
Revealing Physiological Changes
Through Colour

DPhil Thesis

Alessandro Guazzi
Kellogg College

Submitted in Partial Fulfilment of the Requirements
for the Degree Doctor of Philosophy

Supervisor:
Prof. Lionel Tarassenko

Institute of Biomedical Engineering

Department of Engineering Science

University of Oxford

Michaelmas Term, 14th January 2016



Declaration

I declare that this thesis is entirely my own work and, except where stated, describes my
own research.

A. R. Guazzi
Kellogg College



Abstract

Revealing Physiological Changes Through Colour

This dissertation extends remote vital sign monitoring by examining whether it is possible
to track oxygen saturation with visible-light video cameras by filming an exposed skin
region (the face). Two further questions are also investigated as part of the presentation
of this thesis: the influence of skin melanin on the ability of video cameras to track
oxygen saturation, and the ability of video cameras to assess the absolute value of oxygen
saturation at any given point in time.

A study involving human volunteers was designed to answer these research questions
in a controlled environment, and 46 subjects were recruited. The subjects were divided
into six different skin phenotype groups (Fitzpatrick Scale I–VI). For a period of up to
one hour, the volunteers’ oxygen saturation was varied between 80% and 100% and videos
of their faces were recorded in that time. The volunteers’ reference oxygen saturation was
recorded using two pulse oximeters placed on the index fingers of each hand. Another
study was carried out in a neonatal high-dependency unit to test the algorithms for
remote vital sign monitoring in a challenging clinical setting.

A theoretical basis for the derivation of oxygen saturation monitoring algorithms is
developed throughout the dissertation, and two methods (baseline and RoR) were built
upon this. The baseline method has parallels with oximetry and is based on tracking
overall changes in the colour of the skin while minimising the effect of lighting, while the
RoR method mimics pulse oximetry in form and assesses the relative change in amplitude
as measured by each colour channel while oxygen saturation changes. Both methods
are found to work well for subjects of Fitzpatrick phenotypes I–IV (average coefficient
of determination r2 of 0.79 and 0.71 for baseline and RoR respectively across all Type
I–IV subjects), variably for Type V subjects (average r2 values of 0.64 and 0.48), and
not work for Type VI subjects (average r2 values of 0.19 and 0.01). Although the RoR
method yields noisier results than the baseline method, it was found that the timecourse
of the latter varied with respect to the oxygen saturation.

A simple linear model used to derive oxygen saturation directly from the video camera
data was thus devised using the RoR method only, and applied to Type I–V subjects.
The subjects were divided into randomly generated but equally split training sets and test
sets and the model parameters learned from the training set were evaluated in the test
set. This was repeated over 10 iterations and the overall mean absolute error between
the estimated oxygen saturation using the video camera data and the reference oxygen
saturation using the pulse oximeters was, for Type I–V subjects respectively: 3.0%, 2.3%,
2.5%, 2.5%, and 4.6%.
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Chapter 1

Introduction and Motivation

1.1 Remote Vital Sign Monitoring

The last two decades have seen an exponential rise in the development of digital camera

sensors, greatly driven by the increased consumer demand for ever-cheaper ever-better

sensors in common electronic appliances such as personal computers, tablet computers,

and, perhaps most importantly, mobile phones. This growth has catalysed the creation of

a novel field of research in biomedical engineering: that of remote vital sign monitoring

using cameras. The measurement of vital signs – heart rate (HR), breathing rate (BR),

peripheral oxygen saturation (SpO2), temperature (T), and blood pressure (BP) – is

fundamental to current clinical practice and one of the most basic tools in the arsenal

of a physician wishing to assess the health of a patient. The shift from contact to

non-contact methods of measuring these vital signs presents numerous advantages in

terms of compliance, as well as in managing skin irritation and infection.

Of course, a number of other methods for monitoring vital signs remotely exist already,

such as through the use of radar [26, 131] or thermography [1]. However, the ubiquity,

high sophistication and low price of video cameras have made them an attractive choice

for remote monitoring, particularly as camera-based technologies could be immediately



1.2 Clinical Motivation 2

integrated into telecare systems and furthermore have the potential of turning any

consumer-level device into a medical device. Of the five standard vital signs, commercial

visible-light cameras are thought to be able to estimate or approximate four – HR, BR,

SpO2, and BP – although prior to this work only the first two had been validated in a

clinical setting [202], and the accurate assessment of blood pressure remains an unsolved

problem. Finally, video camera-based methods have the potential for linking vital signs

to a visual assessment of the patient’s movement and facial expressions [203], thereby

also automating the softer measures clinicians use for health assessment.

This thesis in Healthcare Innovation thus sits within the context of future monitoring

systems, not only capable of assessing the standard vital signs, but also provide other

clinically relevant information. The primary objective of the thesis is to determine

whether it is possible to measure absolute values of, or changes in, oxygen saturation

using visible light video cameras. Secondary objectives include the determination of

which factors influence the accuracy of the measurements made, and in particular the

effect of skin pigmentation.

1.2 Clinical Motivation

As early as 1919, one of the founding fathers of physiology, John Scott Haldane, noted

that “[the lack of oxygen] means not a mere slowing down of life, but progressive and

perhaps irreperable damage” [64]. It comes to no surprise then, that oxygen is measured

in multiple settings. Without oxygen, human brain cells can survive only for about

one minute in normal conditions [122], and other organs are similarly compromised

in its absence, therefore it comes to no surprise that blood-oxygen measurements are

crucial in settings in which the patient is in a critical condition, such as in the ICU

and in operating theatres [149]. Oxygen measurements further give an indication of

the ability of the ventilatory system to cope with the body’s requirements, and are
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therefore used in titration for patients requiring a continuous supply of oxygen [149], and

to monitor patients undergoing anaesthesia with agents that have varying effects on the

respiratory drive and blood pressure [41]. Oxygen monitoring is also crucial in paediatric

and neonatal care, in which maintaining the correct oxygen saturation may make the

difference between an increased risk of mortality on the one hand and an increased risk

of disability on the other [171].

Continuous oxygen monitoring presents a number of advantages over intermittent

measurements, and has been made possible thanks to the development of pulse oximetry,

which allows the non-invasive monitoring of both pulse rate (that is equivalent to the

heart rate) and oxygen saturation with reduced risk to the patient. The method however

remains a contact-based one, making it unsuitable in scenarios involving burns, patients in

isolation units, and patients susceptible to infection by cross-contamination [73]. Contact

methods of vital sign monitoring, including pulse oximetry, have in fact been found

to heighten the risk of hospital-acquired infections [135], with visible and non-visible

blood even contaminating a large proportion of the monitoring equipment present in an

operating theatre [155]. In addition to this, as with any device that is attached to the

body, the technology has a number of risks associated with compliance and loss [151].

The development of a non-contact method of oxygen saturation monitoring that could

further be integrated with existing non-contact methods for heart rate and breathing

rate measurement offers the alluring prospect of a technology that could provide vital

sign monitoring with no probes attached to the patient.

1.3 Overview of the Thesis

The thesis here presented is that blood oxygen levels can be tracked in ambient,

broad-spectrum illumination using video cameras. The background necessary to understand

this proposition is laid out in Chapter 2, in which the interactions of light with skin
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are outlined in order to explain the current methods of measuring blood oxygen. The

evidence gathered for the thesis is drawn from two studies, described in Chapter 3. The

theoretical basis for the thesis is then developed in Chapter 4, and the influence of the

approach on the data acquisition and preprocessing is discussed therein. The limitations

of the theory mean that only one (the Hypoxia study) of the two sets of video data that

have been acquired can be used so as to draw the strongest conclusions with regards to

the object of the thesis. Finally, two separate methods for recording oxygen saturation

under specific conditions are outlined in Chapters 5 and 6, and developed using a subset

of the Hypoxia study videos. The final versions of these methods are then tested in

Chapter 7, and the results of a simple method to measure oxygen levels directly are

also presented. Finally, a general discussion of the nature of what is being measured by

the video cameras and of the limitations of the methods proposed leads to the thesis’

conclusions in Chapter 8, followed by indications of some of the further work necessary

to advance the field.

1.4 Publications

The research culminating in this thesis has resulted in one first-author publication [63],

which sets out a first attempt of some of the ideas presented in Chapters 4 and 6. Other

second-author publications [202, 227] pre-date this, building the clinical case for the

investigation here presented, and describing the studies that have been pursued as part

of the general research objectives of remote vital sign monitoring with cameras.



Chapter 2

Background

2.1 Overview

The objective of this chapter is to establish the scientific background upon which the

research described in this thesis has been built. The first two sections aim to give an

understanding of the biological and physical processes relevant to the measurements

made, whereas the last three outline the engineering methods which have served as a

starting point for the work. Section 2.2 examines the importance and significance of

oxygen saturation by describing the action, transport, and delivery of oxygen, and Section

2.3 explores the anatomy of the skin and the way visible light interacts with it, grounding

later assumptions on the nature of the measurements to be made. Section 2.4 introduces

the ways oxygen has been and is currently measured, clearly outlining the history of the

development of the different methods in order to understand the context in which they

were developed, and to examine the similarities and advantages of the various methods.

As pulse oximetry is ultimately the methodology most related to the content of the thesis,

it is discussed in some detail within the chapter. This leads naturally to Section 2.5

which outlines the background to remotely obtaining a photoplethysmographic signal

using video cameras. Finally, Section 2.6 relates the prior work on obtaining estimates
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of oxygen saturation with video cameras, both visible and infrared, and examines the

different methodologies proposed in some detail.

2.2 Blood Oxygen

2.2.1 The Role of Oxygen

In order to sustain life and reverse the thermodynamic tendency to increasing levels

of entropy, organisms need to generate energy continuously [160]. Cells accomplish

this by using energy-carrying molecules such as adenosine triphosphate (ATP) that can

exchange energy in different parts of the cell. Oxidative phosphorylation is the preferred

aerobic process by which cells such as those in the human body generate ATP, a process

which necessitates oxygen [211]. As a result, a continuous supply of oxygen needs to be

maintained in order for the cell to survive, and in complex organisms in which simple

oxygen diffusion is not sufficient this function is provided by the cardiovascular system.

The strong requirement for oxygen means that the cardiovascular system, which will

be examined in greater detail in the following sections, needs to be tightly regulated. A

lack of blood supply to parts of the body leads to cell damage and eventually cell death,

and may lead to the death of the organism itself if key organs and systems such as the

heart, the brain, or the central nervous system are affected [31]. In a clinical context, it

is therefore essential to be able to assess the functioning of the cardiovascular system and

its oxygenation as it is a direct indicator of a patient’s health. Abnormal oxygenation

levels are broadly divided into two categories: abnormally high levels of oxygen in the

circulatory system, or hyperoxia, and abnormally low levels of oxygen in the circulatory

system, termed hypoxia.
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2.2.2 Oxygen Transport

Air is drawn into the lungs as a result of the mechanical action of the intercostal muscles

and diaphragm. These cause an increase in the volume of the thoracic cavity, leading

to a pressure gradient forming between the atmosphere and the lungs. Oxygen, which

normally accounts for around 21% of air and at sea level has a partial pressure of 21.3

kilopascals, passes into the alveoli, specialised lung compartments with thin walls to

allow the diffusion of gases from the lungs to the blood stream. As a result of differing

concentration gradients, oxygen diffuses from the alveoli to the blood while the waste

products of aerobic respiration, carbon dioxide and water, diffuse from the blood to the

alveoli to then be expelled. It is because of this gas exchange that the partial pressure of

oxygen in the alveoli is slightly less than the atmospheric partial pressure as it becomes

a function of the respiratory rate of the cells. A constant pressure gradient is maintained

by the movement of blood, pumped by the heart,

that carries newly oxygenated blood to the tissues through the arterial system and

carries oxygen-depleted blood to the lungs via the venous system.

The blood itself is composed of cells suspended in a fluid that is mostly composed of

water: the plasma. Nutrients and waste products such as carbon dioxide dissolve into

the plasma – the exchange of carbon dioxide is principally plasma-based [6] – through

the process of diffusion, that is affected by temperature and the relative partial pressures

of the species. However, although oxygen is also dissolved in the blood, the oxygen

requirement is such that this process accounts for an insignificant proportion of the

total oxygen transported [124]. In order to cater for the high-energy requirements of

the mammalian body, specialised cells, known as erythrocytes or red blood cells, are

responsible for the transport of oxygen in the blood. Erythrocytes have a characteristic

double-concave disk shape and each carries between 200 and 300 million haemoglobin

molecules – making up to 96% of their dry weight — which give them their particular

red colour and name [66, 207].
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It is in fact these molecules, with a quaternary structure such that it leaves iron ions

exposed, to which most of the oxygen transported by the circulatory system binds [183].

Haemoglobin has a much higher oxygen affinity than the plasma, with up to four oxygen

molecules binding to each haemoglobin molecule. Furthermore, the structure is such that

the affinity of the haemoglobin increases every time an oxygen molecule binds to one of

the oxygen-active sites, with implications for oxygen saturation that shall be explored in

Section 2.2.3.

Figure 2.1: Figure showing the types of blood vessels present in the
circulatory system: the arteries bringing the oxygenated blood to the
circulatory system; the microcirculation at the level of the arterioles,
capillaries, and venules; and the veins carrying deoxygenated blood back
to the heart and lungs. (Image created by Kelvin Song and distributed
under CC BY-SA 3.0, https://commons.wikimedia.org/wiki/File:

Blood_vessels-en.svg, retrieved on 12/08/2015)

From the lungs, the blood passes into the left half of the heart and is thence pumped

into the systemic circulatory system (shown in Figure 2.1) through the aorta, which

branches into the major arteries to supply oxygen to the body. The blood is supplied

to two main categories of organs and tissues within the body: those that ensure the

homeostasis of the body and that are characterised by a much larger supply of blood than

the demand of the tissue, such as the skin, and those that are essential to the function of

https://commons.wikimedia.org/wiki/File:Blood_vessels-en.svg
https://commons.wikimedia.org/wiki/File:Blood_vessels-en.svg


2.2 Blood Oxygen 9

the body and that have a high demand for nutrients, such as the brain [211]. The role of

the arteries is to carry oxygenated blood to all tissues and to aid the pumping of the

circulatory system by sustaining a high blood pressure throughout. To this effect, they

have an anatomy that is usually characterised by thick walls, and muscular or elastic

tissue depending on which category of tissue they are perfusing. From the arteries, the

blood is passed into the arterioles, smaller vessels that branch from the arteries and into

the capillaries, thereby allowing microcirculation. Due to the drop in the velocity of

blood as it passes from the larger arteries into the smaller-sized capillaries, arterioles

have thick muscular walls to withstand and regulate the pressure difference. Furthermore,

the arterioles are innervated by the autonomic nervous system, that regulates the tone of

the muscular walls, and also respond locally to changes in the environment, including

changes in hormone levels, pH, CO2, stretch, and oxygen. An increase in muscular tone

is termed vasoconstriction, whereas a decrease in tone is termed vasodilation. Table 2.1

shows the main factors affecting vasodilation and vasoconstriction in the skin, in which

the effect of the hormones is particularly important as it enables thermoregulation, the

main function of the blood flow to the skin [211].

Table 2.1: Main factors affecting arteriole muscle tone in the skin, both locally and in response
to hormones.

Vasodilation Vasoconstriction

Local
pH, Carbon Dioxide,

Potassium ions,
Hydrogen ions

Oxygen, Stretch

Hormones Beta-2 receptor activators Alpha receptor activators

Microcirculation occurs in the network formed of arterioles, capillaries and venules.

As discussed above, the arterioles feed the oxygenated blood from the arteries into the

capillaries. It is in the capillaries, which have no smooth external muscles and are not

innervated, that gas exchange occurs by a process of diffusion through the thin vessel

walls into the tissue. This exchange is described by Fick’s first law of diffusion:
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∆N

∆t
= KA

∆P

∆x
(2.1)

where ∆N
∆t

is the number of gas molecules exchanged per unit time, K is the diffusion

coefficient, A is the surface area available for diffusion, ∆P is the pressure difference of

the gas across the capillary wall, and ∆x is the thickness of the capillary wall [211]. The

gas exchange is further facilitated by the already mentioned affinity profile of oxygenated

haemoglobin, which will favour the release of more oxygen as each oxygen molecule

is released from the binding sites. The deoxygenated blood is then collected into the

venules, characterised by thinner layers of smooth muscle compared to the arterioles.

Multiple venules then feed into veins, that conduct deoxygenated blood back to the heart

and thence into the lungs for it to be reoxygenated. Similarly to the venules, and as

opposed to arteries and arterioles, veins typically have thinner smooth muscle around

the vessel wall, and as a result do not usually expand and contract in response to the

pressure wave generated by the contraction of the heart. Veins do however have valves in

them to prevent the return of blood due to the low pressure in the venous tract. Despite

the low pressure, the majority of the blood volume in the body is located in the venous

compartment [92].

2.2.3 Oxygen Saturation

As has been examined in the previous section, the affinity of the haemoglobin molecule

to oxygen molecules plays a very important role in oxygen transport: it is in fact this

affinity that defines what is known as oxygen saturation. Oxygen saturation is a measure

of the percentage of haemoglobin binding sites in the bloodstream occupied by oxygen

molecules, ignoring the small amount of oxygen dissolved in the plasma [132]. As a result

of the change in affinity of haemoglobin to oxygen, oxygen saturation may be examined

as a function of the partial pressure of oxygen in the blood (the pressure exerted by the
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oxygen within the blood, also known as the oxygen tension, and often denoted as PO2)

in what is known as the oxy-haemoglobin dissociation curve, as illustrated in Figure 2.2.

Figure 2.2: Figure illustrating the oxyhaemoglobin dissociation curve.
A normal dissociation curve (continuous line) may be shifted to the left
(dotted line) or to the right (dashed line) as a result of environmental
factors. An increase in pH or a decrease in temperature will lead to
a shift to the left, whereas the inverse will lead to a shift to the right.
Foetal haemoglobin is also shifted to the left so as to enable the exchange
of oxygen from the mother’s blood. The partial pressure of oxygen

(PO2) is expressed in millimetres of mercury (1mmHg=133.32Pa)

The sigmoid shape of the dissociation curve describes haemoglobin affinity for oxygen:

the flat part of the curve means that the haemoglobin molecule will take up oxygen even

when most of the oxygen has been transferred from its gas phase whereas the steep part

of the curve means the oxygen is rapidly taken up from the alveoli and released into the

tissues at the capillary level. The curve is however affected by a number of factors, which

cause a displacement left or right, such as the Bohr effect that leads to the curve shifting

to the right in the presence of a low pH. This means that oxygen is released more easily

at the tissue level but requires a higher partial pressure to bind at the lungs. Similarly,

the curve for foetal haemoglobin is shifted to the left, allowing oxygen to be transferred

from the mother’s blood to the foetus [132].
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At the clinical level, a difference must be noted between functional oxygen saturation

and fractional oxygen saturation, that are simply two ways of reporting the oxygen

saturation [46], and are often confused [209]. The former is defined as the percentage of

oxyhaemoglobin with respect to the total number of functional haemoglobin:

SO2 =
HbO2

Hb+HbO2

(2.2)

It is this value that is commonly estimated via pulse oximetry and CO-oximetry (see

Section 2.4), and that will be used interchangeably with oxygen saturation throughout

this document. In turn, functional oxygen saturation may be expressed as arterial oxygen

saturation (SaO2), the functional oxygen saturation of the arterial blood, or as the

peripheral oxygen saturation (SpO2), the oxygen saturation of the arterial blood as

estimated by a pulse oximeter (see Section 2.4.2). Typical values of the functional oxygen

saturation in healthy humans are between 94%-98%.

It should be noted, however, that the haemoglobin molecule is not just bound to

oxygen or free: it may be bound to other molecules. This nuance is better described by the

fractional oxygen saturation, which is instead defined as the percentage of oxyhaemoglobin

with respect to all types of haemoglobin:

FO2 =
HbO2

Hball
(2.3)

This fractional oxygen saturation may only be measured by CO-oximeters operating

at multiple wavelengths or by some modern gas analysers, and incorporates other types of

bound haemoglobin (known as dyshaemoglobins), such as carboxyhaemoglobin (HbCO),

methaemoglobin (HbMet), and sulfhaemoglobin (HbS). Dyshaemoglobins are usually

formed as a result of exposure to drugs and/or smoke, but also as genetic variations and

naturally within the body [11].
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2.3 Skin and Light

The optics of skin are key to the understanding of how the colour of skin arises and

how changes in colour may be used to infer physiological parameters. Fortunately, this

research area is of interest to a wide number of fields outside of biomedical engineering

– from cosmetics to computer graphics – giving rise to an extensive body of literature

that covers both experimental data on the physiology of the skin and theoretical and

experimental approaches describing the spectral properties of the constituent elements

of the tissue [9]. The colour of skin arises mainly from the distribution of two main

pigments, melanin and haemoglobin [21], which absorb light at characteristic frequencies.

However, it is also influenced by the scattering and reflective properties of these, and

other, components. This section will explore the structure of the skin from the point of

view of its histology, and then examine the influence of the biological parameters on the

way light interacts with it.

2.3.1 Anatomy of the Skin

The skin is the largest organ in the human body, covering a surface area of around 2

m2 in adults and contributing up to 6% of the total body mass [208]. It is the principal

constitutive part of the integumentary system, whose main functions are to maintain

homeostasis with regard to temperature, waste, and water; to allow sensation; to store and

synthesise particular molecules; and to provide the first layer of protection agains external

agents, whether living (such as pathogens) or environmental (such as UV radiation).

Although it carries out a critical role in controlling the amount of water that is lost to the

outside environment, the skin is impermeable to water so as to ensure that the balance

of nutrients within the body is not upset [208].

The social and evolutionary factors that have influenced the evolution of the human

skin have also been recently researched [77]. The human skin has in fact been found to
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have an important role in communicating the state of health and mood of an individual

[192], thereby being directly related to the attractiveness of the individual. This is

thought to have also influenced the development of the human eye, which is particularly

sensitive to slight changes in colour that might indicate alterations in mood or health

[27].

Structurally, the skin may be described as an inhomogeneous organ (see Figure

2.3). This may be subdivided into three main super-layers: the epidermis, papillary

dermis, and the hypodermis, each of which is constituted of several sub-layers with

more specialised functions [208]. The thickness and composition of each of these layers

will further vary depending on the function of the skin at the location, which will also

influence whether the skin is glabrous or hairy. Compared to hairy skin, glabrous skin is

usually characterised by a thicker epidermis, the presence of sweat glands, and a higher

receptor density [61].

Figure 2.3: Schematic of the anatomy of human skin. (Source:
SEER Training Modules. U. S. National Institutes of Health, National
Cancer Institute. Accessed 16th of June 2015, http://training.seer.

cancer.gov/)

The epidermis is the outermost super-layer of the skin and its main role is to protect

internal organs from pathogens, water, and radiation, as well as to regulate the water in

the organism. It is principally composed of keratinocytes, differentiated cells specific to

http://training.seer.cancer.gov/)
http://training.seer.cancer.gov/)
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the epidermis that form a protective layer through a process known as cornification or

keratinisation. No vessels reach the epidermis, and as a result cell oxygenation occurs by

a process of diffusion with the environment and neighbouring cells [195]. The epidermis

is structurally divided into four layers (present in all skin), with one additional layer that

is only present in the regions where skin is thicker such as in the palm. The uppermost

layer is the stratum corneum, constituted of a 0.01-0.02mm thick layer of dead cells

within a lipid matrix [21, 201]. Underneath the stratum corneum lie three 0.027-0.15mm

thick layers [76, 245] that are principally characterised by the stage of cornification of the

keratinocytes: the stratum basale, the deepest, in which the keratinocytes are formed, the

stratum spinosum, in which cornification commences, and finally the stratum granulosum,

in which the keratinocytes lose their nuclei and release lipids into the extracellular space.

A further layer, the stratum lucidum lies between the stratum granulosum and the stratum

corneum in the skin of the palms and the soles [35].

The stratum basale is also constituted of melanocytes, which produce melanin. Melanin

is a pigment that is found in the iris of the eye and hair as well as in the skin, and it

is melanin that is the principal determinant of human skin colour, accounting for the

majority of visible light absorption in the epidermis, although it is the production rate

of melanin that varies amongst humans rather than the concentration of melanocytes

[38]. The principal role of melanin in the skin is to prevent ultravioled (UV) radiation

from causing cell damage in the layers beneath the skin. The melanin is transferred from

the melanocytes to the keratinocytes within specialised vescicles named melanosomes

[208]. Two main typologies of melanin exist: phaeomelanin (yellow/red pigmentation),

and eumelanin (brown/black pigmentation), and the proportions and concentrations of

the two types of pigment vary between individuals; however eumelanin usually accounts

for most of the skin colour [206].

