as to overcome the

instability of the least-mean-squares method to provide steering weights to separate

motion from PBV signal.
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Performance gains resulting from motion robust channel-mapping are cumulative

with additional practices or signal processing approaches aiming at improved PPG-

image formation. The overall procedure taken in this investigation consisted of three

steps: 1. demonstrating BCG-artifacts at the wrist, 2. proposing channel mapping to

eliminate motion artifacts in PPG-images, and 3. performance assessment.

Eliminating BCG-artifacts by channel mapping

Our �rst insights were derived from waveforms of sensors over skin covered by

opaque ink, in the vicinity of the brachial artery, as well as from non-corrected PPG-

images containing this site. This allowed us to con�rm that artifacts are magni�ed

under lateral illumination and are clearly visible as hotspots in PPG-amplitude maps

and as neighboring cold/hotspots in phase maps from the BPI-imager. From Fig. 3.7

and Fig. 3.9, we were further also able to observe the shape resemblance and phase-

inversion of the average waveforms for BCG+ and BCG- sensors, which con�rms

that phase opposition in polluted BPPs re�ects the pulse-related displacement of the

(curved) skin w.r.t. the light source. The joint representation of the normalized Fourier

coe�cients for remote-PPG signals (a surrogate of blood-volume variations at the

capillary bed) and BCG-artifacts (a surrogate of arterial motion) further con�rms that

these signals are slightly di�erent and must not be confused.

The importance of the �nding that PPG and BCG have di�erent shapes must

not be underestimated, as the validity of the complex inner product as a principle to

measure phase is threatened. Even when BCG signals are not in sign opposition with

PPG, the result of computing phase maps by using the Hilbert operator (complex inner

product) will be a�ected by apparent phase lags which are just caused by changes

of the pulse-shape due to di�erent fractions of BCG and PPG signals. Removing the

BCG-fraction, eliminates this source of phase-errors.

Using the same recordings, we demonstrated the feasibility of concealing BCG-

artifacts by mapping normalized data from the PPG sensor-elements prior to forming

PPG-images. Using our CHROM- or PBV-based imaging frameworks, we observed

that the PPG-amplitude in the palm region is stronger than at the wrist, for all

subjects. In the corrected phase images, we observed di�erences, in the order of 20–30

degrees, between the center of the palm and wrist, and the periphery of the palm;

these are largely independent of illumination conditions, i.e., lateral or homogeneous

illumination show similar results. Pulse-induced skin motion patterns are most

prominent under non-uniform lighting conditions, though, to a minor extent, BCG-

artifacts also occur under uniform lighting conditions, at high spatial frequency sites,

as are edges, wrinkles, and even the texture of the skin. In this investigation, both

algorithms performed comparably. In practical scenarios, the preference from one

method over the other should depend upon the relative ease of estimating the blood-

volume pulse vector, pbv, or the trust in the assumed “standard skin-tone vector”. We

further assessed performance bene�ts resulting from the inclusion of two additional

harmonics of the pulse-rate frequency and found that it resulted in just marginal

improvements in detail and NRMS performance of the resulting PPG-images.
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Implications for earlier publications

Migraine The interpretation of our motion-corrected PPG-maps and BCG maps

suggests that the local phase shifts in blood pulsation phase maps (BPP), obtained

using BPI imagers, re�ects spatially-varying enforcement/attenuation in each sensor

by BCG-signals, depending on the incident angle of light w.r.t. skin-surface. It is,

therefore, surprising that artifact-contaminated BPP maps have been shown successful

as biomarkers of the migraine pathophysiology [370]. Although the test-set may be

too small to rule out accidental correlation, lateral inversion of average waveforms

in migrainers was signi�cant and the side-to-side lateralization of blood perfusion

was attributed to dysfunction of the autonomic vascular control in the face. Since

no attempt was made in the migraine study to distinguish between BCG and PPG

signal, the phase maps cannot be trusted, although we admit that without the source

material, we also cannot prove that the conclusion is certainly incorrect.

Using a green LED as a lighting source, Zaproudine et al. applied the BPI imager

to measure faces of migrainers and healthy patients. One observes that the published

amplitude maps are contaminated by BCG-artifacts, particularly at sites where the

angles with incident light largely deviate from orthogonality (e.g., hair and facial

edges). The investigation considered three local RoIs located at the forehead and

at the right and left cheeks. For a light source placed frontally and 2 meters away

from the forehead, the incident angle of the light w.r.t. skin is less than 10 degrees,

which indeed suggests that BCG e�ects are a minor concern. However, the cheeks

are a curved surface; for these, the incident angles is likely to exceed 45 degrees

(particularly for thin-faced subjects), hence justifying our concerns.

Counter-phase PPG waveforms More recently, artifact-contaminated maps ob-

tained using the BPI-imager have motivated Kamshilin et al. [146] to substantiate a

new interpretation of remote photophethysmography, and an attempt was made to

use this new model to explain the strongly pulsatile counter-phase PPG waveforms

which were detected as local hotspots in the [non-corrected, BCG plus PPG] ampli-

tude and phase maps at the wrist (e.g., vicinity of the radial artery). We highlight

that a new physiological model is not required to explain counter-phase relations in

PPG-images. Our experiments in skin covered by opaque ink, complemented with

the corresponding motion-corrected maps, prove that these �nd explanation in the

motion pattern of the skin. However, we emphasize that the new model may ex-

plain elements for which our observations do not provide an alternative explanation.

For example, our decontaminated PPG-images show much reduced regional phase

and amplitude di�erences, but BCG-motion clearly provides no explanation for the

remaining smaller variations.

Remote tonometry Nippolainen et al. [219] evaluated the palm and wrist of

�fty-six subjects using the BPI-imager under LED (lateral) lighting conditions [145].

Speci�cally, an attempt was made to explain a possible correlation between age

and amplitude of hotspots (in polluted PPG-amplitude images) at the vicinity of
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wrist arteries. Although the authors acknowledge the resemblance between the

waveforms collected by sensor-elements over the arteries of the wrist and pulse-

pressure waveforms, it was not recognized that BCG-artifacts at the selected spots

are much stronger than PPG.

Suitability of the GminR algorithm for imaging PPG

Interestingly, subsequent analysis of our PBVi algorithm indicates that, for an RGB

camera and �uorescent illumination, the weights set for the PBV method resume to

the GminR algorithm; i.e., the blue camera channel is rejected. This is because the

blue camera channel receives low re�ectance and the penetration depths in blue may

not reach pulsating vessels. These factors can explain high sensor noise in the blue

camera channel. As implications, the GminR algorithm will be used in subsequent

chapters of this thesis.

Limitations

In addition to performance deterioration when the weights of PBVi or CHROMi are

slightly o� (e.g., inaccuracies in the estimation of the PBV vector), these imagers have

decreased image sensitivity w.r.t. its single channel counterparts. This is because,

in contrast to the initial implementation of BPI, featuring the use of a monochrome

camera, this investigation was conducted using a regular RGB camera, so the obtained

recordings have lower signal-to-noise ratios, particularly in the red and blue channels.

Moreover, the linear combination of channels is optimized to steer PBV-signals from

interfering source(s), rather than minimizing sensor noise.

E�orts were made to conform to parameter choices described in the literature,

namely generating PPG-images from as little as 10 cardiac cycles. Yet, best results

were achieved for 100 sec, though 1 minute could have already been a safe option.

This window length is in agreement with the pioneering algorithm of Verkruysse et
al., Pulse Amplitude Mapping algorithm, where 10 consecutive amplitude maps of

5–6 seconds could be obtained using a regular RGB camera, and then averaged into

a �nal amplitude map. Although this setting suits the scope of this investigation,

it might be prohibitive for applications whose relaxation times are in the order of

seconds to minutes (e.g., vasodilation and vasoconstriction of local vessels [34]).

In Fig. 3.8 we demonstrated that both the CHROM and PBV imagers can eliminate

artifacts in PPG images of amplitude and phase. However, numerical errors are visible

at the corrected sites under the severe lateral lighting conditions, i.e., where the

magnitude of artifacts exceeded PPG by more than an order of magnitude. However,

if e�orts are made to achieve homogeneous illumination, this problem is minimized,

with the bene�t of overall image improvement [198].
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3.5 Conclusion

This chapter demonstrated that both CHROMi and PBVi are e�ective against BCG-

artifacts. From the PPG-images obtained in a number of subjects, our NRMS bench-

marking results showed that PBVi and CHROMi perform comparably and reduce

BCG-artifacts to less than 10% of the reference PPG signal strength at the palm. Both

imagers outperform BPI by more than an order of magnitude. Motion-robust chan-

nel mapping is, therefore, among the good practices that improve the validity of

PPG-imaging and push the boundaries of what can be obtained from this technique.

Finally, integrating PBV or CHROM into PPG-imaging frameworks enforces trust

into PPG-images and helps preventing interpretation errors.



Chapter 4

Camera-based vibrocardiography

SCOPE & AIMS: The feasibility of camera-based extraction of the carotid distension wave-

forms o�ers the prospect of a user-friendly alternative to Laser Doppler Velocimetry

(LDV) or accelerometry-based systems. Upon supplementary calibration of vessel wall

displacement to arterial pressure, our system may also be an appealing alternative to

applanation tonometry for extracting cardiac-related features from the central pulse

pressure waveform. However, neck measurements are invalid if the CA and JV pulsations

overlap.

METHODS: The �rst section of this chapter describes the application of camera-based micro-

motion imaging to extract health-related features from the contour of the carotid dis-

placement waveform. We build on the assumption that the cardiac-related frequency

components of the skin motion (sMOT ) waveform, as acquired at the vicinity of the

carotid artery under uneven illumination, receive a dominant contribution from the

carotid wall displacement. We propose a two-step approach at which sMOT signals

are queried based on the local amplitude of remote-photoplethysmography (rPPG)

sensors spanning the neck’s skin and then ensemble-averaged for cardiovascular health

assessment. In a second study, we built on ultrasonographic (US) insights to verify

whether trunk posture and skin-site variability within the neck in�uence cVCGI out-

comes. Using ultrasound (US), we recorded the wall movements of the CA and JV in 4

subjects (ages, 28–41 yrs) in the supine, recumbent and seated positions at sites in the

vicinity of the common CA.

RESULTS: Our system estimated the sti�ness index, augmentation pressure, augmentation

index and re�ection magnitude on a dataset comprising 28 participants (ages 23 to 62

yrs; 22 males). Skin-displacement waveforms were subsequently recorded by cVCGI

and compared with US recordings. CA displacements are dominant at the upper neck in

the seated-to-recumbent positions whereas JV pulsations are best probed in recumbent-

to-supine positions at the lower neck.

SIGNIFICANCE: cVCGI may be promising in early-stage diagnosis or ambulatory monitoring

in the lean and normal weight individuals. Although presented here as a standalone

system, cVCGI can be an auxiliary technique for improving sensor placement and signal

quality of other technologies.

PUBLICATIONS: This chapter was published as a journal paper [202] and as a conference

paper [201].

59
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4.1 Introduction

The carotid displacement waveform morphology provides valuable information re-

garding the arterial system [280, 317]. As the displacement waveform resembles

closely the (aortic) central pressure waveform, its assessment presents an opportunity

for cardiovascular risk strati�cation. Of particular interest is the derivation of vascular

parameters pertaining to arterial sti�ness and wave re�ection magnitude [110, 113].

For example, albeit with accuracy limitations, assessing arterial sti�ness by measuring

aortic pulse wave velocity (PWV) from a single waveform has been demonstrated

[237, 344, 346]. Likewise, the central augmentation index (AIx) and pulse pressure

were found to be independent predictors of all cause mortality, while the re�ection

magnitude (RM), de�ned as the ratio of the backward and forward waves, is a valuable

complement to PWV for predicting heart failure [272, 311].

Central pulse pressure (CPP) waveforms can be determined non-invasively by

calibrated applanation tonometry at the carotid site or indirectly by suitable trans-

formation of radial artery pressure waveforms [95, 240]. Though good correlations

were found between invasively measured aortic pressures and transformed radial

pressures, transfer functions are population-speci�c and are an inherent source of

error on an individual basis [188, 270]. In either case, correctly performed tonometry

readings require a well-trained operator and dedicated equipment. A possible alterna-

tive is deriving pressure waveforms be calibrating cross-sectional area waveforms

retrieved by ultrasound [327] or even by using the costly magnetic resonance imaging

[102]. Laser Doppler velocimetry (LDV) is another option for measuring CPP by

calibration of skin displacement waveforms. Despite bringing the added bene�t of

non-obtrusiveness, LDV requires users to manually �nd the optimal spot within

the neck for data acquisition and manually adjust the laser beam, a task which is

fastidious and error-prone [49]. These conditions preclude CPP measurements for

monitoring/diagnosis in larger populations or home-based care; this is a point where

we aim to contribute by proposing a possible alternative in which we attempt to

derive carotid displacement waveforms from camera-based skin motion signals.

Since the carotid is a distensible vessel, its diameter and internal pressure are

closely related over the physiological range [292]. The cardiac-related skin motion

(sMOT ) signal at the vicinity of the carotid artery can be taken as a close surrogate

of the central pulse to the extent that: carotid vessel wall movements are transmitted

to the overlying skin without signi�cant damping from subcutaneous fat and connec-

tive tissue; uneven lighting of the moving skin at the vicinity of the carotid artery

boosts brightness variations acquired by a camera; video recordings performed in red

wavelengths get a much larger contribution from the desired carotid displacement

signal, DCA, than from the confounding remote photoplethysmographic signal in red

wavelengths (rPPG-red), which has the lowest strength among the visible-infrared

spectrum [127]; and the common-mode ballistocardiographic (BCG) signal is also

negligible when compared to DCA.

This chapter is organized into two sections. In Section 4.2 we show the method-

ology for acquiring carotid displacement measurements by imaging the neck with
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a regular RGB-camera, and its use for assessing arterial sti�ness. The application

scenario is con�ned to collaborating subjects who refrain from voluntary movements

and uneven lighting conditions. As shown later in this section, an imaging map

of the neck enables user-guided identi�cation of the strongly pulsating skin spots

at the neck. Subsequent signal processing may then be employed to query and to

robustly ensemble-average the arterial motion signal from strongly pulsating spots.

The possible relevance of our system will be demonstrated by computing biomarkers

of cardiovascular health from the carotid displacement waveform alone on a dataset

comprising 28 subjects.

In Section 4.3, we assess postural and skin-site e�ects in remote skin-motion

measurements. Since the elevation of the neck elevation w.r.t. heart in�uences the

jugular vein (JV) pressure and magnitude of pulsations [21], we aim to verify if the

judicious selection of trunk posture during recordings may ensure reliable CA and

JV motion recordings. Moreover, we seek to assess if site selection|circumscribed to

the proximal and distal vicinity of the common carotid artery|in�uences a possible

overlap between CA and JV pulsations in remote skin-motion signals. To do this,

we performed vessel wall and skin-neck displacement measurements (using US and

cVCGI, respectively) on a number of subjects in the seated, recumbent (45 degrees

w.r.t. horizontal) and supine positions. The obtained insights were used to derive

recommendations for cVCGI measurements.

4.2 Remote assessment of arterial sti�ness

4.2.1 Methods

Modeling skin motion signals at the neck

Within this section we provide the supporting model and assumptions of probing the

carotid artery wall displacement waveform as skin motion in the neck. We consider

the scenario of subjects whose neck is unevenly illuminated. This condition is easily

met in practice and ensures that cardiac-related skin motion can be detected by

a camera sensitive to minute brightness variations, most notably in the vicinity of

pulsating arterial spots as in the carotid artery (e.g., carotid sinus). For these particular

spots, the cardiac-related skin motion signal, sMOT , as acquired by a camera in the

vicinity of the right carotid artery, can be modelled as follows:

sMOT (t, ~s, f iHR) = f(DCA(t, ~s)) +PPGλ(t, ~s) +CMBCG(t) +n(t, f iHR) (4.1)

where the indexes t and ~s translate temporal dependency and spatial variability

(horizontal and vertical image plane), respectively. f iHR is de�ned as f iHR = i·fHR <
fs/2, with i ∈ N, with fHR and fs being the pulse-rate and sampling frequencies,

respectively) and narrows the scope of Eq. 4.1 to the cardiac-related frequency bands.

f(DCA) is a function, f(·), of the carotid artery displacement at the skin of the neck

and is, therefore, our desired signal. Assuming f(·) to be linear is reasonable for neck
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motion signals as angular variations are within the order of 1 degree, though the

subcutaneous fat tissue between the carotid wall and the skin surface signal are a

likely source of signal damping, particularly higher order harmonics [204]. As shown

later, most of our signal processing e�orts are put into optimally acquiring these

signals and further minimizing sensor noise and interference.

PPGλ translates the interfering contribution from the rPPG signal in the wave-

length or camera channel at which data is acquired. The PPG-waveform depends on

the location and penetration depth of light [205]. Therefore, we cannot assume that

the PPG-signal resembles the arterial dilation that we wish to explore, and conse-

quently, choose to minimize its contribution. Accordingly, we performed recordings

in the red region of the visible spectrum since the relative signal strength is lowest

among the visible-infrared window [127].

Another interfering source that ought to be acknowledged is the common-mode

ballistocardiographic motion (CMBCG). The BCG signal propagates from the heart

to the head and can be clearly acquired by a camera even in subjects laying supine

with neck support [138, 273]. BCG waveforms di�er from arterial motion waveforms

and are most severe under non-orthogonal illumination; e.g., near edges [204, 215].

Note that the common-mode contribution of respiration was not considered in our

model since it does not occur at the pulse-rate frequency and was removed by band-

pass �ltering. Lastly, n(t, f iHR) accounts for camera sensor noise (white noise) and

occasional involuntary movements (e.g., swallowing) at the pulse-related frequency

bands. For convenience, the subscripts t, ~s and f iHR will be omitted in the remainder

of this section.

We will show later that the joint interfering contributions from BCG and PPG-

signals in the red channel of an RGB camera (PPGred) are typically below an order

of magnitude of the DCA-related component acquired in the vicinity of the carotid

neck. Consequently, we proceed with the approximate model of DCA as being the

dominant source of the sMOT signal; i.e., sMOT ≈ κDCA + n, where κ is an

unknown gain factor which depends on actual arterial wall displacement, attenuation

due to the vessel-to-skin tissue and the gradient of the local lighting �eld.

Diverging from the above approaches, the assumption of linearity between pres-

sure and diameter waveforms was examined by [292] on simultaneously acquired

carotid arterial pressure and diameter waveforms in a number of subjects with car-

diovascular disease, the conclusion being that, in practice, the hysteresis e�ects are

not serious, and the carotid arterial pressure–diameter relationship can be regarded

as being linear. For these reasons, we shall demonstrate the feasibility and clinical

value of our implementation on the measured sMOT waveforms assuming linear

calibration. For simplicity, sMOT waveforms may be presented in the normalized

basis 0–1 or pressure-scaled (DBP–SBP; units, mmHg).

Data acquisition

Dataset We recruited 28 subjects for our video recordings dataset (ages, 23 to 62

yrs; 6 females). Two subjects for which the sMOT signal could not be reliably
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acquired (due to low skin motion or failure in achieving uneven lighting conditions)

were excluded, resulting in n =26 valid recordings. The study was approved by the

Internal Committee Biomedical Experiments of Philips Research and an informed

consent was obtained from each subject.

Setup and data acquisition protocol Our experimental setup for camera-based

acquisition of sMOT is illustrated in Fig. 4.1. Measurements were performed in

a quiet, temperature-stable environment (room temperature, 20 degrees), so we

assumed hemodynamic stability during recordings. Each recording session consisted

of a measurement of brachial blood pressure (Mobil-O-Graph
®

PWA, Germany)

followed by a video recording of the neck (duration, 3 minutes).

During video recordings, subjects sat on a chair, with back and head support, in

a recumbent position (back support with an angle of about 70 degrees with respect

to the horizontal plane). Subjects were instructed to look to the front or tilt their

head leftwards such that the right side of their neck was exposed to the camera while

breathing normally and avoiding voluntary movements during video recordings. The

videos were recorded by using a regular RGB camera (global shutter RGB CCD camera

USB UI-2230SE-C from IDS, with 500×500 pixels, 8 bit depth) at a constant frame rate

of 30 frames per second (fps) and stored in an uncompressed bitmap format. Uneven

illumination conditions were created using two �uorescent (FL) lamps (Philips, model

HF3319/01). The used FLs are of a dimmable type, equipped with an internal power

supply and operated in AC-mode with a very high frequency around 22 kHz (high

enough to prevent interference with the camera frame rate).

One FL, hereafter denoted as FL2, was the dominant light source at the neck

and provided tangential illumination across the vicinity of the carotid sinus of the

neck. This enhances visibility of the carotid artery pulsations on the camera sensor.

Yet, lateral/uneven lighting conditions typically result in portions of the skin being

under-exposed (e.g., brightness below 30 least signi�cant bits out of 255), which would

translate to sensor noise magni�cation on AC/DC-normalized sMOT streams. To

overcome this issue, �lling light was provided by another source, placed frontally to

the skin and perpendicularly to FL2. The distance of the light sources to the neck was

about 30–50 cm for FL2 and 80–100 cm for FL1.

Synchronized with video recordings, contact-based PPG signals (cPPG) were

recorded in transmission mode at the index �nger of the right hand (model CMS50E,

Contec, China). Owing to higher signal-to-noise-ratio (SNR) than dCA, cPPG signals

were used for probing the instantaneous pulse-rate during recordings and as a refer-

ence signal/template for computing inner-product-based motion maps of the neck’s

skin. Both blood pressure measurements and cPPG recordings were performed at the

right forearm and hand. The right upper limb was supported on a rigid horizontal

table at the level of the heart. Figure 4.2 exempli�es some of our unevenly illuminated

neck recordings.
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FL2

REC

FL1

Figure 4.1: Setup for acquiring skin displacement waveforms at the vicinity of the carotid

sinus at the neck. Signals are acquired at the right side of the neck using the red channel of an

RGB-camera (REC). Two �uorescent lamps (FL) unevenly illuminated the neck. FL1 was frontal

to the subject and provided �lling light. FL2 (dominating light source) was placed laterally to

the neck so that skin micro-motion modulated local brightness. Simultaneously, contact-PPG

(cPPG) signals were acquired by using a �nger oximeter (right �nger, transmission-mode).

Processing pipeline

Figure 4.3 depicts our proposed signal processing pipeline. In a preprocessing stage,

skin is segmented and the skin pixels are used for assembling a 2-dimensional (2D)

array of sMOT streams from collocated subregions and converted to normalized

AC/DC. Micro-motion maps of the 2D-strength of the pulsating skin can then be

computed as a complex inner-product between a cPPG reference waveform and

sMOT streams. These amplitude maps guide the user at demarcating the suitable

skin region of interest (sRoI-DCA) for querying the carotid artery displacement.

The signal from sRoI-DCA is then ensemble-averaged and taken as an input for

wave separation analysis, resulting in a decomposition of forward and re�ected

displacement waves for each of the measured signals. The ultimate outcomes of

our pipeline are biomarkers of cardiovascular (CDV) health, which we exemplify

with sti�ness index (SI) and various clinically relevant wave re�ection parameters

(augmentation pressure, AP; augmentation index, AIx; and re�ection magnitude, RM).

We underscore that, in its current form, the proposed implementation is semi-

automatic and requires that outcomes to be validated by users. We also note that cPPG

signals are used but are not conceptually critical; in fact, if processing complexity is

not an issue, a fully non-ubiquitous version may be achieved by getting the reference
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Subject 12
Female, 30 yrs

Subject 13
Male, 28 yrs

Subject 14
Male, 29 yrs

Subject 16
Male, 23 yrs

Subject 18
Male, 60 yrs

Subject 4
Male, 60 yrs

Subject 20
Male, 26 yrs

Subject 1
Male, 59 yrs

Figure 4.2: Sample frames from our database. The yellow �ags point to the vicinity of the

carotid sinus.

• Skin segmentation
• Assembling skin motion 
  signals in space-time
•  AC/DC conversion

µMotion imaging Biomarkers
of CDV health
•  Stiffness index 
•  Wave reflection
   parameters 

Robust 
ensemble
averaging
(REA)

• sMOT amplitude
  mapping [neck] 

• sRoI selection for
  DCA extraction

Preprocessing

Figure 4.3: Processing pipeline to extract sMOT signals and derived biomarkers of cardiovas-

cular (CDV) health from unevenly-illuminated neck recordings.

signal from the rPPG signal (green channel) or by a state-of-the-art algorithm that

provides a high SNR in near-static scenarios [234, 341]. An in-depth description of

this pipeline will be provided in the following sub-sections.

Preprocessing First, the video frames (red channel; original size 500 × 500 pixels)

were blurred with a Gaussian kernel (box size, 45 × 45 pixels) to reduce the e�ect of

sensor and quantization noise, and subsequently resized by a factor of 1/5, resulting in

images of size 100× 100 pixels. Each of these frames was stored in a three-dimensional

data cube with two dimensions for the horizontal, x, and vertical, y, frame coordinates,

and a dimension for discrete time, l = 1 . . . L, where L is the length of the valid

portion of the video recordings. By excluding the initial and �nal 10 seconds of the
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Figure 4.4: AC/DC conversion for a sMOT stream: (a) Raw stream in least signi�cant bits

(l.s.b.; range, 0–255); (b) Normalized AC/DC stream [subject 4].

recordings, L was about 5000 frames. Skin regions were then identi�ed based on

manually-de�ned masks. In addition to non-skin pixels, we rejected overexposed

sites (brightness intermittently or systematically at 255 least signi�cant bits; l.s.b.)

and skin which was mostly covered by body hair, edges and that had low brightness

(<30 l.s.b.). Each of the temporally-varying streams at valid skin coordinates (x,y)

of the data cube are de�ned as sMOT streams in raw l.s.b. format. We recognize

sensitivity to local brightness and non-cardiac related motions as a limitation of this

signal representation, but the problem is easily solved by using AC/DC normalization

[325]. This is achieved as follows:

sMOTAC/DC(x, y, l) =
sMOTRaw(x, y, l)− sMOTLPF (x, y, l)

sMOTLPF (x, y, l)
, (4.2)

where sMOTLPF (x, y) was generated by low-pass �ltering (LPF) sMOT signals

(9th-order butterworth IIR �lter; cuto� frequency, 30 Hz), with x, y = 1 . . . 100 and

l = 1 . . . L. As exempli�ed in Fig. 4.4, the AC/DC-converted sMOT signals are

centered about the origin, while trends and low frequency drifts of the raw signal are

ameliorated. The achieved peak-to-peak amplitude was 0.01; for other subjects in our

database, the range was within 0.005 to 0.05. For convenience, the subscript AC/DC

will be omitted in the remainder of this section.

Mapping the relative strength of skin micro-motion To minimize the e�ect

of sensor noise while retaining most of the energy within the sMOT signals, we

initiated the imaging procedure by applying an adaptive band-pass �ltering (ABPF)

strategy. In the frequency domain, we selected the fundamental component of the

pulse-rate frequency (fHR) of both local streams and cPPG. Segments of 256 taps were
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processed in an overlap-add scheme with 50% overlap and Hanning windowing. For

each data segment, the pulse-rate was probed from the cPPG signal by peak detection.

Motion was quanti�ed at amplitude maps based on from the inner-product be-

tween the spatially-varying sMOT signals and a reference cPPG signal. The cPPG

signal was Hilbert-transformed and normalized so that∑
Re[s̃ref ]s̃ref = 1, (4.3)

where Re(·) is the real operator and s̃ref is the normalized and Hilbert-transformed

cPPG signal; i.e., s̃ref = Chilb(cPPG), with C being a normalization constant

[145]. For each image coordinate (x,y), the outcome of the complex inner-product

between s̃ref (l) and each local sMOT (x, y, l), l = 1 . . . L is a complex number

whose amplitude and phase result in corresponding maps. As exempli�ed in Fig. 4.5,

the strongest intensity points in a sMOT image typically occur in the vicinity of the

carotid sinus.

Although phase maps have a secondary role in this investigation, we recognize

their value as a tool for identifying signal inversions (of around 180 degrees shifts

in phase maps) in strongly pulsating spots. Phase inversion recommends caution

when merging individual sRoIs. To prevent adding RoIs with inverted phase while

keeping the protocol simple, we set as a default that the user demarcates a unique

RoI corresponding to the strongest pulsating spot in the vicinity of the carotid sinus.

Alternative locations within the neck or sternal notch are only eligible if this criterium

cannot be met.

Robust ensemble averaging (REA) Within this processing stage, we aim to ob-

tain a representative displacement waveform for each video recording. To this end, we

demarcated cardiac cycles (based on peak detection of the cPPG signal) and applied

ensemble-averaging as a temporal super-resolution algorithm; i.e, we traded o� a

su�ciently large number of cardiac cycles (Nc; about 200 cardiac cycles) to render

sensor noise (zero mean, gaussian-distributed) negligible and also to delay with the

relatively low temporal sampling rate (30 Hz). For improved robustness against

sporadic interferences or non-representative cycles (e.g., ectopic beats, arrythmia

episodes), our algorithm was equipped with a con�dence scheme (denoted as Motion

artifacts reduction; see Appendix for details) whereby relative weights are assigned

to individual cardiac cycles, based on a trust-metrics derived from correlation with

neighboring cycles. After registration of carotid artery displacement cycles to a tem-

poral template of 35 samples per cardiac cycles
1
, the REA procedure is expressed as

follows:

DCA =

∑Nc

n=1 d̂n wn∑Nc

n=1 wn
, (4.4)

1
On a sampling rate of 30 Hz, setting the length of the temporal template to 35 samples per cardiac

cycle is appropriate for typical cardiac cycles acquired at about 60–80 bpm; over�tting was not veri�ed in

any subject.
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Figure 4.5: Micro-motion imaging is based on the inner-product operation between a reference

signal, i.e., the Hilbert-transformed contact-PPG signal (cPPG, extracted by using a pulse

oxymeter; top left) and streams from local pixel-sensors spanning skin in red-channel video

recordings (i.e., neck and chin; bottom left). The outcoming “images” are maps of amplitude

(top right) and phase (bottom right).

where DCA is the measured and ensemble-averaged waveform for a given video

recording, d̂n is the registered carotid displacement cycles and wn denotes the corre-

sponding trust weights, n = 1 . . . Nc. 4.2.1 describes the computation of wn.

The quality of the ensemble-averaged DCA waveforms was assessed based on

the signal-to-noise ratio (SNR) metric. We considered the signal in the �rst 8 fre-

quency bands (fundamental of pulse-rate frequency and seven harmonics) on a Fourier

transform length of 256 per moving window. The signal power was computed as

the variance of the
ˆDCA cycle after band-pass �ltering around the relevant signal

bands. For estimating the noise power, we assumed that the noise level is white and

computed the variance of the noise in the �rst two non-cardiac spectral bands.

Experimental support for neglecting interfering sources to sMOT: For sMOT

to be a proxy of carotid wall displacement, the contribution of interfering sources

(PPG and common-mode BCG; see Eq. 4.1) needs to be negligible. This was veri�ed

on Subjects 12 (healthy female; age, 30 yrs; skin type III) and 18 (healthy male; age,

26 yrs; skin type III) from our cohort.

We compared sMOT with a dCA contribution versus without (hereafter denoted as

sMOTDCA versus sMOT0, respectively). For extracting sMOTDCA, we explored a

set of properties of sRoIs with a strong dCA contribution:

Location: the DCA signal is typically strongest at the vicinity arterial bifurcations;
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Signal strength: a strong dCA contribution to sMOT is evidenced as relative

hotspots in sMOT-amplitude maps;

Counter-phase: dCA can be queried in counter-phase from two neighboring RoIs.

Phase inversion translates to discontinuous shifts of about 180 degrees in sMOT-

phase maps.

For each subject, two sRoIs were selected (in amplitude maps) within the vicinity

of the carotid sinus. The queried counter-phase signals are modeled as follows:

sMOT ~A = ±f(DCA, ~A) + PPGλ, ~A + CMBCG, ~A + n(f iHR) (4.5)

sMOT~B = ±f(DCA,~B) + PPGλ, ~B + CMBCG,~B + n(f iHR) (4.6)

where
~A and

~B denote the spatial coordinates of the sRoIs A and B. The corresponding

area of both sRoIs is about 0.5–1 cm × 1 cm. Additionally, the interference signal,

sMOT0, was queried at the cheek, resulting in

sMOT~O = ±PPGλ, ~O + CMBCG,~O + n(f iHR). (4.7)

Note that the face is a convenient option for retrieving the CMBCG and rPPGλ
contributions. Not only is motion due to arterial pulsations nearly absent, but also

is the magnitude of CMBCG(t, ~s) fairly homogeneous over the neck and cheek; i.e.,

CMBCG(t, ~A) ≈ CMBCG(t, ~B) ≈ CMBCG(t, ~O). A similar simpli�cation is risky

for rPPG signals since its morphology is site-dependent [203] and rPPG-amplitudes

are typically stronger in the cheek than in the neck [325]. Accordingly, the average

interference error in sMOT (denoted as δCA) can be upper-bounded as the standard

deviation of sMOT0; i.e., δCA ≤ σ0. For our camera, the amplitude of rPPG signals

in the green channel was estimated to be 8.9 times stronger than in red
2
. This justi�es

our preference for the red channel. Denoting the standard deviation of the carotid

displacement signal in the selected sRoI as σDCA, the interference-to-signal ratio for

a selected skin site is approximated as:

δCA ≈
σ0

σDCA
. (4.8)

Biomarkers of cardiovascular health This section demonstrates how clinically-

relevant parameters can be retrieved from DCA waveforms. As examples, we provide

sti�ness index (SI), which was introduced by [194] as a measure of large artery sti�ness.

SI is the ratio of the subject’s height (h) over the temporal delay between forward and

re�ected waves (TDfr) (see Equation 4.9). The formulation of SI translates the facts

that a) TDfr is the transit time of pressure waves from the root of the subclavian

artery to the apparent site of re�ection, and back to the subclavian artery, and b)

that this path length can be assumed proportional to h. Therefore, SI is related to

2
The relative strength of the normalized rPPG signals in red and green camera channels was assessed

under homogenous illumination at palm recordings in [205].
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PWV; both are expressed in units of linear velocity (units, m/s). By de�nition, SI is

invariant to the subject’s height, which is a covariate to waveform variability among

subjects [312]. From SI, one might be tempted to readily calibrate SI to the clinically

relevant PWV. However, this procedure is complicated by the complex impedance

in the aorta bifurcations (re�ection sites) and even age-dependency, resulting in an

elusive elongation of the travel distance [346]. This is why we limit the scope of

our investigation to SI, hoping that this e�ect may be better understood by future

research, thus allowing conversion of SI to PWV.

A number of parameters of cardiovascular health don’t estimate arterial sti�ness

based on TDfr . Instead, these explore the ratio between the amplitude of forward

and re�ected waves and/or on its ampli�cation e�ect on the actual pressure. Relevant

examples are the augmentation index (AIx; %), augmentation pressure (AP; mmHg)

and the re�ection magnitude (RM; %) [311, 369], which are de�ned as:

SI = h/TDfr, (4.9)

AIx = (1−max(Df )) · 100 (%), (4.10)

AP = AIx · (SPB −DBP )), (4.11)

RM =
max(Db)

max(Df )
· 100 (%), (4.12)

where Df and Db denote the forward and backward waveform decompositions of

the measured DCA waveform. For providing AP (i.e., a pressure parameter) and

being able to compute Df and Db, we assumed morphological equivalence between

the normalized pressure and displacement waveforms; i.e., DCA ≈ PCA [292]; this

simpli�cation allowed us to apply waveform separation analysis (WSA) from the

pressure waveform alone by the impedance method. In its original formulation, WSA

requires simultaneously acquired pressure and �ow waveforms from a pulsating artery.

As a replacement for a measured �ow waveform, we used the state-of-the-art template

derived by [113]. Albeit being based on physiological data and on a Windkessel (WK)

model formulation, we acknowledge that template-based approaches for �ow may

introduce modeling errors in the computation of wave re�ection parameters [270].

For each subject, the WK-�ow template was adjusted to the shoulder and the

in�exion point of the signal since these characteristic points of the DCA waveforms

correspond to the peak of the �ow burst and to the end of systole, respectively [344].

Finally, the complex impedance of the aorta was determined to arrive at the forward

and re�ected components of the displacement waves. The implementation of WSA

with the WK-�ow template is detailed in 4.2.1.

The WSA procedure is illustrated in Figure 4.6 for a male subject from our database

(subject 4; 60 years old). Figure 4.6 (a) displays the �tted �ow template, while, in

Fig. 4.6 (b), the measured DCA waveform is represented with the corresponding

forward (Df ) and backward (Db) decompositions.
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Figure 4.6: Applying wave separation analysis to the remotely acquiredDCA waveform alone:

(a) WK-based �ow template (WK-�ow); (b) measured DCA waveform and its corresponding

forward (Df ) and backward (Db) components [Subject 4]. The two circles in DCA indicate

peak �ow and end of systole. All waveforms are temporally normalized to 100 samples per

cardiac cycle. The amplitude of the WK-�ow and DCA are normalized to unity while Df and

Db are expressed as a fraction of DCA.

Motion Artifacts Reduction (MAR)

The MAR procedure aims to ensure robustness against sudden motions, e.g., swallow-

ing. It is based on weighted averaging and rely on three major assumptions: 1. the

artifacts and the cardiac cycles are uncorrelated; 2. the artifacts have higher amplitude

than sMOT signals; 3. the corrupted portion of the DCA signals do not a�ect more

than half of the total recorded cardiac cycles.

We de�ned the “trust” weights as the positive Pearson correlation coe�cients

between a window of cardiac cycles and the median cycle of the DCA signal (AC/DC-

normalized). When the correlation is negative, the corresponding trust is set to 0. If

the standard deviation of the window surrounding the cardiac cycle under evaluation,

σw , is an outlier; i.e., σw is larger than 3 times the standard deviation of the median

DCA cycle (denoted as σREC ), the trust of a cycle is also truncated to 0. The MAR

algorithm is shown in Figure 4.7.

Figure 4.8 illustrates the e�cacy of ensemble-averaging based on trust weights in

subject 4. Correct operation was con�rmed in the remainder of our database. AnDCA

signal (normalized as AC/DC; see Figure 4.8(a)) is polluted by a strong motion artifact

(range 3000–3400). The corresponding trust is a vector whose amplitude varies in the

range 0–1. Notice that the trust for the displayed range is close to unity, except for

polluted segment, which was assigned zero (see Figure 4.8(b)). This allows artifact

suppression by simple element-multiplication of the trust metrics by the measured

DCA signal (see Figure 4.8(c)). The ensemble-averaged DCA waveforms achieve

SNRs of about 30 dB for the �rst 8 cardiac frequency components. Although DCA

and rPPG signals acquired in the green channel [205] are of comparable quality, these

are outperformed by contact-based PPG devices by about 6 dB.
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Figure 4.7: Algorithmic �owchart to obtain the trust metrics for a DCA signal.

Wave Separation Analysis

For extracting sti�ness and re�ection parameters from displacement waveforms, the

measured displacement waveforms need to be decomposed into forward and backward

waveforms. Within the literature, validated algorithms are described for decomposing

pressure waves, but not displacement waveforms. We shall use these while stressing

the assumption/simpli�cation (within this investigation) of equivalence between the

morphology of measured displacement and pressure waveforms at the carotid artery.

The displacement signal was �rst upsampled to 100 samples per cardiac cycle

and smoothed using Savitzky-Golay �ltering (3rd order, 7-tap Hanning window) in

order to condition the signals for subsequent calculation of higher order derivatives.

We performed wave separation analysis by the impedance method [128]. By using

Hametner’s Windkessel-based (WK) model [113], the procedure could be performed

from the displacement waveforms alone. For each measured displacement waveform,

Dm, the WK template for the �ow, QWK , was scaled to match the in�ection points

corresponding to the peak and end of systole. These characteristic points were

determined by inspecting the zero crossings or peaks of higher order derivatives

[113, 344].

We computed the (complex) impedance parameter, Z̃c, by averaging the 4th

and 5th harmonics of the ratio FFT [Pm](jω)/FFT [QWK ](jω), where the FFT [·]
denotes conversion to the Fourier domain. Unfortunately, the low SNR at higher order

harmonics precluded us from following the usual procedure of selecting harmonics
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Figure 4.8: Motion artifact reduction is achieved by weighting DCA streams (AC/DC normal-

ized) with a trust metrics: (a) DCA segment with a prominent motion artifact about 3000-3400

[subject 4]; (b) trust-weights assigned to individual cycles of the stream; c) robustly weighted

stream with corrupted cycles attenuated to zero.

until the 10th harmonics of the pulse-rate frequency [347]. However, most of the

displacement energy is concentrated in the �rst 5 harmonics, so truncation errors

are not likely to undermine the wave separation procedure. Having Z̃c, WSA into

forward and re�ected waveforms could be performed as follows:

Dforward = (Dm + ZcQWK)/2, (4.13)

Dbackward = (Dm − ZcQWK)/2 = Pm − Pf . (4.14)

4.2.2 Results

Table 4.1 contains the descriptive data for each individual, including gender, age,

systolic blood pressure (SBP) and diastolic blood pressure (DBP) and wide neck status

(WN). The former is true when the subjects have excess body weight; the super�cial

adipose tissue at the neck is wider than about 1 cm, and skin pulsations are not

visible by the human eye under lateral lighting conditions. The descriptives (means

± standard deviation) of systolic blood pressure (SBP) and diastolic blood pressure

(DBP) are, respectively, 122.7 ± 14.7 mmHg and 72.9 ± 9.7 (n = 28 subjects). No

subjects were under drug treatments.

Extracting carotid displacement signals

We shall exemplify the extraction of DCA signals in subjects 12 and 18 from our

dataset. Figures 4.9 (a) and (h) illustrate the corresponding neck being recorded under

uneven illumination. The remaining �gures are amplitude and phase maps for the

normalized red (Rn), normalized green (Gn) and normalized green minus red (GminR)

streams.
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Table 4.1: Descriptive data for the recruited subjects. Acronym: WN, wide neck status; BP,

systolic/diastolic blood pressure (mmHg); h, height (cm).

Subj. Age WN BP h Gender Subj. Age WN BP h Gender

1 57 1 135 / 74 180 M 15 23 0 112 / 61 165 M

2 62 1 147 / 95 162 F 16 26 0 121 / 78 173 M

3 49 0 121 / 66 163 M 17 28 1 138 / 86 170 M

4 60 0 135 / 76 176 M 18 60 0 120 / 76 175 M

5 58 0 127 / 86 155 M 19 40 1 127 / 84 165 M

6 54 1 130 / 66 165 F 20 25 0 143 / 70 178 M

7 48 1 137 / 80 168 M 21 42 0 106 / 62 160 F

8 62 1 111 / 72 170 F 22 35 0 103 / 65 200 M

9 28 1 126 / 73 180 M 23 28 0 95 / 62 155 F

10 27 0 109 / 68 172 M 24 28 0 124 / 69 180 M

11 30 0 115 / 60 157 F 25 25 0 122 / 69 182 M

12 28 0 97 / 68 168 M 26 23 0 116 / 88 178 M

13 29 0 126 / 69 185 M 27 26 0 142 / 78 178 M

14 28 0 148 / 85 172 M 28 40 0 102 / 56 171 M

We de�ned two neighboring sRoIs A and B such that DCA signals had maximum

strength and were in counterphase, depending on the orientation of the skin surface

with respect to the main light source. This was con�rmed by verifying the 180 degree

phase-opposition in the corresponding phase maps. Acquiring a signal from an

additional sRoI at the cheek—which does not contain a DCA contribution— allowed

us to verify that the magnitude of interfering signals in the red channel (sRoI O) is at

least an order of magnitude below DCA. The same observation is not guaranteed for

signals extracted from the green channel or involving channel combinations (e.g., Gn

or GminR), since the PPG-related contribution is higher. For example, for subject 4,

the strength of the signal in RoI A is about 4 times stronger than interfering signals,

while the amplitude of sMOT signals from RoI B is at the level of the interfering PPG
and BCG sources. We recall that the sRoI with the strongest DCA can be in phase

or in counter-phase. We corrected for this arbitrariness by setting the convention of

the systolic slope to be positive and �ipping DCA streams accordingly.

The ensemble-averaged signals from sRoIs A, B and O enforce the above insights

(Figure 4.10) and further con�rm that the shape ofDCA is una�ected by the polarity of

the sRoI, though the signal quality is improved when the strongest-amplitude sROI is

preferred. We note that the shape of rPPG signals (GminR) is deformed with respect

to the displacement signals. Rather than re�ecting the status of the large vessels, this

deformation results from the propagation of the pressure wave in the microvascu-

lar bed of tissue. The high resistance o�ered by the arterioles and capillary loops

(characterized by relatively small diameter and much higher rigidity) to �ow/pressure

waves causes signal damping and leakage of higher frequency content in waveforms.

Fortunately, signals extracted from the red channel are negligibly contaminated by

PPG. For example, for subjects 12 and 18, the peak-to-peak amplitudes of DCA 10

and 24 times above PPG-Rn, respectively (see Figure 4.10).

Figure 4.11(a) shows the performance of our framework based on the ratio of

interference-to-signal in DCA signals (δCA; see de�ning Eq. 4.8). In our database, the

DCA signals could be extracted from the common carotid artery (CCA) in 27 out of

28 subjects and the average δCA was only 0.09; this supports using sMOT as a proxy
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Figure 4.9: Motion-images for subjects 12 and 18 from our dataset. (a, h): sample frame of

the neck; (b-d; i-k): amplitude maps for the normalized red (Rn), normalized green (Gn) and

normalized green minus normalized red (Gn−Rn) streams; (e-h; l-n): phase maps for Rn, Gn

and Gn−Rn.

for measuring DCA signals. However, 4 (out of 7 subjects) had thicker super�cial

adipose tissue (SAT) and increased δCA and, for subject 9, signal extraction was only

possible at the sternal notch. Thus, the accuracy ofDCA may be reduced in pre-obese

and obese subjects. For the fundamental of the pulse-rate frequency and its �rst 7

harmonics, the SNR of δCA achieved 30.2 dB, which is just about 6 dB below the

similarly computed SNR of the reference cPPG device.
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Figure 4.10: Ensemble averaged signals from the neck and cheek, allowing amplitude and

shape contrast of DCA signals (from sRoIs A and B; sign-corrected) and interference signals in

Rn, Gn and Gn−Rn (from sRoI O).

Our dataset was processed by taking an sRoI that delivered the strongest displace-

ment signal amplitude. The procedure could be performed and signals acquired along

the common carotid artery (mostly in the vinicity of the carotid sinus) in 27 out of 28

subjects. For one male subject, DCA was acquired at the sternal notch.

Wave separation analysis (WSA)

WSA from the displacement waveform alone requires the detection of critical points

for the peak and end of �ow to be estimated using high order derivatives. This is

required to adjust the WK-based �ow template for the displacement waveform for

each subject. Figure 4.12 illustrates the WSA procedure on two males with an age

gap of 30 yrs and for which confounding parameters are closely matched (height

di�erence, 8 cm; heart rate di�erence about 13 bpm).

The criteria of �nding the �rst zero crossing of the 4th order derivative and

the relative maximum of the second order derivative of DCA allowed automated

detection of the instants for the peak and end of the �ow, respectively. The plausibility

of these critical points and the resulting waveform separations into forward and

backward/re�ected waveforms was visually assessed in all subjects of our database.

Figure 4.12 also seems to suggest a more prominent contribution from the re�ected

wave as a function of aging. This insight is in agreement with the literature [110].
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Figure 4.11: Performance assessment based on (a) the interference-to-signal ratio metrics

(δCA) and (b) signal-to-noise-ratio metrics. The average δCA (dashed line) is below 0.1. The

average SNR for δCA and cPPG was 30.2 dB and 36.3 dB, respectively. Acronyms: CCA, common

carotid artery; SAT, super�cial adipose tissue; JN, jugular notch.
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Figure 4.12: Detection of critical points for the peak and end of �ow using high order deriva-

tives, exempli�ed on two males with an age gap of 36 yrs.

However, the e�ect of height was also apparent (see Figure 4.13). For example, subjects
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12 and 14 are age-matched but the re�ected wave for subject 12 [height, 1.57 m; male;

30 yrs] is closer to the forward wave than for subject 14 [height, 1.85 m; female; 29

yrs], resulting in apparent augmentation.
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Figure 4.13: Displacement waveforms and corresponding decompositions, for a number of

subjects with varying age and height. Acronyms: DCA, measured displacement waveform;

Df , forward displacement wave; Db, backward re�ected wave.

As a simple presentation of the technology, we performed linear regressions

for AIx, AP, RM and SI as a function of age (see Figure 4.14) [13]. These variables

were positively correlated with age and the strength of correlations was strong [87].

We veri�ed that the heart rate of the subjects had a signi�cant decrease with age

(p < 0.05) but the range of variation was con�ned to the relatively narrow range

of 50–80 bpm. This rests the concern of HR as possible covariate to RM, AIx and SI

[350, 351].

Three subjects (see the corresponding amplitude maps and ensemble-averaged

waveforms in Fig. 4.15) were excluded from the regression analysis for SI because these

were outliers (above 14 m/s). The subject’s thick SAT in the neck region, which might

have dampened the dCA signals, is the possible cause of the problem. Speci�cally, the

identi�cation of the peak of systole based of the 4th-order derivative (see red circles

in Fig. 4.15) was inaccurate, while the �atness of the maxima of the backward waves

(Db) a�ected the estimates for the instant of peak Db in subjects 2 and 8. Possible

inaccuracies in waveform extraction and subsequent WSA were less problematic for

re�ection magnitude parameters and did not result in outliers. Thus, AIx, AP and RM,

were computed in the full dataset.
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Age [years] Age [years] Age [years] Age [Years]Age [years]

y = 0.65x + 23.9 %
(r = 0.712, p < 0.001, 
SEE = 9.2 %; n=28)

y = 0.38x - 5.7 mmHg
(r = 0.690, p < 0.001; 
SEE = 5.7 mmHg; n=28)

y = 0.73x - 10.4 %
(r = 0.716, p < 0.001; 
SEE = 10.1 %; n=28)

y = -0.22x + 72.6 bpm
(r=-0.420; p<0.05; 
SEE=6.9 bpm; n=28)

(a) SI (b) RM (c) AP (d) AIx (e) HR
y = 0.071x + 3.4 m/s
(r = 0.649; p < 0.001; 
SEE = 1.1 m/s; n=25)
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Figure 4.14: Linear regression analysis for sti�ness index (SI), augmentation index (AIx),

augmentation pressure (AP), re�ection magnitude (RM) and average heart-rate (HR) as a

function of age. Correlations were strong for SI, AIx, AP and RM.
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Figure 4.15: Amplitude maps and ensemble-averaged waveforms for subjects for which SI

results are not physiologic. Red circles and blue triangles indicate peak of �ow and end of

systole, respectively.

4.2.3 Discussion

We described a camera-based framework which provides carotid displacement signals

by measuring skin motion. Our work builds on the work of [354], who showed the

potential of using a camera for revealing subtle cardiac-related changes, as well as on

the contributions of Dang et al. and Amelard et al.. The former was the �rst to devise

a camera-based system specialized in recognizing pulsating skin areas on the neck,

while [16] described a framework for extracting jugular venous pulsations.

Acquiring carotid displacement signals as skin motion was enabled by the prox-

imity of the carotid artery to the skin’s surface—which guaranteed strong brightness
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modulations at the skin’s surface, particularly under uneven lighting conditions—,

relatively low common-mode BCG motion in the pulse-rate frequency bands, and

the negligible contribution of PPG at the red camera channel. Seemingly valid dis-

placement waveforms could be obtained for most subjects, though the neck thickness

reduces the accuracy of the extracted waveforms. This result is motivating given

the fact that the used camera is regular in terms of sensitivity (8 bits per camera

channel) and sampling rate (30 Hz); if costs are not an issue, the 12-bit sensitivity

and 100 Hz would easily translate to improved performance. By applying WSA, we

obtained strong correlations of sti�ness index and parameters of wave re�ection

(r-values about 0.6 − 0.7) [87]. The range and positive slope for increasing age,

veri�ed in AIx, RM and AP are in agreement to the results of [189] on radial artery

waveforms measured with tonometry and converted to CPP through a generalized

transfer function.

We proceed this discussion by identifying methodological and physiological

limitations of our proposed approach which future research may help to overcome.

Data acquisition. We acknowledge sensor sensitivity and a sampling rate of just 30

Hz as limitations. While sensor noise causes loss of higher-order harmonics, the latter

introduced timing errors in WDA and limited the bene�ts of signal processing options

to reduce noise. This poses the camera-based approach in disadvantage against

contact-based devices (e.g., accelerometers, gyroscopes) and also by LDV, for which

the 100-1000Hz range is easily achieved [215, 280]. However, a higher video sampling

rate is achievable and is recommended for future research. We further recognize that,

by measuring subjects in a recumbent position (back supported at about 70 degrees

with respect to the horizontal plane), we deviated from AHA 2015’s recommendations

of arterial sti�ness measurements being performed in supine [312]. This preference

allowed us to eliminate the contribution of venous pulsations that would interfere

with the measurement of carotid displacement waveforms. However, the protocol may

have introduced systematic di�erences in PWV (translated in SI measurements) with

respect to reference values [110], as well as changes in re�ection wave parameters. For

the sake of standardization, future work may consider adherence to established data

acquisition procedures and/or assess the practical extent of morphological di�erences

in DCA from supine to vertical (i.e., an investigation on the extent to which venous

pulsations present a threat to the validity of DCA measurements).

PWV from a single sMOT waveform. Recently, in 2015, the American Heart

Association (AHA) issued a position statement where single point estimates of PWV

are not recommended “because there is a lack of evidence of cardiovascular outcome

prediction in longitudinal studies” (Class III, Level of Evidence B) [312]. Single point

estimates for PWV make it implicit that forward waves get a dominant re�ection at a

[distal] bifurcation site in the aortic path in lower body. This suggests PWV to be

simply calculated as travel distance divided by the pulse transit time (PTT) between

the forward and �rst re�ection in measured pressure or displacement waveforms.
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However, [346] warned that the estimates for travel distance are often inaccurate:

since forward and re�ected waves in the distal aorta are not in phase, it was suggested

that re�ection sites are unde�ned and typically larger than body dimensions. Also,

when aortic PWV increases, PTT changes only little and the re�ection site appears

to move to the periphery and PWV is underestimated. We avoided this issue by

providing sti�ening index (SI) instead of PWV. The corresponding equivalence and/or

calibratability could be explored in the future by adjusting against covariates (e.g.,

age) or even in a subject-speci�c manner.

Computing PTT is also a source of error to PWV estimates since the forward

and re�ected components of measured waveforms are decomposed by WSA from

the pressure waveform alone [113, 344, 347]. A critical procedure is determining of

the characteristic impedance from experimental data, while the absence of a subject-

speci�c �ow waveform is likely to be another source of imprecision, speci�cally in the

synchronization of the �ow-template with the pressure waveform and demarcation of

the peak of �ow and end of systole [270]. In fact, by comparing wave decompositions

based a triangular �ow templates against Doppler ultrasound �ow waveforms, [270]

found errors whose magnitude precluded valid PWV estimations. Although we

preferred the �ow template developed by [113]—which was shown to outperform the

triangular method—our approach is not immune to timing errors resulting from using

derivatives, as well as the modeling errors of the template-based approach [113].

Spatial variability. Another concern is the spatial variability of the morphology

of displacement signals across the neck. We speculate that these di�erences are

mostly related to distance to arterial bifurcations and heterogeneity of the vessel wall

structure. This issue is not exclusive to our implementation. All carotid pressure or

�ow readings may su�er from the same problem since variations may occur within

the order of only 2 cm. We ameliorated repeatability issues by setting the criteria of

selecting sRoIs in the vicinity of the carotid notch.

Validation. The absence of reference method(s) of comparison is a limitation of

this study. Future work is needed to compare camera-based displacement waveforms

with, e.g., tonometry, invasive measurements of blood pressure using high �delity

catheters, ultrasound or magnetic resonance imaging. The suitability of the presented

technology warrants future validation also in obese populations or in cases of extreme

arterial sti�ness (e.g., aging or in advanced atherosclerosis).

4.3 Importance of posture and site selection

4.3.1 Introduction

Evaluating the mechanical properties of large arteries is critical in cardiovascular

health monitoring [149]. In this regard, the carotid artery (CA) caliber and proximity

to heart renders its pulsations relevant for deriving the central pressure waveform
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and the pulse wave velocity (PWV) [260, 302]. Complementarily, jugular venous (JV)

pulsations can also be acquired at the neck for diagnostic purposes [78]. As seen

in Fig. 4.16, the CA and JV traces di�er in morphology and timings with respect to

(w.r.t.) the ECG cycle [21].

CA

JV xA C V
y

PEP

ECG

x

P TQRS

Sternocleidomastoid
        muscle

Figure 4.16: Representative CA and JV pulses. PEP indicates pre-ejection period; CA, carotid

artery; JV, jugular vein; and ECG, electrocardiogram.

Conventional noninvasive techniques to detect cardiovascular pulsations, such

as mechanotransducers and piezoelectric detectors, are ubiquitous in clinics [260]

but come with a number of drawbacks, including obtrusiveness, inconvenience for

the patient and required user-training and experience [123, 212]. In this regard,

non-contact methods are interesting alternatives. Scalise et al.[263] were among the

�rst to report on the feasibility of non-contact measurement of CA pulsations at

the neck surface by using laser Doppler vibrometry (LDV) [149]. The LVD-based

extraction of skin displacement signals was subsequently explored by others [51, 51,

176]. Unfortunately, the practicality of this method is undermined by the requirement

for manual identi�cation of pulsating spots within the neck [51, 280].

Camera-based vibrocardiography imaging (cVCGI) systems overcome the issues of

LDV by providing pulsatile strength maps to assist the user in �nding pulsatile spot(s)

in the vicinity of the JV or the CA [16, 202]. As working principle, cVCGI systems

probe minute skin brightness variations that re�ect the cardiac-related changes in the

angle of the skin w.r.t. the incident light �ux. Skin surface-motion signals are easily

acquired under non-di�use illumination and have amplitudes which largely exceed the

typical range of PPG-amplitudes, particularly at the red camera channel [204]. Dang et
al. [70] were the �rst to propose a camera-based system for recognizing pulsating

spots in video recordings of the neck. The authors claimed having detected JV and

CA pulsating spots but measurements were con�ned to supine, raising concerns

as to whether CA pulsations were hidden by the stronger and more super�cial JV

pulsations. Amelard et al. [16] went a step further by acquiring JV waveforms in

supine, while also verifying the anatomical location of the CA and JV using ultrasound

(US). Still, no considerations were made regarding the dominance of each source to

the remotely acquired skin-motion signal.

In the previous section, we built on the above contributions and derived arte-
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rial sti�ness parameters based on remote CA displacement waveforms. On a video

dataset comprising measurements in sitting position, we veri�ed that the outcomes of

wave separation analysis correlated well with biomarkers of arterial sti�ness, tough

concerns emerged w.r.t. site-selection criteria on the reproducibility of the CA dis-

placement waveforms and validity in subjects with increased super�cial adipose tissue.

It is unknown if this methodology can be generalized to alternative postures because

of the possibility that skin-motion signals may receive overlapping contributions

from the CA and JV, which are close to one another until the carotid bulb.

The remained of this section is organized as follows. The next section describes our

approach for extracting the CA and JV displacement waveforms using US and cVCGI,

respectively. Results are provided in Subsection 4.3.3 and discussed in Subsection 4.3.4,

while concluding remarks are found in Subsection 4.4.

4.3.2 Methods

Participants

Four subjects participated in this investigation (ages, 28–41 yrs; 1 female; non-obese).

All subjects signed an informed consent form. The study was approved by the Internal

Committee Biomedical Experiments of Philips Research.

cVCGI recordings

This section describes our method for retrieving remote vessel displacements based

on skin-surface movements. Preference was given to cVCGI, rather than LDV, because

of the advantageous skin-surface maps of pulsatile strength.

Data acquisition Neck video recordings were performed in the sitting, recumbent

and supine positions. Subjects were instructed to refrain from voluntary motions

during each recording, which lasted for 4 min each. Non-di�use illumination was

provided by a �uorescent lamp (Philips EnergyLight, reference HF3319). An RGB

camera was con�gured to acquire data at 20 frames per second with 8 bits depth-

resolution (model µEye, IDS, Germany). Only the red camera channel was used in

subsequent processing. Finger pulse-oximetry signals (model CMS50E, Contec, China)

were acquired at the right index �nger, synchronously with video recordings. The

acquired data was stored in an external disk in an uncompressed format.

Signal processing Recordings were processed as in Moço et al [202]. The instan-

taneous pulse-rate and systolic instants were estimated from �nger oximetry signals.

Then, the obtained frames were used to compute amplitude maps of skin-surface

pulsations in the red camera channel.

The signals at the upper and lower neck were manually selected based on cVCGI

amplitude maps within the vicinity of the common CA segment (from about 2 cm

below the carotid sinus until the collar bone). Lastly, the queried streams were
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normalized and the successive cardiac cycles ensemble-averaged (EA) at a temporal

resolution of 33 samples per cardiac cycle. The sign of the extracted EA-waveforms

is arbitrary, so we adopted the convention implicit in Fig.4.16, with CA pulsations

having an ascending transition of the from diastole to systole, and JV pulsations a

descending transition following the characteristic AxC times.

US recordings

This section 4.3.2 describes our approach for measuring vessel displacements based on

ultrasound recordings, thus allowing us to investigate postural and skin-site selection

e�ects on CA and JV pulsations.

Data acquisition B-mode, transverse US video recordings of the common CA

and internal JV were performed using a Nanomaxx device (Sonosite, USA; linear

transducer, 10-5 MHz). Recordings were performed at the right side of the neck in the

sitting, recumbent and supine positions. Recordings were performed, consecutively,

with the transducer placed at the lower neck (at the proximal vicinity of the common

CA) and at the upper neck (about 2 cm below the carotid sinus; see Fig. 4.17). A total

of six US recordings were performed per subject.

~2 cm 
below the
Carotid Sinus
[Upper Neck]

Common 
Carotid Artery
[Lower Neck]

Ultrasound
Transducer

Figure 4.17: Anatomical locations at the neck for US recordings.

We inspected the right side of the neck and attempted to minimize the probe

pressure applied to the skin. Synchronous with US recordings, �nger pulse oximetry

signals were acquired at the index �nger. Subjects were explicitly asked to refrain

from voluntary motions during recordings (duration, 3 min; sampling rate, 30 Hz).

Signal processing US recordings were processed as follows. Rectangular regions

of interest (RoIs) were manually at de�ned for every 200 frames at the vessel sections

of the CA and JV (see illustrative bounding boxes at Fig. 4.18(a,c,e) for the CA and

JV). RoIs in intermediate frames were linearly interpolated. The traces of temporally

varying vessel movements within the RoIs provided an estimate of the CA and JV

displacement signals. These were measured by intensity-based lumen segmentation.
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Similar to Section 4.3.2, wall displacement signals were normalized and ensemble-

averaged to obtain representative vessel wall displacement EA-waveforms. These

were con�gured for a temporal resolution of 33 samples per cardiac cycle.

4.3.3 Results

Postural and site-selection e�ects on cVCGI Figure 4.18 summarizes the cVCGI

amplitude maps and EA-waveforms obtained by measuring the neck of one repre-

sentative subject (pulse rate, 55–60 b.p.m.) in the sitting (Fig. 4.18(a-c)); recumbent

(Fig. 4.18(d-f); and supine positions (Fig. 4.18(d-f). Figures 4.18(a,d,g) illustrate a sam-

ple frame for each posture, where clipped or underexposed (below 40 least signi�cant

bits) skin locations were identi�ed in black color and not used for signal extraction.

Figures 4.18(b,e,h) show the corresponding cVCGI maps of pulsatile strength, where

local hotspots are indicative of the vicinity of super�cial and pulsating vessels. Lastly,

Figs. 4.18(c,f,i) shows the EA-waveforms computed at a number of these spots (size,

15 × 15 pixels) within the upper and lower neck.

Figure 4.18 suggests that the remote skin-motion signal is modulated by CA

pulsations in the sitting and recumbent positions. In contrast, the remote signals

re�ect mostly JV pulsations in supine and recumbent (lower neck). It is interesting to

verify that the remote JV waveforms have characteristic AxCxVy points which agree

with the literature [21]. This gives us trust into the obtained measurements .

For the sitting and supine positions, it is encouraging to observe that the waveform

shapes are little a�ected if the selection points deviate within about 3 cm. It is also

interesting to notice that, in the recumbent position, CA- and JV-like waveforms can

be acquired, simultaneously, at the upper and lower neck, respectively. The upcoming

section will assess if these waveforms are devoid of interference between CA and JV

pulsations.

Ultrasonographic insights Hereby we aim at contrasting the previously obtained

cVCGI waveforms with actual vessel wall displacements (reference method). Accord-

ingly, Fig. 4.19 exempli�es US frames acquired for the same subject and postures as in

the previous section. It is observed that the JV is partially collapsed in the recumbent

and sitting positions, but extended in supine. Conversely, the CA segment has a stable

cross-section area across the inspected range.

For further analyses, RoIs were manually de�ned at US recordings and used to

retrieve EA-waveforms of vessel wall motion. As seen in Fig. 4.20, the wall motions

of the CA dominate in the sitting and recumbent positions. The JV wall motions

acquired in these postures re�ect CA patterns or are nearly absent (e.g., resulting in

the noise-like gray waveform in Fig. 4.20(a)). In supine, JV pulsations dominate the

skin-motion signals, irrespective of the probing site selection within the neck. In spite

of low temporal resolution, the US-based JV waveforms seem to have CxVy points.
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Figure 4.18: Skin-displacement waveforms acquired (a-c) in the sitting; (d-f) recumbent; and (g-

i) supine positions, evidencing that CA-like pulsations are generally seen in sitting-recumbent,

whereas JV-like pulsations are strongest in supine. The probing points for each position and

waveform are indicated as colored squares at the frames and amplitude maps.
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the [distal] sides facing the skin surface, respectively. The sternocleidomastoid muscle (SCM)
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4.3.4 Discussion

This paper assessed the validity of a cornerstone assumption of cVCGI systems; i.e.,

the reliance on cardiac-related skin-surface motions as proxy of the actual CA or

JV wall motions. If this holds, one may foresee the usefulness of cVCGI in assisting

diagnoses based on the central pressure waveform or on the pattern of JV pulsations.

E�orts to ease and improve the reliability of remote measurements are, therefore, of

great interest. In this sense, the awareness towards the importance of anatomical

landmark selections and posture during data acquisition can help to prevent erro-

neous procedures [70, 263]. Our work contributes to improve the validity of remote

measurements for cardiovascular health applications by o�ering the recommendation

that CA displacements are acquired as skin pulsations at the upper neck, and the

reverse if JV pulsations are preferred.

The fact that skin-surface motion signals could not be acquired simultaneously

with wall vessel recordings is a limitation of this investigation. Also, we did not

consider the possible distortive e�ect of the propagation of the displacement signals

in the sternocleidomastoid muscle and in the super�cial adipose tissue. Since these

structures are located between the pulsating vessels and the skin surface, its thickness

may impair remote motion measurements. Future work is warranted to investigate

this issue, particularly in the overweight and obese. Furthermore, we remark that the

resolution of the US device is lower than that of cVCGI. While illustrating a technical

advantage of camera-based measurements, this limitation precluded us from a more

thorough investigation of skin-site e�ects and characteristic timings of the JV and

CA pulsations. In this regard, we believe that this study sets the foundation for future

validations of cVCGI outcomes against magnetic resonance imaging.

4.4 Conclusion

We have shown the feasibility of camera-based micro-motion imaging for extracting

carotid displacement waveforms. Our framework allowed us to use skin motion signals

as a proxy for retrieving the carotid wall displacement waveforms. To exemplify the

technology, we measured SI (n=25), AIx (n=28), AP (n=28) and RM (n=28). Future

work is needed to validate camera-based displacement waveforms with a reference

standard and assess its potential suitability in clinical populations.

Our results support the exploration of skin-surface pulsations at the neck as proxy

of venous or arterial pulsations in LDV or cVCGI systems. For JV displacements, we

recommend that recordings are performed in recumbent or supine. CA pulsations are

optimally acquired at the upper neck in the sitting or recumbent positions.

Acknowledgements

I gratefully acknowledge the participants of this study for their time. For help with

the materials, I thank Prof. Ronald Aarts and Dr. Ad Denissen.





Part II

Phase imaging





Chapter 5

Skin inhomogeneity errors

SCOPE & AIMS: Photoplethysmography (PPG) imaging is a developing optical tech-

nique to remotely assess the local cutaneous microcirculation. The retrieved

amplitude and phase images show local amplitudes and relative phases of PPG

signals over the skin surface. However, there is limited understanding of the

meaning of site-speci�c phase variations in phase maps, e.g., between the wrist

and palm.

METHODS: This chapter highlights the contributing factors of light penetration

depth to the morphological variability of the PPG-waveforms and, consequently,

to the observed phase variations in PPG images. Observations of PPG waveform

heterogeneity were made from the hand region. These were augmented by

green and red-channel recordings of the human �nger undergoing di�erent

dilation states by externally applied compression.

RESULTS: These experiments lead to a model of how light interacts with the skin,

which provides a possible explanation for the observed in phase maps of remote-

PPG images.

We present a model and supporting experiments con�rming the contribution

of skin inhomogeneity to the morphology of PPG waveforms. We show that

the derived phase measurements re�ect morphological heterogeneity of PPG

signals to a larger extent than propagation-related phase di�erences.

SIGNIFICANCE: We further show how this model helps to understand reproducibil-

ity problems with recent papers on pulse wave velocity (PWV) estimation.

PUBLICATION: This chapter was published as a journal paper [203].
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5.1 Introduction

Photoplethysmography (PPG) is a non-invasive optical method to detect blood volume

variations in the microvascular bed of tissue [11]. An extension of the PPG concept is

imaging, remotely, the local perfusion at the level of the cutaneous microcirculation.

Remote-PPG (rPPG) imaging was �rst proposed, in visible light, by Verkruysse et
al. [325] to describe the e�ect of blood coagulation on the amplitude and phase

delay of PPG signals in skin, while Kamshilin et al. [145] has subsequently shown

enhanced resolution by computing rPPG-images as a similarity metric—the complex

inner-product using the Hilbert operator—between a reference PPG-function and an

array of PPG-virtual sensors spanning a given skin region of interest (RoI). Camera-

based rPPG imagers have been proposed to improve remote pulse rate extraction and

to detect medical conditions in the skin tissue [145, 286, 325]. However, exploring

the potential of this developing technique requires a better understanding of the

spatially varying phase and pulsating strength that is inherent to mapping PPG

signals using the complex inner-product. As a matter of fact, amplitude and phase

maps are obtained, but the current published evidence remains insu�cient to support

the clinical value that these maps may have [205, 370].

Previously, we have identi�ed ballistocardiographic (BCG) skin motion as an arti-

fact in rPPG-images and attempted to eliminate this interfering source by combining

camera channels; i.e., sensor arrays with di�erent wavelength sensitivity [204, 205].

Although the improved validity was unequivocal in amplitude maps, the artifact-

corrected imagers still contain phase variations which have no obvious interpretation.

Figure 5.1 illustrates the problem, where the Pulse Blood Volume (PBV[74, 205]) im-

ager and the Blood Pulsation imager (BPI[145]; using the green channel) are provided

as examples of a multiple- and single-channel imager, respectively. It is visible that

channel-combining by PBV addresses motion artifacts successfully, e.g., at the wrist it

is visible that the amplitude map becomes rather homogenous (as expected) and also

that the phase map is much more consistent. Still, the phase di�erence between wrist

and palm changes rapidly, while the smaller phase variations also have no obvious

explanation.
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Figure 5.1: Amplitude and phase maps, acquired at the hand and wrist of one test subject. The

PBV algorithm combines RGB channels, whereas BPI uses the green channel only. Arrows

highlight artifact mitigation at the wrist and palm. Scale is identical for PBV and BPI maps

(units: phase, degrees; amplitude, normalized AC/DC).
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In this chapter, we aim at improving the understanding of phase variations in PPG

images. We build on the anatomical description of the skin tissue, which is simpli�ed

as stacked horizontal layers (e.g., epidermis, dermis and hypodermis; see Fig. 5.2).