The dermis is separated from the epidermis by a basement membrane, and is composed

of two main sublayers: the papillary region and the reticular region [208]. The division
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of the dermis into the papillary and reticular dermis is based on the size of the blood

vessels that perfuse the structure (finer vessels are present in the papillary dermis and

serve to nourish the epidermis whereas larger vessels are present in the reticular dermis),

and the total structure itself is 0.6-3mm thick [9]. The volume fraction of blood in the

tissue varies within the 0.2-7% range and is found to increase almost linearly with depth

[221] – the majority of the remaining volume is occupied by a fibrous extracellular matrix,

itself mostly composed of collagen fibres [208]. Blood however contributes the main

cutaneous pigments in this layer, as discussed in Section 2.2.2: haemoglobin, bilirubin

and β-carotene, that contribute an orange/yellow colour to the skin. The pigments are

found prevalently in the blood-stream but β-carotene may also be found in the epidermis

and stratum corneum [104]. The vasculature of the dermis is a mix of arterioles, venules,

and capillaries. As such, the oxygen saturation of the blood in the dermis is difficult to

assess and few authors make an attempt at a “typical” value, preferring instead to state

the oxygen saturation of blood in arteries and veins. A number of studies have however

shown a strong correlation between the partial pressure of oxygen from arterial samples

and that from capillary samples, as measured by blood gas analysis [67, 68, 133, 242],

whereas other authors have found a strong correlation between the overall cutaneous

oxygen saturation and the venous oxygen saturation [75, 134], explained as a result of

the overall preponderance of venous blood volume throughout the body. Partly linked

to the blood volume, but also a function of the intestitial tissue fluid volume, the water

content of the skin can vary considerably, both in time and across different skin layers.

However it has been estimated to increase mostly linearly between the stratum corneum

(estimated to have an average water content of around 5%) and the reticular dermis

(where the content is instead around 70%) [125].

The layer directly underneath the skin, the hypodermis, composed mainly of fat

tissue, is not usually considered to be part of the skin and its size varies considerably

depending on the location of the tissue. In regions such as the ears or the eyelids, it is
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entirely absent [9].

2.3.2 Light-Skin Interactions

Visible light constitutes the part of the electromagnetic spectrum that is visible to the

human eye, characterised by photons with wavelengths ranging from around 390nm to

700nm. As a result of the wave-particle duality of photons, a conundrum to physicists

since Isaac Newton and Christian Huygens, the interactions of light may be described

in a number of interchangeable models, that are valid approximations in particular

conditions. The particle nature of light is key to geometric optics, whereby light is

treated as non-interacting rays with a given energy and a geometric behaviour, as well

as to radiative transfer, which instead looks at the interaction of light with matter and

incorporates descriptions of emission, absorption, and scattering. The wave nature of

light is instead useful to describe wave-specific behaviours that cannot be dealt with by

particle models and that are instead the remit of wave optics: interference, diffraction,

and polarisation.

Figure 2.4: Figure showing the electromagnetic spectrum (log
scale, above), and the visible spectrum (linear scale, below). Source:
Image by Philip Ronan, CC BY-SA 3.0, accessed at https://

commons.wikimedia.org/wiki/File:EM_spectrum.svg on the 28th
of November 2015.

https://commons.wikimedia.org/wiki/File:EM_spectrum.svg
https://commons.wikimedia.org/wiki/File:EM_spectrum.svg
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An understanding of the dual nature of light is important to the content of this

thesis as it allows an understanding, for example, of what is meant by the absorption

spectrum of a given pigment. However the concepts used in radiative transfer (also known

as radiation transport) will generally be sufficient to explain most of the interactions

between skin and light, and most of the work carried out in modelling the non-quantum

interactions of light with skin has tended to use this approach [9], often based on models

previously formulated for atmospheric physics and astronomy.

Geometric Optics

Geometric optics allows an immediate understanding of some of the phenomena that

occur as light reaches an interface between two macroscopic media, such as that between

the air and the stratum corneum when light first meets the most superficial layer of the

skin, and may be expressed entirely by two laws: those of reflection and refraction 1.

The law of reflection,

θr = θi (2.4)

whereby the angle of reflection θr of a ray reflecting off the surface of a material is

equal to the angle of incidence θi of the ray with respect to the surface normal may be

observed in many real-life scenarios under the name of specular reflections, giving rise to

what are known as highlights or gloss on the skin surface (as clearly visible at the top of

the head of the author in Figure 2.5). These occur when a surface is smooth, and within

the context of the skin will be affected by the hydration and tightness of the skin [9].

Importantly, highlights do not actually contain any information relative to the colour of

the body imaged, as they are simply a reflection of the incident light.

1These two laws may in turn be derived from the even more succinct principle that took Fermat’s
name, which states that light travels through the path by which it can reach its destination in the least
amount of time. Unfortunately, however elegant, their derivation is outside even the most tangential
scope of this thesis and the interested reader is referred to a Physics textbook such as [101].
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Figure 2.5: Figure evidencing a highlight due to the specular reflection
of the incident light off the top of the author’s head.

Reflection also occurs at other interfaces within the skin, although it is particularly

important at the interface between the dermis and the hypodermis, as the presence of

the fat in the hypodermis presents a large smooth surface that reflects almost all the

light back to upper layers. However, light is not always only reflected at an interface.

The second law of geometric optics, the law of refraction, describes how the direction of

the ray of incident light changes as a result of a property of the medium in which it is

travelling, known as the complex index of refraction N , which is given for a particular

wavelength of light λ and is expressed as

N(λ) = η(λ) + jk(λ) (2.5)

where the real term η(λ) is the refractive index, that indicates how much slower light

will travel in the material than in a vacuum, whereas the imaginary term k(λ) represents

the extinction coefficient and describes how easily light can penetrate the material. The

refractive index is key to the law of refraction, whereby

ηt sin(θt) = ηr sin(θi) (2.6)



2.3 Skin and Light 20

which states the relation between the angle of a transmitted ray θt as the ray passes

from one medium to another in terms of the angle of incidence θi and the refractive

indices of the two media. The laws of reflection and refraction may be combined into the

Fresnel equations [101] to describe what fraction of light is reflected and what fraction

of light is transmitted from one medium to another. For the interface between air and

the stratum corneum, using these equations it has been calculated that around 4-7%

of visible light incident at an angle close to the normal is reflected at that interface

[59]. However, it should be noted that geometric optics will not hold accurately as other

phenomena such as scattering will occcur due to the topology of the stratum corneum,

characterised by folds, pores, wrinkles, etc [98, 136]. Indeed, geometric optics may only

be held to be valid when the wavelength of the incident light is significantly smaller than

all other length scales in the system, the limit at which the electromagnetic treatment

of wave optics through Maxwell’s equations may be simplified to ray optics [107]. As a

result, the skin does not always behave as a perfect specular reflector, and is often better

approximated by a Lambertian reflector, a surface that is equally bright regardless of the

angle between the observer and the light source, with a strong angular dependence as

shown in Figure 2.6 [118].

Scattering

To understand the interactions that do occur at such a rough, inhomogeneous surface,

the concept of scattering must be introduced. Scattering describes the behaviour of light

when it is deflected by a body and may be broadly described as being either elastic or

inelastic, whereby the energy (and thus the wavelength) of the photon is conserved or

not, and as forward or backward, describing the direction of travel as a result of the

interaction. The amount of scattering as a beam of light passes through a given volume

is given by the scattering coefficient, which is defined for a radiant flux Φe at a given

wavelength λ over a path length z as:
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Figure 2.6: Curves showing the observed brightness of skin for a
light source at three different angles of incidence (θi = 0◦, θi = 30◦, θi =
60◦). These curves characterise the bidirectional reflectance distribution
function of the skin - a perfect Lambertian surface would have no
dependence on the angle of incidence as well as the angle of observation.

Image taken from [118].

µs(λ) = − 1

Φe,λ

dΦe,λ

dz
(2.7)

The modes of scattering are usually grouped into three main regimes, determined by

the size of the scattering body and the wavelength of the incident light. The dimensionless

size α of a spherical scattering body of radius r with respect to the wavelength of the

light λ may be written as:

α =
2πr

λ
(2.8)

When α� 1, the scattering regime simplifies to the geometric optics case, as discussed

above. On the other hand the regime α ≈ 1 describes Mie scattering, in which the

wavelength is approximately equal to the size of the scattering body. This kind of visible

light scattering occurs prevalently in the epidermis, and it has been found that it is

characterised by forward scattering [23], indicative of relatively large particles although

this is difficult to assert as Mie scattering assumes a spherical body. It should be noted

however that the stratum corneum is also characterised by strong forward scattering,
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and that this is mostly thought to be due to the alignment of collagen fibrils [170].

In addition to this, forward scattering in all regions of the epidermis has also been

found to be wavelength dependent [79]. The dermis is instead characterised by both Mie

scattering and Rayleigh scattering [79]. Rayleigh scattering occurs when the wavelength

is much greater than the particle, i.e. α� 1 and is characterised by a strong wavelength

dependence, such that it is proportional to the fourth power of the frequency2. This in

turn means that light with shorter wavelengths (violet-blue in the visible light spectrum)

is scattered more strongly than light in the red part of the spectrum, resulting in multiple

scattering events before it is scattered into another layer or absorbed. It is for this reason

that red and infrared wavelengths penetrate the dermis to a much greater extent than

shorter wavelengths [21].

Absorption

The characteristic colour of skin is however determined by another optical property –

that of absorption. Absorption may occur as a result of the presence of a pigment, a

material that absorbs at particular wavelengths and therefore changes the colour of the

light that is reflected or transmitted from it if it is absorbant in the visible part of the

spectrum. The amount of absorption a beam of light undergoes as it passes through

a medium is measured by the absorption coefficient, which, similarly to the scattering

coefficient, is defined for a radiant flux Φe at a given wavelength λ over a path length z

as:

µa(λ) = − 1

Φe,λ

dΦe,λ

dz
(2.9)

Another common way of expressing this is instead in terms of the molar extinction

2It should be noted that this distinction between Mie and Rayleigh as different forms of scattering is
used here as it is common in the biomedical literature but also technically incorrect. What is known as
Mie scattering is in fact the solution of Maxwell’s equations for a spherical scattering body (valid for
all sizes), and Rayleigh scattering is nothing but the Rayleigh limit of Mie scattering for bodies with a
diameter much smaller than the scattering body.
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coefficient ε, which treats the absorption property as intrinsic to the pigment itself

rather than considering a volume of medium through which the light passes. The molar

extinction coefficient can be described in terms of the absorption coefficient µa, and the

molar concentration c as:

ε =
1

ln 10

µa
c

(2.10)

where the molar concentration is defined as the number density of the species divided

by Avogrado’s constant.

As noted in Section 2.3.1, there are several different pigments in the skin, each with

a particular signature that contributes to the overall colour. The absorption spectra of

each of these pigments have been studied extensively [79], and are briefly reported here.

Epidermis The main pigment in the epidermis is melanin. The absorption spectra

in the visible part of the electromagnetic spectrum of the two main types of melanin,

phaeomelanin and eumelanin, are shown in Figure 2.7. As may be observed from the

figure, melanin is heavily absorbant in the blue part of the spectrum, while remaining

relatively transparent to the longer wavelengths. This effect compounds the effect of

Rayleigh scattering and leads to blue light being absorbed very quickly in the skin,

particulary in individuals with a higher concentration of melanosomes, which can vary

from a volume fraction of 1% in light-skinned caucasians to 43% in darkly pigmented

Africans [78].

Although a number of objective ways, both in vitro and in vivo, of assessing the

skin colour based on the concentration of melanosomes exist [121], a score known as the

Fitzpatrick Phenotype Score is used as the standard in clinical practice to assess the

colour of a subject [55]. The score should however be interpreted with caution as it was

developed for a predominantly caucasian population and it is mostly concerned with the

skin damage risks associated with skin colour rather than the colour itself. As a result,
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Figure 2.7: Extinction coefficient of eumelanin and
phaeomelanin at different wavelengths. Source: S. L. Jacques,
“Optical absorption of melanin”, Oregon Medical Laser Center,

www.omlc.ogi.edu/spectra/melanin/, retrieved June 2015.

it is extremely unreliable as a gold standard [54, 162]. The Fitzpatrick scale, presented

in Table 2.2 divides the population into six skin categories, from lightest (I) to darkest

(VI) based on answers to phenotypic questions, exposure to sunlight, and penchant for

burning.

Table 2.2: The Fitzpatrick Phenotype Score [55]

Skin Type Appearance Tanning

I Very white or freckled Always burns
II White Usually burns
III White to olive Sometimes burns
IV Brown Rarely burns
V Dark brown Very rarely burns
VI Black Never burns

Blood The absorption spectra of the main pigments in the blood – bilirubin, β-carotene,

and oxygenated and deoxygenated haemoglobins may be found in Figure 2.8. The marked

differences between the two haemoglobin species, and particularly the increased absorption

of deoxygenated haemoglobin in the red part of the spectrum, are what give venous

blood its characteristically darker colour with respect to oxygenated blood.
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Figure 2.8: Extinction coefficients of deoxygenated (Hb) and
oxygenated (HbO) haemoglobin are shown in the ultraviolet, visible,
and near infrared wavelengths, together with the absorption spectra
of bilirubin and β-carotene. Sources: S. Prahl, Oregon Medical Laser

Center, www.omlc.ogi.edu/spectra/, retrieved June 2015.

The isobestic points of the two haemoglobin species, which are the points at which

the extinction coefficients of the two species are equal, are also of note for this particular

optical property. Also of note is the high absorption of bilirubin and β-carotene in the

green part of the spectrum.

Other Pigments The absorption spectra of the two other species that are most

preponderant in the skin – fat and water – are also shown in Figure 2.9. The very low

absorption coefficient of water in and around the visible part of the spectrum gives rise to

what is known as the “optical window”, a spectral region from around 650nm to around

1200nm in which tissue is relatively transparent to light.
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Figure 2.9: Base-10 log of the absorption coefficients of water and
fat are shown in the visible and near infrared wavelengths. Sources:

[224], [161], [150].

2.4 Measures of Blood Oxygen

Cyanosis, a bluish discolouration of the skin due to low oxygen saturation, made the

link between the function of the lungs and the optical properties of the skin apparent to

physicians as far back as the 18th century [130, 176]. However, it was only in the early

20th century that the role of oxygen as a cause of cyanosis was confirmed [111, 191].

Thereafter, cyanosis was routinely used as a clinical measure to evaluate anoxaemia (the

lack of oxygen in the arterial blood) until the 1950s [33], in spite of the fact that the first

studies [112, 191] had clearly demonstrated that only a severe anoxaemia (80%<) would

be visible to the naked eye, and it had been found that, even at 75% oxygen saturation,

over one in ten experienced clinicians could not tell whether a patient was cyanotic

[33]. Over the course of the 20th century, several different invasive and non-invasive

methods, both in vitro and emph in vivo, of measuring the oxygen content of blood

were developed to improve upon the accuracy of measurement. A small selection of the

most relevant amongst these will be briefly reviewed in the following sections, leading

up to the development of pulse oximetry, which, being the basis for much of the work

carried out in this thesis, will be examined in some detail.
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2.4.1 Physical Measures of Blood Oxygen

Blood gases have been extracted and measured since Boyle and Hooke devised a pump

especially for that purpose in 1670 [22]. However, it was only with Lavoisier’s discovery

of oxygen itself in the late 18th century that the development of instruments to measure

oxygen in blood could begin in earnest. Research carried out in the 19th century continued

to employ blood-pumps to measure the volume of blood oxygen present in a sample, but

the method was fraught with problems and required large quantities of blood to be drawn

from the subject. With the turn of the century, improvements to the techniques allowed

for smaller volumes and increased accuracy [176]. The true turning-point occurred with

the accidental advent of polarography 3 in 1925 and its later development in the form

of the Clark electrode in 1956, which enabled PO2 to be measured directly in blood

[182]. This development led to the current gold standards for oxygen measurement: an

updated version of the Clark electrode is in fact used to test blood samples in vitro, and

the development of intravascular electrodes based on the same principles allowed for

continuous monitoring of blood oxygen in vivo with catheters [177].

The principle behind the Clark electrode is that of other amperometric electrodes.

The Clark electrode is constituted of a silver anode and a platinum cathode separated

by a chlorine-rich electrolyte. When placed in a blood sample, oxygen diffuses across a

membrane into the electrolyte. A voltage potential is applied to the electrodes and the

current generated as the oxygen is reduced at the cathode and the silver anode oxidises

is measured for different potentials. The current reaches a stable value at the potential

at which the diffusion of oxygen limits the rate of reaction, and the plateau current value

is correlated with the PO2 in the electrolyte. Thus the Clark electrode measures the

equivalent partial pressure of the oxygen dissolved in the blood, which constitutes one of

3Also known as voltammetry, polarography is an electrochemical method whereby the current passing
through a sample in which two electrodes have been placed is measured as the electric potential between
them is varied. Different chemical elements and compounds may be identified by the shape of the curve
formed by the relationship between the current and the voltage.
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Figure 2.10: Schematic of the Clark electrode. (Image by Alex
Yartsev, copied with permission from http://ow.ly/WkMNr Chapter

2.0.5, on the 28th of November 2015.)

the main advantages of polarographic techniques over the spectroscopic techniques that

will be discussed in the following sections.

However, the gold standard suffers from a clear limitation and draw-back: the electrode

needs to be in contact with the blood for the method to work. This has important

implications for its clinical adoption and use, as the invasive nature of taking blood

samples or using arterial lines means that the method exposes patients to increased risks

of infection [173].

Transcutaneous measurements of PO2, in which a heated Clark electrode is placed

on the surface of the skin, was an attempt to circumvent the invasive nature of PO2

measurement by estimating the PO2 of arterial blood (PaO2) through the PO2 of the

skin (PtcO2) [214]. The technique was first devised in 1851 by von Gerlach [230], but

http://ow.ly/WkMNr
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subsequently benefited from the development of the Clark electrode.

In 1972 two groups reported that the PtcO2 in neonates closely approximated their

PaO2 [47, 48, 70]. The relationship between the two however did not hold in adults

or infants [214], as it was found that although the correlation between the two held in

haemodynamically stable patients, the values of PtcO2 were affected by ageing [212].

Furthermore, PtcO2 was found to be a poor measure of PaO2 during haemorrhagic shock

in animal experiments, correlating instead with cardiac ouput, mean arterial pressure,

and mixed venous PO2 (PvO2) [152, 166, 213]. Although the authors concluded that

this meant PtcO2 was a more useful measure than PaO2 to infer tissue oxygenation, the

variable results in clinical studies meant that the measure was regarded as unreliable [214].

As a result, the technique was largely supplanted by the contemporary development

of pulse oximetry in clinical practice [178]. The inferences from this brief window of

innovation are however extremely useful, as they are very much paralleled by the difficulty

methods for measuring superficial tissue oxygenation have had in establishing a theoretical

basis.

2.4.2 Optical Measures of Blood Oxygen

An altogether different method of measuring blood oxygen is that based upon the

spectral characteristics of blood, and particularly haemoglobin, in its oxygenated and

deoxygenated states, as considered in Section 2.3.2. The apparatus, based on the

spectroscope developed by Bunsen and Kirchhoff in 1860 and rooted in Newton’s study

of the “spectrum” of colour produced by light passing through a prism 4 [91], was made

possible by the development of photoelectric cells and the discovery of haemoglobin in

the second half of the 19th century [181]. The technique, now known as oximetry, was

developed by von Vierodt in the late 19th century but only revived by Nicolai over half

4It is curious to note that while Hooke was developing the aforementioned blood-pump, he was
also actively hampering the development of the optical techniques that would one day supersede his
invention, by sustaining that the spectrum of colours was created by the prism itself and delaying
Newton’s publication by over 10 years [181].
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a century later [137]. Oximetry knew a period of rapid development as a result of the

studies on aviation physiology during World War II, and the field was advanced by the

likes of Kramer [97] and Matthes [120] in Germany and Squire and Millikan in the UK

and US [128, 190]. However, due to the unreliability of the electronic equipment available,

and despite the advances made by Wood in the post-war period, oximetry never made it

to clinical practice, and was confined to the realms of in vitro cuvette analysis. It was

only with the development of pulse oximetry in the 1970s that clinicians began to think

in terms of oxygen saturation (SO2) rather than solely in terms of oxygen tension (PO2)

[178].

Oximetry

In his seminal work published in 1932, Nicolai employed a mercury vapour light and

green-blue filters to determine changes in oxygenation as the circulation to a hand was

reduced [137]. His associate, Kramer instead used an incandescent light and a red filter

to measure saturation in a cuvette [97], and later showed that oxygen saturation could be

measured continuously. Crucially, Kramer showed that the Beer-Lambert law, whereby

the intensity of transmitted light is a logarithmic function of the density of the absorbing

molecules [13], held both for haemoglobin solutions and approximately for whole blood

[97]. The law, first reported by Bouguer and Lambert in the 18th century and later

rediscovered by Beer in the 19th, is based on the property of transmittance T of a

material, defined as:

T =
Φt

Φi
(2.11)

where Φt is the radiant flux transmitted across the material and Φi is the radiant

flux incident on the material. This property may also be defined in terms of the optical

depth τ of the material and the absorbance A of the material by:
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T = e−τ = 10−A (2.12)

The Beer-Lambert law (graphically shown in Figure 2.11) simply states that for N

different attenuating species present in the material, the optical depth may be represented

as:

τ =
N∑
j=1

τj =
N∑
j=1

σj

∫ l

0

nj(z)dz (2.13)

where σj is the attenuation cross-section of the attenuating species j in the material,

nj is the density of the attenuating species j in the material, and l is the path length of

the light through the material. Similarly, the material’s absorbance may be expressed as:

A =
N∑
j=1

Aj =
N∑
j=1

εj

∫ l

0

cj(z)dz (2.14)

where εj is the molar attenuation coefficient of the attenuating species j in the

material and cj is the concentration of the attenuating species j in the material.

Figure 2.11: Graphical representation of the Beer-Lambert law. If a
material is constituted of an attenuating species (dashed circles), the
radiant flux tranmitted across the material is a logarithmic function of

the concentration of the species in the material.
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Importantly, this law means that, for a constant path length l, and for known

(different) values of εi(λ), the relative concentrations of the different species may be

inferred if the intensity of the incident light at wavelength λ is known and the intensity

of the transmitted light is measured. It was this principle that underpinned all advances

in oximetry, culminating in the development of the multiple-wavelength CO-oximeter in

the 1960s. This oximeter allowed the measurement of many of the pigments present in

the blood and is now the de-facto gold standard for in vitro measurements of oxygen

saturation in arterial blood gas (ABG) analysis [132].

Although the same principle is also the basis for in vivo methods in direct contact with

the blood such as fiberoptic catheter oximeters [181], the Beer Lambert law only simplifies

to analytical solutions for monochromatic light in a homogoenous, non-scattering medium

[132]. These conditions are only true for haemoglobin solutions, as whole blood is a

non-homogeneous medium with non-linear scattering properties [159]. The Beer-Lambert

law usually fails when applied to transcutaneous blood oxygen measures, as the path

length is not truly related to the distance between the light source and the photodetector.

It is also difficult to apply to whole blood unless all other pigment species have been

accounted for. As a result, most CO-oximeters now employ a large range of different

wavelengths in the visible part of the spectrum, and require haemoglobin solutions rather

than whole blood as an input. [132].

Transcutaneous measurements also had the drawback that the light was passing

through both the blood and the tissue surrounding the blood. Furthermore, it was

impossible to distinguish the venous blood from the arterial blood and the measurements

made were influenced by both. Millikan’s ear oximeter [128], which used a red filter to

track the oxygen-dependent component and a green filter to track the oxygen-independent

component, was in fact only a relative measure of oxygen saturation (it could track

changes but would need to be calibrated first to obtain absolute values), and it was also

discovered that the green filter and sensor were actually responding to infrared light due
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to the opacity of the ear lobe to the green light [181]. Absolute measurements were only

made possible when Wood modified the Millikan oximeter [237] so as to mechanically

compress the tissue to obtain a zero-value that could be subtracted from subsequent

readings. The Wood oximeter however never became accepted in clinical practice due to

the variability and inaccuracies in the instrumentation used [181].

Recently, a tissue oximetry – more akin to the PtcO2 measurements with the Clarke

Electrode than to pulse oximetry – has had a brief resurgence thanks to a renewed

interest in measuring the oxygen saturation of local regions or organs, for example to

determine the viability of skin flaps in surgery [89], or to estimate changes in the oxygen

saturation of the brain [174]. A large body of research has been dedicated to the study

of near-infrared spectroscopy (NIRS) to evaluate oxygenation in large organs which can

be characterised by broad ranges of oxygen saturation (ranges as wide as 48-88% have

been reported [100, 129]) [49, 56, 233]. Indeed, the choice of near-infrared wavelengths is

ideal to probe tissues which are several centimetres below the skin due to the relative

transparency of tissue to infrared wavelengths, and it has been shown to be responsive

both to ischaemia and to hypoxaemia, as well as predictive of the development of organ

dysfunction during shock resuscitation [32].