From the deep vascular plexus to the skin surface, there are changes in the caliber

and elasticity of the arterial vessels. Consequently, vessels pulsate di�erently as a

function of depth, thus in�uencing the pressure waveform and blood-volume varia-

tions at each speci�c depth. As the pressure wave propagates through the vasculature,

di�erent harmonics of the PPG-signal may be attenuated and delayed di�erently;

i.e., phase “dispersion” in PPG phase maps occurs. This supports our suggestion that

di�erent wavelengths (i.e., light penetration depths) result in di�erent morphologies

for the remotely-acquired PPG-signals—an hypothesis which is compatible with the

observation of gradual phase delays, from blue to infrared (IR) [316].

Later in this chapter, clear di�erences will be shown between the rPPG signals from

the red and green camera channels. Wavelength-dependent di�erences in the scattered

light from the skin, even between collocated sites, is consistent with the spatial

heterogeneity of the skin architecture (see schematics in Figure 5.2), including the

cutaneous vasculature [183]. Unfortunately, skin-site variability is ignored in imaging

(mapping) the phase of PPG signals, possibly leading to erroneous interpretations.
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Figure 5.2: The multi-layered structure of the skin, with rami�cations and decreasing caliber

of arterial vessels from hypodermis to epidermis and contrast in penetration depths for red

and green illumination. From the interaction of light with the skin, PPG signals are formed.

Red and green wavelengths re�ect di�erently weighted light energy sums over depth [7, 126].

rPPG-images are the outcome of a two-step approach, where signals are �rst

extracted from each collocated skin site, recorded by a video camera and then corre-

lated with a Hilbert-transformed reference function for the remote-PPG signal [145].

Such reference is the same for all sensor locations. Typically, it is the signal that

results from processing a user-de�ned region of interest (RoI) at the skin followed

by Hilbert-transformation. Each pixel location in the rPPG-image accounts for the

correlation between the sensor signal and a reference PPG-signal. There is a validity

issue in this approach because the complex inner-product provides a phase map
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which has an unclear meaning if the shape of the signal changes over the skin (e.g.,

see Fig. 5.1). Thus, PPG phase-maps may re�ect the shape variability of PPG to a

comparable or an even greater extent than the contribution from the propagation of

the cardiac pulse pressure wave.

In the remainder, we shall con�rm the expectations from our simpli�ed skin model.

In the �rst experiment (Section 5.2.2), we demonstrate waveform deformation from

small arteries to the bed tissue by contrasting the waveforms of skin (i.e., radial artery)

motion at the wrist (wMOT), transmission-mode PPG using red illumination (TxPPG)

and re�ection-mode PPG (RxPPG). In a second experiment (Section 5.2.3), it is veri�ed

that the green-RxPPG waveforms are a distorted and delayed version of their red-

RxPPG counterparts and that compressing the microvasculature reduces waveform

dissimilarity between red and green. Finally, we shall discuss important consequences

from the model that have been neglected in recent publications and led to erroneous

conclusions. Also we shall show how the model leads to a better understanding of

phase and amplitude maps with the emerging PPG-imaging technique.

5.2 Analysis and methods

5.2.1 Modeling light interaction within the skin

It can be helpful to brie�y revise the in�uence of wavelength selection on light pene-

tration depth within the skin, which unequivocally con�rms that the skin layers are

wavelength-selective. Anderson and Parrish [19] highlighted that the chromophores

of the epidermis and stratum corneum, in general, determine the attenuation of

radiation in these layers to a larger extent than the optical scattering mechanism.

Also, although the blood chromophores (Hb, HbO2, and bilirubin) determine dermal

absorption of wavelengths >320 nm, scattering by collagen �bers largely determines

the depths to which these wavelengths penetrate the dermis [18]. When scattering

is marked, most photons experience multiple scattering before being absorbed or

back-scattered from the sample [19].

The epidermis (depth range, 0–80 µm) may be sampled by all wavelengths but

absorbs mostly blue (<490 nm). The super�cial dermis (depth range, 50-200 µm)

has Hb and HbO2 as main absorbers and is reached by wavelengths above >500 nm.

For example, the estimated penetration depth of the 544 nm (green) wavelength is

about 0.3 mm, which concerns the reticular dermis; i.e., a highly di�using �brous

structure (situated at the mid-dermis) which severely limits the contributions to the

PPG-signal from deeper vascular structures for green-to-yellow wavelengths. This

means that the upper (subepidermal) vascular plexus is responsible for almost the

entire absorption of the green light. Thus, only the di�usely re�ected light using red

and infrared wavelengths (> 590 nm) reach the deep dermis and hypodermis, which

contain the deep vascular plexus and large vessels [7].

The e�ect of light penetration depth in the remote-PPG signal morphogenesis

was speci�cally investigated by Huelsbusch [126]. By simulating the visitation proba-

bilities of photons at di�erent skin penetration depths, he concluded that the di�usely
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re�ected green illumination samples mostly the super�cial (average depth, 50 µm)

from the super�cial vascular plexus, while light in red reaches the deep vascular

plexus. It is noteworthy that the exact numbers reported in the literature are in-

consistent, which is possibly due to contrasts between data acquired in vitro or in
vivo, modeling simpli�cations and tissue variability among skin sites or populations

[170, 243].

Since the light penetration depth is wavelength-dependent, the pulsating compo-

nent of the scattered light (i.e., the PPG signal) is a unique mixture of contributions

from each of the skin layers, where deeper wavelengths scan deeper layers and vice

versa. Accordingly, the remote PPG signal may be modeled as a weighted average of

the contributions from di�erent layers:

PPG(~x, λ, t) = C1(~x, λ)PPGcapillary(λ, t) + . . .
C2(~x, λ)PPGarteriole(λ, t) + . . .
C3(~x, λ)PPGartery(λ, t)

(5.1)

where the coe�cients, C1, C2 and C3, depend on the wavelength λ (due to blood

absorption) and location ~x = (x, y, z), where x and y are the surface coordinates

within the skin, and z refers to the penetration depth dimension. The dependence on

~x re�ects, therefore, the inhomogeneity of the skin-layers in the remote PPG(~x, λ, t)
signal. Clearly, we acknowledge that the above is a discrete simpli�cation and in

reality the signal results as an integral over weighted contributions. The proposed

model is consistent with the following predictions:

• Although shorter wavelengths (particularly yellow-green) only reach the less

pulsatile super�cial skin layers, its sensitivity for blood-volume variations is

stronger than for red and infrared (IR). Hence, for blue-to-yellow illumination,

low pulsatility at a shallow skin layer su�ces to generate a stronger signal than

by using red and IR, yet the latter reaches more pulsating vessels. [65]
1

• Signals extracted using less penetrating wavelengths are more delayed because

they “see” mostly smaller vessels. For the same reason, shallower penetration

wavelengths have a decreasing high-frequency (HF) content of the pulse signal.

We expect that PPG-signals obtained with red light have a relatively small

delay and little loss of HF-content compared to signals re�ecting arterial wall

motion (which can be measured as a BCG-motion at the skin surface above

larger arteries). However, PPG from green light is expected to show much more

HF-loss and a further increased delay compared to PPG in red;

• Compressing the skin is expected to decrease the morphological di�erence

between red and green PPG-signals, as blood is removed from the super�cial

1
The non-linear relation between the strength of PPG signals and the blood absorption curve was

shown by Corral et al. [65]. Speci�cally, his measurements showed that the PPG-strength is fairly correlated

to the blood-absorption for the deeply penetrating wavelengths between 600 nm and 900 nm. The signal

strength rises less than proportional to the blood absorption towards the hemoglobin absorption peak at

550 nm and falls even steeper towards 400nm (even though the blood absorption increases further).
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plexus and light-modulation is more determined by deeper vessels for all wave-

lengths. We expect a resulting rise in PPG amplitude for all wavelengths and a

decrease in relative phase shifts.

This investigation involved two experiments at the right upper limb which aim

to test the above predictions. The study was approved by the Internal Committee

Biomedical Experiments of Philips Research and an informed consent was obtained

from each subject.

5.2.2 Experiment 1: Waveform changes across the arterial path

The measurements for experiment 1 were carried out in four healthy subjects (ages,

22 to 30 yrs; 2 male). Subjects with painted skin/nails or skin diseases were excluded.

We further required skin motion at the wrist to be visible to the human eye under

lateral lighting conditions. For each participant, we jointly acquired and compared

surrogates of the pressure signal at the radial artery and at contrasting levels of the

microvascular bed of tissue. This allowed us to demonstrate progressive deformation

of the pulse pressure waveform across the terminal arterial path, which is currently

not accounted for in PPG-imaging algorithms.

Sampling PPG at the surface of the dermis, comprising arteriole endings and

capillaries [126], was achieved by using the shallow penetrating green-channel from

the camera (hereafter denoted as RxPPG-green). Similarly, PPG was sampled deeper

(also including the dermal artery) by inspecting the transmission-mode PPG (TxPPG)

signal from the �nger pad. Extracting TxPPG by using a camera was �rst demonstrated

by Rubins et al. and validated later for pulse-rate monitoring by Amelard et al..

Complementarity, remotely probing skin motion in the vicinity of pulsating

arteries is a means to assess the morphology of the cardiac pressure waveform prior

to deformation across the skin tissue. The rationale of this approach is that vessel

wall movements and local arterial pressure are almost linearly related for small

arteries such as the radial artery (diameter, 2–3 mm), although we acknowledge that

di�erences may exist between signals of skin displacement, blood �ow and arterial

pressure within the vicinity of an artery. We shall denote the remotely-acquired

motion signal at the wrist as wMOT. Remotely extracting skin motion in the vicinity

of the radial artery displacement was demonstrated by Moço et al. [205].

Data acquisition

The setup for Experiment 1 is illustrated in Figure 5.3. An RGB camera detected,

simultaneously, surrogate signals of the cardiac pressure wave: PPG (at the palm

and �nger) and skin motion (in the vicinity of the radial artery). Illumination was

provided by two �uorescent (FL) lamps and a red LED. Recordings were performed

under mixed lighting conditions: side illumination for the wrist, bilateral for the

palm and mostly punctiform red retro-illumination for the �nger pad. wMOT signals

were acquired under lateral lighting conditions (i.e., by covering the outer side of
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the wrist with black cardboard; see Figure 5.3). Re�ection-mode PPG signals were

formed over the whole skin surface, although lighting conditions were most even (and

thus less contaminated by motion artifacts) at the palm. At the �nger pad, the LED

provided back-illumination at the pointing �nger so as to result in the TxPPG signal.

We note that, at the �nger, the transmissive signal is a much larger contribution than

re�ection-mode red-PPG, causing the latter to be negligible. The hand was supported

on a rigid horizontal surface, while the LED was attached to the back of the �nger nail

and did not move during video recordings. For minimized inter-channel interference,
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Figure 5.3: Setup for inspecting pressure waveform changes across the terminal arterial path

at the upper limb. Signals are collected at the wrist (wMOT, lateral illumination), �nger (TxPPG)

and palm (RxPPG-green, bilateral illumination).

the camera was equipped with a dual-band optical �lter (passbands: green, 500–560

nm; red, 620–680 nm). The green and red channels of the color camera selected the

green and red peaks of the FL illumination (see normalized spectrum in Fig. 5.3).

The LED provided illumination within the 620–680 nm band (evenly for this range).

Recordings were performed for three minutes at a sampling rate of 50 Hz.

Signal processing

Figure 5.4 shows the processing pipelines of the procedures applied in experiment 1:

a) PPG-imaging and b) ensemble-averaging from user-de�ned or re�ned skin RoIs.

Both were implemented in MATLAB. Each procedure is described in the remaining

of this section.

PPG-imaging rPPG-maps (here interchangeably referred to as rPPG-images) were

computed for the red and green channels. To this end, frames were �rst registered
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with respect to (w.r.t.) the central frame of the video sequence [247] to stabilize small

involuntary movements. The frames were subsequently blurred with a Gaussian

kernel (size, 45) and resized by a factor of 1/5. Each pixel in the obtained PPG-images

shall be subsequently referred to as a sensor-element, while m and n are the vertical

and horizontal coordinates within the rPPG-image, respectively.

The processing in each sensor-element (m,n) begin with the corresponding

raw RGB streams being lowpass �ltered to extract its “DC” component (9th order

Butterworth �lter; cuto� frequency, 30 bpm) and normalized as AC over DC. Then,

rPPG streams were adaptively bandpass �ltered (ABPF) so that only the fundamental

of the pulse-rate was selected. ABPF processing was performed in the frequency-

domain in a stride processing approach. The signals were processed in strides of

512 samples (i.e., about 10 cardiac cycles) with an overlapping factor of 50%. Each

stride was detrended, multiplied with a Hanning window and �ltered in the frequency

domain by selecting the fundamental of the pulse-rate frequency. The camera-based

TxPPG was used as a reference for pulse-rate estimation in the ABPF processing.

Single-channel PPG-maps were computed as the complex inner-product between

individual skin sensors (normalized as AC/DC), in the red and green camera channels,

within the recording frames and a reference function. Accordingly, the value of

the rPPG-image at location (m, n) is the normalized inner-product between xRef
and sm,n; i.e, PPGIm,n =

√
2/L

∑L
l=1 sm,n(l) x̃Ref(l). xRef denotes the reference

signal. The reference remote-PPG signal was set to be the Hilbert-transformed TxPPG

signal (normalized as AC/DC), as extracted from the �nger pad. Similar to regular

sensor streams, the reference signal was denoised by ABPF. The signal was �nally

Hilbert-transformed and normalized to unit norm as

∑
Re[x̃ref ] x̃ref = 1.

Ensemble averaging Firstly, RoIs were de�ned for the extraction of RxPPG-green,

TxPPG and wMOT signals. For RxPPG-green, the skin RoI was user-de�ned at the

palm, at a site where the corresponding location in PPG amplitude-maps was fairly

uniform. We ensured that the RxPPG amplitude at the selected RoI was relatively
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strong in green (e.g., >0.005, in normalized AC/DC), while the amplitude in the

red channel was at least an order of magnitude below the sites of strong pulsation

in the wrist. In this manner, the RxPPG-green signals have a minimal interfering

contribution from skin motion. TxPPG signals were extracted from a RoI de�ned

at the �nger pad. wMOT signals were extracted (within the vicinity of the radial

artery) at the skin locations that correspond to local hotspots in the PPG amplitude-

map of the red channel. For selection of motion spots, thresholds in the range of

0.005-0.01 proved e�ective. For some subjects, skin motion sensors from neighboring

clusters had opposite signs (an e�ect of skin depression/dilation in each cardiac

cycle); when negative, the polarity of wrist motion signals was inverted. Secondly,

all signals were preprocessed by amplitude conversion to AC/DC and ABPF, using

the conservative range of the �rst 8 harmonics of the pulse-rate. Finally, ensemble

averaging was performed in two steps: 1) Individual cycles were re-scaled to the

median number of samples per cardiac cycle (at a sampling rate of 50 Hz); 2) the

cycles were combined by using the median. The �rst and last 3 cycles were excluded

from the ensemble-averaging procedure. Contact-PPG signals from pulse oximetry

were used as a reference for peak detection and instantaneous pulse-rate estimation.

5.2.3 Experiment 2: Finger compression

We conducted an additional experiment (hereafter referred to as Experiment 2) where

the �nger pad was inspected in normal conditions and under externally-applied

compression against a glass plate. The rationale of the experiment is that mild

compression applied to the skin “optically clears” blood from the dermis/subdermis

and partly or fully occludes dermal arterial vessels. In response to increased vascular

resistance and an immediate reduction of capillary blood from the skin, vasodilation

(by mediation of nitric oxide) is induced locally to protect the skin tissue [32, 313]. This

intervention complements Experiment 1 by showing causality between conducting

properties of the skin layers and the morphology of PPG signals. The measurements

for experiment 2 included 5 subjects (ages, 20–35 yrs; 4 male). Subjects with painted

skin or nails were excluded.

Data acquisition

Figure 5.5 illustrates the experimental setup for data acquisition, which reuses the

RGB camera (with bandpass �lter) and two FLs (bilaterally placed around the �nger)

from Experiment 1. Both the FLs and camera were covered by polarizing �lm (cross-

polarizing scheme) to further improve signal quality.

We selected the �nger pad as a convenient region of interest. Finger recordings

were made, �rst, without contact with a surface and then under mild applied compres-

sion. PPG waveforms were simultaneously acquired in the green and red wavelengths.

While green mostly samples arteriole endings and capillaries, the di�usely re�ected

red light reaches deeper and larger vessels [126]; having these contrasting light pene-

tration depths allowed us to investigate, non-obtrusively, waveform dissimilarity for
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Figure 5.5: Setup and rationale for the �nger compression experiment. Acronym: APD,

average penetration depth.

the baseline and compressed states. Recordings were performed consecutively for

two minutes per each stage and at a sampling rate of 30 Hz.

Signal processing

Figure 5.6 illustrates the signal processing pipelines required for ensemble averaging.

The outcoming cycles were used to study the e�ect of compression and to derive the

transfer function between non-compression and compression conditions.
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Frame size
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Figure 5.6: Processing pipelines for ensemble-averaging �nger RxPPG signals, at the red and

green camera channels.

RxPPG signals were acquired from the �nger pad. The same user-de�ned skin

RoI was used to extract RxPPG-red and RxPPG-green signals at the red and green

camera channels, respectively. Apart from the fact that the reference for pulse-rate

estimation and for peak detection was extracted from a contact-PPG signal (acquired

by using a �nger oximeter attached to the right middle �nger), the processing and

ensemble-averaging procedure was similar to Experiment 1.
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5.3 Results

5.3.1 Experiment 1

For compactness, results are shown for subjects whose PPG-waveforms are repre-

sentative of two identi�ed types reported in the literature [194]. Subject A has no

clear dicrotic notch (re�ected wave) in the PPG-waveforms while subject B does (see

Figure 5.8). Figure 5.7 depicts the spectral density of fragments of RxPPG, TxPPG and

the wMOT signals (normalized AC/DC; duration, 20 seconds). Alongside the input

AC/DC signals are their denoised versions by ABPF around the �rst 8 harmonics of

the fundamental of the pulse-rate. This is a conservative harmonic range since the

cardiac-related peaks are mostly con�ned to the �rst 3–4 harmonics of the pulse-rate

frequency.
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Figure 5.7: ABPF preprocessing in the frequency domain, for test subjects A and B.

For each subject in Figure 5.8, ROIs were demarcated at the �nger, palm and

wrist for the extraction of TxPPG, RxPPG-green and wMOT, respectively. When

the ensemble-averaged cycles from these signals are plotted jointly, morphological

heterogeneity is clearly seen. With respect to wMOT, TxPPG seems to be less distorted

than RxPPG-green (see Figure 5.8(a) and Figure 5.8(b)). Similar observations hold for

the remaining two test subjects recruited for experiment 1.

The above insights were con�rmed by the frequency responses of the skin tissue

(modeled as transfer functions; TF), from wMOT to RxPPG-green at the hand palm

(TF1) and wMOT to TxPPG (TF2). These are plotted in Figure 5.9 (a) and Figure 5.9

(b) for subjects A and B, respectively. We considered up to the �rst 4–6 harmonics of

the pulse-rate for both subjects as higher order harmonics were increasingly more

compromised by noise and provided marginal added value for the analysis. It was

observed that TF1 and TF2 have a low-pass characteristics harmonics of the pulse-

signal, which is more pronounce for TF2. Stated another way, the frequency content

drops progressively as the pressure waveform propagates from the radial artery (2–3

mm diameter) to the upper dermis. The phase response further indicates that the

signals are also delayed from wMOT to RxPPG-green and from wMOT to TxPPG.
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Figure 5.8: Sample wrist motion (wMOT) and rPPG ensemble-averaged waveforms acquired

at RoIs of the wrist, palm and �nger (abbreviations: TxPPG-r, transmission-mode PPG signal in

the red channel; RxPPG-g, re�ection-mode PPG signal in the green channel). The amplitude

maps at the red channel were used to extract the wMOT signal.

5.3.2 Experiment 2

We evaluated four subjects (ages, 25 to 35 years old; one female, two males) for

whom skin motion at the wrist was visible under lateral lighting conditions. Data is

shown for two subjects whose PPG-waveforms are representative of the main types

reported in the literature: subject A has no clear dicrotic notch (re�ected wave) in the

PPG-waveforms while subject B does (see Figure 5.8(a) and Figure 5.8(b)).

Subjects underwent two consecutive recordings at the �nger pad. Initially the

skin had no contact to the glass plate. The second recording was performed under

contact against a glass plate. The applied pressure at the �nger was estimated to be

within 100–200 g per 0.5 – 1 cm × 1 cm. This mild pressure was su�cient to cause

blanching to the skin (partial obstruction to blood �ow). During compression, three

subjects reported feeling pulsations in the �nger. In 2 subjects, the PPG signal was

clearly visible by the naked eye. Figure 5.10 shows the ensemble-averaged waveforms

for subjects A and B. To ease comparison, data is presented both as AC/DC and scaled

to 0–1. For each plot, the signals from the red and green camera channels are plotted

jointly.

The most obvious change induced by skin compression in an increase in the

strength of signals. For both subjects, the amplitude gain exceeded a twofold increase

for the red channel and a fourfold increase in the green camera channel. Compression

changes are also visible as morphological changes in the remote PPG signals. Both in
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red and green, we notice that the morphology of PPG signals change into a dilatory,

parabolic-like pro�le, with an increased crest time (i.e., the duration between the foot

and edge of the PPG waveform increases). Concomitantly, the removal of venous

blood from the upper dermis (observed by increased average brightness of the probed

skin w.r.t. baseline values) and partial of full occasion of capillary units allows the

green light to penetrate deeper into the skin. Upon application of pressure to the skin,

it appears that the shape of the green-rPPG resembles more the shape of the red-rPPG

waveform. To con�rm this observation, we may inspect of the TFs between the PPG

signals in the red and green camera channels (input and output, respectively), which

are provided in Figure 5.11 for 2 subjects, in the range of 0 to 5 Hz. It is evidenced that

the skin has a clearly more pronounced low pass �lter characteristics in the baseline

condition than in the compression condition. Under compression, the attenuation

is within about 90% of the fundamental of the pulse rate in the 0–5 Hz range and

the introduced phase delay is halved for subjects A and B. These results, therefore,

indicate that the microvasculature of the skin becomes transparent when venous

blood and small caliber arterioles and capillaries are “cleared” from the optical path

of the scattered red and green light.
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5.4 Discussion

Experiment 1

Experiment 1 illustrated waveform deformation across the terminal arterial path

(from the radial artery to the upper dermis). We observed gradual delay and lowpass

�lter characteristics in the TFs between wMOT to TxPPG-red and from wMOT to

RxPPG-green. Such observations are consistent with earlier expectations that the

microvascular bed of tissue introduces delay and distortion.

Waveform deformation is a confounding e�ect in propagation-related phase

measurements, particularly those obtained by inspecting selected PPG sensors from

phase-maps. However, point-to-point algorithms meant for estimating peripheral

PWV are also a�ected by this error source. To give a better impression of the problem,

we scaled the waveforms to unity and attempted to retrieve transit time as the temporal

lag for which proximal and distal waveforms are at half of its relative height. Based

on Figure 5.8, it clear that PWV measurements are unreliable in re�ection-mode at

the green channel, possibly because of the lower SNR of signals w.r.t. wMOT and

TxPPG and because shape dispersal is higher between spaced locations. Estimating

PWV based on the TxPPG at �nger and green-rPPG at the palm would return invalid

results if either a point-to-point approach or if the inner-product was used.

When PWV measurements are performed between less deformed waveforms, the

validity of results improve. At the wrist (wMOT) and �nger (TxPPG), the temporal

delay in the order of 1/50Hz. For a wrist-to-�nger spacing of about 17 – 20 cm and

heart rate within 50 – 70 bmp, this transit time measurement is consistent with aortic

PWV measurements (range 4 to 12 m/s [110]), although minor changes in parameters

(e.g., subtle changes in the RoI selection for wMOT and TxPPG signal extraction)

a�ects measurements to di�erent values. For subjects A, B, C and D, peripheral

PWV values were grossly estimated as 10–11 m/s, 8–9 m/s, 9–10 m/s and 4–5 m/s,

respectively. Typical values for healthy young individuals would be within 6–8m/s

[110]; the found discrepancy is likely due to a) added propagation delay of TxRed

w.r.t. wMOT; and b) the fact that PWV increases from the aortic vessels to periphery

[215].

Our results of waveform deformation and consistent with earlier observations of

Bernjak et al. [33], which showed deformation (shape and delay) between tonometric

signals from the radial artery and laser Doppler �owmetry signals from the �ngertip

within the same limb. Future work is warranted to assess whether a combination

of remote-PPG and skin-motion measurements (as an alternative to laser Doppler

�owmetry and pressure) enables simultaneous characterization of the states of the

macro and microvasculature.

Experiment 2

In experiment 2, external pressure was applied to the skin to in�uence the elastic

properties of the vessels. Locally increasing the dilation of the �nger pad vessels
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resulted in increased propagation-related delay, crest time, waveform similarity and

signal strength in red and green wavelengths. As in the previous experiment, these

insights were derived from qualitative observation on the ensemble-averaged wave-

forms in red and green and also by inspecting the system response of the skin (given

RxPPG-red and RxPPG-green as inputs and outputs, respectively). Overall, the �nger

compression intervention support the hypothesis that regional variations in arterial

sti�ness introduce spatial variability in PPG-waveforms and dispersal in phase images,

particularly when similarity metrics are used.

There are a number of studies of the e�ect of compression in PPG signals. For

example, Bergstrand et al. [32] evaluated a multi-modality system combining laser

Doppler �owmetry, infrared-PPG, and green-rPPG in a single probe for the simulta-

neous measurement of blood �ow at di�erent depths in the tissue. When pressure

was applied to the sacral skin region, the signal strength of green-rPPG had a modest

but signi�cant increase of about 40% for 50.0 mmHg, whereas the IR sensor registered

a twofold increase, also for 50.0 mmHg. Within the setting of remote PPG-imaging,

Kamshilin et al. also obtained results of increased PPG signal strength in green light-

ing when gentle compression (about 0.3 N per cm
2
) was applied to the palm of the

hand by contact with a glass plate [146].

Unfortunately, neither of the above studies target, speci�cally, morphological

changes upon applied pressure to the skin. Still, Teng et al. [303] partly overcame this

gap in the literature by reporting on how pressure a�ects the transit time between a

proximal reference and the PPG signal at a distal site. Accordingly, PPG signals were

collected by using a �nger oximeter in infrared lighting conditions [303–305]. The

experimental results and theoretical model further support increases in signal strength

when pressure is applied to the �nger. Also, it is veri�ed that compression slightly

increases PTT between a proximal reference and the foot of the PPG signals. Although

our current study does not aim at transit time, we could con�rm increased delay in the

front wave of the PPG waveforms, both in red and in the green wavelengths, when

pressure was applied to the �nger pad. To the best of our knowledge, compressing the

skin has not been reported in the literature as a means of showing that the penetration

depth of green approaches red when venous blood is removed from the bed tissue

and the microvasculature is partly to fully occluded.

Implications

Light interaction with the skin Our model preconizes that the vessel elasticity

(compliance) at the microvasculature is depth-dependent and is compatible with the

consensus that PPG signals result from blood volume variations [11]. We support

that volume variations have origin in the dilation/collapse dynamics (i.e., �lling

and emptying) of the microvasculature and that the modulation of the rPPG-signal

(amplitude and morphology) is depth-dependent. Thus, we diverge from the recently

proposed model of Kamshilin et al. [146], where the emphasis in on the elasticity of

the connective tissue; i.e., pulse oscillations of arterial transmural pressure would
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mechanically deform the connective-tissue components of the dermis, resulting in

periodical changes in the optical properties of the skin.

Pulse rate and PPG-amplitude In light of our �ndings on waveform heterogene-

ity for di�erent depths, a pitfall is identi�ed in existing remote-PPG algorithms, which

is the achievement of motion robustness by linear combination of camera channels

with the grounding assumption of signal redundancy over color/camera channels.

Fortunately, in visible light applications (e.g., using an RGB camera with overlapping

optical �lters [74]) the PPG signal is dominated by contributions from wavelengths

around 550 nm. Thus, the approximation error is small / acceptable for pulse rate

detection and PPG-amplitude estimation. This strategy has been proven e�ective in

large motion scenarios [340] and also against motion artifacts in PPG-imaging [205].

The approximation is also valid for applications using red-to-infrared wavelengths as

the penetration depths are most similar [19, 319].

Phase measurements However, caution is advised when it comes to applications

with stricter requirements for phase accuracy, e.g. when measuring the arterial

travelling time of the cardiac pressure wave propagating from heart to peripheral

sites [215, 309]. Such PPG point-to-point measurements with a camera in the visible

spectrum, just as the emerging PPG-imaging methods, often rely on the complex

inner-product for measuring phase di�erences between remote PPG-sensors [162, 365].

Consequently, waveform heterogeneity is an important source of error. Within a

single body site, signi�cant PPG-phase shifts between RxPPG sensors may occur

due to skin inhomogeneity as we have shown, but they should not be confused with

arterial pulse wave travelling times, which are negligible between neighboring skin-

sites. We further note that the relative time lag between red-IR PPG signals is not

necessarily an independent indicator of health, as hypothesized by Vahdani-Manaf

and Kayıkçıoğlu [316]. Their data just shows that blood absorption changes with

breath-holding: for lower SpO2 values, the blood absorption of red and IR becomes

similar. Hence, light penetration becomes comparable and the relative delay reduces

(as supported from our model). We can expect that a change in skin temperature may

a�ect super�cial skin perfusion and the relative delays as a consequence.

Towards clinical applications Mapping the skin microvasculature at di�erent

depths has been pursued by a decade [130, 183, 349]. This publication contributes to

this goal by providing observations of waveform heterogeneity in the PPG signals at

two contrasting wavelengths, as well as a supporting physiology-based skin model.

Future work could be directed towards exploring the potential of PPG maps as features

for characterizing the depth-varying perfusion state of the microvasculature.

Further exploration of remote SpO2 is also worthy of future investigation. Par-

ticularly, we expect that calibration using visible light, as attempted by Guazzi et al.
[111], is likely challenged by the mentioned skin non-homogeneity a�ecting green

and blue PPG-strength relative to red. Thus, we are concerned that calibration of



110 Chapter 5. Skin inhomogeneity errors

SpO2 measurements is likely possible, but only for deeply penetrating light (λ >
620 nm) [323]. Lastly, we highlight the potential of PPG-imaging as an intermediate

processing step in algorithms aiming at pulse wave analysis or even PVW estima-

tion. Yet, PPG-imaging remains to be carefully interpreted due to the still limited

understanding of the e�ects of skin inhomogeneity in rPPG-images, stress/pressure,

temperature and other confounding factors [12].

Limitations

Experiment 1 provided valuable information about waveform heterogeneity across the

terminal branches of the arterial path and also on the root cause of phase variations

in PPG phase-maps. Yet, we acknowledge a number of methodological limitations: a)

despite stabilization of the hand, the red and green channels may contain remnants

of skin motion artifacts; b) the signal-to-noise ratio in the red camera channel at

the overall skin and the green at the �ngers was low due to reduced brightness. We

were able to assume that RxPPG at the palm is much stronger that the local BCG-

artifacts and the sensor noise level, and still use the green channel as the basis for

RxPPG-green signal extraction and processing. However, the same considerations for

RxPPG-red are not possible. Consequently, we could only contrast the morphology

of ensemble waveforms of RxPPG in green and red in experiment 2. The results from

both experiments are speci�c for the hand and position, including elevation w.r.t.

the heart level; other settings may result in di�erences in the shapes of signals or as

response to compression [121].

5.5 Conclusion

This investigation showed that light penetration depth a�ects the morphology of

remote-PPG signals. Shallower penetrating green illumination results in higher

distortion and phase delay w.r.t. to the pressure wave in large arteries, while sampling

deeper (red illumination) into the skin minimizes this e�ect, though at the cost of

lower signal quality. Regional variations in PPG maps were explained by recognizing

the waveform shape variability is ignored if rPPG imagers rely on the complex inner

product as a similarity metrics. PPG phase maps may be more suited for tissue

characterization than for retrieving propagation-related measurements. Publications

on imaging a single body site (which rely on the complex inner product) for retrieving

PWV should be interpreted with caution. Instead, foot-to-foot approaches, preferably

using distant proximal and distal points in the aortic path, are recommended.



Chapter 6

Waveform dissimilarity in
dual-depth reflectance PPG

SCOPE & AIM: The pressure wave is attenuated as it travels through the vascu-

lar bed of tissue. Thus, re�ectance photoplethysmography (PPG) waveforms

probed using dual-penetrating wavelengths, such as green (G) and red (R; the

deepest) are dissimilar. This chapter unravels the dual-depth aspect of PPG.

METHODS: Firstly, we modeled the wavelength-dependency of the shape of re�ection-

PPG signals in G (520–580 nm) and R (625–720 nm). Skin compression perturbs

the relative contributions of the dermal and subdermal blood volume variations

sources (BVVs) to PPG and was used to verify our model. Re�ectance-PPG

signals in G and R were acquired on the �nger of nine subjects (ages, 26–

32 yrs). Measurements were performed during unperturbed and compressed

skin, which reduced or suppressed super�cial blood volume variations sources

(BVVs). The resulting dataset (N=83) comprises a continuum of relative con-

tributions between subdermal and dermal BVVs. Two parameters were used

for describing dual-depth dissimilarities: the phase shift, φ, between the �rst

harmonics of the subdermal and dermal BVVs, and the observed phase shift

(PS) between PPG signals in G and R.

RESULTS: The average φ was 37.6, CI 95% [22.0, 53.2] degrees. At uncompressed

skin, this corresponds to an average phase shift between R–G waveforms, PS,

of 12.5, [7.8, 17.2] degrees. The understanding of re�ection-PPG as a weighted

sum of dissimilar BVVs was explored further by performing measurements

under a broad range of probe pressure intensities.

SIGNIFICANCE: Our results suggest the usefulness of the (PS, φ) pairs for microvas-

cular characterization and diagnosis.

PUBLICATION: This chapter was published as a conference paper [200].
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6.1 Introduction

Opto-physiological skin measurements enable diagnosis and follow-up in treatments

of various microvascular diseases [12]. Typically, non-obtrusive functional/perfusion

status assessments of the tissue involve the usage of laser-based instruments [248].

However, these are costly and prone to motion artifacts, which leads to regarding

PPG-based systems as interesting alternatives [197].

PPG sensors detect blood volume variations in the microvascular bed of tissue

by collecting light backscattered from the skin [11]. Current PPG sensors enable

re�ection- or transmission-mode acquisition and have become ubiquitous in pulse

oximetry. Yet, the options with PPG are not limited to vital signs [274]. In fact,

the PPG-amplitude was shown feasible for monitoring perfusion in skin and organs

[90, 253] and for quantifying the transient increase of perfusion after port wine stain

treatments [325]. Another approach to PPG exploration is to aim at identifying

physiological information within the PPG-waveform morphology; for example, the

in�uence of age-related arterial sti�ening [85] and vasodilation status [121].

One of the �rst investigations on the potential of the PPG-waveform for studying

the skin microcirculation was done by Gailite et al. [94], who suggested that waveform

dissimilarities between ultraviolet-to-infrared PPG signals could o�er insights into the

depth-variety of the skin-blood pulsation dynamics. However, speci�c applications

were not explored and the subsequent work remains scarce [183]. A decade after

pioneering studies, one may wonder why the concept of depth-probing did not yet

make its way into clinical settings. An explanation is that the extent of deformation

across the microvasculature remains poorly understood.

We experience a similar need for solid opto-physiological knowledge in our own

work on PPG-imaging [203, 205]. We veri�ed that the dissimilarity between dual-

depth PPG waveforms results in relative PSs in PPG-phase maps [203]. Typically,

R signals are “advanced” w.r.t. its G counterparts, e.g., up to 30 degrees for PPG

waveforms acquired, remotely, at the palm of the hand [205]. In this regard, PPG-

phase maps seem to be mostly an outcome of depth- and site-dependent skin non-

homogeneities, with PSs being most pronounced when wavelengths probing di�erent

depths of the tissue are combined, e.g., as by using RGB camera channels. However,

this explanation was not supported further.