Other studies have instead been carried out using visible light spectroscopy (VLS) to

evaluate local estimates of the microvascular oxygen saturation (StO2
5) by matching

the reflected spectrum to the known spectra of the constituent elements via least-squares

fitting [15, 239]. These also indicated that VLS is sensitive to both regional and global

ischemia and hypoxemia, with the results from the VLS oximeter strongly correlated

with those from a standard pulse oximeter [15]. Furthermore, a high correlation was

found between the StO2 measured using a VLS oximeter placed on the buccal mucosa

and central venous oxygen saturation [239]. A strong correlation betweeen StO2 and

SaO2 was also reported by [134], who measured cutaneous oxyen saturation using red and

5StO2 is still a poorly defined concept, including anything from the tissue oxygenation of the brain,
muscle, or skin. Here we take StO2 as meaning the cutaneous oxygen saturation.
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near-infrared light, but found that StO2 was more closely related to the mixed venous

blood oxygen saturation SvO2.

Pulse Oximetry

The development of pulse oximetry marked a breakthrough for patient monitoring, as

it allows accurate and continuous measurements of arterial oxygen saturation. This

was achieved through the serendipitous realisation that it is principally the arterial

blood that has a pulsatile component and that this knowledge may be used to isolate

the arterial blood from the surrounding tissue and from the venous blood without the

mechanical application of pressure [178]. The physiological reason behind this is that

arteries have elastic walls that expand more during systole than during diastole as a result

of the volume change whereas the veins do not behave in a contractile manner. Another

contributing factor to the rapid popularisation of the methodology was the development

and mass-production of LEDs, that approximated the monochromatic requirements of

spectrophotometry [132].

Wavelength [nm]

300 400 500 600 700 800 900 1000

lo
g

1
0

(
ǫ
) 

[c
m

-1
(m

o
le

s
/l
it
re

)]

4

6

8

10

12

14

Hb

HbO
2

Figure 2.12: The log absorption spectrum of oxygenated and
deoxygenated haemoglobin. Sources: S. Prahl, Oregon Medical Laser

Center, www.omlc.ogi.edu/spectra/, retrieved June 2015.

The method works as follows. Two lights at two different wavlengths are shone

through, or reflected back from, the tissue. One of the wavelengths is in the red part of
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the spectrum and one in the infrared part of the spectrum, such that in the former the

oxygenated blood is more absorbant and in the latter the deoxygenated haemoglobin is

more absorbant (see Figure 2.12). Each light gives rise to a photoplethysmogram (PPG),

a time-varying signal caused by changes in the volume of blood imaged: as the blood in

the tissue increases during systole, a higher proportion of the light is absorbed. For each

signal, the cardiac-synchronous pulsatile component, usually named AC because of the

electrical engineering roots of the technology, is normalised with respect to the baseline,

or DC, value (see Figure 2.13). The ratio of these two normalised signals is related to

the arterial oxygen saturation via empirically determined look-up libraries [132].

Figure 2.13: The absorption of light in skin is due to pulsatile (AC)
and non-pulsatile (DC) components, shown for the case in which the
signal is reflected. The overall signal, composed of the AC and DC
components, is known as the photoplethysmogram (PPG) – the signal

traced by the absorption of differing volumes of light.

The technique, first invented by Takuo Aoyagi in 1972 [180], had an initial theoretical

grounding in the Beer-Lambert Law, and although it was soon demonstrated that the

equations did not apply [186], both for the reasons discussed in Section 2.4.2, and for

others associated with the pulsatility itself, it is useful to review the original theory as it

provides a starting framework upon which several other authors have based their own
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work and to pin-point simplifying assumptions and discuss their validity.

From Equation 2.14, for a monochromatic light passing through an non-scattering,

homogeneous medium composed only of two species (in this case oxygenated haemoglobin

and deoxygenated haemoglobin) with molar attenuation coefficients εo(λ) and εr(λ), we

may express the concentrations as col(λ) and crl(λ) (homogenoeous and non-scattering

assumption), where l(λ) is the path length of the light through the medium. The

relationship between the incident light intensity Ii(λ) and the transmitted light intensity

It(λ) may then be written as:

It(λ) = Ii(λ)10−l(λ)(εo(λ)co+εr(λ)cr) (2.15)

The next assumption made is that of photoplethysmography (PPG): the pulsatile

changes are due to light being absorbed as the result of blood volume changes that cause

a change in path length, such that it may be expressed as:

l(λ, t) = lDC(λ) + lAC(λ, t) (2.16)

which in turn means that the transmitted signal may now be expressed in terms of a

DC component and an AC component, such that:

It(λ) = Ii(λ)10−(lDC(λ)+lAC(λ,t))(εo(λ)co+εr(λ)cr) (2.17)

From this equation, it is then easy to show that the so-called “ratio of ratios”:

R =
log10( IAC(λ1)

IDC(λ1)
)

log10( IAC(λ2)
IDC(λ2)

)
(2.18)

is related to the fractional definition of oxygen saturation, namely:

SpO2 =
co

co + cr
(2.19)
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via the equation:

SpO2 =
εr(λ1)− εr(λ2)R

εr(λ1)− εo(λ1) + [εo(λ2)− εr(λ2)]R
× 100% (2.20)

The concept of photoplethysmography and its relation to the path length is key to

pulse oximetry, as it allows the division of the signal into the AC and DC components.

However, it is not a complete description of reality, as studies have found that a pulsatile

signal will also appear when blood is pumped through a rigid vessel, and that this was as

a result of the erythrocyte axis changing as a result of the pressure wave [139], as shown

in Figure 2.14. In addition to this, the shape and size of the photoplethysmograph is

also affected by changes in the total concentration of red blood cells, rouleau formations

(red blood cell stacking), and local blood velocity [117], all of which will have an effect

on the amount of light scattered and absorbed by the blood.

Figure 2.14: The path length and transmission and reflectance
properties of blood are affected by the change in erythrocyte orientation

as the pressure pulse passes through the vessel.

The invalidity of many of the assumptions made have led to the use of look-up

tables in pulse oximeters, with values that are derived from studies conducted on sample

populations of human volunteers (usually non-smokers with haemoglobin type A as this

is the most prevalent in the population) rather than calculating the oxygen saturation

directly from the ratio of ratios [132]. Several different calibration methods have been

proposed, accounting for differences either by making the ratio of ratios R the argument
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of a polynomial function [52]:

SpO2 = (k1 + k2R + k3R
2)× 100% (2.21)

or by replacing the physiological variables that are part of Equation 2.20 with

empirically determined constants [126]

SpO2 =
k1 + k2R

k3 + k4R
× 100% (2.22)

These improvements have allowed pulse oximetry to be routinely used in the clinic,

with an accuracy of between 2-3% in measuring arterial oxygen saturation over 80% (it

is unethical to test lower values) with respect to the CO-oximeter [65]. The technique

provides a continuous sampling of oxygen saturation, allowing clinicians to spot acute

hypoxia rapidly.

Figure 2.15: Pulse oximetry may be used in transmission or
reflectance mode.

Pulse oximeters function both in transmission and in reflectance mode. In transmission

mode the photodetectors are placed at a known distance from the light-sources either

side of the tissue. In reflectance mode, the photodetectors are instead placed beside

each other, next to the light sources, and the light is scattered back (see Figure 2.15).

Transmission pulse oximetry sites are chosen such that there is an abundant vasculature
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but not too much tissue to absorb the totality of the signal or cause burns due to the

high light intensity [24]. Ear lobes, fingers, or toes, all of which benefit from their role

in heat transfer as they tend to have a blood flow that is greater than that needed for

tissue metabolism [145], are therefore usually chosen, and fingers are preferred wherever

possible [132, 138]. Although reflectance mode pulse oximetry normally has a lower

signal-to-noise ratio than transmission pulse oximetry [127, 200], the versatility of the

reflectance pulse oximeter has allowed pulse oximetry to be employed not only in the

periphery of the body but in other locations with superficial vasculature such as the

forearm, chest and forehead. Furthermore, the dependence of transmission pulse oximetry

sites on regulation by the autonomic system has led to reflection pulse oximetry being

held as more accurate in subjects with low peripheral perfusion, for example as a result

of lower cardiac output or lower environmental temperatures [3, 127, 172].

The differences in the pulses obtained from different sites has been studied extensively

[243], and simultaneous multi-site measurements are thought to give increased information

as to the state of the cardiovascular system, such as blood pressure and vessel elasticity.

Limitations of Pulse Oximetry

Although in the clinic it is often assumed that SpO2, the peripheral oxygen saturation as

measured by pulse oximetry, is equivalent to the arterial oxygen saturation SaO2, the

relationship is not always clear nor valid. Clinical studies have shown that the accuracy

of pulse oximetry varies significantly in the 80% to 100% operating range, and although

manufacturers claim an accuracy of 2% (where the accuracy is taken as the standard

deviation of the difference between the SpO2 and the SaO2 [12]), the accuracy for single

measurements was found to worsen to between 3% and 4% [12, 145]. A study on critically

ill patients in a general intensive care unit (ICU) has further shown only a moderate

correlation (r2 = 0.37) between spontaneous SpO2 and SaO2 changes [154], leading the

authors to conclude that SpO2 is not a reliable measure of arterial oxygen saturation for
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this patient population.

The reason behind many of these discrepancies in measurement is to be found in the

empirical nature of the calibration, which is carried out on healthy volunteers and only

for oxygen saturation values above 80% [132, 145]. These problems are exacerbated by

the presence of other haemoglobin types, such as foetal haemoglobin, or by the binding of

haemoglobin to other molecules, as discussed in Section 2.2.2. In recent years, a number

of alternative techniques have emerged in order to obtain calibration-free measurements

of oxygen saturation, relying on the morphology of the photoplethysmogram [164], on

increasingly accurate physiological constants [144], or on the availability of multiple

wavelengths [143], however these have yet to be tested extensively [145].

Foetal haemoglobin can affect pulse oximeter readings due to the differences in the

oxygen-haemoglobin dissociation curves between foetal blood and infant blood and this

increases the error expected of pulse oximetry in neonates up to between 3-4% [145].

As a result, authors have recommended a much higher and narrower safety range for

pulse oximeters in neonates (95-97%) [185]. Three key studies have instead highlighted

the importance of accurate pulse oximetry in preterm infants: COT (Canadian Oxygen

Trial), BOOST (Benefits of Oxygen Saturation Targeting) II, and SUPPORT (Surfactant,

Positive Pressure, and Oxygenation Randomised Trial) [171]. These studies examined

the effect of maintaining the SpO2 either at low (85%–89%) or high (91%–95%) values in

a large population (4911) of preterm newborns, finding an increased mortality rate in the

patients in the former group but also finding an increase in the incidence of retinopathy

in the latter group. The authors of the meta-analysis concluded that preterm infants of

a gestational age of under 28 weeks should be maintained at a target SpO2 of 90 to 95%,

clearly indicating the need for accurate pulse oximeters.

Dysfunctional haemoglobins (dyshaemoglobins), also have an effect on measurements

with pulse oximeters as they too are pigments in the wavelengths selected for pulse

oximetry. The two main dyshaemoglobins (MetHb and COHb) have a negligible effect
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on measurements in the low concentrations that are present in healthy volunteers, but

immediately begin to have an effect in patients with higher levels, such as patients with

CO poisoning. It has been estimated that every percentage change in the concentration

of COHb will change the pulse oximeter reading by an equivalent percentage point [57].

As with CO-oximeters, some manufacturers have attempted to get round this problem

by increasing the number of wavelengths used in pulse oximeters [145].

In addition to the role of the species of haemoglobin present in the blood, other

effects also impinge on the accuracy of SpO2 readings. These include venous pulsations,

in which pulsatile veins and venules contribute to the signal that is measured with the

pulse oximeter and decrease the estimate [193, 199]; the effects of local hyperthermia,

hypothermia, and vascular tone, on the recorded SpO2, thought to arise as a result of

changes in the reflectance properties of the skin which in turn affect the calibration of the

pulse oximeter [145]; and the effect of skin melanin concentration, as to which a number

of conflicting studies exist [132]. Finally, hypoxia itself has an effect on the volume of

blood available to be sampled, with acute hypoxia reducing the blood flow to the skin

and chronic hypoxia having a vasodilatory effect [20].

Technical limitations also contribute to inaccuracies in pulse oximeters. Mechanical

artefacts caused by patient movement or tremor decrease the quality of the signal, and

manufacturers have applied a number of signal processing techniques to assess the signal

quality in these instances [156]. Light will also interfere with the functioning of the pulse

oximeter and needs to be eliminated. This is particularly troublesome in pulsatile lighting

such as that from fluorescent lamps as aliasing will lead to an artefactual periodic trace

appearing [132]. Finally, malpositioning leads to the penumbra effect, whereby the SpO2

readings are erroneously low, due to the reduced amplitude of the AC component that

may lead to inaccurate calculations of R [10].

Despite these limitations, pulse oximetry has become ubiquitous in and out of the

clinic, mainly thanks to the recognised importance of being able to tell whether the oxygen
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saturation of a subject is changing, regardless of the accuracy [145] of the measurements.

The safety of the device has also contributed to its popularity, although it still retains

rare complications associated with compliance, burns, and pressure necroses [24, 132].

2.5 Remote Photoplethysmography

2.5.1 Origin of the Remote Photoplethysmogram

Key to the determination of heart rate within the remote vital sign monitoring framework

is the concept of remote or imaging photoplethysmography (rPPG or iPPG respectively).

The concept, first introduced by Blazek for infrared light in 2000 [18] and by Verkruysse

for ambient visible light in 2008 [225], relies on the same phenomenon as that which

gives rise to reflectance pulse oximetry. Ambient or directed light is absorbed by tissue

much in the same way as it would be in the case of the pulse oximeter and the video

camera is capable of sensing a change in the blood pressure pulse during systole and

diastole as a result of a change in volume, and in the absorptive or reflective properties

of the perfused tissue.

The exact nature of the origin of the photoplethysmogram as detected by the camera

is still under debate. In addition to the explanations based on change of volume as in

the conventional pulse oximetry literature, other theories have been put forward. The

original authors of rPPG for near-infrared postulated that the photoplethysmogram

would typically be caused by a change in volume in the venous beds, leading to a

higher absorption by the blood [18]. This was generally taken to be the case in all

subsequent experiments using visible light cameras, although most authors assumed that

the vasculature imaged with visible light would be the capillary bed [225] (see Figure

2.17).

More recently, part of the photplehtysmogram seen by visible light cameras has

been shown to originate from changes in reflectance from the skin as a result of global
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Figure 2.16: The arrival of a pressure pulse during systole is thought
to cause an increase in volume in the blood vessels leading to more

light being absorbed by the tissue.

Figure 2.17: The colour change observed by a camera as blood moves
in and out of the skin was amplified in [238], providing further evidence

for the blood-volume change hypothesis. Image from [238].

musculoskeletal motion due to the subtle movement of the head as the blood is ejected into

the carotid artery [8], and this would indicate that part of the remote photoplethysmogram

would therefore have no blood-absorption component at all. Finally, [87] have recently

published results that would indicate that the blood-induced component is due to an

elastic-mechanical compression of the upper dermal layers by deeper arteries as they

expand. This last theory is strongly disruptive with respect to previous models, whether

assumed tacitly [157, 225] or explicitly [18], and indicates that PPG signals from different

regions of interest (ROIs) may be in antiphase with one another (this will be explored in

greater detail in Section 6.4).
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2.5.2 Video and Colour

In order to understand how a video camera may record a photoplethysmographic signal,

an understanding of the functioning of video cameras and of the origin of the colour

signals produced by said cameras is required.

Imaging Sensors

The core component in a digital video camera system is the imaging sensor, which

registers the intensity of light incident on it and outputs a current or a charge that

is proportional to that intensity, which is then converted into a digital signal before

it can be processed. Two competing types of imaging array technologies currently lie

behind the imaging sensors in use in most video cameras: charged coupled device arrays

(CCD) and complementary metal oxide semiconductor arrays (CMOS). Both image

sensor types are constituted of a grid of light-sensitive elements that create an electrical

signal proportional to the intensity of light incident on them. CCD sensors rely on the

build-up of negative charge in a potential well which is then read out at the end of the

exposure time [204]. CMOS sensors instead measure the difference in charge between a

reading prior to the exposure period and the reading following that period, as charge

drains from a capacitor to a photodiode in proportion to the intesity of incident light

upon the CMOS sensor [16, 204].

The difference in read-out of these two imaging arrays leads directly to the different

properties of the video cameras that employ them. The additional electronics required

for each imaging element within CMOS sensors (which typically require a capacitor and

a transistor), reduce the surface area available for the photo-sensor itself with respect

to CCDs. On the other hand, due to the over-accumulation of charge, CCD elements

may overflow onto neighbouring pixels in an effect known as blooming, which does not

occur in CMOS sensors. Furthermore, the per-pixel processing that can be achieved

with CMOS sensors means that the noise levels may be decreased, the acquisition speed
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increased, and the pixels addressed and buffered individually. As a result, although

CCDs had typically been considered the technology of choice for scientific applications

[114], they have been largely displaced by the cheaper and lower-power CMOS sensors in

the consumer market and the performance of the two is virtually indistinguishable in

more specialised domains [25].

Colour

For obvious reasons, digital video cameras in many ways mimic the physiology of the

human eye in terms of how colour is recorded. Most cameras rely on a system whereby

each photo-sensitive element is overlaid with a colour filter that only allows light of

certain wavelengths to pass. The filters are usually chosen such that they correspond to

the three primary colours – red, green, and blue (RGB) – that parallel the response of

the different types of cone cells present in the retina (types L, M, and S respectively).

However, other filter types exist, including the RGBE filter (red, green, blue, emerald),

and the CYGM filter (cyan, yellow, green, magenta). The colours are arranged into

particular patterns in order to sample the entire image as accurately as possible with

respect to the human vision. In RGB cameras the green filter tends to be present more

often than others as it tends to emulate the action of the M and L cones combined. The

most common of these patterns or mosaics is the Bayer filter shown in Figure 2.18a,

whereby the filters are arranged in a 2×2 square pattern with two green filters and one

red and blue filter (Figure 2.18) [110].

In order to derive the actual colour at any given pixel, neighbouring pixels are

interpolated so as to obtain individual pixel values in terms of RGB. As a result of the

interpolation, some spatial colour information is lost when acquiring an image with a

Bayer-type filter. Other methods of acquiring colour at a higher resolution exist, such

as by stacking colour sensors with particular colour sensitivities on top of one another

[62] as shown in Figure 2.18c, or by splitting the light with a dichroic prism prior to
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(a) (b) (c)

Figure 2.18: Figure showing different filter architectures. (a) The
Bayer filter pattern array. (b) The dichroic prism for a 3-CCD system.
(c) Stacked photodiodes with colour-specific sensitivities. (Source: Colin

Burnett, CC BY-SA 3.0)

detecting it on three or more separate image arrays as shown in Figure 2.18b.

Once acquired, the RGB values represent a particular colour within the device’s RGB

colour space, a three dimensional volume characterised by a subset of the colours (the

gamut) that may be expressed within the RGB additive colour model. A number of

different colour spaces exist within the RGB colour space family, each having a different

subset of colours that it can express. Of these, the most common is sRGB, used in most

consumer-grade digital video cameras and monitors. In addition to the RGB colour

space family, other colour space families also exist, such as the luminance-chromaticity

colour models (that include HSV and HSL colour spaces (hue, saturation, and value

or lightness), where the properties of colour are given by the brightness of the colour

(the luminance/value/lightness property) and its chromaticity (that is independent of

brightness and is given by the hue and saturation); and the luminance-chrominance

models (that include the YCbCr, the YUV, and the L*a*b* colour models to name but

three popular ones), where again the colour is given by the dual properties of brightness

and chrominance, but where chrominance, unlike chromaticity, is scaled if the colour is

attenuated. Each of these colour spaces represent colour in different ways (and often

have different definitions for the same quantities) but transforms exist to convert some of

the colour spaces into others, although this may be meaningless when attempted between
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poorly defined colourspaces or between colourspaces with different gamuts [74].

The role of colour spaces in digital cameras is to convert the colour from the device’s

RGB colour space to one or more standards in order for it to be displayed correctly on

a screen (as with the conversion from the device RGB to sRGB), or to facilitate the

compression of colour without any significant loss in image quality, as occurs in many

consumer grade cameras when the picture is transformed from sRGB to YCbCr for it to

be stored in a lossy (JPEG) format. However, the different representations of colour have

also been used to facilitate certain calculations with colour in computer vision, such as the

identification of skin [28], much in the same way that cylindrical or spherical co-ordinates

may facilitate the solution of a problem with respect to cartesian co-ordinates.

Finally, in addition to the individual, per-pixel changes colour identification, cameras

must also simulate another property of the human visual system: that of adapting to

the colour of the light source(s). This is termed white balance, as the human brain will

attempt to render the colour as if it were illuminated by a white light source regardless

of the illumination incident on the colour.

Image Acquisition and Correction

It should be clear by this point that the imaging sensor is only a small component,

however crucial, within a digital camera system, and that several other systems come into

play to ensure that the images acquired are of a high quality to a viewer regardless of

the scene. Figure 2.19 illustrates some of these components (a good number are omitted

for clarity, but the reader is directed to [102, 232] for further details). Not only do these

components change the true nature of the colour acquired at the sensor (as would be

output by the RAW data), but they also define the core acquisition properties of the

video camera: the bit depth (the number of bits available to describe the intensity of the

light of a given colour), the frame rate (the speed at which the frames are acquired), and

the image resolution (the total number of pixels available).
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Figure 2.19: Figure illustrating some of the key components in the
image acquisition and correction pipeline.

2.5.3 From Video to rPPG

As mentioned in the introductory section of this chapter, the video camera functions as

a remote pulse oximeter operating in broad-band visible light, sensing changes in the

perfusion of the tissue in order to convert a video stream into a signal with a pulsatility

synchronous to the beating of the heart. Despite the great variation in methods used to

determine which part of the skin and body to use as a source of the signal, and an even

wider plethora of methods employed to filter the signal, the basic method to convert the

video into a one-dimensional signal in time has remained virtually unchanged since it

was first developed [18, 45, 71, 99, 105, 157, 158, 202, 225, 227, 236].

Figure 2.20: Schema illustrating the procedure common to all prior
art by which the video is reduced to a set of one-dimensional signals

and hence to a frequency.

The method, shown in Figure 2.20 is as follows. A region of interest (ROI) is first

identified and tracked such that it should remain relatively constant with respect to the

skin imaged, and the spatial mean of each colour channel of that region of interest is
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computed throughout the video segment of interest. This yields the set of one-dimensional

signals for each channel. Each of the signals can then be processed and analysed spectrally

in order to find the frequency of the pulsatility.

The identification and tracking of the region of interest has so far been treated fairly

simplistically in the literature, perhaps in recognition of the fact that this is a separate

topic within the field of computer vision. Early research was conducted on motionless

subjects facing the camera directly and the region of interest was either selected manually

[225, 227] or by detecting the face via a trained Viola-Jones cascade detector [30, 157].

Their inherent simplicity has meant that these two methods have remained popular in

most subsequent resarch, particularly when introducing novel concepts with little or no

bearing to motion [29]. More advanced algorithms have also been introduced to select

specific regions of interest within the face based on the position of detectable landmark

features such as the edges of the eyes, nose and mouth [105]. These however require

the subject to remain facing the camera and thus do not cope well with motion. Other

authors have instead used the whole face as a single region of interest, using skin detection

algorithms to create a mask within the region of the face [7, 19], whereas [223] propose

the division of the entire frame into automatically generated triangular sub-regions that

can then be analysed in order to differentiate skin from non-skin and optimally combined.

As noted by [202], the size of the region of interest is of considerable importance as it

determines the level of noise present in the signal. The sensitivity of a video camera –

its signal to noise ratio (SNR) – is too low for the heart-rate pulsatility to be apparent

when taking the value of a single pixel or even the mean of a small subset of skin pixels,

however by averaging over a larger area the noise will be decreased [99], assuming that

the noise of each pixel is independent. In addition to this, smaller regions of interest run

into the problem that breathing rate and motion components will dominate the signal

[202]. This occurs because highly contrasting features have a larger effect on smaller

regions of interest, as will be considered in detail in Chapter 6.
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Further to the size of the region of interest, other factors come into play when

determining its location and the number of regions chosen. Regions of interest have

always been centred on regions of exposed skin, with authors obtaining signals from the

forehead [196], cheeks [198], hands [73, 167, 168], fingertips [167, 244], and even soles of

the feet [165]. Often, in order not to be restricted to a large single region of interest as in

[94], authors have instead averaged multiple smaller regions of interest, taken from the

face [99, 223], or from the hands [86, 87, 205]. The particular location of the region of

interest is usually dictated by two main requirements: to obtain a pulsatile signal with a

high SNR [99], or to examine the relative perfusion of tissue [86, 167, 202], in which case

all areas of exposed skin are usually segmented into smaller sub-regions [167, 202, 205].

In all cases, signal quality remains extremely important, not only to determine the

heart rate accurately, but also to determine the power of the signal [71, 99, 202], or its

morphology [123]. From the raw RGB camera data, the green channel has been found

to perform best 6[216], and this has been explained by the fact that oxyhaemoglobin

is highly absorbant at the frequencies to which the green sensor is most responsive

[157, 225]. This was in accordance with early research carried out by [39, 40, 222] in the

last century and more recent work carried out using a spectrometer in the 380nm–980nm

range that found that the SNR was greater than 1.5 between 480nm–610nm and between

800nm–925nm [37].

Nonetheless, the red and blue channels also contain some heart rate information.

Although some authors only use the green channel for simplicity or speed [202], different

methods have been devised to extract the maximal amount of heart rate information

from a combination of the channels available, by attempting to find a weighting vector w

that converts the multiple-channel data C into the optimal, single-channel “blood pulse

volume” output signal s.

6It should be noted here that such sweeping generalisations are often found in the literature.
Presumably the authors assume that the reader is aware of the fact that both RGB camera sensors and
lighting conditions are highly variable, and that what works in one setting has very little to do with
another, as these are seldom specified.
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s = wC (2.23)

Amongst these, independent component analysis (ICA) is the most commonly used.

First proposed for this application by [157], it has found its way with minor variations

in a number of subsequent publications [50, 51, 105, 123, 227], and a comparison of the

performance of different ICA algorithms was investigated by [116]. Another blind source

separation (BSS) technique was proposed by [105], who investigated the use of principal

component analysis (PCA) as a method to choose between the components generated

by the ICA algorithm, rather than selecting the signal with the highest signal-to-noise

ratio in the frequency domain as had been done previously. A deterministic linear

combination of the colour channels was instead proposed by [103, 108], in which the

weighting coefficients were found for the data available. This approach was furthered

by [45] whose chromaticity-based method was developed to reduce the effect of specular

reflections. The same group subsequently noted that the characteristic signature of a

person’s pulse at rest in normalised RGB space could be used to determine yet another

weighting for the colour channels [44]. Finally, alternative colour spaces were also

investigated: [165, 216] noted an improvement in transforming the RGB channels into

HSV and then either performing ICA on the three channels or simply taking the hue,

while [19] identified the u* channel in the standard L*u*v* space (a colour space of the

luminance-chromaticity family) as a more appropriate one.

A further approach within the framework set out by Equation 2.23 instead aims to

obtain a global improvement using multiple regions of interest and exploiting similarities

in colour or pulsatility. Thus, [231] employed a spatial pruning method whereby they

rejected regions of interest that had dissimilar colours or that had an angular movement in

RGB space that was not smooth, whereas [99] used a weighted average of different regions

of interest, with weightings proportional to the signal-to-noise ratio of each ROI. Finally,

a complete departure from the linear-transform model was instead investigated by [234],
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who investigated the use of Laplacian Eigenmaps in order to reduce the dimensionality

of the problem.

In addition to the transformations that aim to maximise the cardiac information

available, standard signal processing techniques have uniformly been applied to identify

the cardiac frequency itself. Although the details of the implementations varied, these can

generally be characterised by a two-stage process consisting of a pre-processing step, in

which a filter is applied in order to minimise the signal of unwanted frequencies, followed

by the transformation of the signal into the frequency domain in order to estimate the

frequency of interest. For the pre-processing step, a band-pass filter defined by the

physiological limits of the human heart rate (around 40-120 beats per minute for adults

and around 90-180 beats per minute for neonates) has been typically employed to remove

lower-frequency variations due to breathing or movement and higher frequency variations

due to noise.

The estimation of the frequency of the heart-rate synchronous signal has been the

object of several different spectral approaches, generally using short overlapping windows

to account for the fact that the signal is non-stationary. A non-parametric approach was

favoured by [44, 45, 157, 225], who employed Fourier-based techniques, and by [19, 71],

who instead applied a wavelet-based analysis. Parametric spectral analysis was instead

introduced to this field by [202, 227] through autoregressive models.

2.6 Oxygen Saturation with Cameras

As we have seen in Section 2.4.2, the development of pulse oximetry took advantage of

the properties of the photoplethysmogram, isolating the arterial oxygen saturation by

tracking the relative change in the amplitudes of the normalised cardiac-synchronous

components at two or more different wavelengths. This thesis puts forward a method

based on similar assumptions, building upon the recent developments mentioned above
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in acquiring remote PPG signals in order to estimate changes in oxygen saturation

using broadband RGB cameras. Prior to this work, however, a number of attempts at

estimating SpO2 were made, both using near infrared and visible light. This section

aims to review the prior art, evaluating the strengths and weaknesses of the different

approaches, by distinguishing between methods that used an approach informed by

pulse-oximetry and those that instead attempted to regress the RGB values onto a

modelled reflectance spectrum of the skin.

2.6.1 Regression-Based Methods

These methods attempt to find the concentration and distribution of different chromophores

from an image and observe how these evolve over time. These methods are therefore not

only concerned with the estimation of the oxygen saturation, but also with the total

relative concentration of haemoglobin and melanin.

The first application of these approaches was however aesthetic rather than medical.

At the turn of the millennium, [217] reported that if an RGB colour image of human

skin was reduced to two components via PCA and then further separated by ICA, the

resulting components had meaningful values, representing the strength (or concentration)

of haemoglobin and melanin, that could then be used to make an image of a person’s face

look more tanned or more perfused. The medical value of the discovery was not lost on

the author, who a year later published another paper which attempted to match the two

components to the spectral absorbance of melanin and haemoglobin respectively [218].

The work was later used by [82, 83] to map chromophores (including oxyhaemoglobin)

with a non-contact multispectral imaging device, but it was not until 2001 that RGB

cameras were employed to estimate the concentration and distribution of oxyhaemoglobin

[219]. This was accomplished by matching the transformed RGB values to a look-up

table that would convert the three main components into melanin, oxyhaemoglobin, and

deoxyhaemoglobin. A similar idea was used by [140, 141, 142], who first converted RGB
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values into into the CIE XYZ colour space in order for them to be device independent,

and then estimated the relative concentrations of melanin, oxygenated haemoglobin and

deoxygenated haemoglobin by multiple regression analysis onto models of skin reflectance

created by a Monte Carlo simulation of light in tissue. A more simplistic approach was

instead suggested by [80] who inferred the mixing matrix between concentration and

RGB colour directly from physiological values for the absorption coefficients of each

chromophore, an approach that was followed by [93], but this time using a 17-LED

multispectral approach.

The limitations of this family of methods is inherent in its core formulation: they

are only as accurate as the model from which they infer the parameters. Even then,

there is an inherent inaccuracy associated with the fact that a set of continuous spectra

will be ill-defined by only three points in colour. Finally, the work is only applicable

in a lab setting as the model cannot even account for shadows. This notwithstanding,

the greatest issue with these approaches is that they have never really left the field of

aesthetics: despite multiple authors working over a cumulative period of over fifteen

years, no concrete evidence that these methods work in practice has ever been produced.

The majority of the tests carried out revolve around a purely qualitative metric – the

behaviour of the chromophore concentrations before, during, and after the occlusion of a

limb. When one of the tests was made semi-quantitative by comparing the RGB-estimated

spectra to a reference spectrum, these were found to be utterly different in the red part

of the spectrum and yielded vastly different results for almost all of the concentrations

[140].

2.6.2 Pulse Oximetry Based Methods

Pulse oximetry-based methods are rooted in the idea that the same concepts can be

applied to non-contact versions of a pulse oximeter (i.e. a sensor with a narrow-band

filter) and hence extended to an RGB camera (i.e broad-band filters). The former may
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be seen as an extension of the pulse oximeter, and was first realised in vivo by [72, 73] by

using LEDs emitting at 760nm and 880nm in conjunction with a CMOS sensor, and in

vitro by [236]. However, the short distance required between the imaging apparatus and

the finger from which a PPG signal was detected made this impractical as a non-contact

method. The use of an RGB camera directly may instead be traced to [175] in the

contact domain, who used the camera of a mobile phone together with its flash light to

obtain a red and a blue PPG. As with pulse oximetry, the logarithm of the ratio of two

amplitudes of the pulsatile cardiac-synchronous components of the two signals was then

taken to be proportional to oxygen saturation.

A non-contact architecture using ambient light and narrow-band filters (660±5nm

and 520±5nm) was proposed by [94], who, by using the entire face as a region of

interest, gained enough of a signal-to-noise ratio to enable remote monitoring of oxygen

saturation. The first contribution in this domain by the research group in which this

thesis was undertaken was to demonstrate that this could also be done without a filter in

a non-contact manner using a 3-CCD camera and the ratio of the red and blue channels

[202]. This was later validated by further work on a separate cohort of patients [227],

and separately by an author not attached to the group [7].

In addition to the experimental work described, a basic theoretical framework for pulse

oximetry based methods has also been proposed by [36] using a Monte Carlo simulation

of light passing through tissue. This work suggests that the following specifications are

required in order for a camera with filters at 633nm and 940nm to detect a change in

oxygen saturation of 1%: a minimum dynamic range of 77dB and a minimum frame rate

of 40 frames per second.

As with regression-based methods, however, the main issue with the methods proposed

so far is the lack of experimental data. While [72] reported a single value, and [73] worked

on synthetic data, the results from [236] were taken from a phantom. Of the remaining

publications, [7, 94, 175] each had their volunteers hold their breath for an extended
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period of time, but in two out of three cases this only led to a maximum drop of 5% in

SpO2, a change that is not sufficient to determine any relation between the estimated

values and the SpO2 itself 7. Even for the two publications from the research group

within which this thesis was undertaken, which reported repeated, significant changes in

oxygen saturation as a result of clinical conditions, the data was acquired for a period of

tens minutes and only for single patients [202, 227]. In addition to this, the data analysis

in the three publications that reported decreases of SpO2 significant enough to constitute

the basis for any kind of reasonable analysis (the contact-based publication of [175], and

the group’s two publications) was at best semi-quantitative, and the visual plots clearly

showed the estimates diverging significantly from the reference values over time.

The shortcomings of the published research point to the need for a structured study

that can demonstrate that oxygen saturation may be tracked continuously over an

extended period of time using an RGB camera, whether by using narrow-band filters

or simply using the available RGB sensors directly. The objective of this thesis is to

contribute to the creation of this body of evidence and pinpoint the factors that will

affect the measurements.

7Interestingly, [175] reported a decrease of over 20% in the reference SpO2 for the single subject
analysed, who was instructed to “hold [his] breath until [he] felt discomfort”!



Chapter 3

Experimental Methods

3.1 Overview

Two key studies were set up to provide the data necessary for the development of the

algorithms described in this thesis. These studies, a Neonatal Trial and a Hypoxia Study,

were very different in their objectives. The subjects in the Neonatal Trial were preterm

infants and the objective of the trial was to establish whether the algorithms for heart

rate and breathing rate that had previously been developed for adult humans could be

adapted with equal success to the very different physiology of neonates. The Hypoxia

Study only involved healthy adult volunteers and had the main objective of determining

whether video cameras could be employed to determine changes in oxygen saturation.

With regards to oxygen saturation data, the two studies provided different, but

complementary, datasets: in the Neonatal Trial, oxygen desaturations occurred as a

result of an apnoea or a true change in the physiology of the infant. In the Hypoxia Study

oxygen desaturations were induced, and were representative only of a change in the oxygen

partial pressure in the environment. The former study yielded clinically-relevant data on

neonates that could be used to derive algorithms specific to the neonatal physiology. The

Hypoxia Study was instead conducted in carefully controlled conditions, and provides
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the core data from which the basis of the use of video cameras to determine oxygen

saturation can be investigated. However, as the root cause of the desaturations is not

physiological, the results will need to be interpreted carefully.

3.2 Neonatal Trial

3.2.1 Standard Protocol

The Neonatal Trial received Medical Research Ethics Committee approval (REC reference

number: 13/SC/0597) and was carried out at the John Radcliffe Hospital, where 30

pre-term infants were monitored in the High Dependency Care Unit (HDU) of the

Neonatal Ward. Each infant was double monitored using a digital video camera and the

standard reference monitor (Philips IntelliVue MX800 Patient Monitor).

Figure 3.1: Monitoring set-up used in the Neonatal study showing
the video camera placed above the modified incubator.

The set-up used for the recordings is shown in Figure 3.1. The video camera is

clearly visible above the incubator containing a mannequin of a baby. The set-up

was purpose-built and comprised a modified Giraffe Omnibed (GE Healthcare, Little

Chalfont UK) incubator with a 3cm diameter hole that was cut into the perspex canopy
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(but otherwise identical to those in current use in the Neonatal HDU and ICU at the

John Radcliffe Hospital), and a mobile unit with the video camera (attached to the

unit via an extensible arm), two worksations (one for the video camera and one for

the reference equipment), a monitor and a mouse and keyboard mounted onto a roll

stand. The modifications to the canopy allowed the video camera to record video data

without any interference due to reflections from the perspex glass itself. The effects of

these modifications were evaluated over a period of two weeks to determine whether the

introduction of the hole caused any changes to the humidity and temperature of the

incubator environment [227]. All parts of the mobile unit were chosen so as to diminish

the risks of infection and any parts which came into contact with the incubator were

routinely sterilised. As a further precaution, a new transparent glass surface was attached

to the camera lens every day.

The temperature and humidity are maintained constant within a neonatal incubator,

however the light that was incident on the infant could not be controlled. Depending on

the position of the incubator, the season, and the time of day during which the session

was recorded, the light incident on the infant’s skin would have been a mixture of sunlight

and artificial fluorescent lighting (T12 80W tubes with starterless ballast, T8 58W tubes

with electronic ballast, and T5 36W tubes with electronic ballast 1). To mitigate for

these potential changes in lighting conditions throughout a recording session, a sterilised

colour checker chart (BST13, Danes Picta, Prague, CZE) was placed next to the infant

for the duration of the session, so as to have a multi-colour reference when environmental

lighting changed. The colour checker was replaced every day to minimise the risk of

infection.

The Philips reference monitor allowed the measurement of three vital signs (heart

rate, breathing rate, and peripheral arterial oxygenation) by using an electrocardiogram

(ECG) and an impedance pneumogram (IPG) recorded using the two ECG leads on the

1The starterless ballasts have a frequency of 50Hz and the electronic ballasts have a nominal frequency
upwards of 20kHz



3.2 Neonatal Trial 60

chest. Finally, the pulse oximeter (OEM III Module – Masimo Corp, Irvine, US) was

usually attached to the infant’s foot, and occasionally on the wrist in order to measure

the photoplethysmogram (PPG) and derived peripheral oxygen saturation (SpO2). The

ECG, PPG and IPG waveforms were output at 500Hz, 125Hz, and 62.5Hz respectively.

The variations in output frequency around the nominal sampling frequency are shown in

Figure 3.2. The derived heart rate, breathing rate, and peripheral arterial oxygenation

measures were nominally read at a frequency of 1Hz. The output frequency of these was

found to have a median value of 0.9766Hz (mean: 0.9761Hz over 4 hours) (see Table 3.1)

Waveforms Nominal Frequency (Hz) Median Frequency (Hz)

ECG 500 499.9766
PPG 125 125.0016
ICG 62.5 62.4999

Derived Nominal Frequency (Hz) Median Frequency (Hz)

HR 1 0.9766
BR 1 0.9766
SpO2 1 0.9766
PERF 1 0.9766

Table 3.1: Output frequencies from the Philips IntelliVue MX800 Patient Monitor

Figure 3.2: Variation in the output frequency of the ECG, PPG, and
IPG waveforms.

The monitor also recorded a measure of perfusion (PERF) as estimated by the pulse

oximeter and also nominally output at 1Hz. Intermittent, mean-arterial pressure (MAP)

measurements were made by the nursing staff with a cuff, from which, diastolic and
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systolic blood pressures were estimated. Additionally, non-numeric outputs from the

patient monitor were also recorded, such as warnings, when the vital signs changed to

alarming levels, occurences of anomalies such as bradycardia, tachycardia, and apnoea

whenever they were detected by the monitor. All data from the monitor was acquired

using the ixTrendExpress 2.0 software (ixellence, GmbH) installed on a computer running

Windows 7 and was exported to comma-separated-value (csv) files.

Other than the reference data acquired by the Philips IntelliVue monitor, notes were

taken throughout each session by the clinical staff, recording both clinical procedures and

clinically-relevant events. The notes were then converted into an electronic format and

stored in the OpenClinica database, where they could be accessed as extensible markup

language (xml) files. Finally, the sound level within the incubator was also recorded

using a battery-powered microphone placed next to the infant and which sampled the

noise at 1Hz, storing it onto an SD card.

Figure 3.3: Sensor response for the blue, green, and red channels
of the JAI video camera as a function of incident wavelength. Source:

personal correspondance with JAI.

The video data was obtained using a 3-CCD (charged-couple device) progressive scan

camera, the JAI AT-200CL. The video camera’s 3-CCD configuration allows the red,

green, and blue channels to be recorded almost independently of each other, with minimal

overlap between the channels’ response curves (see Figure 3.3). The lack of a Bayer-type

filter to separate the three channels provides an improved spatial resolution. Optical
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separation of the light is achieved by means of a prism onto three separate CCD arrays.

Each CCD array in the JAI AT-200CL then employs Sony ICX-424AL sensors to detect

the light intensity incident upon it. In the Neonatal Trial, the videos were acquired

at 20 frames per second (fps), with 8-bit channel resolution and a spatial resolution of

1628x1236. The images were acquired, processed, and stored using a Xilinx Spartan Field

Programmable Gate Array (FPGA) board, which was installed on a DELL PowerEdge

T420, TPM machine using the Red Hat Fedora 20 operating system.

The video camera was linked to the FPGA via the Camera Link standard and the

FPGA acquired the raw data from the image sensors, performed bit and channel swapping,

added padding to bytes and provided direct access to memory on the hard disks used to

store the images.

3.3 Hypoxia Trial

The Hypoxia (control) study was conducted in the Department of Physiology, Anatomy

and Genetics of the University of Oxford, which has the facilities for, and extensive

experience of, inducing oxygen desaturation for the purpose of research on low-oxygen

(e.g. high altitude) conditions [69]. The study gained approval from the Medical

Sciences Research Ethics Committee (CUREC number: MSD-IDREC-C3-2014-003)

for the monitoring of up to 60 subjects divided into 6 equal groups of differing skin

phenotypes as distinguished by the FitzPatrick Scale.

3.3.1 Study Design

The protocol for each session of the study was comprised of two separate sub-studies: the

hypoxia sub-study, with the objective of tracking the oxygen saturation of the volunteer,

over the course of which the oxygen saturation of the subject would be lowered to 80%;

and the hypercapnia sub-study, with the objective of changing the breathing rate of
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the volunteer by stimulating an increased respiratory response as a result of a gradual

increase in the amount of the carbon dioxide inhaled by the volunteer. Each component

of the session lasted approximately an hour, and were separated by a short break during

which the subject was allowed to drink water.

Volunteer Consent and Confidentiality

The study gained University Ethics approval for the video recordings of the study to be

used only within the research group and by authorised individuals from the University of

Oxford. The videos collected are held in an anonymised and secure format. Volunteers

were recruited through the distribution of approved advertising material in appropriate

locations (gyms, colleges, etc.). Volunteers were screened by phone or email prior to the

study date to ensure that they were eligible for the study. They were sent an approved

Participant Information Sheet that contained all study details. Furthermore, volunteers

had access to the study clinician for any questions prior to the study.

Eligibility and Exclusion Criteria

Volunteers were eligible for the study if they met the following criteria:

• Willing and able to give informed consent for participation in the study

• Male

• Aged between 18 and 40

• In good health

Volunteers were excluded from the study on the basis of the following criteria:

• Contraindication to exposure to hypoxia or hypercapnia, as judged by the research

clinician, such as epilepsy or significant cardiac or respiratory disease

• Claustrophobia precluding spell in hypoxia chamber
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Volunteers were free to withdraw at any time and were compensated for their time

regardless of whether they withdrew or not. There were two levels of withdrawal of

consent: no further contact and no further use.

3.3.2 Setup and Protocol

Figure 3.4: The custom-built study chamber in the Department of
Physiology, Anatomy and Genetics, prior to the covering of internal

surfaces with reflective material.

Chamber Set-up

Each session involved one subject who was placed in a purpose-built study chamber

(Figure 3.4) in which the relative concentrations of oxygen, carbon dioxide, and nitrogen

could be modified so as to induce hypoxia and hypercapnia [69]. All windows in the

study chamber were covered so as to minimise the amount of stray incident lighting

from any source other than that in the chamber itself. The interior of the chamber was

furthermore lined with sheets of Tyvek 1443R to ensure a maximal and equal reflection

of all wavelengths from the source (see Figure 3.5) so as to create an environment of

diffuse and spectrally uniform lighting.
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Figure 3.5: Reflectance properties of Tyvek papers, amongst which
1443R [194]. Tyvek materials reflect light uniformly thereby appearing

white.

Lighting

The lighting selected to illuminate the subject was a 576-LED Mosaic 30cm lighting

panel (Limelite – Bowens International Ltd., Colchester, UK). Two such LED panels

were employed throughout the trial. The lights were directed at a reflective set-up that

diffusely illuminated the subject’s face. The output spectrum of the LEDs (measured

prior to the start of the experiments with an Ocean Optics USB4000 spectrometer) is

shown in figure 3.6, and was characterised by continuous spectrum with a sharp peak in

the blue part of the spectrum (centred at 410nm) and a wider crest in the green and red

part of the spectrum.

Hypoxia Sub-Study

During the hypoxia sub-study, the subjects were seated upon a reclining chair (see Figure

3.7, with their heads kept upright and at a constant angle to the video camera by a

white V-shaped pillow placed around their shoulders. They were asked to face the video

cameras and remain as motionless as possible while the nitrogen in the chamber was

gradually increased so as to bring their peripheral oxygen saturation down to 80%. This
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Figure 3.6: Spectrum of the light emitted by the 576-LED Mosaic
Lighting Panel. The emitted spectrum was recorded using a Ocean

Optics USB4000 spectrometer.

was done by lowering the oxygen saturation by approximately 5% at a time in steps of

7 minutes. The chamber carbon dioxide was not clamped during this procedure, but

allowed to vary. Once the lowest oxygen saturation level (80%) had been reached and

maintained for a period of up to 7 minutes, oxygen was delivered to the subjects via a

nasal canula, usually at a rate of 1 litre per second, leading to a rapid resaturation. As

soon as the oxygen saturation reached a plateau at around 95%, oxygen delivery was

halted, in turn engendering a very fast decrease in oxygen saturation as the chamber

atmosphere was still oxygen-depleted. Once the subject’s oxygen saturation reached

approximately 85%, the rapid resaturation-desaturation procedure was repeated. Finally,

the subject was resaturated by delivering oxygen nasally at a slower rate (usually 0.5

litres per second).

Two sets of reference equipment were used throughout the procedure, the safety

reference equipment that was used to monitor the condition of the subject, and the

data-collection reference equipment that was instead collected as the standard reference.

Of the safety equipment, the probe used to monitor the peripheral oxygen saturation was

a GE TruSignal (TS-E4-H) ear-clip sensor or a Datex-Ohmeda OXY-F-UN finger probe if

the signal on the former was too noisy. Both probes were connected to a Datex-Ohmeda

3900 Tru-Trak pulse oximeter via a Datex-Ohmeda OXY OL-3 cable. If at any point



3.3 Hypoxia Trial 67

Figure 3.7: Figure showing the interior of the chamber prior to the
beginning of the Hypoxia sub-study. The subject, with the reference
equipment already strapped on, is visible seated facing the cameras.

of the procedure the volunteer showed any sign of discomfort or dropped to an oxygen

saturation level below 80%, the volunteer would either be fully or partially resaturated

at the discretion of the clinician involved in the study.

Hypercapnia

The subjects were also seated in the reclining chair for the hypercapnia section of the

protocol, however more movement was allowed. To this end, no prop was given to keep

the head upright, allowing for more natural body positions. Once again, the volunteers

were asked to remain as still as possible while facing the video cameras. After 3 minutes

of time during which the carbon dioxide was kept at a normal level, the carbon dioxide

in the chamber was increased by 12 Torr at a time in steps of 8 minutes. This was

continued until the volunteer showed signs of discomfort or until the chamber carbon

dioxide pressure was the same as the expired carbon dioxide pressure, a very potent

breathing stimulus [188]. Once the maximal carbon dioxide pressure was reached, air

would be allowed to enter the chamber. The hypercapnia section terminated 3 minutes

after the beginning of the chamber air exchange.



3.3 Hypoxia Trial 68

3.3.3 Reference Equipment

The quantities measured by the data-collection reference equipment, the output sampling

rates, and the devices used to measure each quantity are summarised in Table 3.2.

In addition to the data from the equipment specifically devoted to recording the

data-collection references, some additional data was extracted from the safety reference

equipment specific to the chamber the volunteers were in, and this is reported as the

chamber’s equipment.

Two pulse oximeters were used in each session to record oxygen saturation and heart

rate continuously, as well as a PPG waveform (a processed combination of the infrared

and red channel PPGs), sampled at 32Hz and 256Hz respectively. Each pulse oximeter

was attached to an index finger of the subject. The sensor used was the Masimo Corp

M-LNCS DBI soft adult finger sensor, and each sensor was in turn connected to a Visi

BlackShadow vital sign monitoring device (Stowood Scientific Ltd, Oxford, UK) via an

M-LNC-1 Patient Cable (Masimo Corp, Irvine, US). The sensor is reported to have an

averaging time of 2–4 seconds and an accuracy of ±2% in stationary adults in the SpO2

range between 70% and 100%.