Our current study addresses the above gap by exploring a simpli�ed skin-model

for the genesis of re�ectance-PPG signals, including the wavelength-dependency of

their shapes. Moreover, we provide the means to obtain the parameters of the model

using a dual-depth PPG system, which may be useful in the scope of microvascular

health diagnosis. We narrow our scope to the skin-depth dimension.

The remainder of this manuscript is organized as follows. Within the next section,

we describe the methodology of dual-depth re�ectance-PPG spectroscopy. Then, we

present our skin-model, featuring phase measurements as metrics of dissimilarity.

Lastly, skin compression is presented as proof-of-concept and means to derive model

parameters. Results are presented in Section 7.3 and discussed in Section 7.4, with

implications for microvascular research.
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6.2 Methods

6.2.1 Time-resolved spectroscopic measurements

Participants

Nine subjects (26–32 yrs; 2 females) participated in this study, which was approved

by the Internal Committee Biomedical Experiments of Philips Research. An informed

consent was obtained from each subject.

Data acquisition

Skin re�ectance were recorded at the index �nger using time-resolved spectrometry

(model, USB2000+; �ber probe, R400-7-SR, Ocean Optics, Inc, FL, USA). Each recording

consisted of a set of N = 2048 time-series acquired in parallel at collocated and non-

overlapping bands within 341 – 1027 nm (sampling rate, 16 to 18 Hz). The illumination

was made stable in ranges of 500–750 nm or 500–950 nm by using a �uorescent LED

or an incandescent bulb, respectively.

Figure 6.1: Di�use re�ectance setup for multispectral re�ectance-PPG measurements at the

�nger. Acronym: OFP, optical �ber probe.

Recordings lasted for 1 to 2 minutes. The spectrometer operating software (Spec-

traSuite, Ocean Optics, Inc., FL) was used for data acquisition and storage.

Signal processing

Signals were processed o�ine in the Matlab environment (the Mathworks, Inc., MA).

Re�ectance streams within 520–580 nm (G) and 625–720 nm (R) were �rst calibrated

by subtracting the dark noise level.

As in previous work [203], re�ectance signals were used to obtain [AC/DC]

normalized and ensemble-averaged (EA) PPG waveforms, which we shall denote as

PPGG and PPGR. In essence, EA waveforms are super-resolved PPG-cycles and

are obtained by registering and combining the individual PPG cycles within each

recording. EA waveforms were con�gured to 21 samples per cardiac cycle.

Our data was also used to measure the PPG-amplitude and relative phase spectra

in the 500–940 nm range. These spectra were computed as the complex inner-product



114 Chapter 6. Waveform dissimilarity in dual-depth re�ectance PPG

between PPG sub-bands and a reference PPG signal within the merged range of

500–653 nm. To reduce noise, only the �rst harmonics of the pulse-rate frequency

was used. For each recording, we determined the standard deviation of PPGG and

PPGR, denoted as |Gn| and |Rn|, and its respective ratio, RGoR. PS and RGoR
can be extracted from the PPG spectra or from the EA waveforms, but the latter are

more robust against sporadic motion artifacts. Recordings for which the (PS, RGoR)

pairs obtained by both methods di�ered by more than (5
o
, 5) units were labeled as

unreliable and were excluded from subsequent analyses.

6.2.2 Dual-depth waveform dissimilarity analysis

Figure 6.2(a) shows a depth color-coded microangiogram (OMAG) of the �nger nail-

fold, evidencing capillary loops, and upper and deep plexuses [56]. This resource o�ers

valuable insights into the diameters of dermal arterioles. A variability of �vefold can

be expected, but the vessel diameters are still within the range of 10–100 µm, which

is much less than those found in subdermal tissue (in particular the dermal artery;

about 1.5 mm) [310]. These morphological di�erences support clear dissimilarities

between BVVs originating from the dermis and subdermis, but not between upper

and lower plexuses. Figure 6.2(b) shows a simple model with epidermis, two dermal

layers and subdermal tissue. Blood volume variations are con�ned to the dermal and

subdermal layers: the dermal BVVs are pulsating arterioles, whereas the subdermal

tissue has the digital artery and its closest rami�cations as pulsatile sources.

Figure 6.2: The microvascular morphology and dynamics at di�erent depths: (a) concatenated

OMAG images of the �nger nailfold (yellow and cyan-blue denote super�cial and deep vas-

culature, respectively; white bars, 1 mm × 1 mm); and (b) the skin as a pulsating structure,

comprising epidermis (non-pulsatile), two dermal layers and subdermal tissue.
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The �rst harmonics of the PPG signal at wavelength λ may be expressed as a

weighted combination of sinusoidal sources from dermal and subdermal layers:

PPG(t, λ) = cU (λ) sin(ω(t)) + . . .

cL(λ) sin(ω(t) + φL) + cS(λ) sin(ω(t) + φ),
(6.1)

where ω(t) accounts for the temporal dependency of blood volume variations. The

relative phase shift, φ, is the maximal dissimilarity between BVVs in the depth

dimension. Similarly, φL is the shift of the PPG-source from the lower dermis relative

to the subdermal tissue. Since φL � φ, we shall set φL ≈ 0. Lastly, the constants

cU and cL translate the contributions of the upper and lower dermal layers to the

total PPG signal, whereas cS accounts for the opto-physiological properties of the

subdermal tissue. For convenience, the temporal-dependence, t, will be omitted in

the remainder of this section, whereas wavelength-dependence will be accounted for

with subscripts G and R.

Haemoglobin absorption has a relative peak in the 500–580 nm band. This is

why the penetration depth is shallower for G than for R, and also why PPGG is

modulated mostly by BVVs at the upper-to-mid dermis [203]. R signals penetrate

much deeper into the skin and are also modulated by subdermal tissue, including the

digital artery. As such, the PPG signals in G and R may be approximated as

PPGG ≈ (cU,G + cL,G) sin(ω), (6.2)

PPGR ≈ cS,R sin(ω + φ) + cL,R sin(ω). (6.3)

As metrics of dissimilarity, the relative phase shift, PS, between PPGG and PPGR,

can now be obtained as

PS =
180

π
phase (〈H(PPGG), PPGR〉) (6.4)

where H(PPGG) = PPGG + iXi represents the Hilbert transformation (Xi is

phase-shifted w.r.t. PPGG by 90 degrees) and 〈.〉 stands for inner-product. Equation

(6.2) shows that PPGG is fairly proportional to dermal BVVs, but an analogous

statement does not between PPGR and subdermal BVVs. In normal skin, φ is not the

observed PS; at most, φ upper-bounds PS. As such, there are insu�cient equations

to solve for all unknowns. Fortunately, this issue can be overcome by measuring the

pressurized skin (see Fig. 6.3).

Perturbing the skin by a mild/strong compression intervention e�ectively isolates

sub-dermal pulsation and corresponds to adding an extra equation to our framework.

Accordingly, the PPG signal in R simpli�es to

PPG
(c)
R ≈ c

(c)
S,R sin(ω + φ), (6.5)
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Figure 6.3: In (a) normal (uncompressed) skin, G wavelengths are mostly modulated by dermal

BVVs. During (b) skin compression (mild/strong), modulations by subdermal BVVs dominate

PPG in R wavelengths.

where the reduced concentration of non-pulsating blood in the dermis (resulting from

mild/strong compression) was translated into an increased c
(c)
S,R w.r.t. the baseline

cS,R. The baseline-compression pairs allow φ to be retrieved by (6.4) based on the

inner-product between PPGG and PPG
(c)
R .

6.2.3 Probe pressure e�ects on dual-depth re�ectance-PPG

An insightful proof-of-concept for our skin-model|featuring re�ectance-PPG as a

summation of distinct BVVs|is to study dual-depth PPG e�ects in response to external

compression. This intervention changes PS by perturbing the c terms in (6.2,6.3);

i.e., the “mixing weights” for the dermal and subdermal BVVs. As long as the digital

artery is not occluded (compression is below the systolic blood pressure) subdermal

BVVs are always present in re�ectance-PPG signals, whereas dermal BVVs have their

relative contributions reinforced or attenuated.

Data acquisition

A total of 233 re�ection-PPG measurements were performed on Subject 8 from our

dataset, over 19 recording sessions and in a time-span of 6 months, which naturally

randomized the physiological status of the skin. Signals were acquired under a

continuum of applied pressure, ranging between “low” (no blanching nor occluded

dermal pulsations), “mild” (blanching without occlusion of dermal pulsations) and

“strong” (blanching with occlusion of dermal BVVs). Measurements for which |Rn| <
0.001 were noisy (N=30). These measurements were averaged together. The resulting

dataset contains 83 reliable measurements.

Statistics

The dataset was segmented into probe pressure levels based onRGoR (ranges,RGoR >
5.5, RGoR ∈ [2.5 6], and RGoR < 3, for “low”, “mild”, and “strong” probe pressure

levels, respectively). For each group, we conducted separate one-way ANOVA tests
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to compare the e�ect of probe pressure levels on |Rn| and |Gn|. Then, we �tted

robust linear regression models between RGoR and PS, separately for each group,

and determined the corresponding signi�cance, adjusted coe�cient of determination

(r’
2
) and standard error of the estimate (SEE). Reproducibility was veri�ed in the

remaining subjects from our dataset. The statistical signi�cance was set at p < 0.05.

6.3 Results

Probe pressure e�ects on dual-depth re�ectance-PPG

Low, mild and strong compression induce distinct pulsatile regimes within the skin

tissue. Insights will be derived by studying waveform dissimilarities will be under

each of these regimes.

Mild compression

Figure. 6.4(a) shows the re�ectance in the G–R wavelength in the transition from low-

to-mild compression. Mild compression led to cutaneous blanching, which is apparent

as an increase in the DC component of the re�ectance signal. Re�ectance changes

upon compression were most pronounced in G wavelengths, which is consistent with

reduced dermal blood volume. A perhaps more interesting e�ect of the transition

from low-to-mild compression is the increase in the PPG signal’s amplitude.

Let us proceed by inspecting the AC/DC-normalized EA waveforms, separately

for R and G (see Fig. 6.5(a)). These evidence that mild compression led to amplitude

increases, which were more pronounced for R. When the waveforms are compared in

unit axis, it becomes apparent that dissimilarities also increased (see Fig. 6.5(b-c)).

More insights are possible by characterizing compression e�ects in terms of

changes in RGoR and PS parameters. These are illustrated at the PPG-amplitude and

relative phase spectra in Fig. 6.6(a) and Fig. 6.6(b), respectively.

Mild compression reduced RGoR and almost doubled PS. This is consistent with

cutaneous blanching coupled with partial occlusion of dermal BVVs. Blanching

makes the skin more permeable to light penetration and allows wavelengths to probe

deeper. Hence, they pro�t from a relatively higher contribution from subdermal

BVVs, which pulsate more strongly than their dermal counterparts. This �nally

translates to increases in |Rn| and |Gn| for subject 4, although we remark that the

mild compression category is broad and includes measurements where |Gn| and |Rn|
were a�ected di�erently, particularly when mild compression approaches the strong

compression regime.

Strong compression

The AC/DC-normalized EA-waveforms in Fig. 6.7(a) are illustrative of the attenuation

or suppression of dermal pulsations following strong pressurization. Note that |Gn|
su�ers a drastic reduction, while |Rn| can even increase slightly (as a result of
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Figure 6.4: Transition from low to mild compression states and its e�ect on the (a) di�use

re�ectance signal in the concatenated 500–653 nm range and spectra (range, 500–940 nm) and

on the (b) normalized re�ectance-PPG signal. The yellow �ags indicate the beginning of mild

compression (Subject 4).

blanching and remains below the systolic blood pressure). Furthermore, scaling

waveforms to unity evidences the convergence of the signal’s morphology to the

“morphological signature” of subdermal BVVs (see Fig. 6.7(b) and Fig. 6.7(c)).

Analogously, the PPG-amplitude spectrum in Fig. 6.8(a) shows that the skin under

strong compression has the “spectral signature” of the subdermal BVVs, whereas

the signature of the dermal BVVs is mostly within the G band. At the trivial case of

PPG signals having a single depth-origin, PSs are canceled out (see the PPG-phase

spectrum in Fig. 6.8(b)).

E�ects on |Rn| and |Gn|

We proceed by deriving insights from multiple measurements of the same subject

under low, mild and strong compression. Accordingly, Fig. 6.9 summarizes ANOVA

results for the e�ects of applied pressure on the average |Rn| and |Gn| for our
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Figure 6.5: Mild compression e�ects on the dual-depth waveform morphology. (a) EA-PPG

waveforms for uncompressed and mildly in G and R in normalized AC/DC; (b, c) scaled PPG

waveforms in uncompressed and compressed skin (Subject 4).

Figure 6.6: Mild compression e�ects on the dual-depth PPG-spectra. (a) Relative PPG-

amplitude and (b) Relative PPG-phase spectra. Acronyms: RGoR, amplitude ratio of Rn
over Gn, PS, phase shift between G and R waveforms (Subject 4).
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Figure 6.7: Strong compression e�ects on the dual-depth waveform morphology. (a) EA-PPG

waveforms for uncompressed and mildly in G and R in normalized AC/DC; (b, c) scaled PPG

waveforms in uncompressed and compressed skin (Subject 8).

Figure 6.8: Strong compression e�ects on the dual-depth PPG-spectra. (a) Relative PPG-

amplitude and (b) Relative PPG-phase spectra. Acronyms: RGoR, amplitude ratio of Rn over

Gn, PS, phase shift between G and R waveforms (Subject 8).
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compression categories. We veri�ed that the average |Gn| decreased signi�cantly

with increasing probe pressures (means, 95% CI: high, 0.006, [0.002, 0.010]; mild, 0.014

[0.011, 0.018]; low, 0.025 [0.021, 0.030]). Comparatively, the interclass di�erences

between |Rn| did not reach signi�cance (p=0.26), although |Rn| tended to increase

with increasing compression.

Figure 6.9: Group comparisons between the average |Rn| (red) and |Gn| (green) for low, mild

and strong compression. The error bars denotes 95% CI. The average |Rn| at the full dataset

was 0.0032 [0.0028 0.0036].

As such, RGoR is associated with skin pressurization. Low compression (i.e., high

RGoR) only blanches super�cial venules and maximizes |Gn|. Conversely, a low

RGoR indicates that only subdermal BVVs are contributing to PPG.

E�ects on PS

We shall proceed by investigating the e�ects of incremental pressure for strong, mild

and low probe pressures. The scatter plots and accompanying regressions models

within each group are depicted in Fig. 6.10(a), Fig. 6.10(b), and Fig. 6.10(c), respectively.

Robust linear regressions showed signi�cant correlations between PS and RGoR
for strong compression (SEE = 5.8; r’

2
= 0.28) and for mild compression (r’

2
= 0.33;

SEE = 5.0). The correlation is positive for strong compression because the subdermal

BVVs dominate and additional increments of compression occlude remnants of dermal

BVVs. The negative correlation for mild compression is aligned with the prediction

that, within this range, pressure increments block venules and boost the contribution

of dermal BVVs. For low compression, PS ceases to respond to RGoR (p = 0.6) and

saturates at µ = 8.2 CI 95% [6.7, 9.6] degrees. The black dots on Fig. 6.10 were obtained

at various subjects and are within the SEEs of the models.
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Figure 6.10: Scatter plot and robust linear regressions of PS versus RGoR in the (a) low, (b)

mild and (c) strong compression ranges. Regressions were only signi�cant for strong and mild

compression (white dots, Subject 8).

Dual-depth dissimilarity analysis

This sections ful�lls two key requirements: 1. Showing the feasibility of quantifying

cutaneous impedance based on φ in a number of subjects; i.e., the shift between

upper dermal pulsations and subdermal pulsations; and 2. Comparing φ with PS in

uncompressed and compressed skin. Accordingly, Tab. 6.1 lists the measurements of

φ vs. PS at our dataset.

Table 6.1: Phase measurements enabled by baseline-compression measurements.

Subject φ (
o
) PS(

o
), base RGoR, low c. RGoR, strong c.

1* 37.9 19.4 5.94 2.63

2* 58.5 10.4 9.54 4.38

3 53.7 12.5 3.34 1.01

4 23.7 6.8 8.53 2.67

5 30.4 14.4 9.89 1.28

6 57.2 8.4 9.23 1.69

7* 6.9 4.3 22.10 2.75

8 22.7 13.4 4.47 1.30

9* 28.5 34.7 7.54 3.36

(*) Noisy measurements, |Rn < 0.001|.

In spite of the fact that φ and PS are prone to contamination by sensor noise,

the low-to-strong compression pairs enable the experimental determination of these
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phase parameters. At non-noisy measurements (Subjects 3–6 and 8), φ is in the broad

range of 20–60 degrees, whereas PS remains within 10–15 degrees. Thus, determin-

ing φ directly from uncompressed skin is discouraged. In fact, the morphological

shapes of PPGR, PPGG and PPG
(c)
R , suggest that PPGR is closest to PPGG

(see Fig. 6.11). This means that PPG measurements at uncompressed skin receive a

dominant contribution of dermal BVVs, even in R wavelengths.
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Figure 6.11: Determining φ from the pairs (PPGG, PPGR; uncompressed skin) and PS from

(PPGG-uncompressed, PPG
(c)
R -compressed skin). (a) Subject 3; (b) Subject 4; (c) Subject (6);

and Subject (8). The arrows indicate the beginning of systole.

Formally, the mixing weights for R at the uncompressed skin verify cS,R > cL,R
in (6.3). Fully determining the skin-model (6.2,6.3) is done by simple correlation using

the experimentally determined dermal and subdermal BVVs.

6.4 Discussion

Understandably, the pulse-oximetry application of PPG is by far the most important

in view of its enormous clinical impact. However, it is also acknowledged that many

more physiological factors may be extracted from the PPG signal|its waveform in par-

ticular. Parameters such as hydration ventilation and venous pulsatility/oxygenation

[274] are all impacting the waveform. In understanding and exploiting the shape of

waveforms for clinical bene�t, it will be of critical importance to understand the com-

plex relationship between penetration depths of the di�erent wavelengths involved

and the depth dependencies of the pulsatile sources.
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In this manuscript we have used external pressure in an attempt to disentangle

this complex relationship. The results provide valuable insights: we can, indeed, do

depth probing, just as Gailite et al.[94] initially proposed. As importantly, we showed

that the waveform dissimilarities between PPG signals probed using G and R light

are consistent with a simple but robust model. We hope that these insights will prove

to be useful in using PPG for describing the impedance and physiological status of

(pre-) capillary beds. Vascular health in the general population may, thus, be studied

and characterized. But also the study and treatment of vascular lesions such as port

wine stains, or the speci�c cutaneous microvascularity involved in sepsis [132], may

bene�t from a greater understanding of dual-wavelength PPG.

Our results are also interesting from a technical perspective. We remark that probe

pressure e�ects on the amplitude of re�ectance-PPG signals are well documented,

e.g., [303], but it wasn’t known before that also the shape of its waveform responds

to compression in a predictable manner. Joint acquisition of amplitude with phase

measurements may, thus, contribute to prevent compression artifacts in contact-based

PPG measurements. Similarly, the awareness for the multifactorial nature of PS may

help to avoid interpretation errors in current research in contactless pulse transit

time estimation using PPG-phase measurements [215].

This investigation has limitations. We acknowledge the technical di�culty of

performing phase measurements of low-amplitude signals in the R-infrared window.

Pruning unreliable measurements may have came at the cost of introducing systematic

biases for vasodilated skin [4]. This hypothesis is corroborated by the observation that

topical application of radiation heat improved the reliability of phase-measurements.

Future work may assess possible associations of microvascular tone with φ and be

extended to other skin sites and postures. We also acknowledge the ill-posedness of

estimating the penetration depths of re�ectance-PPG signals. However, strategies for

estimating and ensuring the constancy of light penetration depths are paramount for

the reliability of PPG measurements. Joint probe pressure-skin re�ectance readings

are helpful in this regard, and also is the possible extension of dual-depth PPG

systems with inverse algorithms for estimating light penetration depths from di�use

re�ectance measurements.

6.5 Conclusion

Our results led to the establishment of the parameters of a skin model which explains

the wavelength-dependency of the shape of re�ectance-PPG signals. Of particular

relevance is the model parameter φ, which may be useful for evaluating aspects

of microvascular health, such as microvascular tone or cutaneous impedance. Our

�ndings provide an avenue for further investigations into the clinical possibilities of

dual-depth waveform dissimilarity analysis.



Chapter 7

Estimating PTT based on PPG-phase
measurements

SCOPE & AIMS: The time it takes for a pulse wave to propagate between two arte-

rial sites, i.e., the pulse transit time (PTT), has received considerable attention

as marker of aortic sti�ness and as surrogate for blood pressure. However,

obtrusiveness and manual intervention requirements render conventional PTT

methods inappropriate for ubiquitous monitoring. In this regard, high-speed

camera systems are interesting alternatives. A breakthrough would be estimat-

ing PTT with a relatively inexpensive RGB camera pointed at the face only.

A simple means to do this is determining the phase shift (PS) between photo-

plethysmographic (PPG) signals extracted at collocated skin pixels. This chapter

shows that the validity of this approach is compromised by skin variability.

METHODS: We analysed video recordings of the neck and face in 21 subjects (ages,

33 ± 11 yrs). These were used to extract PPG signals at the face and skin

motion (sMOT as reference signals for arterial displacements) at the neck, in

the vicinity of the carotid artery.

RESULTS: The pressure wave undergoes delay and frequency leakage as it propa-

gates across the arterial tree; the extent of propagation distortion is subject-

dependent and place PPG-based estimations at a disadvantage in comparison

with PTTs measured at the arterial level. Awareness is further raised for the

site-dependency of PS outcomes by the provision of facial PPG-phase maps and

collocated PPG signals. Lastly, impairments due to waveform dissimilarity are

demonstrated under exercise-induced PTT changes.

SIGNIFICANCE: PPG-phase imaging and the derived PS measurements could be

suitable for skin studies but not for PTT measurements.

PUBLICATION: This chapter was published as a conference paper [208].
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7.1 Introduction

Pulse transit time (PTT) is the time it takes for the pressure or �ow wave to propagate

between two arterial sites [96]. PTT responds to changes of the arterial elastic modu-

lus [57, 218] and, when measured invasively, correlates well with blood pressure (BP)

[29, 31, 100]. Reduced PTTs are symptomatic of hypertension and of arterial sti�ening

[108]. For standardization purposes and inter-subject comparisons of aortic sti�ness,

transit times are usually converted to the corresponding pulse wave velocities (PWV)

measurements. PWV along big arteries is particularly interesting as an independent

risk factor of cardiovascular diseases [309]. Non-invasive PWV estimates are typically

obtained by arterial applanation tonometry; with subjects in supine position, assess-

ments of the pressure wave are made by gently compressing mechanotransducers or

piezoelectric sensors over the skin covering super�cial sections of the carotid, radial

or femoral arteries (see Fig. 7.1) [233].

CAROTID RADIAL

FEMURAL

Figure 7.1: Usual body sites for applanation tonometry recordings. The PTT between the

carotid and femoral pressure waves is used to obtain reference measurements of aortic PWV,

tough the radial artery may also used for distal measurements.

Pulse pressure waveforms obtained by applanation tonometry are similar to

invasive measurements [224], but it is also possible to detect the arrival of the pres-

sure waves by measurement modalities which sense arterial vessel wall motions as

skin motion (sMOT) signals. Examples include laser-speckle patterns [105], opti-

cal vibrocardiography (VCG) [212] and, more recently, camera-based VCG methods

[16, 202, 354]. It is perhaps the selection of measurement sites and methodology

that determine the validity and prognostic value of PWV/PTT measurements. For

example, radial pressure waveforms may be easily recorded but the brachial artery

does not re�ect the atherosclerotic process as extensively as the arteries of the lower

limb [72, 105]. This is why gold standard measurements of aortic PWV, as index of

aorta sti�ening [224], involve measuring the wave foot delay from carotid-femoral

pressure recordings. Unfortunately, carotid tonometry is di�cult in patients with

thick necks, uncomfortable and may dislodge the carotid plaque. Also, motion and
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waveform artifacts are a known issue in applanation tonometry [224]. These draw-

backs, combined with the ongoing pursuit of non-obtrusiveness and cost-e�ciency

in cardiovascular health monitoring, have motivated active research in contactless

PPG-based PTT methods (hereafter referred to as PPG-PTT methods), in particular

with the ultimate goal of measuring BP ubiquitously [75, 141, 215, 268].

PPG-PTT methods aim at determining the relative delay between proximal and

distal arterial waveforms [366]. Measurements are often performed between the

R-peaks of ECG traces and the onset of PPG waveforms at peripheral body sites,

e.g., �nger [363]. Nevertheless, this approach confounds actual PTT values with

the pre-ejection period (PEP) of the heart [153]. Replacing ECG by a proximal PPG

sensor solves the problem and creates interesting prospects for camera-based systems

[215, 236]. However, PPG-based methods come with the inherent disadvantage that

the timing of PPG waveforms may not coincide with the pressure waveforms due

to viscoelastic delays introduced by the skin microvasculature [215]. The extent by

which this possible source of error impairs PPG-PTT estimates is, at the time being,

unclear [174]; contributions in this regard are key for further progress on contactless

PPG-PTT monitoring.

To the best of our knowledge, the magnitude of skin e�ects in PPG-PTT estimates

has only been assessed in response to probe pressure [303]. Likewise, the feasibility

of estimating PTT based on the PSs between PPG signals from the face only, or by

combining face-peripheral sites, have not been investigated in-depth. If it can be

shown that facial PPG signals su�ce for continuous PWV/PTT monitoring, then

measurement requirements may be relaxed to accommodate various body postures

and �nd application in non-clinical settings. A convenient scenario for single-site

PPG-PTT methods is shown in Fig. 7.2, featuring a subject in seated position and

a camera for remote acquisition of proximal-distal pairs of PPG signals, which are

processed for determining PTT based on PS measurements.

REC Data 
Storage

 
PPG

Imaging

PPG
Extraction

PS 
Measurements

PTT
Estimations

Figure 7.2: Scenario for contactless PTT measurements.
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In this chapter, we use the neck-face as case-study and assess the waveform

changes between sMOT and PPG signals. To do this, we use camera-based PPG and

VCG frameworks [202, 203] for extracting these signals, separately. The waveform

deformation across the vasculature are then modeled using transfer functions (TFs)

for amplitude and phase responses at multiples of the pulse-rate frequency. These

TFs allow a compact inspection of skin variability e�ects in PPG-PTT measurements.

The invariance of the TFs to subject-speci�c and skin-surface e�ects would su�ce

to support that PPG-PTT measurements can be as accurate as those based on signal

modalities aiming major arteries (e.g., sMOT or applanation tonometry signals. In

the remainder of this chapter, we will show that this is not the case; waveform

dissimilarities at the face are clearly seen and overshadow PTT-related e�ects in the

PS metric. We shall also show that actual PTT changes can be confounded by changes

of the morphological dissimilarity between proximal and distal waveforms.

The remained of this manuscript is as follows. The next section describes our

imaging and signal processing approach. Results are provided in Section 7.3 and

discussed in Section 7.4. Concluding remarks are found in Section 7.5.

7.2 Methods

7.2.1 Propagation distortions across the arterial tree

This section aims to model the deformation from sMOT to PPG in green. Conceptually,

these signals are modulated di�erently, but share origin at pulse pressure variations.

sMOT signals occur under uneven lighting conditions and are mostly modulated by

cardiac-related angular displacements of the skin surface with respect to the incident

light �ux [204]. At the skin-surface spots covering super�cial sections of the common

carotid artery, the temporally varying and AC/DC-normalized sMOT signals can be

expressed as a summation of a carotid displacement term; PPG signal at the light

wavelength, λ; and sensor noise, n [202]. Formally,

sMOT (t) = f[dCA(t)] + PPGλ + n(λ, t). (7.1)

The function f [.] translates tissue-induced deformations between carotid wall

movements, dCA, and skin displacements. For non-obese individuals, the super�cial

adipose tissue at the neck is not thick and f [.] may be assumed to be linear. We remark

that a calibration from displacement to aortic/central pressure waveforms would also

possible, tough exceeding the scope of this investigation [327]. By measuring sMOT

signals using red (R) wavelengths, the interference of PPGλ can be neglected [202]

and the expression for sMOT simpli�es to

sMOT (t) ≈ C dCA(t) + nR(t), (7.2)

with constant C ∈ IR. Complementarily, PPG signals extracted using green wave-

lengths are modulated by blood volume variations at the level of upper dermal ar-

terioles [203]. PPG signals are easily contaminated by movements, but the problem
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can be addressed by subtracting normalized signals in green, PPGGn, and red, PPGRn.

Similar to [73], we refer to this mapping as GminR. Because PPGGn is much stronger

than PPGRn, the shape of PPGGminR is fairly equivalent to the (unpolluted) PPGGn and

is similarly “dampened” by the microvascular bed of tissue.

A Windkessel model is used for describing the deformation of PPGGminR w.r.t.

sMOT (see Fig. 7.3). Propagation e�ects are accounted for by including capacitor-

resistance elements for charging during systole and for discharging during diastole.

Local variations are translated as parametric changes of the electrical elements. The

non-homogeneity of the microvascular beds (particularly the uneven proximity to

arteries) ultimately results in waveform dissimilarities between PPGGminR waveforms

extracted at collocated sites. Since transit times within the face are in the order of

1–10 ms, one may expect that even minor skin variations su�ce to interfere with and

mask actual PTT e�ects in the PS between PPGGminR pairs.

ARTERIES ARTERIOLES

...I

C1 Cn

Rc,1 Rc,n

Rcap

Rd,eq
Ceq

Rd,nRd,1

DISCHARGING

CHARGING

R G

R G

R GLPF
CUTANEOUS IMP.

Rc,eq

PPG_GminRsMOT

Figure 7.3: A Windkessel model for describing the propagation distortion undergone by

pulsatile pressure waves across the arterial tree and its e�ect in the morphological dissimilarity

between sMOT and PPGGminR signals. sMOT signals are extracted using red wavelengths probe

arterial displacements, whereas PPGGminR signals are modulated by dermal arterioles.

The discharging resistance is fairly large, which is realistic for healthy subjects.

The circuits can be compacted further into a low-pass-�lter (LPF) equivalent for the
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cutaneous impedance, with sMOT and PPGGminR as its input and output signals, respec-

tively. We assume no venous pulsations, which seems reasonable in measurements

performed at or above the heart level [121].

7.2.2 Data acquisition

Dataset We used data from 21 subjects (ages, 23 to 62 yrs, 33 ± 11 yrs; SBP/DBP,

12.0± 1.5 / 7.1± 0.4; 3 females) recruited for [202]. The selection criteria was visibility

of the cheek and neck, and amplitude of sMOT signals at least as high as that of PPG

signals. An informed consent was obtained from each subject and the study was

approved by the Internal Committee Biomedical Experiments of Philips Research.

Setup and protocol The setup was designed for joint camera-based acquisition of

facial PPGGminR and sMOT signals. All video recordings include the neck and cheek.

Six of these video recordings also contain the forehead. Subjects sat on a chair (with

back and head support; recumbent position, 70 degrees w.r.t. the horizontal plane)

and were instructed to breath normally and avoid voluntary movements.

We con�gured a regular RGB camera (global shutter RGB CCD camera USB;

model, UI-2230SE-C, IDS, Germany; frame sizes, 700 × 400 pixels or 500 × 500
pixels; resolution, 8 bit depth) for data acquisition at a constant frame rate of 30 Hz.

Recordings were stored in an uncompressed bitmap format. Uneven illumination

conditions for the neck were created using two �uorescent lamps (Philips, model

HF3319/01). These are dimmable and equipped with an internal AC power supply

at 22 kHz, which prevents interference with the camera frame rate. Synchronized

with video recordings, contact-PPG signals (cPPG) were acquired by �nger pulse

oximetry attached to right index �nger (model CMS50E, Contec, China). cPPG signals

were used for probing the instantaneous pulse-rate during recordings and served as a

reference for mapping the pulsatile strength of surface neck motion.

The same equipment was used for an additional measurement of the forehead

and palm at three subjects in the supine position. Illumination was homogeneous

and specular re�ections were mitigated by using a cross-polarization scheme (imple-

mented by covering the light sources and camera lens with linear polarizing �lm).

Simultaneously, ECG and cPPG signals were acquired for computing the pulse arrival

time (PAT). Subsects were instructed to have their faces static during 2 minutes of

rest, followed by a 1-minute-long isometric handgrip contraction (left hand) with the

aim of inducing a PAT reduction.

7.2.3 Signal processing

Stream pre-processing All video frames (red and green channel; original sizes

500× 500 or 768× 576 pixels) were blurred with a Gaussian kernel (box size, 45× 45

pixels) and resized by a factor of 1/5–1/6, resulting in images of size 100× 100 pixels or

128 × 96. For invariance to brightness intensity, displacement signals were converted

from raw least signi�cant bit (l.s.b.) format to normalized AC/DC-amplitude [325].
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VCG imaging The local strength of skin-surface micro-motion was inspected by

camera-based VCG imaging [202]. Accordingly, the VCG-motion amplitude maps

were obtained by taking the complex inner-products between a two-dimensional

array of normalized displacement-streams at the neck-surface and a reference cPPG

signal (synchronously acquired). These maps guided us at demarcating suitable a

skin region of interest (sRoI) for querying sMOT in the vicinity of the carotid artery

(see Fig. 7.4(c)). To minimize PPG interference, VCG maps were based solely on the

red camera channel.

PPG imaging We computed separate maps for the PPGGn and PPGRn signal streams.

By subtracting these from one another, we obtained amplitude and phase maps of

PPGGminR [203]. PPG signals were extracted at cheeks, forehead and palm.

Ensemble-averaging To obtain representative waveforms for sMOT and PPGGminR

signals for each subject, we ensemble-averaged (EA) cardiac cycles as described in

[202]. EA-waveforms were scaled in amplitude to unity and temporally registered to

a template of 35 samples per cardiac cycle.

Describing propagation e�ects We employed TFs to describe propagations distor-

tions between: sMOT and PPGGminR at the cheek and/or forehead; between PPGGminR

signals extracted at the cheek and forehead; and between PPGGminR signals from

the forehead and palm. To this end, analytic source and output signals, s and y,

respectively, were �rst created by replicating the sMOT and PPGGminR waveforms 100

times. The TFs were modeled for each subject as linear �lters, w. Accordingly,

PPGGminR ≈ w ∗ sMOT, (7.3)

where ∗ denotes convolution. w was estimated as follows:

T = Γ[s] (7.4)

Cs = TT .T (7.5)

w = pinv[Cs].(T
T.y) (7.6)

where the operator Γ[.] denotes the formation of the Toeplitz matrix from the source

vector s, and truncation to its 10 �rst columns. With w con�gured for having 20

taps, T has size 3500 × 20, while its covariance matrix, Cs, is 20 × 20. The Matlab

command freqz was used to compute the amplitude and phase responses of w in the

frequency domain (i.e., Bode plots). Of relevance are the responses at multiples of the

pulse-rate frequency.

Pulse arrival times (PAT) Reference PAT measurements were performed as the

temporal o�sets between R-peaks in ECG data and systolic peaks in cPPG signals

acquired at the �nger. The obtained PAT points were spline-smoothed using the

MATLAB function smoothn [98].
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7.3 Results

7.3.1 Deformation across the arterial tree

An investigation of morphological changes between sMOT and facial PPG signals

begins with the demarcation of rRoIs for extracting these signals. In this regard, it

is useful to observe Fig. 7.4, which contains sample frames and imaging outcomes

from a representative subject from our dataset. Suitable sRoIs for sMOT and PPG

signal extraction are indicated in the red and green sample frames shown in Fig. 7.4(a)

or Fig. 7.4(b). The availability of amplitude maps is particularly advantageous for

demarcating sMOT, as this location is clearly evidenced as hotspot in the VCG-motion

amplitude map computed (see Fig. 7.4(c)).
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Figure 7.4: Representative neck-face recording and imaging outcomes, including (a,b)

manually-de�ned sRoIs for sMOT over the carotid artery and facial PPGGminR acquisition.