One of the two Visi Blackshadow devices employed was also used to record a 3-lead

ECG, outputting a signal sampled at 256Hz; and to record the three signals used to

estimate breathing rate. Two inductance pneumography (IPG) signals were derived from

belts placed on and below the thorax, that measured chest and abdomen excursions

respectively (XactTrace Thorax and Abdomen snap sensors attached to the XactTrace

belt, Embla Systems, Kanata, US). A medium belt was used for all subjects. The third

respiratory trace, that was only present in the hypercapnia part of the session, was the

air pressure trace obtained via a disposable adult nasal pressure cannula (Embla Systems,

Kanata, US) placed underneath the nostrils of the volunteer. These three signals were

each recorded at a sampling rate of 64Hz.

As mentioned previously, the chamber was also equipped to monitor the volunteer
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Figure 3.8: Positioning of ECG leads (left) and thoracic and
abdominal respiratory rate elastic belts (right) for the main Stowood
device used to record the reference data. (Source: Stowood Scientific

Ltd, Oxford, UK).

and the chamber environment over the course of each study to ensure the safety of

the participant. Three additional ECG snap-leads (ECG cable 0740-000, Kontron AG,

Augsburg, DE), connected to a Micromon N-xt (Charter-Kontron Ltd, Milton Keynes,

UK) ECG device were used to monitor the volunteer’s heart rate, and a gas sampling line

(73319, Datex Ohmeda - GE Healthcare, Little Chalfont, UK) that fed into a capnometer

(Normocap Oxy, Datex-Engstrom - GE Healthcare, Little Chalfont, UK) was placed

underneath the volunteer’s nostrils, thereby giving both a breathing rate and inspired

and expired (end-tidal) gas concentrations (PIO2, PETO2, and PICO2, PETCO2 for

oxygen and carbon dioxide inspired and end-tidal partial pressures respectively). To

monitor oxygen saturation, the afore-mentioned GE earclip pulse oximeter was attached

to the left ear-lobe. However, as this was predominantly a safety feature that was critical

to the hypoxia part of the session, if the signal was not reliable enough to carry out

the experiment safely, the aforementioned Datex Ohmeda fingerclip was used instead,

attached to the right middle finger of the volunteer.

The monitoring data was also recorded using the chamber’s bespoke software platform.

The platform recorded inspired and end-tidal partial pressures for both oxygen and carbon

dioxide, as well as the oxygen saturation from the chamber (“safety”) pulse oximeter,

on a per-breath basis rather than on at a constant sampling rate. As the breaths were
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determined by the software itself and derived from the pressure trace originating from

the nasal prongs that were also used for oxygen delivery, no data was available from the

monitoring equipment during oxygen delivery in the hypoxia part of the session.

Measuring Device Measured Quantity Output Frequency

SpO2 N/A
PIO2 N/A

Chamber Software2 PICO2 N/A
PETO2 N/A

PETCO2 N/A

HR 32
SpO2 32
ECG 256
PPG 256

IPG - Thorax 64
Visi BlackShadow I IPG - Abdomen 64

Air pressure trace 64
PTT (1) 5
PTT (2) 5

R-R 5
Battery 32

PPG 256
Visi BlackShadow II HR 32

SpO2 32
Battery 32

Humidity/Temperature Humidiy 0.2
SD500 Dataloggers Temperature 0.2

Table 3.2: Recording reference devices and output frequencies.

The humidity and temperature of the chamber were also recorded throughout the

study, using two ExTech Instruments SD500 Humidity/Temperature Dataloggers (FLIR

2In addition to the quantities listed, the device also reported a running average for the CO2 and O2

end-tidal partial pressures, a running average for the oxygen saturation, and the mode value for the
CO2 and O2 per breath.
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Commercial Systems) that saved the data onto SD cards. These were placed close to the

volunteer and close to one of the main workstations respectively.

3.3.4 Camera Set-up

Figure 3.9: Positioning of the five cameras used during the hypoxia
and hypercapnia sessions. The JAI camera was below the set of Point

Grey Cameras in the vertical axis.

The recordings made in the Hypoxia and Hypercapnia sessions were made with six

different cameras, so as to address multiple research questions at the same time. The

set-up of the video cameras may be seen in Figure 3.9 and the features of each camera

are listed in Table 3.3. A 3-CCD camera (AT-240CL – JAI, Yokohama, Japan) and a

colour single-CCD Grasshopper3 camera (GS3-C – Point Grey Research Inc., Richmond,

Canada) with a Bayer filter were used, and positioned centrally with respect to the

volunteer. Two monochrome Grasshopper3 single-CCD cameras (GS3-M – Point Grey

Research Inc., Richmond, Canada) were positioned on a purpose-built frame either side

of the GS3-C, each with a narrow (10nm half-width bandpass filter): one centred at

520nm and the other centred at 660nm (Edmund Optics Ltd., York, UK). The choice

of the filters was determined by three factors: maximising the quantum efficiency of

the video cameras within the visible spectrum; maximising the difference between the

absorption of the oxygenated and deoxygenated haemoglobin across the two filters (see

Figure 2.12); and minimising the gradient change across the spectral bands. Finally,
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two monochrome high-speed single-CCD cameras (FLEA3 – Point Grey Research Inc.,

Richmond, Canada) were positioned at the far ends of the frame, with the objective of

using them as a stereo pair.

JAI GS3-C GS3-M FLEA3

Imaging Sensor Sony ICX274AL Sony ICX674 Sony ICX674 Semi VITA1300
Sensor Class 1/1.8′′-CCD 2/3′′-CCD 2/3′′-CCD 1/3′′-CMOS
Pixel Size (µm) 4.4×4.4 4.54×4.54 4.54×4.54 4.8×4.8
A/D Converter 14-bit 14-bit 14-bit 10-bit
Pixel Resolution 1628×1236 1920× 1440 1920× 1440 1280× 1024
Max Frame Rate (Hz) 20 26 26 150
Video output RGB RGB Mono Mono
Lens-mount C-Mount C-Mount C-Mount C-Mount
Interface CameraLink USB 3.0 USB 3.0 USB 3.0

Table 3.3: Features and specifications of cameras employed in the Hypoxia Study. (Sources:
JAI, PtGrey)

The video cameras were connected to three separate workstations to meet the storage

requirements of the study: the JAI camera was connected to a PowerEdge T420 server

(Dell Inc., Round Rock, US) via CameraLink; the two GS3-M and the GS3-C cameras

were connected to a Precision T7610 (Dell Inc., Round Rock, US) workstation via USB3;

and the two FLEA3 cameras were connected to another Precision T7610 workstation,

also via USB3. On each workstation, a purpose-built software developed by the research

group (Pebase), automatically set and saved the recording parameters via the video

cameras’ APIs. As a result of the large storage requirements, the videos from each session

were copied onto external encrypted hard disks configured in RAID-1 format and thence

transferred to the Institute of Biomedical Engineering’s research storage cluster, where

each video was compressed via lossless ZIP-based compression.

The settings at which each camera was run are reported in Table 3.4. These were

dependent on a trade-off between the maximal resolution, bit-depth, and speed (frames

per second) of each camera, the storage requirements, and the speed of the recording

software. Minimising frame loss during the recording and saving process was determined
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JAI GS3-C GS3-M FLEA3

Frame Size 1628× 1236 1800× 1200 1800× 1200 1200× 800
Bit Depth 12 16 16 16
Frame Rate 16 26 26 60
Exposure Time N/A OFF OFF OFF
Shutter Time(ms) N/A 20 20 15

Table 3.4: Settings for cameras employed in the Hypoxia Study

to be the most important optimisation factor and several different configurations were

attempted for each camera to ensure that each configuration would not lead to any lost

frames while maximising all other parameters.

JAI GS3-C GS3-M FLEA3

Lens name HF12.5SA-1 HF25HA-1B SV-2514H SV-1614H
Lens manufacturer Fujunon Fujinon VS Technology VS Technology
Focal length (mm) 12.5 25 25 16
Iris range F1.4:F22 F1.2:F22 F1.4:16 F1.4:16

Table 3.5: Lenses used during hypoxia.

JAI GS3-C GS3-M FLEA3

Lens name GMHR3D26018C HF25HA-1B SV-2514H SV-0614H
Lens manufacturer Goyo Optical Fujinon VS Technology VS Technology
Focal length (mm) 6 25 25 6
Iris range F1.8:F16 F1.2:F22 F1.4:16 F1.4:16

Table 3.6: Lenses used during hypercapnia

The lenses used in the hypoxia sessions and the hypercapnia sessions are detailed in

Tables 3.5 and 3.6 respectively. Different lenses were chosen for every camera except

the GS3-M and the GS3-C so as to ensure that during hypoxia the face would occupy

the majority of the frame whereas the whole of the upper body would be visible during

hypercapnia. This was done so as to maximise the amount of skin visible in the hypoxia

session, while ensuring that movement from the abdomen and chest was visible during

the hypercapnia session.
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3.3.5 Equipment Synchronisation

All the equipment used in the study was synchronised with respect to the study laptop’s

time. The laptop used was a Latitude E5540 (Dell Inc., Round Rock, US) running the

Windows 7 operating system. It was connected to the three recording workstations in a

local area network (LAN) through an SD2008 8-port network switch (Linksys International

Inc.). Immediately prior to running the video cameras, each workstation time would

synchronise with the laptop time, and the time-difference between each machine and

the study laptop was also recorded at the end of each session. The temperature and

humidity dataloggers were synchronised to the laptop time manually at the beginning

of the day, while the Visi Blackshadow devices were synchronised to the laptop time

at the beginning of each hypoxia and hypercapnia session through VisiDownload, the

instrument’s bespoke bluetooth set-up software (Stowood Scientific Ltd, Oxford, UK).

3.3.6 Population Statistics

Skin Type Distribution

Of the 46 volunteers recruited for the Hypoxia Study, Table 3.7 shows that more than half

belonged to three Fizpatrick skin types only (types II-IV), each composed of 9 subjects,

while only 5 Fitzpatrick Type VI subjects were recruited. Imbalances in skin groups will

need to be taken into account when investigating the effect of skin colour on the ability

to track oxygen saturation accurately.

Table 3.7: Distribution of Fitzpatrick skin Types

Fitzpatrick Type I II III IV V VI
Number

of Subjects
7 9 9 9 7 5
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Heart Rate and SpO2 Distribution

The distribution of heart rates across the Hypoxia sub-study sessions was calculated using

the two data-collection reference pulse oximeters, each placed on an index finger of the

subjects. As may be seen in Figure 3.10, the distributions are in an overall agreement and

show values typical of an adult population, with a quasi-normal distribution that spans

heart rates from around 45 to 110 beats per minute (bpm). Although the volunteers

recruited were generally young adults and were known to not have any medical conditions,

the heart rates are perhaps a little higher than what would be expected of young, healthy

adults at rest, and this could be as a result of two factors: the excitatory influence of low

oxygen conditions on the heart rate, and some degree of stress as a result of undergoing

the study.
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Figure 3.10: HR distribution as recorded by the two pulse oximeters,
placed on the left and right index fingers of the subjects.

The data-collection reference pulse oximeters were similarly used to review the

distribution of oxygen saturation values across all subjects recruited for the hypoxia

sub-study. As a result of the format of the study, whereby the subjects spend 7 minutes

on air prior to spending 7 minutes at 95%, more data has been collected for in the

92.5%-100% interval than any other equally sized interval. Similarly the distribution
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shows that the timing of the stepped oxygen descent were fairly consistent, as the

78.5%-92.5% interval is approximately flat.

SpO
2
 (%)

65 70 75 80 85 90 95 100

C
o
u
n
ts

×10 5

0

1

2

3

4

5

6

Left Pulseox

Right Pulseox

Figure 3.11: SpO2 distribution as recorded by the two pulse oximeters,
placed on the left and right index fingers of the subjects.

Respiratory Rate Distribution

The distribution of respiratory rates across the Hypoxia sessions was calculated using

three separate sources of data: the airflow, the thorax impedance pneumograph, and

the abdominal impedance pneumograph. The signals were processed by identifying the

frequency corresponding to the peak spectral power when using a short-time Fourier

transform (STFT) with a running 20 second window shifted by 10 seconds. As a result,

the distribution of respiratory rates is binned into discrete bins separated by 1.82bpm.

Unlike the HR histogram, which was more smoothly distributed, a large majority of BR

values are all within the 16.8-18.8bpm range, although the breathing rate spans rates

from 6.6bpm to 30bpm.
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Figure 3.12: BR distribution as recorded by the two chest belts and
the nasal cannula, respectively placed on the thorax, abdomen, and

under the nostrils of the volunteer.

3.4 Summary

Video data was acquired in two different settings: clinical conditions (NICU trial) and

controlled conditions (Hypoxia trial). In the former, pre-term infants were monitored

using a single RGB camera (8-bit JAI) under variable visible illumination, while in

the latter young, male, healthy volunteers were filmed while undergoing a procedure to

make them hypoxic (Hypoxia sub-study) and then hypercapnic (Hypercapnia sub-study).

Recordings were made with five different cameras to study various aspects of non-contact

vital sign monitoring with cameras. Throughout the course of this thesis, we shall

consider only the data acquired using the 12-bit JAI camera used in the Hypoxia

sub-study, although the NICU data will be considered in Chapter 8.



Chapter 4

Theoretical Framework and Data

Preprocessing

4.1 Introduction

The objective of this chapter is to establish a basic theoretical framework to be used in the

development of methods to monitor oxygen saturation changes using changes in colour as

measured by a digital video camera positioned some distance from the subject. This is

set out and discussed in Section 4.2. In Section 4.3, the implications of the assumptions

that are inherent to the model are discussed within the context of the Hypoxia study,

and applied to the image processing methods developed. These are then summarised

in Section 4.3.4 in order to construct a coherent picture of the image-analysis pipeline

employed. The output of this pipeline will be used in future chapters to establish the

relationship between oxygen saturation and colour itself.

4.2 Theoretical Model

In order to understand how the relationship between the colour measured by the video

camera and oxygen saturation may be found, a general expression for the origin of the



4.2 Theoretical Model 79

time-varying colour signal will be derived, firstly for the simplest case of a flat surface

imaged under ambient lighting, that is illumination of equal intensity incident on the

surface from all directions equally and scattered in all direction equally [34].

Considering a single sensor within a sensor array, positioned at x and characterised

by its colour-dependence c, the response of the sensor ρxc may be described as the integral

over the electromagnetic spectrum of the product of the light incident on the sensor and

the sensor response Rc(λ) [115]. In the case of uniform ambient lighting, we may further

express the light incident on the sensor as the geometrical fraction ξ of the product of

light incident on the surface L(λ) and the surface reflectance function of the area d ~A

imaged by the sensor at x, Sx(λ), such that:

ρxc = ξ

∫
L(λ)Sx(λ)Rc(λ)dλ (4.1)

For light incident on an area d ~A of skin, we may separate the surface reflectance

function into two components: a function Bx(λ) describing the interaction of the light

with blood and a function expressing the interaction of light with the remaining tissue

Mx(λ)

ρxc = ξ

∫
L(λ)Mx(λ)Bx(λ)Rc(λ)dλ (4.2)

While Mx(λ) will be influenced by the structure of the skin and the concentration of

scatterers and absorbers such as melanin and collagen, Bx(λ) will be dependent on the

volume of blood present at any given time and the spectral characteristics of blood. In

line with the Beer-Lambert law introduced in Chapter 2, the two functions are combined

multiplicatively. Furthermore, the pulsatile nature of blood flow may be incorporated

into this model by considering that the light will interact with a static, or baseline,

body of blood that is present at all times and whose volume will depend on the overall

perfusion of the skin, and a time-varying (AC) component that is due to the change
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in blood pressure between systole and diastole. The reflectance functions of these two

components must however be treated differently in terms of wavelength-dependence as

we assume that the time-varying component is due to changes in the volume of arterial

blood whereas the baseline component depends on mixed venous and arterial blood

[4, 87]. These considerations yield the expression:

ρxc = ξ

∫
L(λ)Mx(λ)

(
vxb (t)B̂x

b (λ) + vxAC(t)B̂x
AC(λ)

)
Rc(λ)dλ (4.3)

where the factors vxb (t) and vxAC(t) describe the volume dependence of the baseline

and pulsatile blood components and the normalised functions B̂x
b (λ) and B̂x

AC(λ) describe

the dependence on chromophores such as oxygen saturation. If all other chromophores

are stable over time, we may then decompose ρxc into two oxygen-saturation dependent

components, ρxc,b and ρxc,AC

ρxc = ρxc,b + ρxc,AC (4.4)

with

ρxc,b = ξvxb (t)

∫
L(λ)Mx(λ)B̂x

b (SO2)Rc(λ)dλ

ρxc,AC = ξvxAC(t)

∫
L(λ)Mx(λ)B̂x

AC(SO2)Rc(λ)dλ

(4.5)

The time-dependence of the cardiac-synchronous pulsatile component vxAC(t) is

characterised by the heart rate frequency fHR and the perfusion of the tissue. The

time dependence of the baseline component instead only depends on the perfusion vxb (t).

However ρxc,b and ρxc,AC both also depend on oxygen saturation SO2. Through the use of

a suitable low-pass filter, the AC variations of the signal may be eliminated and the two

components separated.
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4.3 Model Assumptions and Implications on Analysis

The simplistic treatment and assumptions behind the model described by Equation 4.3

limit its potential for application in the real-world. The assumptions implicit in the model

derived in the previous section will firstly be reviewed and translated into requirements

for data analysis, and the relationships found will then be tested on the data acquired in

the Hypoxia study.

4.3.1 Lighting and Sensor

The first assumption in the model, one that is already present in Equation 4.1, is that of

the time-independence of the illumination term L(λ) and of the sensor Rc(λ). Inherent in

the model is also the assumption of ambient lighting. To a first degree of approximation,

these assumptions are valid in the Hypoxia study since the light source is limited to a

single type of LED, with the light reflecting off surfaces covered in the same, spectrally flat

Tyvek material, and because only one camera (JAI) is used for each analysis. Throughout

this thesis, the results that will be reported are those for the JAI camera. This camera

was chosen over others for oxygen saturation investigations as the properties of the

camera provide less overlap and cross-talk between different colour channels, and a higher

pixel resolution. There is also the possibility of extending the work of the Hypoxia study

to the NICU dataset which was recorded with the same camera. The spectra of the light

as sampled directly using a spectrometer and reflected off the Tyvek material are shown

in Figure 4.1 and indicate that the material does not affect the shape of the spectrum.

Although no interference was expected as LED lighting was used, the videos were

examined to determine whether there was any lighting-dependent interference due to

lights external to the room or the LEDs. The frequency of the interference would be

visible as an aliased component on a periodogram of the light reflected off a motionless

surface in the background, particularly if taken over a long time period. Figure 4.2 shows
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Figure 4.1: Figure showing spectrum of the LED panel as sampled
directly (blue) and reflected off Tyvek (red).

both the timeseries and the spectral components of the mean total intensity (R+G+B)

resulting from a 12× 12 background region. This allows the hypothesis of lighting flicker

to be tested over a 40-second window. The result shown indicates that this effect is either

not present or not significant, as the g-statistic 1 for the maximal peak has a p-value of

0. 98 and the frequency at which it occurs does not yield an integer N when substituted

into:

falias = |f −Nfs| (4.6)

where falias is the expected aliased frequency, f is the true flickering frequency

(expected at 50Hz or 100Hz, the fundamental or second harmonic of mains frequency in

the UK), fs is the 16Hz sampling frequency of the camera sensor and N is an unknown

integer.

The sensor noise itself will have several different sources, the most important of

which are: time-dependent drift noise, that may be expected as a result of changes in

1Fisher’s g-statistic is the ratio of the maximal value of the periodogram to the sum of all values
within the periodogram [53], with the p-value calculated using [235]
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Figure 4.2: Figure showing the grey-scale timeseries of light reflected
off the background (left), and its spectrum (right).

the temperature of the CCD; spatial noise that may be due to slight differences in the

manufacturing of each pixel; shot noise that is instead due to the random nature of

the arrival of photons, and is hence governed by a Poisson distribution; and finally the

read-out noise as the charge is converted into voltage changes and then digitised, which is

expected to be dependent on the sampling frequency. Throughout the study, the 3-CCD

JAI camera acquired data at the same sampling frequency; however a time-dependence

may be introduced as the camera heats up during operation. The importance of this

effect is shown in the figure below, showing the frame variance over the course of just

over 100 minutes, during which time the video camera was kept running while covered

and in the darkened room.
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Figure 4.3: Figure showing the change in noise, measured as the
variance of the frame values, for a blacked-out camera kept in the

Hypoxia chamber.
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Similarly, the bias of the read-out was also examined in order to establish whether

the noise was truly Gaussian, and was calculated for one in every 16 frames. For each

frame evaluated, the average of the frames acquired one minute before and one minute

after was subtracted so as to remove the pixel bias, and the Gaussianity of the frame

was then established by applying the one-sample Kolmogorov-Smirnov test2 and plotting

the p-values of the test against time. These were found to not vary over time and to be

of the lowest value computable, thereby estimating the distribution of pixels as Gaussian.

The distribution for one of the frames is shown in Figure 4.4.
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Figure 4.4: Figure showing the histograms for the read-out noise of
last camera frame (at 6100s in Figure 4.3), one for each channel. From

left to right: R,G,B.

As the shot noise and the read-out noise can be modelled as white noise, this noise

can be reduced within frames by taking a spatial average over several pixels rather than

simply considering each pixel individually. For this reason and also to decrease the

computational cost of further operations, the first step in the analysis was to reduce the

videos into 12× 12 non-overlapping pixel regions, yielding an improvement of a factor

of 12 in the signal-to-noise ratio (SNR) in the ideal-case scenario. As a result of this

initial step, a 12× 12 region of interest (ROI) is the smallest possible for all subsequent

analysis. In applying this step, the sums of the 12× 12 regions were saved to disk rather

2The one-sample Kolmogorov-Smirnov test is a non-parametric hypothesis test used to determine
whether sample data comes from a population with a normal distribution. The Kolmogorov-Smirnov
statistic measures the distance between the empirical cumulative distribution function and the expected
cumulative distribution function [119].
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than the averages so as to ensure that if larger regions of interest were constructed from

sums of the 12× 12 regions, roundoff errors would not be accumulated.

4.3.2 Skin Detection

In Equation 4.2, the model expands the surface reflectance function under the assumption

that the recorded video camera data is a measurement of the reflectance from a region of

skin, a necessary pre-condition in order to obtain oxygen saturation. To ensure that the

pixels considered in the analysis are indeed from the skin, two features of the skin under

investigation may be employed: the heart rate dependence of the skin colour and the

colour of the skin itself. The former is strongly affected by the signal-to-noise ratio of the

cardiac-synchronous component in the video camera signal which depends both on the

size of the ROI and the concentration of melanin present. As a result, its usefulness as a

criterion is limited by having to use more pixels (and therefore potentially a subset of

non-skin pixels) in order to estimate it and its dependence on skin colour. Furthermore,

non-skin pixels may also exhibit heart-rate synchronous pulsations due to the movement

of the body and head and connected regions [8].

A large body of literature exists around the field of skin detection and segmentation

using colour; however as the detection of skin is not the primary objective of the thesis,

an approach that makes use of known priors is used to facilitate its implementation for

the specific case of the data acquired in the Hypoxia study.

Face Detection

Firstly, all participants faced the camera and this means that a simple face detection

algorithm may be employed to ensure that fewer false-positives are included in the skin

detection method. The Viola-Jones method of object detection [106, 228] is a fast and

well established approach to face detection provided that the face is not occluded and

has a frontal view that is not at an angle. As the Hypoxia dataset is constrained in
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a way that meets these requirements, a specialised training dataset was not necessary

in order to perform the face detection and a state-of-the-art frontal face detector was

chosen instead3, the details of which may be found in Appendix A.1.

To approximately match the size of the faces used to train the Matlab Viola-Jones

implementation, the images acquired by the JAI video camera were resized by a factor of

0.1. The number of candidate faces output by the Viola-Jones algorithm was also reduced

to one by selecting the largest candidate in the frame. The results of the face detection

algorithm are shown in Figure 4.5 for six of the participants, partitioned according to skin

type. The performance of the algorithm was also tested on the annotated CMU+MIT

testing dataset of frontal images [197] in order to evaluate the Matlab implementation on

a public database that would enable its comparison with the original algorithm devised

[228] and then tested [229] by Viola and Jones. On the CMU+MIT dataset, the Matlab

implementation used throughout this thesis had a sensitivity of 0.77, a specificity of 0.92,

and an accuracy of 0.84 with a total of 9 false positives - a performance surpassing that

reported in [229].

Skin Segmentation

Once the bounding box of the region segmented by the face detector has been obtained, it

may be used to create a model specific to the colour of the participant’s skin to enhance

the accuracy of skin detection (Figure 4.6). This is the inverse of the usual technique

of employing skin detection to aid in face recognition, and is based on the realisation

that skin pixels are highly separable from non-skin pixels in a number of colour spaces

[84, 226]. In particular, the rg chromaticity space (where r = R
R+G+B

and g = G
R+G+B

,

form a chromaticity space as they are independent of light intensity, as per Section 2.5.2)

was used as this has been used widely and is known to separate skin independently of

illumination [241]. Noting that the inner part of the bounding box selected by the face

3CascadeObjectDetector of the Matlab Computer Vision System Toolbox, Version 6.1 (R2014b)
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Figure 4.5: Figure showing face detection using the modified
Viola-Jones algorithm for the six different skin phenotypes. Detected

face bounding box shown in red.

detector will contain a majority of skin pixels but will also contain some non-skin pixels

corresponding to hair, eye, and background regions, the contents of the bounding box may

be classified as being skin or non-skin (step E.1 in Figure 4.6). A probability distribution

function (pdf) can be constructed for both by taking the pixel values within several facial

bounding boxes for selected faces. The modelling of the distributions by a Gaussian

pdf, rather than the direct use of the pixel values such as by using histogram-based

comparisons, allows a generalisation for pixel values that were not present in the images

[226].

A bimodal multivariate Gaussian mixture model in rg-space is fitted to the data

acquired from within the facial bounding box and across different frames (step F.1 in

Figure 4.6), allowing the main skin distribution to be separated from the background

distribution. The mixture model is initialised by estimating the peaks in the histograms

of r and g respectively and selecting the two peaks that are furthest apart as the mean

locations of the two distributions. In order to diminish the noise in estimating the peaks,

the histogram is first smoothed with a five-point median filter. The covariance matrix



4.3 Model Assumptions and Implications on Analysis 88

Figure 4.6: Schematic diagram showing the skin segmentation
algorithm steps.

is initialised as a diagonal matrix with the terms corresponding to the assumed skin

distribution as having two-thirds of the variance of the r and g distributions and the

terms corresponding to the non-skin distribution as having one-third of the variance of

the r and g distributions, reflecting a prior belief about the preponderance of skin pixels.

The Gaussian mixture model likelihood is then optimised via the iterative Expectation

- Maximisation (EM) algorithm. Finally, the Gaussian in the mixture model describing

the largest number of pixels is taken to be the likelihood function for the skin class

p(c|skin) and is described by:

p(c|skin) =
1

(2π)
1
2 |Σ| 12

e−
1
2

(c−µ)ᵀΣ−1(c−µ) (4.7)

where c is the vector for the position of the colour in rg-space, µ is the mean estimate

of the skin chromaticity across the dataset, and Σ is the diagonal covariance matrix

estimated over the same dataset.

Given that the purpose of the model is solely to express the colour of the skin of

a single individual across the entire session accurately rather than construct a model
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for multiple types of skin, a single Gaussian is sufficient [84]. The background region is

modelled using the remaining Gaussian found within the facial bounding box and a further

trimodal Gaussian Mixture Model is fitted to all pixels outside the facial bounding box

(steps E.2 and F.2 in Figure 4.6), yielding the likelihood for the non-skin class p(c|¬skin).

The trimodal Gaussian mixture model is initialised using the k-means++ algorithm [5]

with a k-value of 3. When the two mixture models are combined combined (step G), a

naive Bayesian classifier can be built [81] such that any new pixel of chromaticity c will

be classified as skin if:

p(c|skin)p(skin) ≥ p(c|¬skin)p(¬skin) (4.8)

where the priors for skin and non-skin (¬skin) are taken from the frequency of

occurence of each (step H in Figure 4.6). The results of the skin classification step may

be seen in Figure 4.7, which gives an example of the distribution of points in rg-space for

one frame of a participant, and the classification of the points based on the posterior

distribution found using the dataset for that participant (built using one frame in every

thousand for that session). As may be seen, the misclassification error is still relatively

high, in that many non-skin features in the background are still classified as skin.

In order to eliminate unwanted background pixels, the index positions of all pixels

that are classified as skin – known as the skin mask, is first morphologically dilated4 in

order to fill in any non-skin areas which may split the face region into multiple segments.

The resulting mask is then labelled into separate regions, under the assumption that the

face will constitute the largest region compared to any background labelled as skin, and

all regions except the largest are removed. Finally, the resulting mask is multiplied with

the original skin mask in order to remove the effects of the dilation.

4Morphological dilation [220] is a rule for binary images whereby the immediate neighbours of any
pixel that is classified as foreground also become foreground, enlarging the boundaries of foreground
pixels.
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Figure 4.7: The posterior probability for belonging to the skin class is shown in 4.7a, with
histograms of the normalised red and normalised green distributions on the sides. The resulting
segmentation for that frame is instead shown in 4.7b. From left to right: the original image,
the posterior probability, the segmentation via the naive Bayesian criterion overlaid on the

original image. (Image reproduced with consent of the subject).
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4.3.3 Motion

A key aspect of real-life monitoring that is not incorporated by the model outlined in the

theory is motion. Motion will affect the video camera signals in two main ways: if the

location of the region of interest is kept constant and the subject moves, a different part

of the skin will be visualised, with a different angle to the camera and illuminating light,

and possibly a different average path for the light passing through the tissue; on the

other hand, if the region of interest moves with the subject, the same effects will occur as

the angle between the camera and the illuminating light also changes. The top graph in

Figure 4.8 demonstrates this. The continuous line shows the mean red, green, and blue

(RGB) values for a single 12× 12 pixel region of interest as tracked using the relative

distance from eye corner feature points during and after motion, whereas the dashed

line shows the mean RGB values for the original fixed ROI. The two regions of interest

coincide for the first frame but then differ as the participant moves, and as a result their

intensities also differ. The features that were used to track the motion (the corners of

the eyes) and shift the region of interest accordingly were selected manually, and do not

deform independently of the subject’s rotation. Some degree of instability is seen in

the spikes that occur (at around 17 seconds) even when the subject is relatively stable.

These do not occur for the fixed region and are simply due to the relative sensitivity of

the feature points selected to small movements.

Motion may be tracked simply by determining the position of the face within the frame

using the Viola-Jones algorithm. Once the bounding box of the face has been obtained,

the Cartesian co-ordinates of the centroid of the bounding box can be determined, and the

Euclidean distance between the centroid and any fixed point will represent the distance

travelled by the centroid and hence motion. Figure 4.9 shows the Euclidean distance

between the location of the centroid and its original location over the course of two

sessions, evaluated once every 16 frames (once a second) for the duration of the sessions,

the top figure showing a subject who moved relatively little and the lower one showing a
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Figure 4.8: Figure 4.8a shows the average red, green, and blue signals using two different
techniques for tracking intensity changes that share the same starting point. The dashed lines
show the effect of keeping the region of interest fixed and the continuous lines show the effect
of tracking the region of interest throughout time. Motion occurs in the first 5 seconds and the
participant remains relatively still thereafter. Figure 4.8b shows the position of the fixed region
of interest in the first frame, in green, and Figure 4.8c shows the region of interest as it has
moved through tracking in the last frame in red compared to the original region of interest in

green.
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Figure 4.9: Figure showing the Euclidean distance in pixels moved
by the centroid from its starting position throughout two sessions,
evaluated once every second, for two subjects. The top subject (HP3-15)
moved little throughout the session, whereas the lower plot shows the
same for a subject (HP3-28) who moved a significant amount, as may

be noted by the different vertical axes in the two plots.

subject who moved significantly throughout his session.

Motion Detection

Although the head and body have multiple degrees of freedom, whereas the method

described above can only represent translations accurately, it is both fast and useful in

distinguishing periods of rapid, impulsive motion from periods in which the participants

are relatively still. There is always a degree of movement, since breathing causes the chest

and head to move, and, as discussed in Chapter 2.5, some heart-rate related movement

is also expected.

The variance of the signal may therefore be used to assess the level of motion occurring

at any given point, and a number of methods are available that segment a timeseries based

on changes to its mean or variance, such as Online Bayesian Change-Point Detection [2]

or Gaussian Process Change Point Models [169]. However, the goal here is to find periods

of minimum variance per participant, as each participant had different levels of motion

and was characterised by different stable periods. For each participant, a threshold
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Figure 4.10: Figure showing the segmentation of the Euclidean
motion data for the subject undergoing significant movement in Figure
4.9 (shown in red) into regions of no motion (SQIL = 0, grey background)

and rapid motion (SQIL = 1, white background).

was chosen such that, if the standard deviation of a sliding window passed through the

Euclidean movement signal was larger than that threshold, the window was rejected (the

method used to select the threshold is described fully in Appendix A.2). This resulted in

the generation of a signal quality index (SQI) for movement based on centroid location –

SQIL, essentially classifying each session into windows that were either characterised by

no motion (SQIL = 0), or by rapid motion (SQIL = 1), as shown in Figure 4.10.

Movement Tracking

Once the time-periods during which the subject is relatively still have been identified,

the motion of the head may be tracked throughout time. This is useful as it can yield an

independent assessment of breathing and an understanding of what small movements

are occurring that may lead to changes in reflectance. An established method of feature

tracking is the Kanade-Lucas-Tomasi (KLT) feature tracking algorithm [109, 184, 210],

which estimates the displacement d of a feature by minimising the residue error ε when

aligning a template window of dimensions W in an image I at time t to an input image

J at time t + τ with a weighting function w, where x = (x, y)T is the position vector

describing the pixel co-ordinates:
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ε =

∫
W

[I(x− d, t)− J(x, t+ τ)]2w(x)dx (4.9)

As well as providing a formalised method to track the features, the KLT algorithm may

also be used to derive the optimal features to track based on the vertical and horizontal

intensity gradients within the feature windows [184, 210]. For small displacements, the

intensity function may be approximated by limiting its Taylor expansion to the linear

term by:

I(x− d) = I(x)− g · d (4.10)

where time has been omitted for simplicity and g is the derivative of I. By

differentiating this equation with respect to the displacement term and rearranging,

a system of two scalar equations may be obtained, such that:

(∫
W

ggTwdA

)
d =

∫
W

(I − J)gwdA (4.11)

The left part of the equation yields a 2× 2 coefficient matrix, with eigenvalues that

represent the intensity profile of the window. The KLT algorithm selects windows for

which the smallest of its two eigenvalues λ1, λ2 are larger than a given threshold λt.

The distance travelled by each feature from its initialisation may then be used to

calculate the breathing rate and the displacement from the beginning, yielding additional

information for the analysis if a higher resolution understanding of the displacement is

necessary. One draw-back of the KLT algorithm is that it does not cope with occluded

regions; however this is mitigated by the fact that the regions can be re-initialised in

each steady period as determined by the previous motion segmentation analysis.
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Figure 4.11: Figure showing the video and image pre-processing
steps applied prior to estimating the oxygen saturation. The KLT fine
tracking method and the morphological manipulations, occurring only
over stable segments and frames respectively, have been omitted for

clarity. AOI = Area of Interest.

4.3.4 Summary of Image Processing Steps

The model introduced in Section 4.3 outlined a set of conditions that need to be met

in order for the theory to be applicable. These have been translated into processing

steps that are mostly concerned with limiting the data to be analysed in order to reduce

the amount of noise and the number of irrelevant pixels as much as possible prior to

attempting to estimate the oxygen saturation with the methods that will be described

in the following chapters. The video pre-processing pipeline, containing all the steps

mentioned above, is summarised in Figure 4.11.

For each video, a Viola-Jones detector trained on frontal faces is used to detect the
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position of the face. The first time the face detector is applied, the area of the bounding

box around the face is expanded into the area of interest (AOI) and subdivided into a

grid of 12× 12 pixel regions of interest (ROI). The AOI will contain both all the skin

pixels of the face and some background. The centroid of the face bounding box will then

be tracked throughout time, and if it moves more than a certain threshold the AOI is

re-initialised about the new centroid. The value of the sums of the 12× 12 RGB pixels

constituting each element in the larger region of interest are stored per frame throughout

time to decrease computational costs and reduce rounding errors.

Once the face detector algorithm has been applied to the video data, a colour model

for the subject is created by taking the elements of the AOI contained within the original

region detected by the face detector and the pixels in the surrounding regions as the

mixed skin and background pixels respectively. The model is created using one frame

every thousand across the video (approximately equivalent to taking a frame every

minute of recording). The mean element values (in RGB) are converted into rg values.

A bimodal Gaussian model is then fitted to the skin pixels and a trimodal Gaussian

model is fitted to the background pixels. The two models are then combined so as to

obtain a single-mode multivariate Gaussian model for the skin pixels and a four-modal

multivariate Gaussian model for the non-skin pixels. When processing the frames in

later steps, each region of interest is classified either as skin or as background based on

the maximum likelihood estimator for that region of interest. Finally, the morphological

operations are applied to the skin mask in each frame, and all regions far from the largest

continuous region of skin are rejected as non-skin.

The videos are also segmented into regions of stationarity and regions of motion as

described in Section 4.3.3, and a signal quality index, SQIL, is derived to distinguish

periods of motion from periods during which the subject is still. When processing the

video in segments made up of multiple frames, a set of features are initialised within the

AOI using the KLT algorithm to track the motion to a greater accuracy and obtain the
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respiratory trace. All the features that are not within one ROI of the skin segmented

region are rejected to avoid tracking features in the background. The maximal feature

motion expected by the KLT algorithm is determined by setting it to the maximum

centroid motion recorded for that segment during the motion segmentation step. These

features are then tracked for the duration of the stationary segment and the horizontal

and vertical displacements are recorded.



Chapter 5

Oxygen Saturation and Baseline

Skin Colour

5.1 Introduction

As explained in Chapter 2, it has been known since at least the early 19th century that

the overall colour of the skin (equivalent to what is described as the baseline signal

throughout this thesis) will change with oxygen saturation, and that even slight colour

changes due to oxygenation changes may be measured using visible light. The previous

chapter has also shown that this signal is however very sensitive to other factors, such as

motion (see Figure 4.8), lighting, and skin tone. As a result, in previous research the

baseline component has typically only been used in conjunction with the AC component,

drawing from the field of pulse oximetry [63, 175, 202]. The aim of this chapter is to

determine whether, with all other factors maintained as constant as possible, baseline

changes in colour channels as a result of changes in oxygen saturation can be measured,

above the noise level with the equipment used in the Hypoxia study. Other questions

relate to the nature of the relationship for that equipment, and whether the baseline

component can be used as an estimator for oxygen saturation on its own.
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5.2 Methods of Analysis

5.2.1 Extracting the Baseline Signal

In order to extract the baseline component within each {R,G,B} channel, we will first

make a number of assumptions about the model and its application to the data collected in

the Hypoxia Study. As was stated in the derivation of Equation 4.5, the time-dependence

of the AC component arises through changes in the optical path length (whether due to

blood volume, capillary compression, or erythrocyte axis rotation) and changes in oxygen

saturation. Whereas the former are expected to be synchronous with the heart rate,

changes in oxygen saturation generally occur over longer periods of time. Similarly, the

breathing rate is expected to cause changes in both the amplitude of the AC component

and in the reflectance of the skin, yielding a time-varying periodic signal with varying

amplitude of lower frequency. It is possible to apply a low pass filter with a window length

wL for which BAC(SO2) = constant (Equation 4.5) to remove the pulsatile components.

One such smoothing mechanism is the simple running-average filter,

M(x) =
1

2N + 1

N∑
k=−N

x[n+ k] (5.1)

characterised in this case by a window length of 2N + 1 time-points and an overlap

of δ time-points.

If such a filter were applied to the skin ROIs of a static subject (the reader may

imagine the use of a stereotactic frame), the output signal should only be affected by

physiological changes to the blood and skin, such as a decrease in oxygen saturation and

perfusion levels. Deriving the oxygen saturation would then only be a question of finding

the optimal mapping from the colour signal to the reference oxygen saturation signal.

Furthermore, once found, this mapping would be applicable to any and all of the 12× 12

ROIs of the skin, as all are expected to be identical within the model proposed in Section

4.2.
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However, the skin mask in Figure 4.7b shows that this is not the case. As the face is

not a flat surface, the intensity of the light incident on each ROI will differ slightly from

region to region. This then becomes an even greater problem when the subject moves

even slightly, as the intensity measured at each ROI will be dependent on the angle of

the skin with respect to the light and the camera. As a result of this, the light intensity

measured from a given ROI during a static period prior to motion and the intensity

measured from the same ROI during a static period following the motion may differ

significantly without there having been any physiological change. These discontinuities,

as well as the noise caused by the intensity changes during motion, make it impossible to

track oxygen saturation from the baseline signal using one ROI alone unless the subject

is extremely still, while the spatial variations in light intensity are not covered by the

theoretical model, which expects constant, uniform illumination across all regions of

interest.
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Figure 5.1: Figure showing in (5.1a) the variation in red baseline
intensity for different regions of interest during the course of a session.
Gaps appear in the signals if the ROI is no longer imaging a skin
segment. The lower plot (5.1b) shows the average reference values of

SpO2 from the finger pulse oximeters.
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This key issue in the analysis of oxygen saturation using a baseline signal is demonstrated

particularly well by Figure 5.1, which shows in 5.1a the red baseline traces for one in

every ten 12×12 randomly chosen skin ROI for a single subject compared to the reference

oxygen saturation plot for the same subject (in 5.1b). The baseline traces in this case

were generated using a running average with a window length 2N + 1 = 15 seconds and

δ = 14 seconds. As a result of every timeseries corresponding to the average light intensity

of that region only, the overall change in oxygen saturation may be inferred from overall

trends in the data (as may be seen at points A and B, where the fast resaturations and

desaturations are visible in the top signals), but, due to the unpredictability of motion

and lighting change, there is no single combination of the timeseries that will yield a

suitable mapping to the oxygen saturation.

5.2.2 Revising the Theoretical Model

The spatial variations in intensity of light incident on the skin are not covered by the

original theoretical model, and to reflect these Equation 4.1 may be rewritten as:

ρxc = ξ

∫
Ix(λ)L̂(λ)Sx(λ)Rc(λ)dλ (5.2)

where Ix(λ) now represents the light intensity at position x and L̂(λ) is the normalised

illumination incident on the surface. A simplification may then be made by assuming

that an increase in light intensity will result in a linear increase in the intensity of each

{R,G,B} channel, as also proposed by [231], such that we may write:

ρxc = ixc ξ

∫
L̂(λ)Sx(λ)Rc(λ)dλ (5.3)

where ixc is the linear coefficient term for the intensity. This assumption will be tested

by taking the RGB values of all ROIs within a given frame and looking at the Spearman

[189] and Pearson [153] coefficients for the correlations between each pair of channels to
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determine statistically whether there is a linear relationship between them that would

indicate a collinearity caused by the incident light intensity (results reported in Section

5.3.1).

5.2.3 Continuous Tracking of Oxygen Saturation via the Baseline

Signal

This expression of the effect of light intensity has an important consequence. If a subject’s

skin ROI has an {R,G,B} value1 [Ri, Gi, Bi], according to this model other skin ROIs

should have {R,G,B} values that are multiples of this, with a multiplicative factor that

depends on the intensity of the light incident on them. These points will therefore

form a line in RGB-space (a Cartesian 3-dimensional space where we use the convention

R = x,G = y,B = z) that expresses the effect of intensity on that particular colour,

passing through the origin to describe the expected colour when no light is present.

However, not all skin ROIs will be the same, as they will have different histological

compositions and reflectance properties, so some spread is to be expected about this

line. In this way, rather than considering three 1-D timeseries (one for each channel), to

describe the time-course of an ROI, we may now consider all of the average skin ROIs

within a frame as forming a cloud of points, and observe the movement of this cloud

throughout time (Figure 5.2).

To help track the movement of the point cloud, we further assume each pixel value ρxc

originates from a Gaussian distribution ρc ∼ N (µρc , σ
2
ρc). This assumption means that

the average of the point cloud is representative of the sample distribution. The validity

of this assumption will be evaluated by testing the hypothesis that for each ROI the

[Rx
c , G

x
c , B

x
c ] triplet was generated by a normal distribution in each channel against the

null hypothesis that it was not, using the Anderson-Darling test [146] (see Section 5.3.1).

1From Chapter 4.3.1, each ROI has a single RGB value that is the average of the individual 12× 12
pixels that make up the ROI itself.
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Figure 5.2: Figure showing how the RGB values of ROIs within a
skin-mask (each generated by taking the average of the 12× 12 pixels
that form the ROI), shown in 5.2a, form a point cloud in RGB-space,
shown in 5.2b. The first principal component of uncentred PCA, passing
through the origin, is traced in red, while the cloud’s first principal

component by mean-centred PCA is shown in yellow.

Expressing the skin as a 3-dimensional Gaussian distribution of points distributed

about a line corresponding to an “axis of intensity” means that the impact of varying

intensity levels (and therefore also movement) can be minimised by considering the

movement of this axis, as we assume that the projection of the points in RGB-space onto

this line will describe the intensity of the light itself, while the movement of the line will

describe changes in physiology, including the oxygen saturation. The line thus has an

equation:

l = kv̂ (5.4)

where, using an approach successfully used in [231] to improve on heart rate estimation,

the directional unit vector v̂ may be found by taking the first principal component ê0

via an uncentred Principal Component Analysis (PCA), such that v̂ = ê0. Uncentred

PCA highlights the importance of the origin to the distribution, rather than measuring

the inclination of the cloud about its own centre of gravity [90]. By taking a line passing
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through the origin as a model for the light intensity distribution of the skin, the model

incorporates the assumption that at zero light intensity the measurement will be at

the origin, ignoring baseline noise. Furthermore, the inclusion of the origin reduces the

variability that could be expected of centred PCA due to outliers. As the vector moves

about the origin, its movement may be described by a single transformation: rotation,

such that a line at time m and a line at a subsequent time n may be related by the

rotation matrix Rmn acting on the directional vector vm.

The rotation of the lines in time is calculated by finding the 3× 3 rotation matrix

Rmn between the first directional unit vector v̂m and the directional unit vectors v̂n at

subsequent time intervals n:

v̂n = Rmnv̂m (5.5)

where the rotation matrix may be evaluated by the Rodrigues rotation method [42, 60]

(see Appendix A.4 for further details). Equivalently, the rotational component may be

tracked by observing the spherical-coordinate representation of the directional unit vector

of each distribution in RGB-space throughout time in terms of the elevation angle φ

and azimuthal angle θ. We define the elevation angle φ as the angle between the plane

spanned by the R-G axes and the B-axis and the azimuthal angle θ as the rotation about

B starting at the R-axis. By equivalence with the transformations between spherical and

Cartesian co-ordinate systems, the vector defined by (θ, φ) may be expressed as:

θ = arctan
G

R

φ = arctan
B√

R2 +G2

(5.6)

The measurement of (θ, φ) (shown diagramatically in Figure 5.3) allows an evaluation

of changes in the baseline values of the skin that, according to the hypothesis put forward,

should minimise the effect of changes in illumination and therefore allow a continuous
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Figure 5.3: Schematic diagram of the hypothesised rotation occurring
to a distribution of skin pixels in RGB space (shown as an ellipsoid)

between a time m and a time n. Not to scale.

measurement of oxygen saturation. The results of this analysis are presented in Section

5.3.

5.3 Testing the Methodology: Results and Analysis

The theoretically-derived methods of analysis proposed in Section 5.2.3 were tested on a

subset (12 subjects) of the Hypoxia dataset (prefix: HP3, dropped where necessary for

clarity). The subjects were chosen randomly subject to the condition that two subjects

would be available for each Fitzpatrick Skin type (I–VI) so as to be able to infer the

effect of different skin colours to the data. The correspondance between the subject

identification and Fitzpatrick skin type for the subjects analysed is summarised in Table
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5.1. Note that, for the sake of clarity in the presentation of the results, the subjects are

always ordered by Fitzpatrick skin type. The pre-processing of the data (the selection of

the skin mask, the reduction of the ROIs to the averages of each 12× 12 region, and the

calculation of SQIL) was carried out as described in Section 4.3 and a moving average

filter with a 15-second window length and 14- second overlap was used to obtain the

baseline signal for each ROI.

Table 5.1: Two subjects were randomly chosen from each of the six
FitzPatrick Skin Types to test the methods proposed.

FitzPatrick Skin Type
I II III IV V VI

Subject
ID (HP3)

20, 31 3,25 14, 15 29, 7 24, 6 4, 42

The reference timeseries was obtained by using the average oxygen saturation from

the two pulse oximeters placed on the index fingers of each hand. As the reference

equipment and the camera were not perfectly synchronised, a coarse estimate of the heart

rate of the subject was estimated using the camera data by taking the peak frequency

component in the range [0.7Hz,2.2Hz] of the green signal for 15-second windows each

with an overlap of 14 seconds (i.e. the same as the baseline signal windows). This signal

was cross-correlated with the heart rate timeseries from each pulse oximeter in order

to find the approximate time-delay between the two. Each of the corrected reference

oxygen saturation timeseries was then resampled at the timestamps of the camera data.

Only at this point were the two reference SpO2 timeseries averaged.