The sRoI demarcation is assisted by inspecting the (c) VCG and the (e) PPGGminR amplitude

maps, respectively [Subject 12].

The extracted signals are exempli�ed in Fig. 7.5 after AC/DC-normalization. sMOT

and PPGGminR signals are periodic an have clear systolic peaks. More importantly, it

is seen that the shape of PPGGminR seems delayed w.r.t. sMOT. Similar observations

hold in the remaining dataset.

The sensor noise in sMOT and PPGGminR signals can be easily overcome in EA-

waveform representations. The improved resolution is clearly seen in Fig. 7.6(a).

Converting EA-waveforms to the frequency domain further indicates that the signal
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Figure 7.5: Periodicity and morphological heterogeneity between AC/DC-normalized sMOT

and PPGGminR signals [Subject 12].

content is mostly within the �rst third harmonics of the pulse-rate frequency (see

Fig. 7.6(b)). Subsequent analyses will be conducted in this harmonic range.

Figure 7.7 shows the obtained TF between the EA-waveforms for sMOT and

PPGGminR, evidencing that the harmonic components of PPGGminR signals are delayed

w.r.t. its sMOT counterparts by more than 100 degrees (see yellow �ag in Fig. 7.7).

This corresponds to about 8 samples on a template of 35 samples per cardiac cycle.

This delay is illustrated explicitly for the �rst harmonics of the signals; i.e., as PSs

between sine waves.

To support the representativeness of the above TF, Fig. 7.8 shows the mean and

95% limits of agreement (LoAs) for the full dataset. The low-pass-�ltering response

con�rms that the terminal arterial tree is a distortive media which introduces leakage

of harmonic content.

LoAs are also wide for PS responses (about±30 degrees for the three �rst harmon-

ics), meaning that inter-individual e�ects indeed impair the accuracy of PPGGminR-PTT

based estimates w.r.t. reference PTT measurements (obtained by arterial displace-

ments or tonometry measurements).
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spectra, indicating harmonic content leakage for PPG w.r.t. sMOT signals [Subject 12].
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(a) the low-pass-�ltering pro�le of the skin tissue; and (b) linear phase delay w.r.t. the �rst

harmonics of the pulse-rate frequency [Subject 12].
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gray area indicates 95% limits of agreement.

For a number of subjects, simultaneous recordings of sMOT and PPGGminR at the

cheek and forehead were also performed. Figure 7.9 refers to one of such recordings.

Clearly, the magnitude of PSs and distortion e�ects are less pronounced between

PPGGminR signals acquired at two facial skin sites (cheek-input; forehead-output) than

between sMOT and facial PPGGminR.

Our insights were con�rmed in the TFs of �ve additional subjects. As shown in

Fig. 7.10, the PSs between the fundamental harmonics of sMOT and PPGGminR signals

are within 50–100 degrees, whereas the PSs between cheek-forehead PPGGminR signals

do not exceed 20 degrees. The apparent stability of single-modality comparisons

of PSs seems favorable for single-site measurements. However, the inter-individual

di�erences between TFs may impair calibration attempts from facial PSs.

7.3.2 Mapping the PPG-Phase at the forehead

We assessed the potential accuracy of single-site PPG-phase-based PTT measurements

by inspecting the forehead in detail. Figure 7.11(a) depicts the forehead of a subject

in supine position. Figures 7.11(b,c) show the amplitude and relative phases maps

of PPGGminR, and indicate that the local PSs on the forehead is variable. Regional

variations within 10 degrees are easily observed, in particular near super�cial arteries

(e.g., supratrochlear artery).

The phase of PPGGminR signals within the forehead (with an sRoI as indicated in

Fig. 7.11) is 5.0 ± 4.5 degrees. For comparison, a similar inspection for PPGGn and
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Figure 7.10: TFs between sMOT and PPGGminR signals extracted at the forehead and right

cheek [Subjects 19-24].
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Figure 7.11: Amplitude and phase maps of PPGGminR at the forehead, evidencing signi�cant

surface variations of PSs which are caused by the proximity to super�cial arteries [Subject 19].

PPGRn signals indicates larger phasic variabilities (7.4 ± 10.2 and 1.2 ± 5.7 for PPGGn

and PPGRn, respectively), which are likely be due to motion contamination.

The same subject was instructed to perform an isometric handgrip exercise,

following 2 minutes of rest. Figure 7.12 shows the measured PAT and PPG waveforms

acquired at the forehead, cheeks and palm. Note that PPGGminR waveforms barely

change at facial signals with exercise. Conversely, PPGRn clearly change

Table 7.1 lists PS measurements performed between PPGRn and PPGGminRn signals,

during rest and exercise. PSs were calculated between forehead and palm (fp), and

between forehead and cheek (fc). Although di�erences of almost 20 degrees are

seen for PPGRn-fp, these are due to morphological di�erences between proximal and

peripheral signals (see yellow �ags indicated in PPGRn-palm in Fig. 7.12, rather than

PTT. The confounding e�ect of morphological di�erences in PSs were observed in

two additional subjects for PPGRn. E�ects under GminR were not systematically

observed.

Table 7.1 contains PS measurements between signals truncated to the fundamental

of the pulse-rate. However, similar observations hold for signals truncated to three
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PS_Rn

Periods forehead-palm cheek-forehead

Rest 25.2
◦

14.8
◦

Exercise 6.3
◦

17.5
◦

PSGminR

Periods forehead-palm cheek-forehead

Rest 30.3
◦

12.5
◦

Exercise 28.8
◦

14.4
◦

Table 7.1: PSs between PPGGminR and PPG_Rn signals acquired before and during an handgrip

exercise intervention (denoted as PS_Rn and PSGminR, respectively) [Subject 19].

harmonics (absolute di�erences are below 3
◦
).

7.4 Discussion

PTT re�ects aortic sti�ness and has been identi�ed as surrogate for non-invasive

BP monitoring [215]. Recognizing the technical advantage of measuring PTT with

a regular RGB camera and, preferably, from the face only, we investigated pitfalls

of PPG-PTT methods based on the PS metric. The attractiveness of this approach

resides in its simplicity, relative ease of computation and applicability in ambulatory

scenarios. In particular, we explored the extent by which skin-variability e�ects

impair the performance PPG-PTT outcomes. To this end, we started by estimating

the TFs from sMOT (over the carotid artery) to facial PPGGminR signals in a dataset of

mostly young male subjects.

Our results suggest that the arterial tree and its termination at the microvascular

beds of tissue delay and low-pass-�lter the pulse pressure wave, resulting in waveform

dissimilarities between sMOT and PPGGminR. Yet, the extent of deformation varies

across individuals. For example, the average PSs between sMOT and PPGGminR in

our dataset was about 70 degrees at the fundamental of the pulse-rate frequency.

The 95% LoAs were as wide as ±30 degrees, which is a source of error for PPG-

PTT measurements. Interesting insights were also obtained by investigating the PSs

measured between facial skin sites. In this regard, the PPG-phase images extracted at

the forehead su�ce to evidence skin-variability errors in PS calculations. With the

size of forehead sRoIs being only about 10 per 5 cm, skin-surface variations in the

range of 5 degrees preclude PPG-PTT measurements under GminR mappings. The

large inter-individual variations at the TFs from cheek to forehead also suggest this.

Additional insights from induced PAT/BP changes suggest that, in addition to

being “polluted” by skin-surface e�ects, the PS metric confounds the morphological

dissimilarity between proximal and distal waveforms with actual PTT e�ects. Stated

another way, both the actual PTT/PWV and the dissimilarity between PPG or sMOT

waveform pairs may change jointly and non-linearly. This is understood in light
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of the fact that BP increases are usually accompanied by increased elasticity of the

arterial vessels through vasodilation mechanisms [211].

We believe that our insights are valuable for establishing the applicability scope

of PPG-phase-imaging to anatomical description of the skin perfusion status, and,

possibly, as indication of the surface-dependency of deformations of the pulse-pressure

wave. Future work may explore the morphological aspects of sMOT and/or PPG

signals for deriving PTT or BP estimations, although our described impairing factors

in intrinsic to camera-based measurements and holds for methodological approaches

beyond the PS metric. In fact, recent works indicate the feasibility of retrieving PTT

or BP directly from waveforms by training neural networks in datasets of �nger pulse

oximetry [359] or radial pressure waveforms [357, 358].

Limitations Firstly, we acknowledge the fact that our sample consists of mostly

young, healthy male individuals. Diversifying the dataset, particularly in terms of

age and BP, can lead to expanded LoAs of the TFs. In terms of methodological design,

we acknowledge the inherent drawback of sMOT signals as indirect measure of

carotid displacements. Albeit small, the damping e�ect introduced by the neck tissue,

as well as possible shape variations of the pulse pressure wave along the common

carotid artery, add to the observed variability of the observed inter-subject LoAs at

the obtained TFs. The availability of paired recordings of invasive measurements

of the carotid pulse pressure and facial PPG signals, would certainly improve this

study. Furthermore, we remark that red and green wavelengths interrogate the skin at

di�erent depths, leading to morphological changes between red and green PPG signals.

Since the skin in not spatially homogeneous, the mixing of wavelengths in the GminR

operation (aiming at improved motion robustness) is actually a possible additional

factor contributing to spurious phase measurements and to impaired PTT estimations

at the face [203]. Still, the contribution of normalized green PPG dominates over red

and the incurred error of performing the GminR mapping is still preferable to not

correcting for motion artifacts [205].

7.5 Conclusion

The extent of inter-individual variability in the deformation between sMOT and

PPGGminR is indicative of a disadvantage of PPG w.r.t. sMOT signals for deriving accu-

rate PS/PTT measurements. Our results also indicate that the PS between proximal-

distal PPG signals re�ects PTT to a lesser extent than skin non-homogeneities. Fur-

thermore, the �uctuations of PTT can be accompanied by changes in the relative

dissimilarity between PPG waveforms, hence complicating the relation between PS

and PTT. Thus, the PS between PPG signals is an unreliable metric for measuring

PTT, irrespective of whether the signals are extracted at the face only or between

face and palm.
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Chapter 8

Insights into the origin of remote
PPG signals

SCOPE & AIMS: Remote photoplethysmography (PPG) is an optical measurement

technique with established applications in vital signs monitoring. Recently,

the consensual understanding of blood volume variations (BVVs) as the origin

of PPG signals was challenged, raising validity concerns about the remote

SpO2 methodology. Recognizing the imperative for new opto-physiological

evidence, this investigation supports the volumetric hypothesis with living skin

experiments and Monte Carlo simulations of remote PPG-amplitude in visible

light (VIS) and infrared (IR).

METHODS: Multilayered models of the skin were developed to simulate the separate

contributions from skin layers containing pulsatile arterioles to the PPG signal

in the 450–1000 nm range. The simulated spectra were qualitatively compared

with observations of the resting and compressed �nger pad, and complemented

with videocapillaroscopy.

RESULTS: Our results indicate that remote PPG systems indeed probe arterial blood.

Green wavelengths probe dermal arterioles while red-IR wavelengths also reach

subcutaneous BVVs.

SIGNIFICANCE: Owing to stable penetration depths, the red-IR diagnostic window

promotes the invariance of SpO2 measurements to skin non-homogeneities.

PUBLICATION: This chapter was published as a journal paper [206].
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8.1 Introduction

Photoplethysmography (PPG) is an optical measurement technique that has advanced

technically, achieving ubiquity in current clinical settings [11] and the status of en-

abling technology for non-obtrusive innovations in pulse-rate and SpO2 monitoring

[246, 323, 325, 356]. Various sensing modalities are available for probing PPG signals.

Its fundamental distinction is in whether signals are acquired in transmission or in

re�ection mode. Transmission-based acquisition requires the illuminating source and

photosensor to face opposing sides of the tissue, whereas the latter has these ele-

ments on the same side. Transmission-mode PPG results from minute cardiac-related

modulations of skin absorbance and is ubiquitous in most �nger pulse oximeters (see

Fig. 8.1a).
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Figure 8.1: PPG signals can be acquired (a) in transmission-mode, e.g., by �nger pulse oximetry,

(b) remotely, or (c) in re�ectance-mode, e.g., by using a spectrometer (OFP, optical �ber probe).

The �gure was created by A.M.

Camera-based systems can operate in transmission-mode[17], but are better

suited for remote re�ectance measurements. Remote PPG allows that the pulse-rate is

extracted, preferentially, at green wavelengths, though a quest for motion robustness

deems necessary that multiple wavelength bands (color-channels) are combined

[73]. The red-IR diagnostic window has also been shown suitable for PPG-based

measurements, including SpO2 [320].

PPG systems continue to mature by exploring of the PPG signal’s frequency

diversity. Multispectral PPG data, in VIS–IR, may �nd clinical value in skin health

assessments[12, 307]. While multispectral cameras remain prohibitively expensive

and computationally heavy, multispectral PPG can be acquired by coupling a spec-

trometer with an optical �ber probe (OFP; see Fig. 8.1c). Since there is contact of the

probe with the skin, we refer to this setting as re�ection-mode acquisition.

8.1.1 Importance of investigating the origin of the PPG signal

It may come as a surprise that the PPG-based techniques and applications have

developed more than the opto-physiological knowledge pertaining to the origin of

the signal, which remains vaguely referred to as arterial blood volume variations

(BVVs) occurring at every cardiac heart beating within the microvascular bed of
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tissue. Still, the understanding of PPG as BVVs, which we shall refer to as the

volumetric model, has been able to support the working principle of current PPG-

based applications. In particular, the volumetric model provides a rationale for using

PPG as a surrogate of the arterial blood oxygenation curve. The enabling principle is

the dependency between normalized PPG-amplitude ratios at red–IR wavelengths,

and the relative proportion between oxygenated and non-oxygenated haemoglobin

absorption [69, 356].

The volumetric model is consensual but not unique [11]. For example, �ow

variations have been suggested as a mechanism for inducing light re�ectance varia-

tions [169, 217]. Naslund et al. [217] observed re�ection-mode PPG signals by using

IR wavelengths in the patellar bone, a site where vessel wall distentions are not

theoretically possible. It remains uncertain whether this observation is spurious

contamination by surrounding pulsatile tissue. More reliable optical insights on PPG

generation may be obtained by investigating blood �ow in phantoms. Lindberg[169]

showed that blood re�ection changes if a liquid solution containing red blood cells

(RBCs) �ows in a rigid tube. When the �ow velocity and concentration of the solution

are such that periodic RBC aggregation takes place (i.e., haematocrit levels above

38%), the blood re�ection re�ects the changes in the orientation and deformability of

the RBCs [169]. On a similar setup, Shvartsman[276] simulated pulsatile blood �ow

and con�rmed that PPG-like signals are associated with geometric changes in RBC

aggregation [276].

Recently, Kamshilin et al.[146] reported con�icting observations with the vol-

umetric model [145]. One of such observations were counter-phase PPG signals

in the vicinity of the radial or brachial artery, which are simply motion artifacts

[204, 205]. A more interesting argument raised against the volumetric model was

the apparent paradox that the PPG-amplitude peaks in green, although it would not,

theoretically, even reach pulsating arterioles. Gently compressing the skin against a

glass plate increases the green PPG-amplitude further, which, again, appears to �nd

no explanation in the volumetric model.

Consequently, a new theory was proposed, drawing attention to elastic defor-

mations of the dermis as dominant mechanism of PPG formation. The increasing

transmural pressure of the arteries during systole would compress the dermal con-

nective tissue and increase the overall the capillary density. These deformations

would explain the observed gains under compression. However, if arterial BVVs are

not the origin of PPG, concerns emerge when it comes to the validity of PPG-based

SpO2 measurements. In fact, if the total dermal tissue is periodically compressed,

then PPG-based SpO2 readings would not be possible as these would be severely

contaminated by venous pulsations.

Supporting and broadening the application scopes of PPG requires that the depth-

origin of the signal is con�rmed and its origin explained. Thus, it is imperative that the

volumetric model is revised in light of the recent experiments devised by Kamshilin

[146]. If it could be shown that even visible light penetrates deep enough to interact

with arterioles, then the con�dence on the volumetric model would be enforced. In

this paper we tackle this topic under the hypothesis that the volumetric model is true
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and take a combined numerical and experimental approach. The skin was modeled as

multilayered media with optical properties that translate its anatomophysiology [19].

Then the Monte Carlo method was applied to simulate the PPG-amplitude spectra;

its veri�cation on living skin validated, indirectly, the volumetric model assumption.

8.1.2 Modeling the skin’s microvasculature

The inhomogeneity of the microvasculature was accounted by representing the non-

glabrous skin structure as a medium split into six stacked horizontal layers (see

Fig. 8.2a). The �rst layer corresponds to the epidermis (EPI), which is bloodless [7]

and consists of mostly dead or dehydrated cells and no melanosoms. The thickness of

the epidermis is highly skin-site dependent, but 0.8 mm is reasonable for the �nger

pad. The dermis was subdivided into four layers with di�erent blood concentrations,

which are as follows [191]: capillary loops (CL; 150–200 µm thick); upper plexus (UP;

80 µm thick), reticular dermis (RD; 1400–3000 µm thick); and deep plexus (DP; 80–700

µm thick). The arterial compartment in the plexuses and RD represent arterioles

supplying the entire tissue volume and venules collecting the returning venous blood.

The deepest layer of the model is the subcutis (SC; or hypodermis), which accounts

for fat, connective tissue and pulsating arterioles or arteries.

Our hypothesis that BVVs are located at the dermal plexuses, RD and SC is partly

in agreement with prior work of Reuss[243], where it is assumed that only the plexuses

contribute to PPG formation, but not with Huelsbusch [126], who modeled the PPG’s

origin at the capillary loops only. However, Huelsbusch’s PPG-amplitude spectrum

largely underestimated the relative amplitude of signals in red-IR wavelengths, sug-

gesting the incorrectness of this parameter setting.

We implemented models that mimic the opto-physiological contribution of the

skin layers to the total re�ectance-mode PPG spectra, separately, for normal and

compressed skin (see Fig. 8.2a and see Fig. 8.2b, respectively). Recognizing each of

these contributions as the layer’s “signatures”, the overall remote PPG signal is in fact

a mixture of the dermal and subdermal signatures. A useful as proof-of-concept for the

volumetric model hypothesis is to isolate and demonstrate these signatures. However,

the mixing weights are unknown, which is also why the compression intervention is

valuable in this study.

Strong compression, yet below the systolic pressure level, is a simple intervention

to block the dermal BVVs and blanch the skin, hence isolating the signatures from

deeper pulsating structures in the PPG spectra of the compressed skin and allowing

the incident light to reach deeper layers. Under full occlusion of the upper dermis, only

the DP and SC remain pulsatile, and the removal of venous blood leads to its contri-

butions being much stronger than in normal conditions. When sustained, metabolites

accumulate and arterial vasodilation is also triggered [32, 238]. To translate these

e�ects in simulations, the compressed skin is modeled by the similar layers as the

normal/reference skin (1 – EPI; 2 – CL; 3 – UP; 4 – RD & DP and 5 – SC & digital

artery). However, reductions are made to blood and water concentrations, layer’s

thickness, whereas the relative strength BVVs from deeper layers is boosted. We
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remark that both skin models translate biological tissue heterogeneity in the depth

dimension only, which is suitable for pointwise di�use re�ectance spectroscopy (DRS)

measurements.
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Figure 8.2: Skin represented as multiple stacked horizontal layers for (a) normal conditions

and (b) for compression. The normal skin is modeled as epidermis (EPI); capillary loops (CL);

upper plexus (UP); reticular dermis (RD); deep plexus (DP); and subcutis (SC). The compressed

skin has reduced blood content and allows the light to penetrate deeper into the skin. On

a contact-based setup, compression is achieved by loading the �nger pad against the probe.

The �gure was built by A.M. upon the skin layers of Madhero88, via Wikimedia Commons

(en.wikipedia.org/wiki/F ile : Skin_layers.png, CC BY-SA 3.0).

The skin layers signatures were generated by perturbing the di�use re�ectance of

the skin’s model. Speci�cally, a systolic event corresponds to an in�ux of arterial blood

to the skin tissue and was implemented as minute increments in the absorption coef-

�cient of the dermal and subdermal layers with respect to diastolic-state re�ectance

of the model. Whenever possible, parameters conform to the literature. Otherwise,

these were calibrated based on our own camera-based/remote measurements.

The next section is devoted to the results and discussion of our measurements

and simulations. A methods section follows with a detailed description of the video-

capillaroscopy protocol and implementation details of the Monte Carlo simulations.

8.2 Methods

8.2.1 Participants

Sixteen subjects (ages, 27–55 years old; 2 females) participated in this investigation.

The study was approved by the Internal Committee Biomedical Experiments of Philips

Research and an informed consent was obtained from each subject.
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8.2.2 Data acquisition

We explored three modalities for acquiring skin re�ectance data. Camera-based remote

PPG measurements were made in green versus IR bands. Because of its relevance for

prospective PPG-imaging applications, the derived insights are the foundation of this

study. Videocapillaroscopy o�ers a joint morphological and functional assessment

of the upper dermis and of the associated remote PPG signal strength. DRS extends

insights to the 500–940 Hz spectra, and strengthens our study by making the skin

compression intervention possible.

This section details the data acquisition settings used in this investigation. We

highlight that, in all data acquisition modalities, the sampling rates in the range 16–30

Hz are well above the Nyquist frequency (about 1 Hz) and enable estimating the

average pulse-rate frequency using Fourier analysis in each temporal window of

10–20 sec. The average diastole and systole instants are determined with a precision

error of 63 ms, which is appropriate for noise mitigation and imaging PPG.

Camera-based remote PPG measurements Skin video recordings were per-

formed using a monochrome camera (IDS Inc., Germany; model µEye, UI122xSE-M;

12 bit resolution; model, USB 2000+; sampling rate, 20 or 30 Hz). The susceptibility of

remote PPG to motion artifacts was addressed in �nger pad recordings by supporting

the forearm on a table. Additional care was taken to eliminate specular re�ections by

including polarizing �lm in front of the light source and camera in a cross-polarization

arrangement. For each video recording, skin regions of interest (sRoIs) were manually

demarcated at video recordings of the �nger pad and used to extract PPG signals.

Raw PPG signals are computed by averaging the time-varying intensity of the sRoI

in successive frames. Each camera channel retrieves a single time series per sRoI.

Videocapillaroscopy Recordings were performed at the �nger nail fold of one

subject from our dataset. Our system comprised a CMOS camera (coupled with a

green �lter; sampling rate, 20 Hz), a microscope lens (magni�cation factor, 40x) and

a white high power LED ring light (CCS HPR2-100SW; �uorescent white; voltage,

24 VDC; see Fig. 8.6a). Motion artifacts were addressed by supporting the forearm

on a table. Minute cardiac-related bulk motion cannot be fully suppressed, but

the di�use lighting at the imaged �nger nailfold prevents artifacts in remote PPG

signals and amplitude maps. Specular re�ections were minimized by applying a

thin layer of ultrasound gel at the nail fold and a microscope slide, which promote

the translucency of the epidermis (refractive index = 1.3) and by using a LED-ring

close to the �nger site (distance of about 1 cm). The orientation of the LEDs (70-80

degrees w.r.t. the camera, which is frontal to the nailfold) helped to minimize specular

re�ections. The observation that PPG originates from non-capillary regions within

videocapillaroscopic data and the derived PPG-amplitude images was con�rmed in

di�erent measurement sessions and �ngers.
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DRS Contact-based re�ectance data was probed with a spectrometer (Ocean Optics,

Inc.; model, USB 2000+; 12 bit resolution; software, SpectraSuite, 2008) coupled with

an OFP. For each recording, we obtained parallel sets of N = 2048 time series at

collocated, narrow and non-overlapping frequency bands, including the 475–975

nm range. The OFP (diameter, 400 µ m) was shielded by a cylindrical ferrule which

blocked ray paths back-scatted up to 1.59 mm from its center.

The �nger pressures applied with our DRS-OFP equipment at normal/reference

measurement conditions at the �nger pad are low and estimated to be below 10

kPa (�nger compression depth, below 1 mm). In contrast, the applied pressure

intensity used for eliciting the compression regime in the DRS reference-compression

intervention is estimated to be within about 40 to 60 kPa (compression depth, about

2 mm). These compression estimates were based on a devoted experiment of PPG-

amplitude and DR measurements under gradually increasing �nger pad compression

(see Supplemental Section 1).

8.2.3 Processing skin re�ectance data

Our experimental data is raw skin re�ectance from which we aim to ensemble PPG sig-

nals. The nuances in signal processing requirements for camera-based PPG acquisition

and DRS are described below.

Camera-based video recordings

Raw PPG signals in video recordings were extracted by averaging pixels in used-

de�ned sRoIs and AC/DC-normalized (i.e., divided by its slowly-varying component,

obtained with low-pass-�ltering with a Butterwordth �lter with cutto� frequency

at ∼ 40 bpm). The amplitude of the re�ection-mode PPG signals is typically low

(particularly in red wavelengths), but the signal-to-noise ratio (SNR) can be improved

by adaptive bandpass �ltering (ABPF). ABPF consists of �ltering out the frequency

components that are not multiples of the fundamental of the pulse-rate frequency.

ABPF was applied in an overlap-and-add manner (stride length, 256 samples;

overlap factor, 50%) with Hanning windowing. We selected the fundamental and

6 harmonics of the pulse-rate frequency and a tolerance band of one bin around

each center frequency. When available, the reference signals used for identifying

the systolic peaks and instantaneous pulse-rate were �nger pulse oximetry signals

(acquired synchronously with video recordings). Alternatively, the reference were

the PPG-signals probed at green wavelengths, as these have the best available SNR.

After ABPF, the PPG cycles in streams were condensed into ensemble-averaged (EA)

waveforms, separately for each camera channel and signal dimension. EA relies on

Gaussian noise cancelation in the averaging process and in the signals periodicity. In

practice, cycles were demarcated based on the timing of the systolic peaks (identi�ed in

reference signals), temporally registered, and, �nally, averaged by using the trimmed

mean operator (outlier rejection, 10 %). Each super-resolved EA waveform condenses,

at least, 100 consecutive cycles.
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Processing of DRS recordings

As a preprocessing step, DRS streams require calibration for additive sensor noise.

This is done by subtracting the noise �oor in each wavelength, λ. By denoting the

raw re�ectance as DR0(t, λ), its calibration is expressed as

DR(t, λ) =
DR0(t, λ)−DRDARK(λ)

DRREF (t, λ)−DRDARK(λ)
, (8.1)

where DRDARK(λ) denotes the noise level in full darkness. Similarly, DRREF (λ)
denotes the re�ectance measurement of a reference standard (model WS-1, re�ectivity

> 98% from 250-1500 nm, Ocean Optics, Inc.) placed frontally to the OFP at a distance

of 2 mm. DR recordings were processed to obtain re�ectance PPG-amplitude and

PPG-phase spectra.

8.2.4 Monte Carlo simulations of skin re�ectance and remote PPG

The spectrum and depth-origin of remote PPG was simulated by the Monte Carlo

method. These e�orts were preceded by Huelsbusch[126], but his assumption that

the remote PPG signal comes exclusively from the capillary loops, as well as his

overestimated blood concentration and scattering coe�cients of the skin, resulted

in the underestimation of PPG signals in red-IR. We overcame these issues using

parameters from the DRS literature and/or estimated based on our experiments. We

simulated the photon migration through the tissue for the diastolic and systolic states

at a set of tissue characteristics, including SpO2 and blood concentration in the tissue,

where the systolic state was obtained by an incremental increase of arterial blood

over the diastolic state. Data were computed over multiple skin layers and in the

450–1000 nm range.

We used the publicly available GPU-MCML code package, which enables simu-

lating photon propagation in a multi-layered turbid media with adjustable spatial

dimensions and resolution [10]. The geometry of the scenario is speci�ed in cylindri-

cal coordinates with the emitter centered at the origin and normal to the tissue surface

[136]. The emitter con�guration approximates collimated light from an in�nitely

narrow beam. The input (.mci) �les for MCML incorporated skin architecture param-

eters, absorbance and scattering coe�cients, and physiological parameters such as

SpO2, blood concentration, melanin content, etc. Separate models were implemented

for reference and compressed skin.

Tissue Model

Figure 8.2 illustrates a multilayered model of normal glabrous (non hairy) skin tissue.

The model consists of six homogeneous layers with di�erent fractions of water, Cw ,

blood, Cb, and fat, Cf . Table 8.1 lists layer thicknesses, water and blood fractions

for each skin layer—numbered from 1 to 6 (deepest)—in the diastolic state. The

�rst layer listed is the epidermis. At the palm or �nger pad, its thickness is high in



8.2. Methods 153

comparison with other skin sites [326]. The palm also features a �vefold lower density

of melanocytes than at other skin areas [361]. Accordingly, melanin was not included

in our model. For the remaining layers, the optical and anatomical properties of our

skin geometry are similar to previous work [126, 191, 314, 314], though the average

blood concentration in the dermis, Cb, is lower. This setting conforms with recent

DRS studies [35, 367] indicating that Cb is within 1–3%.

Table 8.1: Layer settings for normal/reference skin.

Skin layers n dl(cm) Cb Cw vd (µm)

1 - EPI 1.33 0.08 0 0.20 0

2 - CL 1.37 0.015 0.004 0.65 10

3 - UP 1.40 0.008 0.02 0.65 20

4 - RD 1.40 0.12 0.004 0.65 20

5 - DP 1.40 0.05 0.04 0.65 40

6 - SC 1.44 0.5 0.03 0.05 50

The refractive index for all internal surface interfaces increases gradually from

1.33 at the surface to 1.44 at the bottom interface. The arterio-venous ratio (ra : rv)

corresponds to the diastolic state and was applied to all dermal layers in the diastolic

state [266]. For the reference condition, ra : rv was set at 50%:50%. Additional settings

are as follows: the arterial oxygen saturation SpO2 was set at 97% and the venous

oxygen saturation, SvO2, was set 30% lower; and the fat concentration, Cf , was set at

40% at the subcutis [35]. The vessel diameters per dermal layer, vd, were estimated

from the literature [47].

Table 8.2 lists the adaptations made to mimic the skin compression status. In

short, the dermal water and blood volume concentrations reduced, whereas pooling

of blood (mostly venous) was implemented at the subcutis. The ra : rv ratio was set

at 100%:0 at the dermal layers and 75%:25% at the SC.

Table 8.2: Layer settings for compressed skin.

Skin layers n dl(cm) Cb Cw vd (µm)

1 - EPI 1.33 0.08 0 0.05 0

2 - CL 1.37 0.008 0.0012 0.15 10

3 - UP 1.40 0.004 0.0024 0.15 20

4 - RD & DP 1.40 0.1 0.024 0.15 20

5 - SC 1.44 0.2 0.036 0.35 40
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Absorption settings

The absorption coe�cients of the skin layers were set di�erently for the epidermis and

for the dermal layers. The epidermal absorption coe�cient, µa,EPI , was estimated as

a combination of background tissue, µa,base,EPI , and water:

µa,EPI(λ) = Cwµa,water(λ) + (1− Cw) µa,base,EPI(λ). (8.2)

µa,water was determined from Palmer[227] and Smith[282]. The baseline tissue

absorption for the epidermis, µa,base,EPI , translates the e�ect of connective tissue

and was implemented from Jacques [134]:

µa,base,EPI(λ) = γ

[
0.244 + 85.3 exp

(
−λ− 154

66.2

)]
. (8.3)

The wavelength, λ, is speci�ed in nm and the factor γ = 0.5 accounts for water

losses during ex vivo measurements. The absorption coe�cient for the dermal layers

and subcutis during diastole, µ
(d)
a (l, λ), l2 . . . 6, were estimated as a sum of non-blood

tissue absorption coe�cient,µ
(d)
a,nb(l, λ), and blood absorption, weighted by their

respective concentrations within the layer. For convenience, the subscripts (l) and

(λ) are omitted in the remainder of this section. µ
(d)
a,nb, is set as follows:

µ
(d)
a,nb = Cf µa,fat + (1− Cf ) Cw µa,water + (1− Cf ) (1− Cw)µa,base. (8.4)

For the dermal background absorption, µa,base, the exponential dependency of

Eq. 9.15 was taken from Salomatina et al.[259]:

µa,base = γ
Cw
Cw0

[
0.244 + 16.82 exp

(
−λ− 400

80.5

)]
(8.5)

where γ was set as 0.5 for dermal layers (l = 2 . . . 5) and 0.25 for the subcutis (l = 6).

The coe�cient Cw0 = 0.65 accounts for the fact that background measurements of

µa,base(l) are performed at about 65%. These settings approximate the absorption

coe�cient measurements of the bloodless dermis and subcutis of Simpson et al.[279].

We account for the fact that a fraction of the incident light is re�ected in the vessel

walls, meaning that the apparent blood volume that interacts with light is lower than

the actual blood concentration at the skin. This e�ect is called self-shielding and is in

con�ict with the assumption of homogeneous mixture between bloodless skin tissue

and blood [324]. A correcting factor for this e�ect is easily performed by setting

a function, f [.], that translates e�ective dermal blood concentration (Cb) apparent
(Cb′). f [.] is in�uenced by the product of the average vessel diameter and by the

blood absorption of the layers, µavd. For collimated light, f [.] is an exponentially

decaying function given by

f [µavd] =
1

1 + 1.007(µavd/2)1.228
. (8.6)
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Self-shielding is negligible in the red-IR range since µa is very low; i.e., f [µavd] ≈ 1.

For wavelengths at the 500–580 nm range, f [µavd] reaches about 0.7 at the LD and SC

(where the vessel diameter is∼ 40 µm) but only about 0.85 at the upper dermis, which

is where most blue-green photons interact with tissue. Thus, the discrete absorbers

correction has a minor in�uence on the accuracy of PPG simulations, although we

implemented it for the sake of completeness. The diastolic arterial and venous blood

fractions, f
(d)
a and f

(d)
v , and the Cb′(d) at pulsating layers were set as follows:

f (d)a = ra Cb f [vd ((1− SpO2)µa,Hb + SpO2µa,HbO2)], (8.7)

f (d)v = rv Cb f [vd ((1− SvO2)µa,Hb + SvO2µa,HbO2
)], (8.8)

Cb′(d) = f (d)a + f (d)v . (8.9)

Using the absorbance spectra of deoxygenated and oxygenated hemoglobin, µa,Hb
and µa,HbO2, respectively, compiled by Bosschaart et al.[45], the diastolic absorption

coe�cient of the total tissue was given by

µ(d)
a = f (d)a ((1− SpO2) µa,Hb + SpO2µa,HbO2) + . . .

f (d)v ((1− SvO2) µa,Hb + SvO2µa,HbO2
) + Cb′ µa,water + (1− Cb) µ(d)

a,nb.(8.10)

Systole is modeled as fractional pulsatile increases, p, of arterial blood in pulsating

layers. The systolic f
(s)
a and Cb′(s) are

f (s)a = f (d)a + p f [vd ((1− SpO2)µa,Hb + SpO2µa,HbO2
)], (8.11)

Cb′(s) = Cb′ + p f [vd ((1− SpO2)µa,Hb + SpO2µa,HbO2
)]. (8.12)

Two possible mechanisms ensure model consistency during the systolic increase

of arterial blood volume. Either pulsatile changes are compensated by water displace-

ments [244, 266] (WD) or there is layer expansion (LE) to accommodate the additional

�uid; i.e., micro-modulations of layers thickness [106]. In LE, the layers thickness

during systole is set in proportion to p:

d(s) = d (1 + Cb′(s) p). (8.13)

By de�ning the expansion factor for each layer, E, as d/d(s), the absorption

coe�cient during systole is

µ(s)
a = E [f (s)a ((1− SpO2)µa,Hb + SpO2 µa,HbO2

) + . . .

f (s)v ((1− SvO2)µa,Hb + SvO2 µa,HbO2
) + . . . (8.14)

Cb′(s) µa,w + (1− Cb′(s)) µ(d)
a,nb]. (8.15)
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In practice, the simulations obtained under WS or LE are similar (see Fig. 8.3).

This is unsurprising since the blood concentration at the dermis is only about 2–3%

and E is close to unity. Accordingly, only LE was implemented.
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Figure 8.3: The similarity of simulation outcomes with WS and LE on (a) normal and (b) com-

pressed skin models.