5.3.1 Light Intensity and Gaussianity

In order to ascertain the linearity of the colour channels with respect to light intensity

across the face, the inter-channel correlations were found throughout the video for the

pixels labelled as skin. In order to distinguish between a linear correlation and another

monotonic correlation, both Spearman’s coefficient ρ and Pearson’s coefficient r are



5.3 Testing the Methodology: Results and Analysis 108

Subject ID

20 31 3 25 14 15 29 7 24 6 4 42

P
e
a
rs

o
n
 r

0.85

0.9

0.95

1

R-G

R-B

B-G

Subject ID

20 31 3 25 14 15 29 7 24 6 4 42

S
p
e
a
rm

a
n
 
ρ

0.85

0.9

0.95

1

R-G

R-B

B-G

Figure 5.4: Figure showing Pearson’s r and Spearman’s ρ for each
channel-pair. Note that the horizontal axis is ordered according to the
FitzPatrick Skin Type, from Type I on the left through to Type VI on

the right.

reported in Figure 5.4, using the average and standard deviation of the correlations over

each session for each subject.

As may be observed, Pearson’s correlation coefficient r between colour channels is

consistently both positive and close to 1.0, similar to Spearman’s coefficient ρ, indicating

that with a high degree of probability a linear relationship exists with light intensity,

as expected. The correlation between the blue and red channels in particular however

is affected by skin colour as the last three subjects on the right of the plot are both

characterised by the highest skin melanin content and the lowest R-B correlation. The

normality of the individual colour-channel distributions was also tested per window using

the Anderson-Darling test. The results are reported in Figure 5.5 as the fraction of

windows for which the Anderson-Darling normaliy test rejected the null hypothesis with

a p-value smaller than 0.01.

A further observation was made by examining whether the oxygen saturation itself
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Figure 5.5: Figure showing the the fraction of frames rejecting the
null hypothesis of the Anderson Darling test with a p-value < 0.01.

may have an effect on the degree of correlation between colour channels, and the results

are reported in Figure 5.6. For each subject, the correlation between the three colour

channel pairs was recorded and the correlation of that with the oxygen saturation trace

was reported. The results show a surprising relationship, as they show that R-based

pairs are negatively correlated with oxygen saturation, indicating that the coefficient

of correlation between the two colour channels increases with decreasing SpO2. Such a

relation could be caused by a tightening of the skin-mask cloud in RGB space (as shown

in Figure 5.2) with decreasing SpO2, or by an increasingly non-linear relationship between

the colour channels with increasing SpO2. On the other hand, the high variability in this

phenomenon from subject to subject could mean the effect is simply artefactual.

These results demonstrate that the assumption of Gaussianity, and to some extent

that of linearity for the colour-intensity relationship, are valid. As these assumptions are

necessary for the method of tracking the colour distribution by its rotation, we may now

investigate the relationship between these measurements and the oxygen saturation.
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Figure 5.6: Figure showing the correlation between each
channel-pair’s correlation coefficients and the oxygen saturation.

5.3.2 Multiple Linear Regression

To examine the relationship between the baseline values of the RGB channels and oxygen

saturation, the rotational data, tracked using the azimuthal angle θ and the elevation

angle φ were related to the oxygen saturation. This relationship was investigated per

subject using the linear model

Ŝβ = β0 + β1θ + β2φ (5.7)

where Ŝβ is the estimator of the reference oxygen saturation S with coefficients

that minimise the error between the actual and estimated values. The strength of the

correlation between the estimator and the reference oxygen saturation signal is reported

for each subject in Figure 5.7 using the coefficient of determination r2. Each histogram

also shows the effect of the signal quality index SQIL, which rejects rapid movement

as described in Chapter 4.3.3. As a strong negative correlation was found between the

elevation and the oxygen saturation, the following linear model was also investigated,

using the polar angle (π
2
− φ):
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Figure 5.7: Bar graphs showing the coefficients of determination
between oxygen saturation and the regression equations (5.7) and (5.8)
with no movement SQI and with the application of SQIL, which rejects

rapid motion.

Ŝν = ν0 + ν1(
π

2
− φ) (5.8)

The proportion of data when using the signal quality index (SQI) is shown in Figure

5.8. As may be observed, in each session around half of the windows are rejected due to

motion by SQIL, but the use of the SQI does not significantly improve the r2 value, as

shown in Figure 5.7, with the exception of subjects HP3-06 and HP3-04.

The accuracy of the linear regression expressed in Equation 5.7 is also shown in Figure

5.9, where Ŝβ is shown plotted against the true oxygen saturation for each of the subjects.

The red line in each plot is the average oxygen saturation whereas the continuous black

line is the regressed camera estimate of the oxygen saturation Ŝβ with no motion SQI.

The regressed camera estimate using SQIL is overlaid with blue points.
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Figure 5.8: Figure showing the proportion of windows that are
considered to have no motion for each subject according to SQIL.
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Figure 5.9: Figure showing the regressed camera data Ŝβ against the
reference SpO2 (red trace) for each of the 12 test subjects from Table
5.1. The black line and the blue points respectively show the results

using no SQI and SQIL.
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5.3.3 The Effect of Skin Colour

Given the high correlation (r2 > 0.85) for skin types I through to V, the relationship

between the relative importance of the two coefficients of regression and the skin colour

was investigated. The results, summarised in Figure 5.10, are inconclusive, as they do

not show any clear skin colour-related effect. Standardised regression coefficients (βs1

and βs2) are used in order to compare the relative effect of the coefficients without the

influence of the scale of the variables. To obtain the standardised regression coefficients,

the regression was carried out on mean-centred and unit variance data, and the motion

SQIL was used for optimal fit.
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Figure 5.10: Figure showing the values of the standardised linear
regression coefficients βs1 and βs2, indexed according to skin colour type

(1-6).

The lack of correlation between the standardised regression coefficients and the skin

colour may be due to another unknown variable affecting the relationship, however

Figure 5.10 also reveals that the elevation angle is the better predictor for oxygen

saturation. This may indicate a low sensitivity of the coefficients to the regression, i.e.
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because one coefficient dominates, different coefficient combinations may yield similar

performances. In order to test this, a sensitivity analysis was carried out on the coefficient

of determination as a function of the values of β1 and β2, each varied between -20 and 20

in steps of 1. The results, shown in Figure 5.11, suggest that the regression coefficients

are in fact relatively insensitive to these variations, and mostly cluster around the β1 = 0

axis, indicating that the elevation component is far more important than the azimuthal

component.

-20 0 20

-20

-10

0

10

20

HP3-20

-20 0 20

-20

-10

0

10

20

HP3-31

-20 0 20

-20

-10

0

10

20

HP3-03

-20 0 20

-20

-10

0

10

20

HP3-25

-20 0 20

β
2

-20

-10

0

10

20

HP3-14

-20 0 20

-20

-10

0

10

20

HP3-15

-20 0 20

-20

-10

0

10

20

HP3-29

-20 0 20

-20

-10

0

10

20

HP3-07

-20 0 20

-20

-10

0

10

20

HP3-24

-20 0 20

-20

-10

0

10

20

HP3-06

-20 0 20

-20

-10

0

10

20

HP3-04

β
1

-20 0 20

-20

-10

0

10

20

HP3-42

r
2

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

Figure 5.11: Coefficient of determination r2 for different values of
β1 and β2. Only values above the median r2 of each subject are shown

for clarity.

Yet another possibility is that the FitzPatrick scale is unable to capture properly the
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differences in melanin between subjects, as it is both subjective and based on very coarse

phenotypic features, or that it did not capture other light-interacting properties of the

skin such that the trend would be hidden. The colour signature of the subjects, defined

by its (θ, φ) co-ordinates should however capture this information objectively. Figure

5.12 shows all of the (θ, φ) co-ordinates for all subjects plotted onto a single graph with

the reference oxygen saturation overlaid in colour (Type VI subjects were removed for

clarity). The main direction of the variation in oxygen saturation is shown as an arrow

on three of the subjects, and the lack of any relationship between the direction of SpO2

variation and the relative starting positions of the subjects in (θ, φ) is made clear. A

quick comparison with Figure 5.10 also reveals that there is no apparent relationship

between the relative weighting of the variables and their values in (θ, φ) space.
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Figure 5.12: Figure showing the oxygen saturation (increasing from
dark to light) as a function of the rotation components for all of the
subjects at once. Type VI subjects have been removed for clarity. This
plot makes the lack of any relationship between the skin colour, the
values of (θ, φ) for each subject, and the SpO2 dependence on (θ, φ)
apparent. Outliers for HP3-06 may be seen around co-ordinate values

[0.66,0.285] and [0.64, 0.3].
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5.3.4 Variable Interpretation

Figures 5.7, 5.10, and 5.12 suggest that the polar, or elevation, rotation φ is the single

most important contributing variable. This is in line with the general principle noted

since at least the 18th century that skin will tend towards a bluer colour as a result of

hypoxaemia as the rotation essentially describes a proportional decrease of red and green

with respect to blue.
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Figure 5.13: Plots of the movement of θ and φ (in blue) are
shown plotted against the reference SpO2 (in red, at the bottom)
for three subjects. From these plots, φ can be seen to be negatively
correlated with SpO2, whereas θ only seems to be affected by the rapid
oxygenations (shown at positions A, B, and C) and the subsequent

deoxygenations.

The linear models described by the set of equations 5.7 consider the azimuthal rotation

θ a further independent factor related to the oxygen saturation. However a compelling

hypothesis arising from the results is that, in the same way that the polar component

φ can be said to be related to oxygen saturation as a colour change towards blue, the

azimuthal component θ may be related to perfusion (the volume of blood present in the

skin imaged) and vessel tone by the relative colour change between red and green.

Figure 5.13 shows representative plots of θ, φ and the reference SpO2 for three of the

subjects, and these results are in agreement with the hypothesis in two main ways. Firstly,

whereas φ is consistently negatively correlated with SpO2, θ is not as consistent. What

is consistent between the subjects is that during the reoxygenation stage (positions A, B,
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C in each plot) there is a marked decrease in θ, i.e. the skin-mask cloud in RGB-space

rotates towards the red axis and away from the green. Reoxygenation may lead to

hyperoxia – an excess of oxygen available to tissue that has been reported to be a strong

stimulus for vasoconstriction [240]. Because this occurs suddenly, there is less time for

the homeostatic balancing that might be occurring during the slower deoxygenations,

thereby leading to a more marked change in vessel tone.
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Figure 5.14: Even when using only one variable (π2 −φ), there seems
to be no relationship between the skin colour of the subject as measured
by the FitzPatrick Skin Type Scale and the gradient of the regression

of π
2 − φ onto the reference SpO2.

Both the sensitivity analysis and the initial comparison of coefficients of determination

in Figure 5.7 lead to the conclusion that the trend in oxygen saturation for skin types

I-V may be well described by the variable φ alone. However Figure 5.14 shows that the

coefficient ν varies greatly across subjects with no clear relation to skin colour (Figure

5.10).

5.4 Conclusion

This chapter has introduced a novel method for the detection of changes in oxygen

saturation using the baseline component of the skin signal that has been derived from

first principles. The method was evaluated on a subset of the videos of the Hypoxia

dataset. The hypothesis that cameras could be used to track changes in oxygen saturation
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was thus confirmed (r2 > 0.85) on subjects with skin types I through to V. However,

the method was unable to detect changes in oxygen saturation for subjects of skin type

VI. Of the dependent variables examined, it was found that the most relevant was the

elevation angle φ, which is negatively correlated with oxygen saturation.



Chapter 6

Oxygen Saturation and Changes in

AC

6.1 Introduction

Changes in the AC component of heart-synchronous timeseries of transmitted or reflected

light have been used to calculate oxygen saturation since the advent of pulse oximetry.

As stated in the background chapter, the crucial advantage of the AC component in

classical pulse oximetry is that it yields results that can be related to oxygen saturation

through a look-up table without the need for constant calibration as had been the case

for oximetry-based devices.

The objective of this chapter is to investigate the relationship between the AC signal

and the oxygen saturation for the equipment used in the Hypoxia study. The theoretical

basis for the use of the AC signal in the detection of oxygen saturation is first outlined in

Section 6.2. Methods to detect the photoplethysmogram and recover the signal amplitude

reliably using standard signal processing techniques are described here and tested in

Section 6.3.

These initial results inform a refinement of the methods used to select the regions
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of interest (ROIs), and these are investigated in Section 6.4. Finally, in Section 6.5 a

set of linear models are used to investigate the relationship between oxygen saturation,

changes in AC, and skin colour.

6.2 Theory

6.2.1 Theoretical Model

The variations in the amplitude of the AC component may be clearly related to changes

in oxygen saturation by using Equation 4.5, the theory introduced in Chapter 4 and the

introduction of the intensity term in Chapter 5 such that:

ρxc,b = ixc ξv
x
b (t)

∫
L̂(λ)Mx(λ)B̂x

b (SO2)Rc(λ)dλ

ρxc,AC = ixc ξv
x
AC(t)

∫
L̂(λ)Mx(λ)B̂x

AC(SO2)Rc(λ)dλ

(6.1)

Here the treatment is different to that of the baseline signal: the inter-ROI variations

in intensity ixc may simply be removed by taking the ratio of the AC of one channel to

the baseline of the same channel for any given ROI. It is also immediately apparent that

according to the model proposed the ratio of ratios of two colour channels over a single

ROI will also remove the volume-related terms vxb and vxAC , as, for two channels c1 and

c2 we have:

ρxc1,AC/ρ
x
c1,b

ρxc2,AC/ρ
x
c2,b

=

∫
L̂(λ)Mx(λ)B̂xAC(SO2)Rc1 (λ)dλ∫
L̂(λ)Mx(λ)B̂xb (SO2)Rc1 (λ)dλ∫
L̂(λ)Mx(λ)B̂xAC(SO2)Rc2 (λ)dλ∫
L̂(λ)Mx(λ)B̂xb (SO2)Rc2 (λ)dλ

(6.2)

Extrapolating for multiple regions, for conditions where Mx(λ) = M(λ), B̂x
b (SO2) =

B̂b(SO2) and B̂x
AC(SO2) = B̂AC(SO2), this relationship holds also for averages of ρxc,b and

ρxc,AC over multiple x. These conditions essentially represent cases for which the various

skin elements sampled are anatomically similar and for which the oxygen saturation of the

baseline and AC are the same. As we will see in the following sections, this extrapolation
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will allow the actual implementation of the AC-based oxygen saturation tracking.

The rationale for using a ratio of ratios (RoR) to track oxygen saturation thus

emerges from the application of few assumptions to a model that is different to that

used in conventional pulse oximetry, as it does not rely on the Beer-Lambert law and the

manipulation of a single exponential. However, contrary to the latter, it does not provide

any information as to the nature of the relationship between the ratio of colour channels

and the oxygen saturation. This will have to be determined empirically and will only

be valid for the particular lighting conditions given by the normalised light distribution

L̂(λ).

6.2.2 Amplitude Estimation

A number of strategies may be employed in order to estimate the amplitude of a periodic

signal, a field well studied within conventional pulse oximetry. Conceptually, the simplest

of these is to establish the values of consecutive peaks and troughs and evaluate the

peak-trough difference (PTD). In order to produce a robust estimate, as the peak

positions and heights are prone to noise, the median PTD (PTDmed) or the average PTD

(PTDµ), over a series of peaks may be found. For this method to be applicable, a high

signal-to-noise ratio is required: the signal cannot however be filtered as the characteristic

sawtooth shape of a photoplethysmographic signal is due to its higher harmonics: even

an ideal filter with a flat pass-band would still risk removing the information associated

with such harmonics.

Another time-domain method that further reduces the noise present in a signal by

averaging is known as signal averaging (SA), whereby a representative waveform is

constructed by using a reference beat to align and average together multiple sections

of a noisy timeseries. By taking a number of samples slightly greater than that which

corresponds to half the period of the dominant frequency either side of the waveform

peak (a characteristic feature of the PPG waveform, robust to noise), the signal-to-noise
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ratio is increased over time for any periodic signal having noise that has a mean of zero.

The amplitude of the signal may also be determined in the frequency domain by

examining the power of the spectrum of the Discrete-Time Fourier Transform (DTFT)

at the frequency of interest fHR. As the discrete frequencies in the DTFT are separated

by fs
N

, where fs is the sampling frequency and N is the length of the input time series,

an accurate estimate of the amplitude of a periodic signal will only occur if there is no

spectral leakage. This occurs when δ = 0 for

fHR
fs

=
l + δ

N
(6.3)

where l and δ are the integer and fractional parts of the full cycle of fHR within the

window [14]. In most applications, however, δ 6= 0, and a number of different methods

may be employed to minimise the amplitude estimation error. One way of accomplishing

this is to zero-pad the signal so as to minimise δ, while [148] and [14] offer a mathematical

solution (the energy-based method or EBM) to the problem, relating the amplitude Â to

the DTFT of a windowed signal Xw(λ) = DTFT{xw(n)} for an H-order cosine window

w(n) =
H−1∑
h=0

(−1)hahcos
(

2πh
n

N

)
, n = 0, 1, ..., N − 1 (6.4)

by the equation

Â =
2

N

√∑H
k=−H |Xw(l + k)|2

NNPG
(6.5)

where NNPG, the normalised noise power gain, is defined as

NNPG =
N−1∑
m=0

w2(m)

N
(6.6)

As with the signal averaging method, the DTFT-based methods are computationally

efficient and robust to uncertainties [14], but they are limited to cases for which the
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signal has a constant frequency. The main drawback of DTFT estimates, however, is that

they are unable to assess the true waveform peak amplitude for waveforms composed

of multiple sinusoids. While tracking the amplitude of the fundamental may lead to an

accurate estimate of oxygen saturation changes, this will not equate to the peak-trough

difference for anything other than a perfect sinusoid.

6.2.3 Spatially Increasing the SNR

The methods described above all require a relatively high SNR to accurately estimate the

amplitude of the waveform peak, and each uses the periodicity of the signal to improve

on the signal-to-noise ratio. Another way of increasing the SNR is instead to average

spatially (i.e. over the pixels) rather than, or as well as, temporally. The relationship

between the size of the ROI and SNRHR has been established in previous literature

devoted to the development of heart rate monitoring using video cameras and ambient

light (see Chapter 2.5.3). As discussed in Chapter 4, it may be explained by a simple

model with an underlying periodic signal corresponding to the heart rate, noise, and the

quantisation effect of the camera. The increase in SNRHR obtained by averaging over a

larger area of skin results from the decrease in the noise associated with quantisation

and other sources (see Chapter 4.3 for further details on the possible origin of the noise).

This assumption has already been used in the spatial down-sampling of the videos, where

the mean values of 12× 12 ROIs are taken for each video rather than the original frames.

However, a model of this process is useful as it allows the investigation of the effects of

the ROI size on the results. Crucially, the performance of the three amplitude estimation

methods can be evaluated on a known dataset before being used to investigate oxyen

saturation, and furthermore the model allows an exploration of the relationship between

the SNR and the amplitude estimate errors.

The model parameters for the heart rate signal were generated based on those found

for the green channel of a Type III subject (HP3-15) resulting from averaging over
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Figure 6.1: Welch periodogram of a 60 second green average of the
forehead of HP3-15.

a large (160 × 70 pixels) forehead region during a manually selected 1-minute period

in which the subject was still and there was no oxygen saturation change. The green

signal was detrended and the Welch periodogram of the signal was computed, giving

the result shown in Figure 6.1. The periodogram was generated using six windowed

(Blackman-Harris) segments with half overlap. Three peaks, corresponding to the first

three harmonics, are clearly visible, and the amplitude of the harmonics as determined

by the EBM was used in the generation of the coefficients of the individual sinusoidal

components (α1, α2, α3) of the model heart rate signal xHR with a fundamental angular

frequency ωHR:

xHR = α1 sin(ωHRt) + α2 sin(2ωHRt) + α3 sin(2ωHRt) (6.7)

The amplitude of the Gaussian white noise applied to the model was instead calculated

using the average power (σ2
n) of the detrended signals from each pixel within the forehead

ROI. The quantisation introduced by the camera’s analogue-to-digital converter (ADC)

was modelled as a mid-tread uniform quantiser, such that each model pixel is now defined

as
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Table 6.1: Model parameters for an HR+noise-based single-pixel model

Parameter [unit] Value
Sampling frequency (fs) [Hz] 16
HR frequency (fHR) [Hz] 1.1
Window length [s] 60
Fundamental amplitude (a) [a.u.] 7.0
2nd harmonic amplitude (b) [a.u.] 1.4
3rd harmonic amplitude (c) [a.u.] 0.4
Noise amplitude (σn) [a.u.] 32
Number of harmonics (M) 3

pHR = dxHR + εe , ε ∼ N (0, σn) (6.8)

The effect of the ROI size was then related to the signal-to-noise ratio of the heart

rate component of the signal, calculated in decibels (SNRdB). It is essential to relate

the ROI size to the signal-to-noise ratio as the former depends on a number of factors,

including distance from the camera, camera lens, skin colour and skin perfusion. The

SNRdB parameter, on the other hand, although not a perfect estimator (as it is also

expected to vary independently of noise due to oxygen saturation and skin perfusion)

can at least be related from one real-world dataset to the next.

With the properties of the model thus defined (the model parameters used may be

found in Table 6.1), the performance of each of the methods to calculate the total peak

amplitude aHR described in the previous section may be compared (Figure 6.2). The

figure shows the results for PTD, SA and EBM1 (the amplitude of the fundamental

frequency as determined by the EBM algorithm) for one instance of the model. It is

indicative of a number of important features of the estimators and the effect of noise on

the data.

Firstly, the relationship between the number of pixels used to and the SNRdB is

logarithmic, demonstrating that there is indeed a linear relationship between SNR and

ROI size for this model. Secondly, the predicted error of the EBM method, due to
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Figure 6.2: Performance of PTD, SA and EBM algorithms on
modelled data, comparing the signal-to-noise ratio (measured in decibels,
lower plot) to the absolute error between the algorithms’ estimates
and the true amplitude (top plot) for a signal-averaged over increasing

numbers of pixels.

the fact that there are multiple harmonics present, is clearly apparent, as it tends

towards a constant error with respect to the true amplitude. Thirdly, there is a high

variability in the output of all amplitude estimation algorithms at low signal-to-noise

ratios (SNRdB< 0dB), with the estimates stabilising at around 15dB for this particular

case. This indicates that, as hypothesised, averaging over a large number of ROIs

improves the accuracy of the amplitude estimate. In addition, the variability in estimates

may explain the result found in [88], where it is noted that the ratio of colour amplitudes

would change for different ROI sizes, for a study in which the experiments were conducted

with a contact-based method, pressing the camera onto the finger. Most interestingly

however, the absolute errors (AE) for PTD and SA do not tend to zero, and the values of

all three estimators continue to vary even at high SNRs. This in turn indicates that some

variability is expected from one AC measurement to another that will not be explained

by SpO2 nor any other factor other than noise.
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6.3 Inital Results

The theory and the initial methods for oxygen saturation estimation proposed in the

previous sections were tested on the data from the same 12 Hypoxia study subjects as

had been used in the tests for the baseline signal. The following research questions were

investigated:

• whether the AC signal contained any information as to the oxygen saturation of

the subjects

• which individual channel or ratio of channels had the best performance with respect

to SpO2

• whether the three methods (PTD, SA, and EBM) proposed were equally robust in

estimating oxygen saturation

• whether the method of evaluating the baseline signal had an impact on results.

The results were obtained by taking 15 sliding windows across each session with a

14 second overlap. All ROIs classified as skin according to the method described in

Chapter 4.3.2 (see Figures 4.7 and 5.2 for examples of such skin masks) were used as

signal sources.

6.3.1 Heart Rate

Unlike the baseline method proposed, the AC methods rely on an accurate estimation of

the heart rate to work properly, as the latter is used in every amplitude estimate proposed

except for the simple peak-detection method. The error in the heart rate estimate with

respect to the pulse oximeter is limited by two main factors: the parameters used in its

estimation by the video-based system, and the parameters used by the pulse oximeter,

including any further post-processing. In particular, the camera-based system uses a
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15-second window and a Fast Fourier Transform (FFT), yielding a resolution of 0.067Hz,

equivalent to 4 beats per minute (bpm).

Two methods for heart rate estimation were tested to determine which would provide

the best estimate for the Hypoxia dataset (adult subjects, limited movement, variability

in skin colour): (a) the estimate corresponding to the frequency of every green ROI

(HRgf), band-passed filtered using a zero-phase bandpass FIR filter with a pass-band

between 0.7 and 2.1Hz (42–132 beats per minute1) – the standard method for heart rate

extraction in use throughout the heart rate literature and found to perform adequately

in conjunction with auto-regressive models in [202] – and (b) the method proposed in

[45], known as CHROM, which was tested by the authors on several different skin colour

types. This method, described in detail in Appendix A.5, uses a linear combination of all

three channels which has been empirically shown to give improved heart rate estimates.

The same bandpass filter as described above was used within the CHROM algorithm.

The performance of these two methods is expressed in Table 6.2 as the mean absolute

error between the estimates from each method and the left and right pulse oximeters

(MAEL and MAER respectively).

To take the maximal resolution of the FFT into account, the results are also shown

in Table 6.3, expressed as the percentage of windows for which the estimated heart rate

using each method is more than 4bpm away from the reference heart rates. As may be

observed, these represent a clear minority of estimates in many subjects (particularly

HP3-24, HP3-04, and HP3-42) and are ignored in all subsequent analysis. The results

presented in these two tables highlight the CHROM algorithm put forward in [45] as

being significantly more effective than a simple filtering operation on the green channel

in determining the heart rate in Type V (HP3-06 and HP3-24) and VI (HP3-04 and

HP3-42) subjects. Throughout the rest of this thesis unless otherwise stated, the heart

rate will therefore be calculated using the CHROM algorithm to maximise performance.