Scattering settings

Skin scattering is conceptually regarded as a summation of Rayleigh and Mie scattering

[336]. In spite of fundamental di�erences, the di�use light setting is well approximated

by assuming that scattering losses occur in the depth dimension only, thus justifying

that dermal scattering is reasonably described by a one-term expression, or even set

as wavelength-independent [191]. We derived the reduced scattering coe�cient for

the dermal tissue, µ′s , from the observations of Simpson and Shimada [275, 279]:

µ′s = c0(l, λ) λ−b, (8.16)

where c0(l, λ) is a calibration constant that sets the reduced scattering µ′s to (EPI:

15 cm
−1

; CL, UD, RD, LD: 20 cm
−1

; SC: 10 cm
−1

) [279]. The decaying factor b was

estimated as 0.1 below 580 nm and 0.05 otherwise. Similar to Simpson et al[279], the

anisotropy factor was assumed to be 0.9 for tissue.

Simulating remote PPG

For each simulated wavelength, λ ∈< 450, 1000 > nm, and skin layer, l = 1 . . . 6,

the relevant outputs from MCML for expressing the simulated remote PPG spectra

are the fraction of photons reaching the surface per cm as a function of radial distance

from the origin, Rdr(r, λ, l), and the total di�use re�ectance, Rdt(λ, l), expressed as

fraction of total emitted photons.

Matlab was used for further processing. The diastolic-systolic di�use re�ectance

outputs were used to mimic the PPG spectra for remote and contact-based acquisition.

The remote normalized pulsatile re�ectance PPG, PPGREM , was normalized for

pulsating layer, l, as fraction of the total incident photons; i.e.,



8.2. Methods 157

PPGREM (λ, l) =
RdT d(λ, l)−RdT s(λ, l)

RdT d(λ, l)
. (8.17)

whereRdT s, andRdT d denote the total di�use re�ectance during systole and diastole,

respectively. Since each wavelength needs to be simulated under diastolic and systolic

conditions, for a skin model with �ve pulsating layers at least six simulation runs were

required, per wavelength. Each simulation run consisted of 10E8 to 40E8 photons

and required approximately 10 min of processing time on a Linux server operating

an NVIDIA GeForce GTX TITAN with compute capability 3.5 (14 SMs).

Optical penetration depth and depth-origin of PPG

The Matlab routines lookmcml.m and getmcml.m 1
were used to compute the optical

�uxes as a function of the skin depth from the MCML simulation output �les. Care

was taken to remove spurious peaks in the skin layer boundaries, thus ensuring that

the �ux functions are continuous along the depth axis.

For each wavelength and skin con�guration, a �ux function was computed for

the diastolic state, F (d)(z), allowing us to express the optical penetration depth of

the incident light as the skin depth, oriented along the z-axis, that is reached by 1− 1
e

of the incident photons. Mathematically, the PD was obtained by solving∑PD
z=0 F

(d)(PD)∑Ts

z=0 F
(d)(z)

= 1− 1

e
≈ 63.2%, (8.18)

where Ts is the total tissue thickness. The depth-origin (DO) of the PPG signals

was computed for each layer based on the systolic �ux perturbations. By weighting

these|according to the relative weight of pulsatile strength, wl,|the di�erential �ow

due to BVVs was given by

∆F (z) =
∑
l

(F (d)(z)− F (s)
l (z)) wTl , (8.19)

where F
(s)
l denotes the �ux perturbed during systole in layer l. Lastly, the DO of

the PPG signal was determined as the depth for which the cumulative sum of ∆F is

1− 1
e ; i.e., ∑DO

z=0 ∆F (DO)∑Ts

z=0 ∆F (z)
= 1− 1

e
. (8.20)

8.2.5 Indirect measurements of the remote PPG spectra

Since the used OFP is shielded by a ferrule (which clips shallow photon paths) a

correction is needed if the re�ection-PPG spectra, PPGOFP , are to be used for

1lookmcml.m and getmcml.m are publicly available at http://omlc.org/software/mc/
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drawing considerations to the remote setting. In this investigation, the [pseudo]

remote PPG-amplitude spectrum , PPGREM , is estimated from PPGOFP based on

a transfer function (TF) such that TF = PPG_REM/PPGOFP . The numerical

estimation of such TF began with simulating, in MCML, the remote di�use re�ectance

(DR) in the 450− 1000 nm. The uncalibrated remote DR from the skin, during systole

and diastole, were obtained as functions of the source distance. Those were integrated

from Rdr(nr, λ) as

uDRd(i, λ) =

R=3000∑
nr=i

Rddr(nr, λ), (8.21)

uDRs(i, λ) =

R=3000∑
nr=i

Rdsr(nr, λ), (8.22)

where the index nr refers to source distance. For a radial resolution of 0.0005 cm and

3000 grid points, the spanned radius ranges up to 1.5 cm. The correction factors for

diastolic and systolic DR, Cd(λ) and Cs(λ), are obtained as

Cd(λ) = RdT d(λ)/uDRd(nε, λ), (8.23)

Cs(λ) = RdT s(λ)/uDRs(nε, λ). (8.24)

with nε set to 10 to prevent numerical inaccuracies. The calibrated DR for systole and

diastole becomes

DR
(s)
OFP (λ) = C(s)(λ) uDR(s)(nr0, λ), (8.25)

DR
(d)
OFP (λ) = C(d)(λ) uDR(d)(nr0, λ). (8.26)

with nr0 =278. Finally, the contribution of layer l to the re�ectance PPG signal, as

acquired with the de�ned OFP, was given by

PPGOFP (l, λ) =
DR

(d)
OFP (λ)−DR(s)

OFP (λ)

DR
(d)
OFP (λ)

. (8.27)

The TF from re�ectance to [pseudo] remote-PPG was �nally given by

TF (nr0, λ) =

∑
l PPGREM (l, λ)wl∑

l PPGOFP (l, nr0, λ)wl
. (8.28)

Equation 8.28 was determined numerically in the range 450 nm – 1000 nm, for

normal skin and for compressed skin (see Fig.8.4). These TFs suggest that, in the

investigated range, the PPG-amplitudes measured remotely are weaker than similar
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Figure 8.4: TF functions for converting simulated PPG-spectra from re�ection-mode to remote

mode in normal vs. compressed skin.

measurements performed with the OFP. This e�ect is more pronounced for PPG-

amplitudes measured with wavelengths below 600 nm.

The usefulness of the TF is exempli�ed as follows. Assume that a spectral PPG-

measurement was performed on an uncompressed �nger pad with a DRS-OFP system.

To estimate the remote PPG-amplitude at 550 nm, the PPG-amplitude obtained with

the OFP at 550 nm would be multiplied by a factor of 0.43 (see TF for normal skin,

Fig. 8.4).

Please note that, although the TFs are fairly insensitive to minor variations in

dermal blood volume, the TF-based method is an indirect means for estimating remote-

PPG spectra and has limitations that will be discussed later in this Chapter.

Simulation precision

The average simulation errors for the remote PPG spectra—expressed as standard

deviations over the means—is 4.7% for the 475-1000 nm range. This error estimate

was based on four repeated runs of the compressed skin model.

8.3 Results and discussions

8.3.1 Experimental Setups

This study comprises two experimental parts. Part 1 includes a comparison of PPG

signals acquired with cameras in the green wavelength range and in IR, as well as

insights from videocapillaroscopy and DRS. This part o�ers helpful observations

for calibrating skin tissue simulations. For convenience, skin measurements were

performed at the human �nger (pad and nail fold). The skin of the �nger pad is

glabrous (non-hairy) and o�ers the advantages of strong PPG signals, negligible

melanin content and ease of stabilization. The nail fold also allows acquisition of

strong PPG signals and has the peculiarity of having the capillary loops oriented in
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parallel to the skin surface, which enables their observation by regular re�ectance

microscopy. Part 2 compares simulations and measurements of the PPG spectra in

normal and compressed skin.

8.3.2 Experimental Part 1: Multimodal remote PPG observations

Camera-based PPG in VIS versus IR

Figure 8.5 illustrates our framework for comparing PPG signals in VIS-green and IR

with data acquired on a subject from this study (SpO2 level, 95–98%; seated position)

for a �nger pad measurement performed 20–30 cm below the heart level (imaging area,

about 100 mm
2
). The pad was measured with a monochrome camera (sampling rate,

30 Hz) under stable lighting conditions (incandescent bulb; 9 V, DC). Two consecutive

measurements were performed using optical bandpass �lters that isolate the green

wavelength range (center frequency/unilateral bandwidth, 559/34 nm) and in IR

(800/12 nm). Speci�cally, Fig. 8.5a and Fig. 8.5b show the average skin pixel intensity

in consecutive samples for the green and IR recordings; i.e., “raw” PPG signals are

the absolute di�use re�ectance of the skin over time. Similarly, Fig. 8.5c and Fig. 8.5d

illustrate the normalized signals, resulting in periodic and zero-mean temporal series

whose amplitude is typically upper bounded by 0.1. Consistent with the literature

[325], we denote this format as “AC/DC” (abbreviation,“alternate current” over “direct

current”). AC/DC normalization is performed by dividing the “raw PPG” (units, least

signi�cant bits; l.s.b.) by its low-pass �ltered component (LPF).
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Figure 8.5: Processing pipeline: 1, 2) Remote-PPG signals acquired at the �nger pad are low-

pass-�ltered and AC/DC-normalized; 3, 4) The AC/DC streams are ensemble-averaged (EA)

(template size, 31 samples per cardiac cycle), including (e) multiple of the pulse-rate frequency

and (f, g) the fundamental only.

After pixel averaging and normalization, two periodic and light-invariant PPG

streams are obtained. These are polluted by sensor noise but ensemble-averaging

(EA) cardiac cycles eliminates noise while retaining signal information (see Fig. 8.5e).

Note that the amplitude di�erence between green and IR signals is consistent with the
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wavelength dependence of PPG and with the expectation that green and IR interact

with the vasculature at di�erent depths [12].

Waveform dissimilarity is further evidenced when the EA waveforms are truncated

to the fundamental of the pulse-rate frequency and scaled to unity (see Fig. 8.5f and

Fig. 8.5g). An obvious feature for quantifying dissimilarity between two waveforms is

the relative amplitude w.r.t. a reference wavelength. For example, when the reference

is set at 800 nm, a ratio-of-ratios, R, can be computed as the standard deviation

of the normalized green over IR (center wavelength, 800 nm) waveforms. For the

pair of recordings depicted in Fig. 8.5, we measured an R of 2.9, but inter-individual

di�erences can be large. On a small sample size (N=4), R was estimated to be 1.8±0.8.

Subsequently, this range will be considered for calibrating the remote PPG spectra.

Another useful feature for quantifying dissimilarity is the phase shift, P , which we

illustrate at the fundamental of the signals. A non-zero P between wavelengths

supports that the microvasculature is probed at di�erent depths. In Fig. 8.5g, P was

measured as 20 degrees, but test-retest experiments in other subjects suggest that the

range of P is broad, ranging up to 30 degrees.

Videocapillaroscopy

Observing the capillary loops at the �nger nail fold during PPG signal acquisition is

insightful to investigate a possible contribution of capillaries to PPG. Owing to the

low epidermal thickness at the nail fold, the capillary loops and arterioles are found

as close to the surface as 0.28–0.43 mm and > 0.43 mm, respectively [26], and can

be reached using green light. Figure 8.6a shows our videocapillaroscopic setup and

Fig. 8.6b a stable PPG segment, overlapped and its peaks and valleys in one subject.

When the frames corresponding to these critical instants are registered and aver-

aged, separately for systole and diastole, the corresponding super-resolved images of

the capillary loops are obtained (see Figs. 8.6(c,d)). The peak-to-peak (p2p) amplitude

of the signal remains fairly stable during the selected segment and no di�erences

were apparent in the density of visible capillaries. An useful approach to continue

exploring data is to perform the normalized di�erence between the systolic and di-

astolic frames. The outcome is a PPG-amplitude image (PPGI, amplitude expressed

as AC/DC-p2p; see Fig. 8.6e) which indicates that the PPG-amplitude is strongest

where the blood concentration is highest (identi�ed as darker regions in Fig. 8.6d).

This interpretation is not confounded by the local density of capillary loops, which

is fairly even across the imaged area. PPGI further shows that the gradient of the

PPG strength varies smoothly across the skin surface and does not re�ect the activity

of isolated or clustered loops. This supports the hypothesis that the PPG in green is

modulated by upper dermal arterioles.

Spectroscopic measurements of PPG on normal and compressed skin

This section shows our di�use re�ectance (DR) and re�ectance-PPG spectra. 16

subjects were measured at normal conditions and under compression. One subject
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Figure 8.6: Videocapillaroscopic examination of the �nger nail fold using green wavelengths:

(a) Setup schematics; (b)Average PPG signal, with indication for systolic maxima (circles) and

minima (squares); and super-resolved images of the upper dermis at the (c) peak instants and (d)

valleys, respectively (imaging area, about 1.6 mm× 2 mm; ampli�cation,× 60). The downsized

and normalized di�erential image between (c,d) is a PPG-image (e) which suggests no relation

between capillary density and PPG-signal strength. The �gure was created by A.M.

was excluded because the PPG signal in normal conditions was hidden by sensor

noise. Figure 8.7a contrasts the average DR spectra from the remaining 15 subjects of

our dataset. The di�erence between the DR under compression minus resting skin,

∆DR, is a wavelength-dependent function with relative peaks close to haemoglobin

absorption (542 nm, 582 nm; see Fig. 8.7b).

Figure 8.7c shows the medians of the PPG spectra obtained with the photometer-

OFP system at normal and compressed skin (N=15). Also included are the correspond-

ing remote spectra estimated by using a transfer function (TF), which accounts for

the skin properties and probe speci�cations (see the methods section for details). To

ease comparisons, the PPG-amplitude spectra are scaled by its relative minimum at

660 nm and two variables were de�ned: the amplitude ratio of green over red (GoR,

with green and red ranges de�ned at 520–577 nm and 660–700 nm, respectively), and

the ratio of IR (range, 800–840 nm) over red (IRoR). In our dataset, paired-sample

t-tests indicated that compression signi�cantly reduces the average GoR by a factor

of 4 (means ± standard deviations; reference, 9.27 ± 3.19; compression, 2.32 ± 1.24;

1 rejected outlier; p<.001), whereas IRoR is not signi�cantly a�ected ( reference,

1.90 ± 0.16; compression, 1.95 ± 0.14; p=0.43). This supports the multilayered BVVs

hypothesis by evidencing that selectively blocking dermal layers a�ects the shallow

PPG-green wavelengths. Note that the invariance of IRoR to compression holds for

remote acquisition because the probe geometry is irrelevant in the red-IR diagnostic

window. That green and red-IR wavelengths probe di�erent mixture-weights of the

layers signatures explains the selective mitigation of the PPG-amplitude below 580
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Figure 8.7: (a) DR pro�les measured before and under skin compression; (b) the DR di�erence

evidences the oxyhemoglobin absorption peaks. The cancellation of PPG at the VIS (< 580

nm) range by compression is seen at the (c) scaled PPG-amplitude measurements (R_660; OFP,

optical �ber probe; REM, remote PPG). The (d) PPG-phase spectra shift at about 600 nm, which

indicates shape dissimilarity between VIS and IR.

nm by compression.

Figure 8.7d contrasts the relative PPG-phase shift spectra in the 475–975 nm

wavelength range. The dual-state behaviour of the relative PPG-phase function, with

stable phases within the blue-green (475–580 nm) and red-IR (625–975 nm), means

that the shapes of the PPG signals are fairly similar within the ranges. The phase

gap at ∼ 600 nm indicates the abrupt penetration depth change, which is in�uenced

slightly by the compression-induced blanching of the skin.

8.3.3 Experimental Part 2: Monte Carlo simulations

The simulated layer’s signatures for normal and compressed skin are depicted in

Figs. 8.8(a,b). The simulated remote PPG spectra resemble measurements for, e.g.,

pulsation patterns of wref = (0, 0, 1, 2, 3, 1)/3 and wcomp = (0, 0, 0, 2, 18, 1)/3 , for

layers (1-EPI, . . . , 6-SC), for reference and compression, respectively.

The simulations for the penetration depth (PD) and depth-origin (DO) of the PPG

signals are insightful to assess if arteriolar BVVs can, at least theoretically, modulate

PPG. Fig. 8.9a exempli�es the light �ux, F (z), and di�erential �ux between diastole

and systole, ∆F (z), for 577 nm. The PD is de�ned as the depth for which area under

F (z) is ∼ 63.2 %. Analogously, the DO is de�ned as the depth for which the area

under ∆F (z) is ∼ 63.2%.

In agreement with earlier work [126, 146], we veri�ed that the PD of blue-green

wavelengths is at the level of the capillary loops (see Fig. 8.9b). However, only a

small fraction of the di�usely re�ected photons need to be modulated for PPG signal
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Figure 8.9: Comparison of the penetration depth (PD) of the incident light at the skin against

the depth-origin (DO) of PPG for (a, b) normal and (c) compressed skin, showing that PPG

modulations reach pulsating layers and have arteriolar origin in VIS-IR. As exempli�ed for 577

nm, the PD is determined as 63.2% of the area under the diastolic or systolic �ow curves since

F (d) ≈ F (s)
. Analogously, the DO of PPG is calculated from the diastolic-systolic di�erence

∆F = |F (d) − F (s)|.

generation. The DO for the reference skin model is greater than the PD. This means

that PPG in VIS e�ectively reaches the pulsating arterioles of the upper plexus and

the RD. These insights also hold in IR; i.e., the center of gravity of the DO of the PPG

signals in VIS-IR is deeper than the PD of the incident light. Similar insights hold for

the compressed skin model (see Fig. 8.9c).

8.4 Discussion

This investigation aims to assess if the opto-physiology of remote PPG in VIS-IR can

be explained by arteriolar/arterial BVVs located at dermal and subdermal skin layers.

Using the �nger pad as inspection site, we showed that the remote PPG-amplitude

spectrum for normal and for compressed skin can be acquired and modeled in light

of the volumetric model. Skin compression reduces the blood content of the skin
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(particularly venous blood) and enables that green wavelengths penetrate deeper and

reach more pulsating vessels. Since the depth-origin of the PPG signals is within the

arteriolar level in VIS and IR, an alternative model for the genesis of PPG in VIS is,

therefore, unnecessary. Yet, we remark that our insights are not direct experimental

evidence and do not invalidate the possibility of complementary mechanisms of PPG

formation occuring in parallel.

The volumetric model holds for all skin sites but the PPG spectra is have skin-site

variations. Our preliminary results suggest lower overall PPG-amplitudes and an

imbalance between amplitudes in green versus red-IR wavelengths, for glabrous

and non-glabrous skin (see Supplementary Section 2). Possible explanations include

density of arterio-venous shunt density, microvascular bed thickness and epidermal

scattering and absorption.

To the best of our knowledge, only Reuss [243] stated explicitly that the capillary

loops are microcirculatory, but there is no experimental support for this assumption.

At most, capillary �ow velocities can be estimated and shown to have a constant and a

pulsatile component. Based on nailfold videocapillaroscopy, the typical RBC average

velocity measured in healthy subjects is around 0.8 ± 0.2 mm/s [213]. More recently,

Baran et al.[27] applied Doppler optical microangiography (DOMAG) method to

map RBC absolute velocity in the arterial and side of the �nger cuticle capillaries

loops and obtained about 0.67 mm/s for arteriole-end capillaries. Unfortunately,

the sampling rate was limited to 0.5 frames per minute, which did not allow the

assessment of pulsating �ow inside the capillary loops. Still, the fact that RBC speed

even reduces in capillary loops [27] with increasing �ow resistance at low velocities

[269] suggests the steadiness of blood �ow at upper arterioles. The assumption

of constant �ow velocity at the capillaries is not subscribed by Huelsbusch[126],

who modeled PPG assuming that the PPG is formed at the capillary loops only.

Interestingly, Huelsbusch’s simulated spectrum largely overestimates the magnitude

of signals in blue-green wavelengths, suggesting the incorrectness of this parameter

setting. We veri�ed that the problem does not occur in simulations where the sources

of pulsatility/BVVs are at the dermal plexuses, RD and SC.

Recently, Volkov et al. [331] showed that the capillary �ow speed of RBCs of

the �ngernail fold have a pronounced pulsatile �ow component overlapped with an

asynchronous component. The magnitude of the capillary �ow speeds (range, 1–5

mm/s) is dissonant from reference healthy ranges, but the observed morphological

resemblance between capillary �ow speed waveforms and pulsatile blood pressure

waveforms is invariant to possible scaling inaccuracies. Still, these waveforms were

erroneously interpreted as evidence for the inadequacy of volumetric theory. In fact,

if the data of Volkov et al. is valid, then any remnants of pulsatile pressure that reach

the capillary level are accommodated as pulsatile �ow and not as capillary BVVs.

This possibility is strengthened by morphological resemblance between Volkov’s �ow

speed waveforms and the pulsatile pressure waveforms of Mahler et al. [179], who

performed direct cannulation of human �nger nailfold capillaries.
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8.4.1 Limitations and future work

Modeling simpli�cations We begin by acknowledging the simplifying assump-

tion of a reference skin model and PPG spectrum. This exercise should only hold for

illustrative purposes because PPG is highly in�uenced by individual and contextual

factors like posture [121] and skin site (see Supplementary Section 2 for details).

Additional skin models with slight changes in the layers properties, e.g., thickness,

relative pulsatile strength and absorption, would add to this study by translating

inter-individual and skin-site variations. Still, building and running these come at

the cost of added computational e�ort and time while a single skin model su�ces

to verify that the normal and compressed PPG-amplitude spectra are obtained for

realistic parameter settings.

We further remark that modeling the skin as a structure with a discrete number

of stacked horizontal layers is a valid simpli�cation [136], though not without the

possible risk that the microanatomic description of the skin into 2 plexuses may not

be representative of all skin sites [101, 353]. Wong and Geyer visualized the �nger pad

using optical coherence tomography (OCT) and documented a tree-like rami�cation

where relatively thick dermal arteries arise from the subcutaneous arterial plexus

and ramify until they form the ascending segment of the capillary loops. As reported,

capillary loops of the �nger pad could be split in “arterial units” and the upper plexus

would be absent. However, the volumetric model for PPG signal formation also holds

if the skin microvasculature has a tree-like arrangement, although the mixing weights

of the layer contributions to the resulting PPG spectrum may di�er at the upper

dermis. Future work is valuable to ascertain these considerations.

Parameter errors Selecting optical parameters from the literature is an error-

prone task. Glaring examples are the absorption and scattering parameters, which are

mostly determined in ex vivo tissue samples and may di�er by an order of magnitude

[28, 134]. Moreover, the scattering coe�cients of living skin can be much lower than

those of ex vivo samples [275, 376].

Although the major �ndings are not a�ected, the uncertainty in parameter settings

in�uences the DRS and PPG spectra. The computation of the skin layer’s signatures

is robust to small variations in blood concentration at the upper dermis. However,

the same does not hold if the skin layers scattering or absorption coe�cients vary by

an order of magnitude. Figure 8.10 exempli�es the considerable impact on spectral

simulations of an hypothetical variation in epidermal scattering by an order of mag-

nitude (reference µs,EPI=156.34 cm
−1

versus reduced µs,EPI=10.42 cm
−1

; common

parameters for the epidermal layer: n=1.33; µa,EPI=15.039 ; g = 0.9; dEPI = 0.8 mm).

The errors incurred in parameter settings do not preclude the remote PPG spec-

trum from being obtained. However, the errors propagate to the mixing weights

of the BVVs. Consequently, the inverse estimation of the mixing weights of the

BVVs is currently an ill-posed problem. Future progresses in this direction could

enable the possible usefulness of the skin’s pulsating pro�le for functional tissue

characterization.
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Probe e�ects DR measurements were contact-based and may contain probe pres-

sure artifacts [77, 242]. Concerns are rested by verifying that the DR plot for the

non-compressed skin is similar to those of Bjorgan et al.[35]. Probe e�ects reduce

the PPG-amplitude ratios in green over red-IR by a factor of up to 0.7 (corresponding

to about 1 mm of �nger compression; see Supplementary section 1 for details on

the PPG-amplitude response to incremental �nger pad compression in green and IR).

Modeling the geometry of the OFP (implicit in TF computations) is another possible

source of error which makes it inviting to perform of spectral measurements remotely

as demonstrated by Corral et al.[65] and Blackford et al.[36]. However, measuring

the PPG spectra in re�ectance-mode was preferable to remote multispectral measure-

ments since the latter are noisier. Concerns to the validity of the remote spectra PPG

include ballistocardiographic artifacts [204] and specular re�ections.

8.5 Conclusion

The exploration of the VIS range in PPG-based applications is relatively recent and

the underlying opto-physiology remains doubtful. Our results present a step forward

in this regard by supporting the volumetric model. By taking a joint numerical

and experimental approach, we linked the skin’s pulsating pro�le and signatures at

di�erent skin-depths with the remote PPG-amplitude spectrum. Our results support

that arteriole-arterial BVVs are feasible as origin of PPG signals in visible light and

IR. The depth-origin of PPG using green wavelengths are dermal BVVs while red-IR

wavelengths even interact with subcutanous BVVs. The videocapillaroscopic mapping

of the PPG-amplitude at the �nger nail fold further suggests that the PPG signal is

not associated with capillary density.

Supplementary section 1: Amplitude responses to compression

Experimental setup This subsection describes an experiment to illustrate the ef-

fect of gradually increasing compression on the perfusion status of the skin tissue. We
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measured the �nger pad under increasing compression and assessed the normalized

amplitude of remote PPG signals acquired in green and IR, as well as skin re�ectance.

A subject was asked to have his right pointing �nger tilted upwards and covered

by a light glass plate, while refraining from voluntary motions for 10 consecutive

compression steps of 2 min (see Supplementary Fig. 8.11). An initial step was done

without contact to the glass plate. Subsequently, the pressure against a glass plate

were gradually incremented in a contact area ranging from 0.5× 1 cm
2

to 1× 1.5 cm
2

(compression was increased in steps of 2 mm, each corresponding to about ∼ 5 kPa).

Illumination was provided by 2 �uorescent lamps (Philips EnergyLight, reference

HF3319). Two independent monochrome cameras were used, each capturing the

�nger pad at a rate of 15 frames per second and with 8 bits depth (camera 1, model

µEye of IDS Inc., Germany, coupled with a bandpass �lter at 559/34 nm; camera 2,

model Marlin F046C, Allied of Vision Technologies GmbH, Germany), coupled with a

high pass �lter with cuto� frequency at 840 nm).

Recordings were processed separately for each compression stage. The instanta-

neous pulse-rate was estimated by using a �nger oximeter, synchronized with the

camera. PPG signals were AC/DC-normalized and digitally band-pass �ltered around

the fundamental pulse-rate frequency. In experiments, the �nger was at the level of

the heart.
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Figure 8.11: (a) Setup for simultaneous acquisition of PPG signals of the compressed �nger

pad (against a glass plate), with (b) two monochrome cameras coupled by red and green �lters;

(c, d) PPG-amplitude and DC Level (i.e., skin re�ectance), as function of compression depth,

featuring the states of low-mild-strong compression and tissue hypoxia. At strong compression,

the PPG-amplitude in green falls abruptly while PPG-IR remains stable.

Results and discussion Supplementary Figure 8.11 summarized our results for

PPG-amplitude and relative skin re�ectance for increasing levels of skin compression

(measured site, �nger pad). The PPG-amplitude curve suggests three regimes which

we qualitatively classify as low, mild and strong compression. During low-mild

compression, increasing compression results in the rising part of the normalized

PPG-amplitude curves in green wavelengths. The DR enables us to di�erentiate

low and mild states by the timing at which the green and IR DR curves begin to

increase exponentially (see Supplementary Fig. 8.11b. This behaviour is understood
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by recalling that the capillary bed of tissue gradually becomes devoid of the non-

pulsatile venous blood, while arterioles remain pulsatile. This leads to a decrease in

the optical density of the upper dermis and a resulting increase in light penetration

depth of all wavelengths. As the re�ected light becomes modulated by deeper vessels

and the relative fraction of arterial pulsations (with respect to the total blood volume)

in the skin increases, the PPG signals become stronger. Compression gains are most

dramatic in green because IR wavelengths were already able to reach deeper vessels,

thus being less sensitive to the initial stages of applied compression.

The end of the low-mild regime is seen as an abrupt PPG-amplitude decrease

in green and as an exponential increase in DC-re�ectance. For strong compression,

the skin is partially occluded in the sense that only blood volume variations sources

(BVVSs) at deeper layers remain pulsatile. For compression above systolic blood

pressure, the digital artery is occluded and the tissue becomes ischemic. This behavior

were veri�ed in two additional subjects, although the critical compression depths

demarcating each state di�er due to di�erences in total �nger thickness.

Supplementary section 2: skin-site e�ects on the
PPG-amplitude spectra

We explored the skin-site in�uence on PPG-amplitude spectral measurements by

performing three repeated PPG-amplitude measurements at four skin locations: the

�nger pad and nail fold (non-glabrous skin), and forehead and cheek (glabrous skin).

Measurements were done in the same test session and subject (female; skin type 3 at

the Fitzpatrick scale; age, 32 yrs) under stable room temperature. The re�ection-mode

PPG spectra was averaged, separately for each skin site, and scaled by unity at the

660-700 nm range. Figure 8.12 contrasts the resulting face and �nger measurements

and suggests that IRoR is more insensitive to skin locations than GoR.
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Figure 8.12: Di�erences between PPG-amplitude spectra acquired at the forehead and �nger.

Amplitudes are stronger at the �nger that at facial locations, and that GoR and IRoR are also

skin-site dependent.
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Table 8.3 summarizes the obtained GoR and IRoR for the 4 skin sites and con�rms

that the inter-site variations in GoR go up to a factor of 2.71. For the same conditions,

IRoI is more stable and varies only up to 1.41.

Table 8.3: Amplitude ratios for facial skin sites at the face and �nger.

PPG-amplitude ratios forehead cheek �nger pad nail fold

|PPG, IR|/|PPG,R| 4.99 3.80 7.97 10.32

|PPG,G|/|PPG,R| 2.16 1.77 2.51 2.41

The dissimilarities between skin sites are also supported by the contrast between

green (520–580 nm) and red-IR (625–750 nm) waveforms in Fig. 8.13.
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Chapter 9

Pitfalls of remote pulse oximetry in
visible light (Vis)

SCOPE & AIMS: Remote pulse oximetry in visible light (VIS) is a relevant appli-

cation of photoplethysmography (PPG), but it needs to be assessed whether

physiological variations such as a posture change hamper the accuracy of

methods relying on red and the less penetrating blue or green wavelengths.

METHODS: Stationary subjects were measured under normoxic conditions while

sitting and in the supine position. For each recording, we extracted remote

PPG signals from forehead video recordings of 31 healthy adults at the red and

green camera channels. The resulting normalized PPG-amplitudes, and its ratio,

red-over-green (RoG), were compared between postures. The observed RoG
changes were translated into estimations for arterial blood oxygen saturation

(SpO2, %) errors by means of Monte Carlo simulations of the skin tissue. Sim-

ulations were also used to compare the calibratability errors of SpO2 in VIS

against the conventional red-IR wavelengths.

RESULTS: RoG di�ers signi�cantly between postures (RoG: sitting, 0.100 ± 0.025;

supine, 0.123 ± 0.033), mediated by PPG-amplitude changes in green. The

posture interference in RoG may be mitigated by an o�set correction. Without

this correction, we estimated that the observed change in RoG causes a SpO2

error > 3%. Analogous simulations involving red-IR wavelengths indicate

SpO2 errors < 1%.

SIGNIFICANCE: Our results show that the calibrations for camera-based pulse

oximetry in VIS require the speci�cation of a �xed measurement position.

PUBLICATIONS: This chapter was published as a journal paper [207] and as a

conference abstract [199].
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9.1 Introduction

Pulse oximetry is a non-invasive method for estimating the arterial blood oxygen

saturation (SpO2, %). The method explores the wavelength-dependency of amplitude

of photoplethysmographic (PPG) signals, which resemble the arterial blood absorption

curve [181]. The linearity of the relationship between SpO2 and the so-called “ratio

of ratios” (RRs) between the normalized PPG-amplitudes of signals probed in red over

IR (RoIR) wavelengths have enabled SpO2 to be e�ectively determined as a linear

function ofRoIR [181]. Conventional pulse oximeters are accurate and cost-e�ective

but require probes which, when wore for extended periods of time or on sensitive

skin, lead to discomfort and even irritation [143].

The drawbacks of contact pulse oximetry have motivated research on camera-

based alternatives, which typically explore the red-IR window [320, 323, 349]. With

the evolution of mobile devices with embedded RGB cameras, there have also been

attempts to measure SpO2 in VIS [264, 301]. Figure 9.1 indeed suggests the possibility

of estimating SpO2 in VIS by using reference blue or green wavelengths instead of IR.
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Figure 9.1: Absorption coe�cients of oxyhaemoglobin (µa,HbO
2
) and reduced haemoglobin

(µa,Hb), evidencing maximum contrast in red wavelengths. µa,HbO2 and µa,Hb were compiled

by Bosschaart et al. (2013).

Tarassenko et al. [301] and Bal et al. [24] were the �rst to implement the RRs

method using the red camera channel and the blue channel as the reference wave-

length. In subsequent work, the group of Tarassenko demonstrated that the SpO2

levels in critically ill patients and newborns could be tracked based on the RRs be-

tween PPG signals probed from the red and blue camera channels. Villarroel et al.
[328] conducted measurements with a mixture of natural and �uorescent lighting,

whereas Guazzi et al. [111] tracked SpO2 changes under non-dedicated illumination.

A shortcoming in the literature on remote pulse oximetry in VIS is the fact that

the reported SpO2 values rarely drop below 90%. Addison et al.[6] addressed this

in a porcine model of hypoxia enabling a SpO2 range of 50%–100%. This report

raised concerns over the reliability of SpO2 levels measured with RGB cameras as the

calibration coe�cients changed over time and with oxygen desaturation events. But
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the validity concerns about SpO2 measurements in VIS are also optical. Combining

blue-green with red wavelengths implies that di�erent levels of the vasculature are

interrogated and the resulting depth-gap may render measurements susceptible to

measurement conditions, e.g., room temperature and posture [206].

In this paper, we consider that the RRs method is calibratable if there is a single

calibration curve relating SpO2 levels with the RRs obtained from remote PPG sig-

nals. A change in posture was used as an exemplary maneuver to investigate the

relationship between SpO2 and the RRs. The rationale of the proposed maneuver is

that inducing venous pooling in the transition from sitting to the supine position

changes the penetration depth-gap between remote PPG signals acquired in red and

green wavelengths [121]. To study this e�ect, we proposed a measurements protocol

(Sec 9.2.1) and a numerical approach (Sec 9.2.2). The obtained results are presented in

Sec. 9.3 and discussed in Sec. 9.4. Concluding remarks are found in Sec. 9.5.

9.2 Methods

9.2.1 Forehead measurements with an RGB camera

Subjects

We measured a total of 31 healthy subjects (ages 29 ± 4 yrs; 4 females; one smoker)

whose skin types ranged from light Caucasian to Asian (i.e., Fitzpatrick skin types I

to III). At the acquired data, the SpO2 and average pulse-rates were in the range of

95% to 99%, and 45 to 109 beats per minute (b.p.m.), respectively. SpO2 variations

of 95% to 99% are physiological in stationary subjects undergoing 5-min recordings

and within the instrument error, which can be as high as 4% (ISO 80601-2-61:2011).

Subjects felt no cold nor discomfort during the recording sessions. All experiments

were approved by the Philips Internal Committee on Biomedical Experiments and a

written informed consent was obtained from each participant.

Data acquisition

Measurements were carried out in an o�ce with temperatures ranging from 24
o
C

to 27
o
C. Participants were asked to refrain from voluntary motions while having

their foreheads recorded under sitting and supine conditions. Recordings lasted 5

min and were obtained on the same day in two separate time slots, spaced by three

to �ve hours. The protocol was not applied sequentially. However, we randomized

the measurement sequence to prevent any order e�ects from in�uencing results. 17

subjects had the sitting measurement in the morning whereas the remanding 14

subjects started with the supine recording. Subjects had a reference (cork) patch at

the right side of the forehead and a �nger pulse oximeter (within 20 cm of heart level;

Contec Medical, Japan) synchronized with video recordings (see Fig. 10.2).

An RGB camera was used (µEyeUI222xSE-C R3 with near-IR blocking �lter above

640 nm, IDS, Germany; �xed lens, computar M0814-MP2 2/3”, 8 mm, Japan) and set for
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Figure 9.2: Setup schematics for data acquisition under supine and sitting conditions.

acquisitions at 20 frames per second (frame size, 420× 600 pixels). Stable illumination

during recordings was ensured by a DC-powered dimmable tungsten-halogen lamp

(Osram Xenophot HLX, Germany; 50 W, 12 V) for a source-skin separation of 15 to

25 cm. Specular re�ections were avoided by using a cross-polarization scheme with

linear polarizing �lm in front of the camera and lamp.

Signal processing

Preprocessing As shown at the sample frame of Fig.10.2, skin and reference (i.e.,

non-skin) regions of interest (RoI; size range, 100–300 × 100–300 pixels) were de-

marcated at all forehead recordings (see Fig. 10.2). These were denoted as RoI_Skin
and RoI_Ref , respectively, with the reference surface being a rubberized cork patch

attached to the skin by double-sided tape. RoI_Skin and RoI_Ref were manually

demarcated at frames spaced by 1000 samples (or 50 sec). The remaining frames were

linearly interpolated.

From the de�ned RoIs, the temporally-varying pixel-averages (i.e., re�ectance

signals) were obtained simultaneously for the red (R) and green (G) camera channels

as motion-induced re�ectance variations (denoted asRefR andRefG for the R and G

channels, respectively) and skin re�ectance variations (denoted as SkinR and SkinG)

for the R and G channels). The signals were expressed in least signi�cant bits (l.s.b.).

DC calibration Re�ectance measurements are in�uenced by the light intensity

and by camera sensitivity. To make the DC-re�ectance comparisons invariant to these

in�uences, the DC-re�ectance of the skin in the R and G channels were calibrated by

expressing signals as fractions of the reference re�ectance; i.e.,
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R_DC =
E[SkinR(t)]

E[RefR(t)]
, (9.1)

G_DC =
E[SkinG(t)]

E[RefG(t)]
, (9.2)

where (t) evidences temporal dependency and E[.] denotes the temporal means taken

over the full range of each video recording.

AC/DC normalization The cardiac-related component of the raw re�ectance

signals (i.e., the“AC” component) was made invariant to slow motions and brightness

conditions by expressing these modulations as fractions of the static re�ectance

(“DC” component). This procedure was referred to as AC/DC normalization. For the

neighboring RoI_Skin and RoI_Ref , the AC/DC-normalized motion signal can be

assumed to be the same. We also note that AC/DC-normalized motion signals are

wavelength-independent and, therefore, the same for R and G. This is why MOT (t)
was based on the summation of the re�ectance signals from the R and G channel.

Accordingly, the normalized [common-source] motion signal, MOT , was obtained

as follows:

MOT (t) =
RefR(t) +RefG(t)

LPF[RefR(t) +RefG(t)]
, (9.3)

where LPF[.] denotes the low pass �ltering operation ( �lter type, 9-th order Butter-

worth �lter; normalized cuto� frequency, 0.05π rad/sample) that isolates the static

or slowly �uctuating component of the raw signals. The motion-contaminated PPG

signals were probed and normalized separately for the R and G camera channels as{
PPGplusMOTRn(t) = SkinR(t)/LPF[SkinR(t)]
PPGplusMOTRn(t) = SkinG(t)/LPF[SkinG(t)]

(9.4)

Lastly, the normalized PPG signals at the R and G channels (denoted as PPGRn(t)
and PPGGn(t)) were retrieved by motion interference cancellation:{

PPGRn(t) = PPGplusMOTRn(t)−MOT (t),
PPGGn(t) = PPGplusMOTGn(t)−MOT (t).

(9.5)

The adaptive strategy used to achieve harmonic truncation of PPGRn(t) and

PPGRn(t) was described in detail by [145] and was adapted by [204]. In short, the

signals were processed in an overlap-and-add manner, with an overlapping factor of

50%. In each window (length 256 samples or 12.8 seconds), the contact-PPG signal

was used to estimate the pulse rate frequency (p.r.f.) based on the median of the

detected peaks. The p.r.f. estimate was then used to select the relevant frequency

bin at the Fourier spectra of PPGRn(t) and PPGRn(t) within the same temporal
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window—this procedure is referred as 1H-truncation in the remainder of this paper.

Analogously, 4H-truncation is used to refer to signals truncated more conservatively

by also including the three harmonics of the p.r.f..

Ensemble-averaging Normalized signals were ensemble-averaged (EA) into highly

resolved waveforms by taking the median of consecutive cardiac cycles in each record-

ing. For the R and G channels, these were denoted as Rn and Gn. These were com-

puted for 1H-truncated signals truncated to the p.r.f. and, for illustrative purposes,

also for 4H-truncated signals. The EA procedure used was described in our previous

work [204]. Waveforms were linearly time-warped to the average number of sam-

ples per cardiac cycle by using the MATLAB function resample. The parameters

extracted from the 1H-truncated waveforms were its standard deviations, |Rn| and

|Gn|, and its ratio,RoG = |Rn|/|Gn|. The total number of cycles acquired in a video

recording, NC , is associated with the resolution of the EA-waveforms. To quantify

this, the following error metrics were de�ned:

εR(m) =

1
m

√∑m
j=1

[(
1
NT

∑NT
i=1 wij

)
−Rnj

]2
1
NT

√∑NT
j=1Rnj

2
, (9.6)

εG(m) =

1
m

√∑m
j=1

[(
1
NT

∑NT
i=1 wij

)
−Gnj

]2
1
NT

√∑NT
j=1Gnj

2
, (9.7)

wherem is the m-th cardiac cycle; wi is the i-th sample of the EA-waveform (template

size, NT ). In our dataset, εR(m) and εG(m) decayed exponentially and εG(m) was

lower than εR(m) (see Fig. 9.3). Errors below 10% were commonly achieved with

m > 100 cardiac cycles. Hence, the EA-approach is safe with 200 to 300 cycles.

1 10 100
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1 10 100
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)
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Figure 9.3: (a) εR and (b) εG, as percentages of |Rn| and |Gn|, respectively.

Statistical analysis

To explore the extent by which a change in posture in�uenced |Rn|, |Gn|, and its

ratio, RoG, the following procedures were conducted in MATLAB (version R20116a,
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The Mathworks, Inc., USA). The RoG data were visualised, separately for the sitting

and supine settings, using Box-Whisker plots. After con�rming the homoscedasticity

of the RoG data (Levene’s Test), the signi�cance of a posture change in RoG was

tested with a paired sample t-test (N=31).

The associations between |Rn| and |Gn| were assessed, separately for sitting and

supine, with robust linear regressions (MATLAB function fitlm; ’RobustOpts’
enabled). In our moderately noisy dataset, robust linear regressions were preferable to

regular least squared regressions because of a bisquare function that penalized outliers

[122]. In addition, stepwise linear regressions were conducted withRoG as dependent

variable and G_DC, R_DC, RoG_DC (=R_DC/G_DC), GoR_DC (=1/RoG_DC), and

sitting (boolean variable) as predictors. This procedure was employed to assess

whether RoG changes were explained by the changes in the DC-re�ectance of the

skin in addition to the induced change in posture. Similar stepwise linear regressions

were conducted for |Rn| and |Gn| (dependent variables). The statistical signi�cance

level was set at p =0.05 for all tests.

9.2.2 Numerical approach

Analytical developments Building on the model of Guazzi et al. [111] for a

AC/DC-normalized remote PPG signal, R̂c, as acquired by a camera channel operating

in VIS and with quantum e�ciency rc:

R̂c(t) =
∆v

v
(λ)

∑
λc
L̂(λ)rc(λ)m(λ)bAC(λ)∑

λc
L̂(λ)rc(λ)m(λ)bDC(λ)

, (9.8)

where the indexes t and λ translate temporal and wavelength dependence, respectively.

The term L̂ accounts for incident light spectrum; m for non-blood tissue interactions;

bDC , bAC describe the static and pulsatile components of the skin’s total re�ectance;

and v and ∆v translate the volumes of the static and pulsatile blood, respectively.

Di�ering from Guazzi et al. [111], 1. we limit our analysis to a speci�c skin portion at

the forehead and ignore surface dependencies; 2. we assume stationary conditions

and omit the temporal dependence of v, bAC , bDC ; and, 3. we make the wavelength

dependence explicit for the pulsatile blood ratio, ∆v/v, as red and green wavelengths

interrogate di�erent tissue-depths. We decomposed v into its arterial and venous

components, va and vv , respectively, and switch variables as

v(λ) = va(λ) + vv(λ),
∆v(λ) = ∆va(λ),

b′DC =
(

1 + 1
rA:V

)
bDC(λ),

v(λ)
∑
λc
L̂(λ)rc(λ)m(λ)bDC(λ) = va(λ)

∑
λc
L̂(λ)rc(λ)m(λ)b′DC(λ),

(9.9)

where rA:V , va/vv is the arteriovenous ratio; i.e., the relative ratio of arterial to
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venous blood during diastole
1
. As in Moço et al. [206], the skin was decomposed into

homogeneous and horizontal layers. For simplicity, only the upper dermis (UD) and

the lower dermis (LD) were considered pulsatile and ∆va/va(λ) was expanded into

the additive contributions from the pulsatile sources located at the UD and LD:

∆va
va

(λ) =
∆va;UD
va

(λ) +
∆va;LD
va

(λ). (9.10)

Note that a vector de�ned as P = [pUD, pLD]
T , [∆va;UD/va, ∆va;LD/va]

T

described the pulsating pro�le of the skin and enabled Eq. 9.8 (i.e., the PPG signal) to

be expressed as a function of the dermal “signatures” sUD(λ) and sLD(λ):

R̂c(t) =


∑
λc
L̂(λ)rc(λ)m(λ)bAC(λ;UD)∑
λc
L̂(λ)rc(λ)m(λ)b′DC(λ)︸ ︷︷ ︸

sUD(λ)

∑
λc
L̂(λ)rc(λ)m(λ)bAC(λ;LD)∑
λc
L̂(λ)rc(λ)m(λ)b′DC(λ)︸ ︷︷ ︸

sLD(λ)

×P, (9.11)

with posture e�ects occurring via bAC(λ;UD), bAC(λ;LD), and bDC(λ). We were

unable to fully determine the parameters of this complex model. Therefore, we

proceeded by simulating sUD(λ) and sLD(λ) by using the Monte Carlo technique.

Monte Carlo technique

The skin of the forehead was modeled as mixture of bloodless tissue and blood, and

regarded as a medium where absorbers and scatterers are random and homogeneously

distributed (see details at the Supplemental �le). For each simulated wavelength,

systole and diastole were simulated. For a reference wavelength λREF and λRED
within 600–700 nm, each of the simulated RRs was obtained as:

RRs ,
R̂RED(t)

R̂REF (t)
=
pUDsUD|λ=λRED

+ pLDsLD|λ=λRED

pUDsUD|λ=λREF
+ pLDsLD|λ=λREF

, (9.12)

with P being a �xed parameter. Table 9.1 lists the modeled skin layers thickness,

refractive index, and blood concentrations for the sitting and supine, with the latter

being modeled by doubling the venous content, Cbv. The models were calibrated

using our average measurements of RoG, |Rn| and |Gn| and those of Verkruysse

et al..

The models were completed by setting the scattering coe�cient of the skin, µs,
and the absorption coe�cients for the skin layers, which we denote as µa,EPI , µa,UD ,

, µa,LD , and µa,SD , for the EPI, UD, LD, and SD, respectively. Only the UD and LD

were set as pulsatile; i.e., have its absorption coe�cients increased during systole, and

contribute to the PPG signal formation. We considered that water displacements take

place during systolic events so that layer thickness and model integrity is preserved.

1
The skin model considerations on the ratio between arterial and venous blood were preceded by

Reuss [244] and by our own work [206].
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Table 9.1: Multi-layered skin architectures for simulating the skin of the forehead.

Layers n Thickness (cm) Cba Cbv [sitting] Cbv [supine]

Medium above (air) 1

Epidermis (EPI) 1.3 0.007 0 % 0 % 0 %

Upper dermis (UD) 1.33 0.025 0.5% 0.25 % 0.5 %

Lower dermis (LD) 1.33 0.17 1.33 % 0.67 % 1.33 %

Subdermis (SD) 1.4 0.3 2% 1 % 2 %

Medium below 1.4

Acronyms: n, refractive index; Cba, nominal (diastolic) arterial blood concentration; Cbv,

venous blood concentrations for the sitting and supine conditions.

Similar to Meglinski & Matcher [191], we ignored the wavelength-dependency of

the scattering coe�cient for di�use re�ectance simulations and set µs,D = 150cm−1

for the dermal layers. This parameter setting is aligned with the di�use re�ectance

measurements of [323]. Based on Huelsbusch’s work [126], the anisotropy parameter

for all layers, g, was set as

g = 0.6012 + 3.3726× 10−4λ. (9.13)

with wavelength λ speci�ed in nm. For the epidermal absorption, we set µa,EPI(λ)
as a weighted combination of baseline tissue, water and melanin absorptions:

µa,EPI = fmelµa,mel + (1− fmel) [(1− Cw)µa,base + Cw;EPI µa,w] , (9.14)

where speci�cation for the baseline absorption coe�cient of the skin, µabase was

obtained from Huang and Jacques based of measurements of the rat epidermis:

µa,base(λ) = γ

[
0.244 + 85.3 exp

(
−λ− 154

66.2

)]
. (9.15)

The water absorption coe�cient, µa,w , was from Smith and Baker. The melanin

fraction, f_mel, was set to 1.5% [135] and the epidermal water concentration, Cw,EPI ,

to 20%. The melanosome absorption coe�cient, µa,mel, was from [135]:

µa,mel = (6.6× 1011)λ−3.33. (9.16)

For the diastolic dermal and subdermal absorption, the dermal and subdermal absorp-

tion were speci�ed by con�guring the layers absorption coe�cients µa,UD , µa,LD
and µa,SD . We assumed a baseline absorption level, µa,base, similar to that of the

epidermis, and equal dermal and subdermal water concentrations of 65% and no

melanin content.

In these layers, the blood is the major absorber. The blood absorption spectra

for oxygenated and non-oxygenated hemoglobin was loaded from [45], with SpO2

varied in the range of 80% to 100%, while SvO2 was estimated as SpO2 minus 30%.
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The absorption coe�cients of arterial and venous blood during the diastolic (baseline)

state were set as

µa,art = (1− SpO2)µa,Hb + SpO2µa,HbO2
, (9.17)

µa,ven = (1− SvO2)µa,Hb + SvO2µa,HbO2
. (9.18)

The diastolic arterial and venous blood fractions, f
(d)
art,l and f

(d)
ven,l, and Cb(d) were

set as

f
(d)
art,l = rA:V ;l Cb f [Rl µa,art], (9.19)

f
(d)
ven,l = (1− rA:V ;l) Cb f [Rl µa,ven]. (9.20)

Cb
(d)
l = f

(d)
art,l + f

(d)
ven,l, (9.21)

with l ∈{ UD, LD, SD}. Lastly, the diastolic absorption coe�cient were given by

µ
(d)
a,l = f

(d)
art,lµa,art + f

(d)
ven,lµa,ven + Cbl µa,water + (1− Cbl) µ(d)

a,nb.

For the systolic dermal and subdermal absorption, and to account for possible

sources of pulsatile variability between dermal layers, it is useful to introduce the

working concept of the skin’s pulsating pro�le as a two dimensional vector, P =
[pUDpLD], containing the fractional (or percentage) arterial blood volume variations

in the UD and LD. Accordingly, systole was modeled as a fractional pulsatile increase,

pl, of arterial blood in pulsating layers l ∈ {UD, LD}. The pl andCb
′(s)
l were as follows:

f
(s)
art,l = f

(d)
art,l + pl, (9.22)

Cb
(s)
l = Cbl + pl. (9.23)

The model consistency during the systolic increase of arterial blood volume

was ensured by assuming compensatory water displacements [266]. The systolic

absorption coe�cients for the layers l ∈ {UD, LD} were �nally obtained as:

µ
(s)
a;l = f

(s)
art,lµa,art + f

(d)
ven,lµa,ven + (1− Cb′(s)) µ(d)

a,nb.

Obtaining SpO2 as a function of RR For each wavelength, three di�use re-

�ectance simulations were run: diastolic state re�ectance, Rd(d); systolic state re-

�ectance, due to the UD pulsations, Rd
(s)
UD ; and, systolic state re�ectance, now due to

LD pulsations, Rd
(s)
LD . The AC/DC-normalized PPG-amplitude contributions from the

UD and LD were obtained by taking the di�erence between the diastolic and systolic

re�ectance, and dividing by the diastolic re�ectance. Formally,
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PPGUD(λ) ≈
Rd(d)(λ)−Rd(s)UD(λ)

Rd(d)(λ)
, (9.24)

PPGLD(λ) ≈
Rd(d)(λ)−Rd(s)LD(λ)

Rd(d)(λ)
. (9.25)

The total remote PPG-amplitude is obtained as a weighted combination between

the pulsatile contributions from the UD and LD:

PPG(λ) ≈ PPGUD(λ, LD) + PPGLD(λ, LD), (9.26)

where the mixing weights for the dermal contributions (“signatures”) are embedded

into PPGUD and PPGLD . Based on PPG at a red and a reference wavelengths, the

pairs (RR, SpO2) were �nally obtained and used to estimate the parameters of the

SpO2 calibrations; i.e., linear regressions. Simulations were used to estimate SpO2

errors due to a posture change. These were performed for wavelengths in VIS-IR

and for an illustrative SpO2 level of 97% but supplemental simulations of calibration

curves in the range of 80%–100% were also performed.

9.3 Results

9.3.1 Experiments

Figure 9.4 illustrates the conversion of normalized PPG into EA waveforms. The

average amplitude ofGnwas stronger than that ofRn by about an order of magnitude.

Considerable inter-individual variations were seen between the relative amplitudes

of normalized PPG and motion signals. The sensitivity and robustness of the obtained

EA waveforms is supported by low RMSE �gures (εR: sitting, 6.5 ± 3.6 %, supine,

3.2±1.9 %; εG, sitting, 2.0± 1.4 %, supine 2.5± 2.1 %). Motion artifacts in supine were

less than in the sitting position (by a factor of about 8 times).

Figure 9.5 contains the group statistics for the average RoG for sitting and supine.

Note that a change in posture resulted in a relative RoG variation of 23% (p < 0.005).

The posture dependencies on RoG were investigated further by means of scatter

plots and robust linear regressions between |Rn| and |Gn|. As shown in Fig. 9.6,

for the same normalized PPG-amplitudes in red, the PPG-amplitudes in green are

stronger in sitting. In the investigated range, the regressions for sitting and supine

do not intersect each other, and its 95% con�dence margins di�er. This means that a

change in posture introduced a relative o�set between |Rn| and |Gn|.
Table 9.2 provides the �nal models of the stepwise regression analyses conducted

for |Rn|, |Gn| and RoG, with R_DC, G_DC, RoG_DC, GoR_DC and the boolean

variable Sitting as starting dependent variables. Albeit with low values for the

Pearson’s R
2
, all the �nal models and its predictors were signi�cant.
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Table 9.2: Associations of |Rn|, |Gn| andRoGwith GoR_DC and/or with the boolean variable

Sitting (1, sitting; 0 supine). p < 0.005 for all models.

Model |Rn| |Gn| RoG
Intercept 1.545 × 10

-3
12.62 × 10

-3
0.12311

GoR_DC -1.126 × 10
-3

-9.22 × 10
-3

Sitting 1.19 × 10
-3

-0.023032

R
2

0.21 0.452 (adjusted) 0.138

RMSE 0.25 × 10
-3

1.4 × 10
-3

0.0293

RMSE, root mean squared error.

Table 9.2 enables the remarkable observation that |Rn| and |Gn| are weak to

moderately associated with GoR_DC (i.e., a DC-re�ectance measurement), whereas

RoG is only a function of the boolean variable Sitting.

9.3.2 Simulations

PPG-Spectra

P was con�gured to 1.7% and 5% for the UD and LD pulsations, respectively in order

to match experimental results. For contrast, the pro�les of [0% 5%] and [5% 5%]

were also simulated. Accordingly, Fig. 9.7 depicts the pipeline for converting di�use

re�ectance simulations into remote-PPG spectra for the seating and supine positions,

for wavelength selections in visible light (500–700 nm) and IR (700–900 nm). The

remote PPG data is used to obtain RRs and estimate the calibration parameters for

the (RR, SpO2) data pairs.
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Figure 9.7: Numerical assessment of posture e�ects in the RRs method with (a) the di�use

re�ectance (DR) spectra for the systolic and diastolic states, for an illustrative SpO2 level of

97%. By normalizing the DR spectra, the (b) spectral contributions, i.e., “signatures” of the

dermal pulsations to the PPG spectra are obtained.

Figure 9.7 evidences that, irrespective of the mixing weights for the UD and

LD signatures, the simulated PPG spectra is fairly invariant to a posture in the

red-IR window. Conversely, the relative amplitudes in blue-green relative to red-

infrared are sensitive to posture. The implications for the SpO2 methodology can be
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assessed further by Fig. 9.8, which shows that the SpO2 lines obtained with reference

wavelengths in the blue-green range are heavily in�uenced by posture.
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Figure 9.8: Simulations of the SpO2 versus RRs for the seated and supine conditions and

various wavelength combinations: (a) 635:577 nm [RoG, current study]; (b) 495:615 nm [RoB,

Tarassenko]; (c) 660:450 nm [RoB]; and (d) 660:840 nm [RoIR].

SpO2 errors

Table 9.3 shows that posture-related SpO2 errors typically exceed 3% in VIS while

RoIR combinations result in errors at the level of simulation noise. We remark

that a single SpO2 level is representative of SpO2 levels within the 80–100% range

because posture e�ects lead to a bias error (see the RoG model in Tab. 9.2 and the

Supplemental �le).

Table 9.3: Simulated SpO2 errors (%) due to the postural changes for a nominal SpO2 level of

97%. Errors were simulated for the RRs method with a center wavelength in the red range,

λRED , and reference center wavelength, λREF , in blue, green, and IR.

λREF (nm) 450 494 520 557 577 800 840 900

λRED (nm)

600 14.0 1.8 6.4 12.8 10.1 30.2 -18.7 -21.8

610 7.0 3.3 4.8 6.7 5.9 4.4 4.1 -4.8

620 5.8 3.3 4.3 5.5 5.0 1.6 1.7 -2.2

642 3.5 2.1 2.7 3.3 3.1 <1% <1% <1%

660 3.8 2.6 3.1 3.7 3.4 <1% <1% <1%

700 5.3 3.4 4.2 5.1 4.7 <1% <1% <1%

The added variability of the skin’s pro�le in visible light

An analysis of posture e�ects is also found under two additional con�gurations for

P : one extreme scenario where only the LD is pulsatile by setting P = [0, 5%] and

another where the UD and LD were set as equally pulsatile. Contrasting these settings

enables us to verify if the calibration curve for SpO2 are sensitive to skin properties.

This hypothesis was partly triggered by the work of Dassel et al.[71], who reported
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signi�cant di�erences in SpO2 readings at various skin sites of newborns, including

the forehead.

Since the systolic increase of the arterial blood cannot be directly measured in each

dermal layer, taking a numerical approach helps to investigate the accuracy of the RRs

method under contrasting pulsatile conditions. To account for the skin as a possible

source of variability in SpO2 calibrations, we experimented three con�gurations for

P . The reference (REF) setting for P [1.7%, 5%] was compared with the extreme cases

at which 1. only the LD is pulsatile (P = [0, 5%], ratio 0:1) versus 2. the UD and LD

are equally pulsatile (P = [5%, 5%], ratio 1:1). This exercise enables us to con�rm

that the in�uence of postural in SpO2 errors would occur for any pulsating pro�le.

Figures 9.9(a-c) show the obtained SpO2 versus RRs curves involving yellow-red

over blue-green are sensitive to posture and to P .
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Figure 9.9: SpO2 versus RRs for various wavelength combinations: (a) 494:615 nm [RoB,

Tarassenko]; (b) 660:450 nm [RoB]; and (c) 660:840 nm [RoIR]. Only systems operating in red-IR

can reach invariance to posture and to the skin’s pulsating pro�le.

In contrast, Fig. 9.9(d) suggests that the in�uence of posture and P in the SpO2

curves is within the simulation error level when red (e.g., 660 nm) is combined with

infrared (e.g., 840 nm). The achievement of the desired invariance of SpO2 calibrations

to external factors can be due to the similarity of penetration depths in the red-infrared

window. We link this outcome with the relative �atness of the DR curve in this range

and with the resulting penetration depth similarity for the 660:840 nm selection. This

supports the hypothesized invariance of the RRs to variations in the pulsating pro�le

if the same vessels-depth are probed.

Table 9.4 shows SpO2 errors for the extreme cases at which the skin’s pulsating

pro�le is set to [0% 5%] and [5% 5%]. The obtained results indicate the invariance of

measurements in the red-IR range. In the remaining wavelength combinations, the

magnitude of errors is comparable for both pulsating pro�les.

9.4 Discussion

This chapter raised awareness for the fundamental calibratability pitfalls of camera-

based SpO2 in VIS, with a change in posture as a relevant case-study. Considering
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Table 9.4: Estimated percentage SpO2 error due to the postural changes for 97% SpO2 (skin’s

pulsating pro�le of [0% 5%] and [5% 5%]).

Lower dermal pulsations only, P = [0% 5%]

Ref. (nm) 450 494 520 529 557 577 800 840 900

Red (nm)

600 15.58 1.51 6.44 9.02 13.18 11.76 32.83 19.80 22.57

610 7.33 3.19 4.76 5.44 6.72 6.19 4.73 4.28 4.82

620 5.97 3.25 4.27 4.76 5.54 5.22 1.68 1.73 2.12

642 3.54 2.08 2.63 2.89 3.33 3.14 <1% <1% <1%

660 3.89 2.62 3.12 3.34 3.69 3.54 <1% <1% <1%

700 5.36 3.38 4.14 4.47 5.05 4.81 <1% <1% <1%

UD and LD pulsations, P = [5% 5%]

Ref. (nm) 450 494 520 529 557 577 800 840 900

Red (nm)

600 10.71 1.88 5.81 6.97 11.16 7.81 25.92 16.71 20.20

610 6.35 3.21 4.70 5.05 6.28 5.32 3.83 3.82 4.68

620 5.33 3.19 4.19 4.45 5.25 4.62 1.53 1.66 2.25

642 3.28 2.15 2.67 2.83 3.22 2.94 <1% <1% <1%

660 3.50 2.52 3.01 3.11 3.48 3.19 <1% <1% <1%

700 5.04 3.45 4.22 4.40 4.98 4.51 <1% <1% <1%

that SpO2 estimates are obtained from RoG measurements, posture-induced changes

at RoG were demonstrated in recordings of 31 normoxic subjects measured with an

RGB camera.

To support why a change in posture in�uences RoG, the model derivation at Eqs.

(9.11,9.12) was provided, featuring a change in venous blood content as a physiological

mechanism. Furthermore, the skin tissue was simulated by the Monte Carlo technique.

This enabled posture-induced RoG perturbations to be translated into estimates for

the consequent SpO2 errors. The skin simulations enabled the accuracy comparison

of RoG-based SpO2 estimates with those performed in the red-IR diagnostic window.

Complementarily, di�erent extreme settings for the skin’s pulsating pro�le were

explored to assess how SpO2 errors could range.

Referring to our experimental �ndings, Fig. 9.6 shows that the regressions to the

(|Rn|, |Gn|) data for the sitting and supine postures di�er mostly by a bias term.

This suggests that calibrating for postural in�uences may be achieved by correcting

for a constant o�set. Furthermore, Tab. 9.2 shows whereas GoR_DC is required to

explain |Rn| and |Gn|, Seated (logical variable) su�ces to correct for posture-related

changes in RoG. This result seems to imply that controlling for posture only requires

a constant term, but more studies are needed to con�rm these obtained associations

under more controlled measurement conditions, larger groups, and wider SpO2 ranges.

The simulation results of Tab. 9.3 indicate that posture-induced SpO2 errors

typically exceed 3% in wavelength combinations of red-over-green or red-over-blue.

In contrast, the problem is not apparent for RoIR; this observation is in agreement

with the fact that the depth-gap between probing wavelengths in the red-IR window

is below an order of magnitude than its VIS-based counterparts [206]. Figures 9.9 and
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Tab. 9.4 extend insights to variations of the skin’s pulsating pro�le, as would happen

when considering calibratability errors between estimates obtained from di�erent skin

sites (e.g., forehead vs. palm). It is suggested that posture e�ects occur irrespective

of the variations of the skin’s pulsating pro�le. As importantly, the calibration error

due to variations of the skin’s pulsating pro�le is cumulative with the error due a the

change in posture. Thus, the �ndings from the simulations are in agreement with our

initial hypothesis.

The insights within this chapter hold irrespective of the methodology used to

achieve camera-based pulse oximetry. However, we considered a young and healthy

population, thus limiting the representativeness of clinical groups with hyperemic

disorders [91, 262]. Similarly, the fact that measurements were performed at room

temperatures > 21oC avoided cold-induced vasoconstriction but could have limited

the validity of our insights to centralized patients. We remark that measurement

errors can result from surface variations of the forehead skin [46], while simulation

outcomes can re�ect inaccuracies in parameter settings.

At the time being, we feel that the VIS-based SpO2 estimates should be interpreted

carefully because of the still limited understanding of the e�ects of di�erences in

skin for di�erent body parts, temperature, and health status, among other factors

[12]. Standardizing SpO2 measurements is currently the only means to promote the

validity of estimates. However, we believe that future work on re�ned models of the

light-tissue interaction will enable new SpO2 methods to accommodate physiological

variations of the skin properties, particularly the dermal blood concentration.

9.5 Conclusion

We have explored the possible implication that the depth-gap between red and ref-

erence wavelengths could have for the calibratability of remote SpO2 in VIS. Using

a change in posture as a means to in�uence this depth-gap, the RoG changes for

normoxic SpO2 levels were investigated (range, 95–99%). Our measurements showed

that a transition from sitting to supine or vice-versa changes RoG by 23%. Simula-

tions suggest that this change is su�cient to introduce SpO2 errors above 3%. While

posture is simply one among various physiological factors which can compromise

measurements performed using VIS wavelengths, the insights reported here open up

avenues for further research on the technical challenges of the remote estimation of

SpO2 levels in VIS.
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Chapter 10

Remote pulse oximetry in Vis under
bounded conditions

SCOPE & AIMS: Remotely measuring the arterial blood oxygen saturation (SpO2)

in visible light was suggested but the photoplethysmographic (PPG) signals

would interrogate di�erent vascular depths, thus challenging a pulse oximetry

assumption. This chapter assesses the feasibility of calibrating camera-based

SpO2 (SpO2_cam) using the promising red and green wavelengths.

METHODS: We extracted remote PPG signals from 36 healthy adults at center

wavelengths of 580 nm (green), 675 nm (red), and 840 nm (near-infrared; nIR).

Subjects had their foreheads or cheeks recorded under normoxia-hypoxia and

during gradual cooling. SpO2_cam were estimated from the ratio between

normalized PPG-amplitudes in red over green (RoG). SpO2_cam estimated by

RoG was compared to contact SpO2 (reference) and to SpO2_cam by using

red-nIR wavelengths.

RESULTS: Calibration curves between SpO2 and RoG were determined for a popula-

tion of 31 healthy individuals. For a SpO2 range of 83% to 100%, an Arms* error

of 2.6% was found, which is higher than similar measurements using red-nIR.

Based on the additional measurements in normoxic conditions, a decrease in

ambient temperature from 21 to <15
o
C resulted in a signi�cant bias of -1.7, CI

[-2.7, -0.7]%. Compared with the forehead, SpO2_cam estimated at the cheeks

were signi�cantly biased (-3.6, CI [-5.7, -1.5]%).

SIGNIFICANCE: The results evidence that SpO2_cam in visible light is fundamen-

tally feasible under controlled conditions. This study highlights the opportuni-

ties and challenges of estimating SpO2 in visible light.

PUBLICATION: This chapter was published as a journal paper [209].
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10.1 Introduction

Pulse oximetry is a non-invasive technique that measures the oxygen saturation of

arterial blood (SpO2

1
) [20]. This vital sign is widely monitored in intensive care units,

general wards, during surgery, and in ambulant patients [124, 154]. Most commercial

SpO2 devices require a probe to be attached to the �nger. These operate by shining

light into the skin and by collecting the photons that travelled through the tissue. A

photodetecting element converts the intensity of probed light into an electric signal.

A component of the signal is cardiac-related, temporally-varying and is modulated by

blood volume variations at the microvascular bed of tissue [11, 118]. This component

is the so-called photoplethysmographic (PPG) signal.

Monitoring SpO2 requires PPG measurements at red and near-infrared (NIR) wave-

lengths. This is because the PPG-amplitude acquired using red (e.g., 660 — 700 nm) is

sensitive to the saturation level of the arterial blood whereas the PPG-amplitude in

NIR (e.g. 800 – 950 nm) enables accounting for individual and temperature variations

[45]. The ratio of the normalized PPG-amplitudes in red over NIR (hereafter denoted

as RoIR) is commonly known as the “ratio-of-ratios” (RRs) method, with the under-

standing that the PPG amplitude for each wavelength derived from a ratio between a

pulsatile component, AC, and non-pulsatile component, DC [356].

While relatively unobtrusive, contact probes are undesirable in patient groups with

sensitive skin such us premature infants and the wounded. This motivated the concept

and development of camera-based SpO2 (SpO2,cam) systems [349]. One fundamental

di�erence between contact and contactless pulse oximetry is the shallower light

penetration depth involved in the latter. Verkruysse et al. [323] showed that by

using 675 nm (red) and 840 nm (NIR), a single universal calibration curve with

acceptable spread between individuals could be achieved. Also van Gastel et al. [320]

elaborated on the calibratability of camera-based SpO2 estimates by showing that

motion-robustness improves when more than two wavelengths in the red-NIR range

are combined to cancel out motion interference in PPG signals.

Despite the recognized value of using red and NIR wavelengths, there are practical

reasons for preferring visible light wavelengths. For example, green PPG amplitudes

are the strongest across the range of 300 to 900 nm [325]. Modern illumination setups

rely less and less on incandescent lamps and the availability of NIR light is no longer a

given. Moreover, operating in visible light could enable cost-e�ective implementations

since RGB cameras, including those on smartphones. As demonstrated by Guazzi et al.
[111], the red and blue camera channels of an RGB camera could provide inputs for an

adapted RRs method which estimates SpO2 in visible light. Trends were shown in the

logarithmic ratio of the normalized red over normalized green which were associated

with SpO2 changes in 5 subjects. However, calibrations were subject dependent and

temporal consistency was not assessed.

Another concern about the validity of SpO2 measurements in visible light is the

1
The saturation of arterial blood is referred to as SaO2 when measured invasively. The “p” in SpO2

refers to “peripheral” measurement locations such as the �nger, ears or forehead [118, 124].
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fact that blue-green, and red wavelengths have signi�cant di�erences in terms of

penetration depth. This challenges a usual assumption made in pulse oximetry, which

is that wavelengths interrogate the same vasculature. This aspect is illustrated in

Fig. 10.1 (adapted from [323]), where it is emphasized that the contribution to the

PPG signals acquired using blue and green wavelengths are mostly modulated by the

arterioles at the upper dermal layers, whereas signals acquired at red wavelengths

easily reach the deeper dermis. This depth-gap may render SpO2 estimates inaccurate

as non-SaO2 factors a�ect the RRs, e.g. the blood concentration of the skin [207].
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nIR
Epidermis

Papillary dermis

Reticular dermis

Deep A-V plexus
Subdermal tissue

Tissue contributions
to camera-based
 PPG signals:

Figure 10.1: The penetration depths are wavelength-dependent and PPG signals probed using

red-NIR light reach the deep arteriovenous (A-V) plexus and subdermal tissue, whereas signals

probed using blue and/or green have depth-origin at the upper dermis.

This chapter is aimed at calibrating SpO2,cam using green as a replacement for

NIR, while keeping red as the saturation-sensitive wavelength. An adapted version of

the RRs was used; i.e., the ratio of normalized red over the normalized green (RoG)

as predictor of SpO2 levels. This study is ancillary to Verkruysse et al. and the same

approach was applied to obtain the calibration constants for SpO2 as a linear function

of RoG, with new data now reported for green.

10.2 Methods

Section 10.2.1 describes the experimental setup and protocols leading to the paired

data (camera-based RoG, reference SpO2). Section 10.2.2 is dedicated to signal pro-

cessing and details the determination of the calibration curve (i.e., linear regression)

parameters for the SpO2 level (%) as function of RoG. An informed consent was

obtained from each subject and the study was approved by the Philips IRB (Inter-

nal Committee on Biomedical Experiments). Three di�erent experimental protocols

(studies N, H, and C) were submitted to and approved by the Philips IRB
2
.

2
IRB contact: PHM Keizer, Senior Ethical & Biomedical O�cer, High Tech Campus 34, 5656 AE

Eindhoven, The Netherlands.
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10.2.1 Setup and dataset construction

In a basic set-up protocol (study N), the participants foreheads were recorded syn-

chronously by three monochrome cameras (model, Stingray F046-B FireWire; Allied

Vision Technologies, Stadtroda, Germany). These were equipped with bandpass �lters

with center / bandwidth wavelengths of 560/32 (G), 675/67 (R) and 842/56 (IR) nm,

respectively (Semrock FF01-579/34-25, FF02-675/67-24-D and FF01-842/56-24D; IDEX

Corp., Lake Forrest, IL) and sampled at 15 frames per second. Subjects were recorded

in the sitting position and motion was minimized by an head support (see Fig. 10.2).

SpO2_ref

Temp.
SpO2_cam

Light
Armatures

Study N
- Normoxia
- Ambient 
  temperature
- Site: forehead
  

Study H
- Hypoxia
- Ambient temp.
- Site: forehead
  

Study C
- Normoxia
- Temp. cooling
- Measured sites:
  forehead/cheek  

Figure 10.2: Setup schematics and study protocols/studies. Sitting subjects were measured

by monochrome cameras coupled with bandpass �lters for R, G and NIR, as well as by �nger

pulse oximetry (SpO2,ref). Two light armatures with incandescent bulbs were used. Gradual

temperature cooling or hypoxia were induced in some of the recordings.

Stable illumination was provided by DC-powered incandescent lamps at a source-

skin distance of about 1 m. In order to minimize specular re�ections in images,

the light sources were placed at an angle of 45 degrees with respect to the camera.

Figure 10.3 shows representative frames of forehead recordings performed using the

G, R and NIR camera channels. After these channels were registered, rectangular skin

regions were manually selected in a subset of uniformly illuminated skin pixels (see

yellow rectangles in Fig. 10.3).

For arriving at a SpO2 reference signal, the sample-wise (1 Hz) median of mea-

surements from four commercially available contact probes was taken. 25 healthy

subjects participated in study N.

Two protocol adaptations to study N were implemented; one to broaden the range

of SpO2 variations (study H) and another to explore the possible e�ect of patient

centralization (as mimicked by temperature cooling; study C). Study H involved 21

healthy subjects and consisted of measurements performed in a [normobaric] hypoxic

tent. Study C was performed in a climate-controlled room with an initial temperature
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Registration ROI
Subject 10

Registration ROI
Subject 11

Subject 11 Subject 11 Subject 11

Subject 10 Subject 10 Subject 10
Green channel Red channel NIR channel

Figure 10.3: Representative forehead frames and skin selections (in yellow) for probing PPG

signals in the G, R, and NIR channels.

of 21.4 ± 2.0°C (average ± standard deviations; N=21) that was gradually reduced

in steps of about 5
o
C until a �nal temperature of 8.4 ± 1.2°C was reached. Video

recordings of the subjects foreheads and cheeks were made before, in the middle of

the cooling intervention and when about 5–8
o
C was reached. Study C involved 10

healthy subjects and 3 recordings per subject.

Finger pulse oximetry was obtained in all subjects with the aim of serving a SpO2

reference. Four commercially available sensors, coupled to a Philips MP2 patient

monitor, were used: a Philips �nger and ear sensor (M1191B and M1194A, Philips

Medizin-Systeme, Boblingen, Germany), a Masimo �nger sensor (LNCS DC-I, Masimo

Corporation, Irvine) and a Nellcor �nger sensor (DS-100A Medtronic, Dublin, Ireland).

The sensors were synchronized between each other and acquired 1 SpO2 (%) sample

per second. Further details on the dataset preparation are found elsewhere [323].

Overall, 31 G, R and NIR recordings from studies N and C were used to assess the

calibratability of SpO2,cam fromRoG and fromRoIR. 40 additional recordings from 5

healthy subjects were used from study C. Study C contains 10 forehead measurements

and 10 cheek measurements at room temperature conditions, 10 forehead measure-

ments at medium temperature and 10 forehead measurements at low temperature.

Each subject was measured twice for each condition and skin site. The duration of the

recordings ranged from 3 min to 20 min (median, 5 min). The camera and reference

probe signals were acquired by LabVIEW (National Instruments, Austin, TX) and

stored in an uncompressed format for o�ine processing in Matlab (version 2018a, the

Mathworks, NA).
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10.2.2 Data analysis and statistics

Signal processing

Reference SpO2 After manually synchronizing the SpO2 traces with video record-

ings, a reference SpO2 signal was determined for each recording from the median of

4 �nger pulse oximetry traces. One reference SpO2 value, SpO
(i)
2,ref , was stored per

recording session i.

Remote PPG signal extraction Raw PPG signals, G(t), R(t) and IR(t), were ob-

tained as the spatially averaged pixel intensity in a manually selected region of interest

on each subjects forehead. G(t), R(t) and IR(t) were divided by its low-frequency (“DC”)

amplitude and temporally �ltered to the fundamental of the pulse-rate frequency

(p.r.f.) [145]. To do this, the systolic peaks of the normalized PPG signals in the green

channel were �rst detected by using a peak detector. Then, all PPG signals were pro-

cessed in temporal windows of 20 seconds; in each, signals were Fourier transformed

and truncated to the frequency bin that corresponds to the p.r.f. (tolerance: 2 bins).

The �ltered signals were denoted as Rn1(t), Gn1(t) and IRn1(t).

Calculating RRs The PPG-amplitudes were determined as the di�erence between

peaks and valleys. By de�ning the operator Epeaks[.] as the median of these cardiac-

related systolic peaks and diastolic valleys in PPG signals, the amplitudes of Gn1,Rn1
and IRn1 were determined as follows:

|Gn| = Epeaks[Gn1(t)] + Epeaks[−Gn1(t)] (10.1)

|Rn| = Epeaks[Rn1(t)] + Epeaks[−Rn1(t)] (10.2)

|IRn| = Epeaks[IRn1(t)] + Epeaks[−IRn1(t)] (10.3)

The RRs between the normalized red over green amplitudes, RoG, and red

over NIR, RoIR, were �nally determined for each subject as RoG = |Rn|/|Gn|
and RoG = |Rn|/|IRn|, respectively. Each recording session provided two data

pairs: (RoG(i)
, SpO

(i)
2,ref ) and (RoIR(i)

, SpO
(i)
2,ref ). Group descriptives for SpO2,ref ,

SpO2,cam, |Rn|, |Gn|, RoIR and RoG were determined as the means ± standard

deviation (std) or as 95% con�dence interval (CI).

Calibratability assessment

Inclusion criterion The ideal data to assess the fundamental feasibility of cal-

ibrating SpO2 from RoG data would be unbiased and free from noise or motion

interference. In practice, sporadic motions are inevitable even under controlled mea-

surement conditions. Also, some of the Rn(t) signals have low intensities and are

degraded by additive sensor noise. To mitigate this, a threshold parameter, Qthr, was

derived in [323] to serve as an inclusion criterium for data into the linear regression

procedure. Qthr was based on the signal-to-noise ratio (SNR) of Rn(t).
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For each video recording with index i, SNR
(i)
Rn was obtained as the median of the

SNR estimates computed at 20-s long, non-overlapping sliding windows over Rn(t)

and Q(i)
was simply SNR

(i)
Rn/10 = log10 PRn/NAWGN , where PRn is the signal

power at the fundamental of the p.r.f. and NAWGN is the noise �oor in a vicinity of

0.3 Hz from the p.r.f.. Qthr was determined experimentally by Verkruijsse et al.[323].

For consistency, we use the same data; i.e., the 31 subjects with the highest SNRRn
among all subjects.

Regression analysis Linear coe�cients (C1, C2) were �tted to the data pairs

(RoG(i)
, SpO

(i)
2,ref ) as

Spo
(i)
2,ref = C1 − C2RoG

(i). (10.4)

The regular least squares method was used for determining (C1,C2). We computed

the signi�cance of the regression, its Pearson’s R-squared (R2
) and the root-mean-

squared error metric A∗rms de�ned as

A∗rms =

√√√√ 1

n

n∑
i=1

|SpO(i)
2,ref − SpO

(i)
2,cam|2. (10.5)

The asterisk in A∗rms is used to emphasize that this metric excludes short-time

errors (e.g., due to sporadic head movements). For Eq. 10.4 with coe�cients (C1, C2),

plots were provided with 99% con�dence intervals (CIs; based on the χ2
distribution

for the root-mean squared error of the regression) and the ISO 80601-2-61:2011

requirement of A∗rms <4%.

Challenges to calibratability

Challenge 1 The data obtained during temperature cooling was explored by testing

the signi�cance of the mean di�erence between RoG measured at room, medium and

low temperature conditions. BecauseRoG data was Gaussian-distributed (as assessed

by the Shapiro-Wilk test), one way ANOVA tests were used to perform comparisons.

Also, we assessed whether temperature-perturbed data points were within the error

margins of the calibration curve obtained for Spo2,cam.

Challenge 2 Also a switch in the measured skin-site can increase the estimation

errors by (10.4). Skin-site variations were explored by testing the signi�cance of the

di�erence of the means between RoGs obtained at room temperature between paired

samples of RoG computed at forehead versus cheeks. The RoG for the two skin

sites were also Gaussian distributed and paired-sample t-tests were used to test the

signi�cance of the mean di�erences SpO2,cam estimates from forehead vs. cheeks.

The signi�cance level p was set at 0.05.
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10.3 Results

10.3.1 Calibration Constants

Figure 10.4(a) shows the scattered data from studies N and H for the pairs (RoG(i)
,

SpO
(i)
2,ref ). A �t to these points enabled 99% margins of agreement within 4% and an

A∗rms of 2.6% (see Fig. 10.4(b)).
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Figure 10.4: (a) Scatter plot and regression line along with its corresponding 99% con�dence

interval (N = 46); (b) Calibration data from studies N and H, shown along with data from

study C (cooling intervention). The labels “Low”, “Medium”, and “Room” refer to temperatures

of approximately 8
o
, 14

o
, and 22

o
C, respectively.

Similar to conventional pulse oximetry,RoGwas negatively associated with SpO2.

The obtained calibration curve was as follows:

SpO2,cam(RoG) = −98.0RoG+ 105.0. (10.6)

Still, Eq. 10.6 was signi�cant and the strength of association between SpO2,ref

and RoG was moderate (R2 = 0.58, p < 0.001; see Fig. 10.4(a)).

10.3.2 Challenge 1: temperature cooling

Temperature cooling is a maneuver that reduces PPG-amplitudes at all wavelengths.

Figure 10.5) depicts separate regressions that were calculated for the logarithm of the

PPG-amplitudes (|Gn|, |IRn|, and |Rn|) as function of temperature with temperature.

The correlations for these associations were signi�cant (p<0.001) and resulted in R
2

values of about 0.6. Based on the slopes of the regressions, for a temperature decrease

of 18°, PPG-amplitudes decrease by a sevenfold.

To assess whether cooling also has a negative impact on SpO2,cam measurements,

it is useful to start by observing Fig. 10.4(b), which contains the data points obtained

from a cooling intervention study (study C) and theA∗rms error margin of the Eq. 10.6.



10.3. Results 197

6 8 10 12 14 16 18 20 22 24

Temperature (°C)

10-4

10-3

10-2

PP
G

 (A
C

/D
C

)

     Wavelengths: 300 400 500 600 700 800  900 nm

|Rn|
Data fit

|Gn|
Data fit

(a)

|IRn|
Data fit

(b)

Figure 10.5: Schematic representation of the relative penetration depths of visible light wave-

lengths, evidencing the largest depth-gap about 600 nm (a). The remote PPG-amplitudes of

signals reduce with temperature, and changes are proportional with red and green (c). Such a

proportion is consistent with the fact that the same vessels are probed (a).

The scattering of the (RoG, SpO2,ref) data for medium and low temperatures indicates

that SpO2 was underestimated. The suggested cooling-related bias was con�rmed by

t-test comparisons. The average underestimation errors for the point subset measured

at temperatures above 15 degrees was -1 % ( CI [-1.7, -0.3] %, p < 0.05, N = 10;

SpO2,cam, 95.8± 1.0 %; SpO2,ref , 96.8± 0.7 %). For the point subset measured below

15 degrees, the mean underestimation error was -2.4 % ( CI [-3.1, -1.6] %, p < 0.05,

N = 20; SpO2,cam, 96.3 ± 1.1 %; SpO2,ref , 98.7 ± 1.1 %). Therefore, while most bias

errors �t within the error margin of the calibration curve, errors do become larger

with temperature cooling.

10.3.3 Challenge 2: a change in measurement site

To assess possible skin e�ects in SpO2,cam estimates, 5 subjects had their foreheads

and cheeks measured successively under normal room temperature (22.1 ± 2.0
o

C)

and normoxic conditions. Table 10.1 shows the SpO2,cam estimates from the RoG
and RoIR measurements performed at the forehead and cheek (study C). The mea-

surements obtained by RoG and RoIR are Guassian distributed (as assessed by the

Shapiro-Wilk test) and its means are shown in Tab. 10.1. This table also indicates

that RoG-based SpO2 estimates are more a�ected by a change between cheek and

forehead skin than RoIR-based estimates.

SpO2,cam estimates obtained at the forehead and cheek were compared by means

of paired sample t-tests. As shown in Tab. 10.1, the bias errors in SpO2,cam obtained

by RoG or RoIR at the forehead are not signi�cant or within the error margin

of the calibration curves. Conversely, the bias errors for estimations at the cheek

are signi�cant and exceed the A∗rms of its respective calibration curves. Table 10.1

evidences that a change in skin-site measurement is only signi�cant for RoG-based

SpO2,cam. Changing the measurement site from forehead to cheeks resulted in an
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Table 10.1: Bias errors of forehead vs. cheek SpO2,cam measurements.

SpO2_cam (%) Forehead SpO2,ref Bias [CI 95%]

by RoG 95.8 ± 1.2*
†

96.8 ± 0.7* -1.0 [-1.8, -0.2]*

by RoIR 98.6 ± 1.3 96.8 ± 0.7 1.0 [0.0, 2.0]

SpO2_cam (%) Cheek Reference Bias [CI 95%]

by RoG 93.2 ± 2.8*
†

96.8 ± 0.6* -3.6 [-5.7, -1.5]*

by RoIR 99.2 ± 1.7* 96.8 ± 0.6* 1.8 [0.2 3.2]*

Legend: *, signi�cant bias against SpO2_ref;
†
, signi�cant bias between RoG-based

estimates acquired at the forehead and cheek

average underestimation error for SpO2,cam by RoG of -3.6 % CI [-5.7, -1.5]% (i.e.,

above the A∗rms of the calibration curve).

10.4 Discussion

This study assessed the calibratability of the RRs method with a reference center

wavelength at 560 nm (green) and a red wavelength center at 675 nm. We focused on

the fundamental calibratability based on median values of traces, discarding short-

term errors. The calibration was performed on the basis of data for the same 26

healthy adult individuals recruited for [323]. Stationary sitting subjects had their

forehead and/or cheeks measured under ambient room temperature during normoxic

conditions and in an hypoxic tent. A calibration curve for SpO2 as function of RoG
was obtained at the forehead. The goodness of this �t was assessed in terms of the

strength of correlation and by the A∗rms metric (discarding short-term errors).

The presented data evidence that a single calibration curve can be used to estimate

SpO2 with cameras operating in Vis with an A∗rms error <3.0%. Concluding upon the

feasibility of RoG-based SpO2,cam is not trivial because measurements in Vis imply a

considerable interrogation depth-gap between when compared to conventional pulse

oximetry or even camera-based pulse oximetry using red and NIR. It is possible that

the penetration depth-gap between red and green makes the calibrations susceptible

to physiological variations of the skin properties [206]. We minimized errors related to

the depth-gap issue by constraining the measurement conditions, namely by de�ning

a setup and protocol with static, straight-up sitting subjects, a de�ned measurement

site (forehead) and by controlling the room temperature.

The A∗rms error obtained for SpO2,cam using red and green was higher than the

A∗rms error obtained by using red and NIR but acceptable in view of typical A∗rms
values of 2% or 3% for commercial pulse oximeters. Still, coping with sensor noise

under the requirement to periodically update SpO2 estimates (e.g., of about just 10

seconds) is more di�cult for SpO2,cam than for their contact-based counterparts which

typically achieve a higher SNR and sampling rates. These technical issues can add 2%
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extra error, which means that technical developments are important to leverage the

potential advantage of camera-based pulse oximetry.

The assumption of universal calibratability was challenged by a cooling interven-

tion which mimics patient centralization. From the cold-induced vasoconstriction,

we found that the SpO2,cam method by RoG tends to underestimate SpO2. The A∗rms
for estimations performed under medium and low ambient temperatures was < 2%

and within the error margin. The seemingly parallel lines suggest that calibrations

could hold in the investigated temperature range. Although this result is encouraging,

we remark that the reduced room temperatures comprised 8 to 15 degrees. Given

the limited extent of this range, future work is necessary to challenge SpO2,cam under

more extreme cooling conditions and to assess actual centralized patients.

Referring to the second challenge of our study, it was clearly seen that a change

in skin-site measurement leads to considerable measurements errors. This is reason-

able given the depth-gap of the PPG-signals acquired using green versus red-NIR

wavelengths [207]. As a practical implication, RoG-based estimations performed at

cheeks require dedicated calibration coe�cients to avoid bias errors of 2–6% (see

Tab. 10.1). The e�ect of a change in skin site was also observed for RoIR-based

SpO2,cam, although in a lesser extent. Thus, any calibration curve for SpO2,cam in Vis

is speci�c to the skin-site at which it was developed.

When it comes to continuous monitoring, we see an opportunity to achieve

SpO2,cam by using green wavelengths, or possibly blue, as an alternative for NIR. How-

ever, the relatively lower performance of Vis measurements with respect to red-NIR

measurements is not yet fully understood. We hope that future improvements in

camera sensors, data acquisition practices and methods will enable the translation

of concepts or algorithmic insights into practical solutions for coping with the pen-

etration depth gap(s) between probing wavelengths, motion interference, low SNR

conditions and specular refections, and sampling rates. Short-term errors may be

mitigated in future work by adapting motion-robust algorithms, e.g., [320]. These

factors, combined with the careful standardization of measurement conditions will be

key to reduce measurement errors further.

10.5 Conclusion

The calibratability of camera-based pulse oximetry using red and green wavelengths

was demonstrated by a robust linear regression on data from 31 healthy individuals

measured under normoxic and hypoxic conditions (SpO2 range, 85% – 100%). This

represents an extension of the earlier work in which the calibratability of SpO2

measurements using NIR and red was demonstrated. The results obtained in this

paper indicate an A∗rms error for SpO2 based RoG measurements of 2.6%, which is

compatible with ISO 80601-2-61:2011 but larger than its counterpart measurements

performed in the red–NIR window (A∗rms, 1.6%).

Errors increased when we measured at lower temperatures or at a slightly di�erent

skin site (cheek instead of forehead). These sensitivities result from probing the
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vasculature at di�erent depths for red and green. Our results support the statement

that a single calibration curve for estimating SpO2,cam using red and green is feasible,

though estimation errors are higher than by using red and NIR.
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Chapter 11

Conclusions and future work

Skin perfusion assessments by optical methods are non-contact and assist in the

diagnosis of various microvascular diseases and follow-up treatments [12]. Typically,

these rely on laser-based instruments but PPG-based systems could become a practical

and cost-e�ective alternative [197, 248]. PPG sensors detect blood volume variations

in the microvascular bed of tissue by collecting back-scattered light [11]. Recently,

remote PPG methods for unobtrusive measurements have been introduced. An

extension of these methods is imaging PPG-amplitudes or relative PPG-phases over

the skin surface [145]. Following this line of research, I aimed at exploring the value

of PPG images for vascular assessments.

This thesis project began with a focus on motion artifact mitigation. Strategies

were devised to obtain reliable PPG-images and skin-motion signals were explored

as a physiological signal of interest (Part 1). Eventually, I faced the need to improve

the understanding of what could actually be measured by using PPG-images, with

an emphasis on Vis wavelengths and regular RGB cameras (Parts 2 and 3). I suc-

ceeded in deriving a skin-model (Chapters 5 and 6) that could explain point-wise and

imaging observations. This concluding chapter summarizes the contributions made

(Section 11.1) and makes a brief proposition for future work (Section 11.2).

11.1 General discussion and conclusions

The speci�c challenges addressed by this thesis and the derived contributions are

described in the remainder of this section.

Part 1. Methodology

This part contains methodological contributions on the description of a motion-

robust imaging pipeline. Also included is a sidetrack application where skin-motion

is explored as a means to investigate the displacements of surface arteries.

201
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Chapter 2 The limitations of remote-PPG imaging methods reported in litera-

ture were exposed by demonstrating motion artifacts at single camera-channel PPG-

amplitude measurements of the face. For facial measurements, BCG motion artifacts

dominate. Those being the motion artifacts due to the rigid body motion of the

forehead during the trunk motions that occur at systolic events. BCG artifacts add to

PPG signals and the artifact’s amplitude is mostly dependent of the angle between the

skin surface and the incident light. I showed that the use of near-frontal and distant

light sources mitigate the magnitude of BCG artifacts during facial measurement,

although the insights generalize to any kind of motion source.

I showed that BCG artifacts are most detrimental under incident angles approach-

ing 90 degrees with respect to the surface-normal. I proposed to mitigate this problem

during data acquisition by orthogonal illumination, a recommendation whose e�cacy

is not a�ected by the location of the camera and is simply achieved by preferring

distant illumination and/or by deploying several di�used light sources around the

skin. My contribution, in the form of a data acquisition recommendation, leads to

advances in imaging quality and helps to prevent erroneous interpretations.

Chapter 3 Recognizing the need to address motion artifacts in all lighting condi-

tions, I described a method and a pipeline for generating a PPG image carrying vital

signs information. For increased validity and robustness against motion sources, the

proposed pipeline comprises three parts:

1. an interface for obtaining video recordings of living skin in at least two di�erent

wavelength channels (e.g., an RGB camera and a laptop);

2. a signal processing module for obtaining a time-variant pulse signals per pixel

or group of pixels; and

3. a signal processing module for generating a PPG image from a property (e.g.,

amplitude or phase).

A step towards the validity of PPG imaging was done by demonstrating that two

motion-robust PPG algorithms could be extended to imaging. At the wrist, the maps

obtained with PBV and CHROM reduced motion artifacts to less than a tenth of

the PPG-amplitudes in green. Motion-robust channel mapping is among the good

practices that improve the validity of PPG-imaging and push the boundaries of what

can be obtained from this technique. Integrating channel mapping in PPG-imaging

e�ectively addresses motion artifacts and enforces the trust into PPG-images, even

when ideal lighting conditions are not met.

Chapter 4 Previous chapters indicated that skin-motion signals near surface arter-

ies could be a non-contact surrogate of arterial displacements. Despite the restricted

pixel-area of the pulsating skin, the amplitudes of motion signals are stronger than

that of the PPG signals. Honoring earlier advances in the laser Doppler velocimetry
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(LDV) literature, I referred to the technique of probing these motion signals as a proxy

of arterial displacements as vibrocardiography (VCG). Thus, the main contribution

made in this chapter is the description of a pipeline for achieving camera-based

VCG (cVCG). In practice, the pipeline that meets this goal is the “inversion” of the

recommendations laid out for motion-robustness; i.e., it is a single-channel pipeline

operating preferably at the red wavelengths and where the pulsating spot(s) of interest

are unevenly illuminated.

As case-study, I approached the extraction of the common carotid artery (CA)

displacement waveforms. I assessed the quality of the displacement waveforms in

a dataset comprising mostly healthy test subjects. From the waveforms obtained,

various arterial sti�ness parameters could be extracted.

Complementarily, a number of questions were explored:

1. Should CA displacements be measured at the lower or upper neck?

2. Is the sitting position suitable for probing CA displacements?

3. Can jugular vein (JV) displacements be probed remotely?

To address these questions, cVCG and ultrasound measurements were performed

at the neck surface (in the vicinity of the carotid artery and jugular vein) in three

postures: supine, recumbent (45 degrees relative to the horizontal) and sitting. The

measurements of vessel pulsations (by ultrasound) and skin displacements (by cVCG)

support the exploration of skin-surface pulsations at the neck as a proxy of venous

or arterial pulsations. Results seem to support the recommendation for performing

JV displacements in recumbent or supine at the lower neck, while CA pulsations are

optimally acquired at the upper neck in the sitting or recumbent positions.

Part 2. Phase imaging

My thesis project was far from ending with the description of a motion-robust imaging

pipeline. Instead, this achievement was the precursor of investigations aiming at an

in-depth understanding of the PPG images probed at a given body site. To this end,

I developed (bio)-physical models for the deformation of the PPG signal along the

microvascular bed of tissue and proposed proof-of-concept or calibration experiments.

This thesis part consists of three chapters which focus on (PPG-)phase imaging,

although the insights hold for (and include) point-wise PPG measurements.

Chapter 5 This chapter started by evidencing that the light penetration depth

a�ects the morphology of remote-PPG signals. The waveforms of PPG signals acquired

using shallower penetrating wavelengths (e.g., green) are more distorted with respect

to the pressure wave in large arteries than the waveforms of PPG signals sampled

deeper (e.g., red). This concept is central to the development of a model to explain

that: 1. channel-combining methods provide PSs that are in�uenced by the properties

of the skin itself, wavelength selection and by the mixing weights of the camera
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channels used; and 2. phase measurements are in�uenced by the skin structure and

pulsating dynamics. I contrasted PPG-images obtained by using RGB video recordings

of the hand palm and two image processing approaches/pipelines: single-channel

versus channel-combination.

Single-channel approaches relied on the normalized green or red channels for the

sensor sites and reference functions, whereas channel-combination eliminated the

motion source by taking the di�erence between the normalized green signal minus

the normalized red (GminR). Despite its simplicity, the GminR mapping is motion

robust and enabled the inspection of the phase variations due to combining signals

with di�erent penetration depths. A way to summarize insights from this study

is stating that the blood volume variations probed as PPG signals are “dampened”

versions of neighboring arterial displacements. Also the remote PPG signals acquired

using green light are a “dampened” version of PPG signals in red.

Chapter 6 To support the previously introduced skin-model, a skin compression

experiment was performed. As a contribution, I provided the means to obtain the

parameters of the model with a dual-depth PPG system. My scope was narrowed to

the skin-depth dimension and to the �nger pad (glabrous skin).

The results led to the establishment of the model parameter φ, which may be

useful for evaluating aspects of microvascular health such as microvascular tone or

cutaneous impedance. It was suggested that φ is an indicator of cutaneous impedance

whereas PS—as metrics of waveform dissimilarity—re�ects the relative contributions

of the blood volume variations at each skin layer. Thus, φ and PS may provide an

avenue for further investigations into the clinical possibilities of dual-depth PPG-

waveform dissimilarity analysis.

Chapter 7 The previous chapters provided the rationale and support for a model for

waveform dissimilarities between green and red-NIR PPG signals. This model supports

that phase images re�ect the imaging algorithm selected (in multi-channel imagers),

wavelength selection and the “damping” e�ects of the skin tissue. This gave rise to

the hypothesis that phase imaging may be more suitable for tissue characterization

than for retrieving measurements related to pulse wave velocity (PWV).

This chapter elaborated on phase measurements obtained at the face, or between

the face and the palm, as a possible means to derive the PWV. The extent of inter-

individual variability in the deformation between cVCG signals and PPGGminR indeed

suggested a disadvantage of PPG with respect to cVCG signals for PS/PTT measure-

ments. Results also indicate that the PS between proximal-distal PPG signals re�ects

PTT to a lesser extent than skin non-homogeneities. Furthermore, the �uctuations

of PTT can be accompanied by changes in the relative dissimilarity between PPG

waveforms, hence complicating the relation between PS and PTT. I concluded that

the PS between PPG signals is an unreliable metric for measuring PTT.
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Part 3. Amplitude imaging

This part contributed to the interpretation of PPG-amplitude images by providing

insights into the depth-origin of the PPG signals in visible light and infrared. Then,

it focused on a sidetrack/application for PPG-amplitude images. This focus was

motivated by the importance of catalyzing the development of solutions for remote

SpO2 measurements in visible light (Vis). Proceeding otherwise, i.e., investigating the

usefulness of the PPG-amplitude measurements per se, would likely be less promising

since the AC/DC-normalized PPG-amplitudes are highly variable across individuals

and body sites, as well as temperature and other factors. This thesis part consists of

three chapters which progressively go from theory to SpO2-calibration aspects.

Chapter 8 The exploration of Vis wavelengths in remote PPG is relatively recent

and works on the optics and origin of remote PPG remain scarce. The priority of

diving into this topic rose in 2015, when Kamshilin and his group [146] challenged

the general consensus on the origin of remote PPG signals. This chapter described an

approach where the remote PPG-amplitude spectrum was decomposed and linked to

the contributions from skin layers at di�erent depths.

I developed the concept of spectral “signatures”
1

of the skin layers, with arteries

and arterioles as blood volume variation sources (BVVs). A decomposition of the total

PPG spectrum into the summation of separate contributions from BVVs enabled the

veri�cation of the following hypotheses:

1. partially compressing the upper dermal layers of the skin tissue isolates the

contribution of the deeper layers to the [total] remote PPG signal;

2. the PPG signals acquired at blue-green wavelengths (in opposition to red-IR)

probe shallow BVVs (i.e., arterioles of the upper dermis) and undergo the highest

extent of amplitude mitigation under mild-to-strong skin compression;

3. the volumetric model is supported if the remote PPG spectra of the resting and

compressed skin can be simulated with origin at arterioles and/or arteries, and

experimentally veri�ed.

Taking the �nger pad as a site of interest, I veri�ed the three above points. Indeed,

the results suggested that the remote PPG signals in green wavelengths have origin

at dermal BVVs while red-IR wavelengths even interact with subcutaneous BVVs.

The videocapillaroscopic mapping of the PPG-amplitude at the �nger nail fold further

suggests that PPG is not associated with capillary density. Accordingly, this chapter

supported the consensus for the volumetric model.

1
The concept of spectral “signatures” was originally suggested by Prof. G. de Haan during a discussion

of experimental results.
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Chapter 9 Estimating remote SpO2 is technically trivial but fundamentally tricky.

Vis estimates do not to meet the usual pulse oximetry assumption of the same arterial

vessels being probed, and even a change in posture could interfere with measurements.

This is why posture was considered in this chapter.

Paired sitting-supine measurements were conducted in a dataset of 31 healthy

subjects and the normalized amplitude ratios between green and red were computed.

The results thereof con�rmed e�ects of a change in posture in the ratio-of-ratios (RRs)

of red over green (RoG). Additionally, Monte Carlo simulations were con�gured to

simulate the measurement error for the RoG-based SpO2 method and an illustrative

SpO2 level of 97%. These indicated that posture-related SpO2 errors are at least an

order of magnitude higher in red-IR.

Therefore, re�ned models of the light-tissue interactions which correct for pos-

tural changes and/or other factors are necessary. Otherwise, one must accept that

measurements are performed under a standardized posture. Similar conclusions hold

for other factors that in�uence the blood concentration and the pulsating pro�le of

the skin (e.g., vasodilation status). Together with motion robustness [322], these are

the most critical aspects for making the SpO2 estimations practical in Vis. The vulner-

ability of SpO2 methods to contamination encourages the development of con�dence

metrics for detecting noisy/unreliable measurements [225, 281].

Chapter 10 This chapter showed that it is possible to obtain valid camera-based

SpO2 estimates using red and green light. I conducted this study by using the extended

dataset of Verkruysse et al.. Forehead video recordings and �nger pulse oximetry

from 46 healthy individuals were performed under normoxic and hypoxic conditions

(SpO2 range, 83% — 100%). Monochrome cameras, coupled with green, red and IR

�lters enabled the assessment of the calibration accuracy of the RRs method using

RoG as wavelength combination for SpO2 level estimation. Complementarily, the

availability of a NIR channel enabled the comparison of RoG with red over NIR (RoIR).

Linear regressions were used to determine the calibration coe�cients and error

margins of RoG and RoIR. Results indicated that a remote RoG-based SpO2 method

can accommodate variations in skin properties at the forehead in sitting subjects.

However, the accuracy of RoG-based SpO2 estimates is inferior to that of RoIR, as

one would expect from Chapter 9. Future work is valuable to quantify the possible

contamination by specular re�ections and the individual causes for higher calibration

errors need to be identi�ed.

Final remarks While some would agree that it is easier for an application to �nd

a technology than for a technology to �nd an application, I did my best to ensure

that PPG imaging is found more mature in terms of validity and motion robustness
than when I started working on the topic. I went the hard way to catalyze technical

advancements and broadened the understanding of the PPG signal formation. The

understanding of the (bio)-physics of PPG imaging is a step to meet the ultimate aim

of arriving at a clinically validated imaging prototype.
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My contributions establish recommendations which result in an imaging pipeline

that is ready for future validation studies with clinical populations in dermatology,

cardiology, and overall video-health monitoring. It is perhaps not overly optimistic

to also hope that the imaging-based perfusion assessment of internal organs will be

possible in the future, in particular in the context of peri-operative care.

11.2 Directions for future work

It has been practically a decade since Wieringa et al. �rst proposed to map dermal

perfusion changes using PPG. Ever since, imaging continues being studied as a possible

vascular tool, and in search for speci�c applications. Thanks to my progress and that

of others, I feel that this modality is closer to reliability and clinical prospects. The

work described in this thesis leveraged camera-based strategies for imaging PPG,

although these also hold for point-wise assessments. My contributions boil down

to experimental insights, models, application suggestions and recommendations for

signal acquisition, processing and interpretation of PPG-images. However, various

research paths remain open. The next paragraphs refer to a few of these open ends.

E�ective data visualization Conveying the physiological information embedded

in PPG signals to clinicians is a major open question and a research topic by itself. The

work done suggests that there is value in providing PPG images to clinicians if there

is a skin condition to be inspected. Alternatively, using the clustered pixels to arrive

at amplitude-based parameters (e.g., SpO2 estimates) is a valuable means to assess

perfusion, and imaging can be used as means to enable content-aware algorithms for

skin-pixel selection. The work on data visualization must also include the re�nement

of quality/con�dence metrics to warn end-users when estimates (imaging outcome

and/or clinical parameter) is inaccurate.

Increased sensitivity and practicality A challenge in PPG imaging is the strin-

gent signal quality, which requires acquisition times in the order of minutes with

regular cameras and processing units. This is incompatible with real-time operation

and limits assessments of low-frequency rhythms. Although the technical improve-

ments nowadays are not as impressive as Moore’s Law used to predict, it remains

reasonable to think that hardware developments will eventually enable imaging

frameworks to achieve the sensitivity and sampling rates that help to meet clinical

standards for vital signs monitoring.

Combined imaging modalities Integrating non-contact modalities into a single

imaging platform would enable measuring multiple metrics of perfusion (related to

blood �ow and metabolism). In this regard, PPG imaging could become a clinical

tool for arterial perfusion mappings and SpO2 measurements, and possibly replace

or complement LSI (which measures arterial �ow). Combining re�ectance and PPG

modalities could result in a thorough set of variables pertaining to tissue perfusion
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and arterial perfusion. Alternatively, joint micro and macrovascular assessments

could be possible by combining PPG imaging with cVCG features. It is perhaps not

overly optimistic to hope that our contributions to the validity and interpretation of

PPG images will enable the assessment of perfusion of internal organs in the future.
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