1These correspond to the range of the heart rates within the Hypoxia dataset (see Chapter 3)
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Table 6.2: Heart Rate MAE - CHROM [45] and HRgf [202] algorithms as explained in the
text.

CHROM HRgf

MAEL MAER MAEL MAER

HP3-20 1.83 1.86 1.80 1.84
HP3-31 1.39 1.36 1.47 1.44
HP3-03 1.65 1.56 1.78 1.64
HP3-25 2.68 2.70 2.87 2.88
HP3-14 2.11 2.14 2.09 2.13
HP3-15 1.66 1.66 1.64 1.65
HP3-29 1.20 1.23 1.22 1.25
HP3-07 1.96 1.90 2.46 2.36
HP3-24 1.11 1.07 1.10 1.07
HP3-06 1.60 1.63 2.43 2.42
HP3-04 3.82 3.78 9.55 9.48
HP3-42 4.70 4.65 6.51 6.44

Table 6.3: Proportion of estimated HR with a difference greater than 4bpm with respect to
the reference HR for the two algorithms considered.

CHROM HRgf

MAEL MAER MAEL MAER

HP3-20 0.12 0.12 0.12 0.12
HP3-31 0.04 0.04 0.05 0.05
HP3-03 0.09 0.08 0.10 0.09
HP3-25 0.25 0.25 0.26 0.27
HP3-14 0.16 0.16 0.16 0.16
HP3-15 0.09 0.10 0.09 0.09
HP3-29 0.02 0.02 0.02 0.03
HP3-07 0.13 0.12 0.15 0.15
HP3-24 0.01 0.01 0.01 0.01
HP3-06 0.06 0.06 0.11 0.11
HP3-04 0.29 0.28 0.49 0.48
HP3-42 0.22 0.22 0.37 0.37
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6.3.2 Oxygen Saturation

The three different methods described in Section 6.2.2 were tested on the 12 test subjects

from Table 5.1. The heart rate used in the EBM method, as well as the heart rate signal

used for peak detection in the PTD method and peak alignment in the SA method was

calculated using the CHROM method operating on all skin ROIs. Two different methods

of normalising the AC signals were used: using the average DC (DCµ), whereby each

window is normalised using the average of all samples within the window, and a low-pass

filter normalisation (DClpf ), whereby the AC signal is normalised by a low-pass filtered

version of the overall signal (the low-pass filter used was a 48th order FIR filter with a

cut-off frequency of 0.67Hz). The results, reported as the coefficient of determination

r2 between the mean reference oxygen saturation of the two pulse oximeters and the

video camera signal, are reported in Figure 6.3. For each method the correlation was

estimated on single channels (R,G,B) and ratios of the channels (R/G, R/B, G/B, G/R,

B/R, B/G).

Figure 6.3 is useful in comparing the different methods and the relationships between

the three colour channels and oxygen saturation. Subjects are grouped in pairs of the

same Fitzpatrick skin colour type going from Skin Type I to Skin Type VI from bottom

to top. It is immediately obvious that the signal averaging (SA) method consistently

outperforms all other methods. Regardless of the choice of method or channel combination

subjects HP3-31, HP3-06, HP3-04, and HP3-42, yielded very poor results. This may be

due to increased levels of motion or the effect of melanin in light absorption, as the last

three subjects have the highest Fitzpatrick Skin Types (V and VI). The type of baseline

normalisation used (using a low-pass filtered signal or the average over the window)

was explored for the SA method and the low-pass filtered version (SAlpf ) was found to

perform best.

Of the colour channels, it is the amplitude of the red channel that is most affected

by oxygen saturation: the ratios with the red normalised AC signal in the numerator or
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Figure 6.3: Coefficient of determination r2 (colour-coded) found for each subject (x-axis)
using the different combinations of algorithms (y-axis) and colour channels.
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denominator have the highest correlation with the oxygen saturation. Of the different

colour channel ratio combinations, the highest correlation is found for R/B. For HP3-24,

SAlpf yields a higher value of r2 when applied to the R/G ratio. When investigated, it

was found that, for cases in which the amplitude of the normalised red channel was in

the numerator, there was a negative correlation with oxygen saturation, while a positive

correlation was found for cases for which the amplitude of the normalised red channel

was in the denominator. This dual relationship could indicate a model of the sort:

S ∝ log(
C

R
) (6.9)

where S is the oxygen saturation, R is the red channel and C is another channel that

is independent of oxygen saturation. This logarithmic model, which would explain the

correlations found in the data, was tested using both green and blue as C, and the results

are shown in Figure 6.4. The results indicate that a model of type S ∝ −R
B

is equivalent

in performance to a logarithmic model; however the latter also has the advantage that

the normalised amplitude of the red will be most sensitive to noise when it is smallest

(i.e. at high saturations) and the logarithm should attenuate the magnification of the

noise. Throughout the remainder of this chapter, the logarithmic form will therefore be

used for the definition of the ratio of ratios (RoR).

The ratio of ratio method based on normalised AC amplitudes gives much lower

performance values of r2 than the baseline method in estimating oxygen saturation

(compare Figure 6.4 with Figure 5.7), and the reasons for this may be seen in Figure 6.5.

Here, the logarithms of the ratio of ratios of blue to red AC normalised amplitudes are

regressed for each subject onto the reference oxygen saturation using the linear regression

from Equation 6.9. Compared to the equivalent plot for the baseline method in Chapter

5, Figure 6.5 shows estimates that are much less stable and oscillate significantly about

the mean. Although the application of the motion SQI from Chapter 4 (SQIL) does

remove some of the larger changes, the estimates still remain very noisy.
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Figure 6.4: Relationship between oxygen saturation and colour
channel ratios.
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Figure 6.5: Regressed RoR camera estimates for all subjects
using log(BR ). The continuous red line indicates the reference oxygen
saturation, taken as the mean of the two pulse oximeters, the continuous
black line shows the regressed estimates with no SQI but matching HR,

and the blue points are the regressed estimates using SQIL.
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6.3.3 Weighted Averaging

The ROIs are selected solely on the basis of the skin detection algorithm, which, working

solely on the basis of colour, may include non-skin pixels such as hair or background

that may be distorting the signal obtained by simple averaging. This hypothesis may

be tested by introducing a weighting to the average that would emphasise ROIs having

a clear periodic component with a frequency corresponding to the heart rate. This

may be achieved by evaluating the heart rate SNR (SNRHR) of each ROI and giving

it a weighting corresponding to its strength relative to the total. The signal-to-noise

ratio (SNR, or SNRdB for the decibel-based SNR) specific to fHR, SNRHR, can then

be calculated using the SNR function SNR [44, 63, 157] on each channel of each ROI,

where SNRdB = 10 log (SNR) and SNR is defined as:

SNR = SNR{x(t), f̂} =

∫ b
a
V(f̂)|F{x(t)}|2df∫ b

a
[1− V(f̂)]|F{x(t)}|2df

(6.10)

for an integral over frequencies f from f = a to f = b, the Fourier transform of a

detrended and appropriately filtered timeseries x(t), F{x(t)}, and an M-step function

(shown in Figure 6.6) V(f) defined by the convolution:

V(f) =

[
M∑
m=1

δ(f −mf̂)

]
∗ Π(±fh) (6.11)

centred on the fundamental frequency of interest f̂ (in this case fHR) and the M

harmonics of interest, with δ as the Dirac delta function and Π as the rect function of

half-width fh. The weighting wi attributed to each ROI i = 1, ..., Q is then given by:

wi =
SNRHR∑Q
i=1 SNRHR

(6.12)

To evaluate the effect of the introduction of the weighted averaging, the coefficients of

determination for the R-B RoR using the SA method with DClpf while normalising each



6.3 Inital Results 138

ḟ ḟ + fhḟ - fh 2ḟ 2ḟ + fh2ḟ - fh

1
A

m
pl

itu
de

Frequency

Figure 6.6: The M-step function V(f), shown for M=2.

ROI prior to averaging were found for weightings that used the SNRHR computed using

the green channel. The results are shown in Figure 6.7 and indicate that the use of the

weighted average does bring about some improvement but not consistently so, as shown

by the results for subjects HP3-25, HP3-29, and HP3-07. Because of the extremely low

correlation between RoR and oxygen saturation, Type VI subjects will be ignored for

now.

One reason for the uneven performance of weighted averaging may be the over-emphasis

given to false signals: because of the greater weighting given to them, ROIs that are not

due to colour change may be skewing the results. Such ROIs, as discussed in Chapter 2.5.3,

are characterised by two different phenomena: movements deriving from heart pulsations

and random movements that happen to be heart rate-synchronous. The former category

can be further subdivided into local heart rate movements, due to local skin movements

such as those reported by [238] when observing pulse-related movements on a wrist,

which lead to local changes in superficial light reflectance; and global movements due to

heart rate, that are instead the result of pressure changes along the entire vasculature

leading to slight inelastic movements of the head, as studied in some detail by [8]. Within

the proposed method, these signals appear as a result of reflectance changes caused by

changes in the angle of reflection or caused by intensity changes as features of different

intensities move in and out of an ROI (see Figure 6.8). Movements independent of heart
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Figure 6.7: Coefficient of determination r2 for results computed
using the weighted average as compared to the simple average.

rate may instead be caused by (a) random cardiac-synchronous body movements, or (b)

blinking, or lighting aliasing, occurring at a frequency within the expected heart rate

range.

6.4 ROI Selection

6.4.1 Selection Criteria

A careful preselection of ROIs is therefore crucial to obtain an accurate AC-based estimate

of oxygen saturation, more so than it was for estimates based on changes in baseline

because of the nature of what is analysed. In order to distinguish between those ROIs

showing a cardiac-synchronous periodicity due to colour and those that are instead due

to some type of movement, prior domain knowledge of the form of the expected signal

and the occurrence of the false signals may be used.
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Firstly, if a signal is clearly detectable, its morphology may be used. A PPG signal

will have a number of properties in common with other PPG signals: it should be

approximately in phase with any other PPG signal in the vicinity, with a possible time

delay introduced by the pulse transit time (PTT) between one area of the face and

another. The pulse transit time itself is correlated with vessel tone and as such is the

object of active research [43]; however to the author’s knowledge no published work has

investigated the pulse transit time between two regions on the face. An upper bound

of ≈ 350ms can be placed with a reasonable degree of confidence on the maximal time

difference between two areas of skin on the face based on the average pulse transit time

between heart and finger [187]. In practice, the actual maximal time difference is likely

to be significantly lower as the relative distance travelled by the pulse will be smaller (see:

[43]). Pulsatile components due to global movements may instead be completely out of

phase with the PPG depending on the intensity differential across the region of interest

and the direction of movement, as shown schematically in Figure 6.8. However, as the

motion is that of a non-rigid body, further phase distortions may be present depending

on the time lag between the change in pressure and the movement itself.

Another means of distinguishing between a PPG signal and cardiac-synchronous

motion is the morphology of the signal itself. This is demonstrated clearly in Figure 6.9,

showing a signal from the forehead in blue with a characteristic long-rise time and short

fall time (similar to other reflectance PPG waveforms shown in the literature) compared

with a signal from the side of the throat in red that is instead due to motion and that

has a very short rise time and an extended fall time. Interestingly, the latter is much

more like the PPG waveform in contact pulse oximetry, even exhibiting a characteristic

dicrotic notch.

The amplitude of the PPG signal will also be consistent across all skin regions, with

signals with very high amplitudes likely to be caused by motion. This is a similar

argument to that put forth by [44] for selecting pixels to be included in the estimation of
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Figure 6.8: It is the relative gradient of the intensities surrounding
the region of interest and the relative trajectory of the body with respect
to the region of interest that determine the phase of the periodic signal
over time if it is purely due to motion. Here, for two bodies (one with
a black top and another with a white top) that move in an oscillatory
fashion in the vertical direction only, and which at time t = 0 are
moving upwards as indicated by the arrow, the mean values of the
intensities of the regions of interest (shown in grey at the centre of the
body) for the two bodies will be exactly in antiphase, although their

frequency will be identical.

heart rate based on closeness in RGB space, leading to the rejection of ROIs that have

very high AC variances compared to others.

Thus the phase and morphology of the signal may also be employed to select ROIs.

Based on prior literature on the subject (see Chapter 2), the green AC signal is expected

to have a greater amplitude than the red or blue signals, and the heart rate frequency

should be the single most dominant frequency present in the green detrended signal.

Finally, the baseline of the signal may be used to improve the skin segmentation by

noting that skin pixels in ambient light will have a greater red component than other

channels [96, 226], thus requiring the red baseline to be always greater than the green or

blue.

The set of conditions an ROI i has to meet in order to be included into the weighted

averaging of the signals may therefore be represented as:

Li = Lis ∩ Lid ∩ Liv ∩ Lim ∩ Lip ∩ Lia ∩ Lif (6.13)
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Figure 6.9: The green SNRHR map on the left indicates regions
of high SNRHR both around the forehead and at the sides of the
throat. The signal-averaged green channel forehead pulse (blue) is
morphologically distinct from the signal-averaged throat pulse (red) -

see right-hand plots.

Where

• Li is the cumulative binary selection condition

• Lis is the skin/non-skin classification criterion discussed in Chapter 4.3.2

• Lid is the requirement for the red component of the baseline to be greater than the

blue or green components

• Liv characterises those ROIs having an AC variance (i.e. after the removal of the

baseline signal) within two standard deviations of the mean AC variance of all

ROIs

• Lim is the requirement that, for each ROI, the signal-averaged waveform must have

a greater rise time than fall time

• Lip is the requirement that, for each ROI, the signal-averaged waveform must have

a delay of less than half a period with respect to the signal-averaged waveform of
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all ROIs averaged together.

• Lia is the condition that for each ROI the amplitude of the signal-averaged green

channel should be greater than both the amplitude of the signal-averaged red signal

and the amplitude of the signal-averaged blue signal

• Lif is the condition that, for each ROI, the heart rate frequency should be the

dominant frequency of the filtered green signal.

Skin Baseline Amplitude Rise Time

Phase Amplitude Ratio Dominant Frequency Cumulative

Figure 6.10: Each condition acts to remove some of the ROIs that
had been considered as skin by the skin detection algorithm. From left
to right, top row: Ls, Ld, Lv, Lm. From left to right, lower row: Lp,

La, Lf , L.

The individual and cumulative effects of the conditions on the ROIs available over

the course of one window are shown in Figure 6.10. As may be observed, while the skin

detector has classified the hair as skin, this is removed by the condition of having the

heart rate as the dominant frequency. While amplitude alone serves to eliminate the

eye pixels (characterised by high-amplitude changes because of blinking), the amplitude

ratio and morphology conditions both help remove the throat pixels associated with

movement.
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The application of the set of conditions given in Equation 6.13 to the 12 test subjects

gives mixed results, with improvements in performance for many subjects but also

decrease in performance for some subjects (e.g. HP3-07) as may be observed in Figure

6.11.

Subject ID

20 31 03 25 14 15 29 07 24 06 04 42

r2

0

0.2

0.4

0.6

0.8

1

No Criteria

All Criteria

Figure 6.11: The coefficient of determination for each subject both
using and not using the ROI selection criteria.

6.4.2 Selection Criteria Analysis

In order to evaluate the impact of each selection criterion on the results, the number of

ROIs chosen by each criterion was investigated, reported as the average number of ROIs

accepted by each method as a proportion of those selected by the skin detection criterion

over the course of each session (Figure 6.12). In addition to determining which criteria

were the most selective, the overlap between different methods was also investigated.

This was done by examining the average number of ROIs coinciding for any two methods

as a fraction of the number of ROIs selected by the most selective method (so as to avoid

redundancy with Figure 6.12). The results are shown as a confusion matrix in Figure

6.13. Finally, the effect of every individual criterion and different combinations of criteria

was evaluated by examining its effect on the coefficient of determination between the

RoR and the reference oxygen saturation (Tables 6.4, 6.5, and 6.6).
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Figure 6.12: Average proportion of ROIs accepted by each selection
criterion as a proportion of those selected by the skin/non-skin

classification method.

The requirement for every ROI to generate an AC signal that is clearly related to heart

rate is by far the most stringent condition imposed, shortly followed by the requirement

for the green channel AC signal to have the largest amplitude, and that of the rise time

being greater than the fall time. Furthermore, the amplitude and the dominant signal

conditions have the least overlap, with over 25% of the ROIs selected by the dominant

signal condition not corresponding to any selected by the amplitude condition, as may

be observed from Figure 6.13. This indicates that these three conditions are the ones

which have the most impact on the results. A comparative analysis was therefore run

to determine whether reducing the stringency of the conditions imposed on the ROI

selection would affect the correlation with the reference oxygen saturation.

Three different overall selection criteria were constructed, reducing the stringency of

the selection criteria imposed:

L′i = Lis ∩ Lid ∩ Liv ∩ Lip ∩ Lim ∩ Lia (6.14)

that removes the dominant frequency selection criterion, and:
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Table 6.4: A comparison of the individual performances of the selection criteria in terms of
the correlation r2 of the resulting signal with the reference oxygen saturation.

Ls Ld Lv Lp Lm La Lf

HP3-20 0.82 0.82 0.82 0.82 0.81 0.83 0.78
HP3-31 0.40 0.40 0.49 0.39 0.53 0.76 0.32
HP3-03 0.68 0.68 0.71 0.67 0.63 0.77 0.61
HP3-25 0.57 0.57 0.62 0.57 0.58 0.68 0.55
HP3-14 0.92 0.92 0.92 0.92 0.92 0.92 0.91
HP3-15 0.87 0.87 0.88 0.87 0.86 0.91 0.88
HP3-29 0.58 0.58 0.65 0.54 0.45 0.72 0.49
HP3-07 0.64 0.64 0.68 0.65 0.59 0.72 0.50
HP3-24 0.82 0.82 0.84 0.82 0.84 0.86 0.86
HP3-06 0.33 0.33 0.40 0.33 0.30 0.38 0.26
HP3-04 0.00 0.00 0.02 0.00 0.00 0.03 0.00
HP3-42 0.05 0.06 0.05 0.02 0.03 0.01 0.00

L′′i = Lis ∩ Lid ∩ Liv ∩ Lip ∩ Lim (6.15)

which removes both the dominant frequency selection criterion and the amplitude

selection criterion, and:

L′′′i = Lis ∩ Lid ∩ Liv ∩ Lip (6.16)

that further removes the morphology criterion (rise time). The performances of

these three methods against the initial overall criterion L are shown in Table 6.5. The

results demonstrate that whereas Lf adds contributes little information to the estimation

of oxygen saturation, La is often able to reduce the effect of false ROIs, giving L′ a

performance gain with respect to L′′ and L′′′.

Table 6.5 would also seem to indicate that removing Lf and Lm improve performance,

whereas, in agreement with Table 6.4, removing La decreases performance. Furthermore,

the results using multiple ROI selection criteria are still inferior to simply using La. A

new combination of criteria was thus tested to emphasise the role of La, whereby:
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Figure 6.13: Confusion matrix indicating what percentage of ROIs
were selected by any two methods on average across all subjects. Bright
yellow indicates the most overlap and dark blue indicates the least

overlap.

Li+ = Lis ∩ Lid ∩ Liv ∩ Lip ∩ Lia (6.17)

Li++ = Lis ∩ Lid ∩ Liv ∩ Lia (6.18)

Li+++ = Lis ∩ Lid ∩ Lia (6.19)

The results using these selection criteria are shown in Table 6.6, showing a modest

improvement for L++ compared to all other selection criteria. The final results, using

the L++ criterion on all 12 subjects is instead shown in Figure 6.14.

In conclusion, the single most important criterion to determine that the signal is

derived from a colour change is the condition for the green AC amplitude to be greater

than the blue and red AC amplitudes, with the Ld and Lv conditions occasionally yielding

a very marginal improvement. This is likely to be due to the fact that, as shown in

Figures 6.12 and 6.13, the La condition is both fairly stringent and has a good overlap

with all other criteria.
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Table 6.5: Comparing the performance of different selection criteria, from L (most ROI
conditions) to L′′′ (least ROI conditions).

L L′ L′′ L′′′

HP3-20 0.80 0.82 0.81 0.82
HP3-31 0.72 0.74 0.59 0.48
HP3-03 0.75 0.75 0.67 0.70
HP3-25 0.65 0.68 0.62 0.62
HP3-14 0.92 0.92 0.92 0.92
HP3-15 0.91 0.91 0.88 0.89
HP3-29 0.70 0.73 0.53 0.62
HP3-07 0.40 0.69 0.66 0.70
HP3-24 0.85 0.85 0.85 0.84
HP3-06 0.38 0.39 0.40 0.40
HP3-04 0.04 0.05 0.01 0.01
HP3-42 0.00 0.00 0.02 0.05

Table 6.6: Performance of amplitude-based criteria

L+ L++ L+++

HP3-20 0.83 0.83 0.83
HP3-31 0.77 0.78 0.77
HP3-03 0.76 0.78 0.77
HP3-25 0.69 0.70 0.68
HP3-14 0.92 0.92 0.92
HP3-15 0.91 0.91 0.91
HP3-07 0.68 0.73 0.72
HP3-29 0.73 0.73 0.72
HP3-24 0.86 0.86 0.86
HP3-06 0.40 0.40 0.38
HP3-04 0.02 0.01 0.02
HP3-42 0.01 0.01 0.01
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Figure 6.14: Regressed RoR camera estimates for all subjects using
log(BR ) and the L++ criterion. The continuous red line indicates
the reference oxygen saturation, taken as the mean of the two pulse
oximeters, the continuous black line shows the regressed estimates
with no SQI but matching HR, and the blue points are the regressed
estimates using SQIL. A marked improvement is visible, particularly

for HP3-31, with respect to Figure 6.5.
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6.5 Regression Models

If the linear model used to regress the RoR estimates onto the reference oxygen saturation

is considered, whereby:

S = λ0 + λ1 log(R) (6.20)

where R is the ratio of the blue normalised AC to the red normalised AC, calculated

using the L++ criterion, the dependence of λ1 on the skin’s initial conditions (at the

start of each hypoxia session – when the subject was breathing air) was explored for

all subjects excluding HP3-06, HP3-04, HP3-42. As may be observed in Figure 6.15,

although no relationship is particularly visible between the Fitzpatrick scale and λ1, a

weak linear relationship was found between λ1 and the RoR for red and blue and for

green and blue at the beginning of the session, calculated by taking the average ratio of

normalised amplitudes during the time when the subject was breathing air.

This relationship would indicate the possibility of quantifying to some degree of

accuracy the changes in oxygen saturation so as to move from a method that tracks

relative changes to one that tracks absolute changes in oxygen saturation under the

conditions of the Hypoxia dataset. The relationship between λ0 and the starting conditions

was also evaluated in the same manner and a stronger relationship was found both for

the red and blue log-ratio and the green and blue log-ratio (Figure 6.16).

These results show that the linear relationship between the camera-derived estimates

(using the RoR method) and oxygen saturation may be expressed as a function of the

starting conditions and further equations, as explored in the next Chapter. There we

will examine the implications of such a relationship and attempt to derive the values of

oxygen saturation based on values derived for these equations.
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Figure 6.15: Relationship between the RoR initial conditions (on
air at the beginning of each Hypoxia session) and the linear regression

parameter λ1, showing the line of best fit in red.
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Figure 6.16: Relationship between the RoR initial conditions (on
air at the beginning of each Hypoxia session) and the linear regression

parameter λ0, showing the line of best fit in red.
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6.6 Chapter Conclusion

In this chapter, the ratio of ratios (RoR) method, was derived from first principles and

applied to the data from the 12 test subjects of the Hypoxia study. It was found that the

ratio of the normalised blue amplitude to the normalised red amplitude gave the best

results within these conditions, although estimates were again unusable for Fitzpatrick

Type VI subjects. The method is more noisy than the baseline method derived in

Chapter 5, and a number of selection criteria were put forward and tested to improve the

signal-to-noise ratio. A link was found between the starting conditions of the subject (i.e.

the starting colour) and the parameters used for the linear regression onto the oxygen

saturation, hinting at the possibility of an absolute measurement of oxygen saturation

using video cameras.



Chapter 7

Thesis Results and Discussion

7.1 Introduction

This chapter evaluates further the baseline-derived method and the ratio-of-ratios (RoR)

method that have been developed in Chapters 5 and 6 respectively for tracking changes in

oxygen saturation. The remaining 34 Hypoxia sessions are used to evaluate the methods

in Section 7.2, using the coefficient of determination (r2) and the mean absolute error

between the reference oxygen saturation and the linearly regressed baseline and RoR

methods as the key metric (Section 7.2.1). The effect of applying the ROI selection

methods used in the RoR estimates are investigated in Section 7.2.2, while the differences

between the baseline and RoR methods are analysed in Section 7.2.3. Section 7.2.4

investigates the root causes of poor performance on particular subjects.

Finally, an initial attempt at an absolute estimation of oxygen saturation from the

RoR data available is made in Section 7.3. The linear fit between RoR and oxygen

saturation is parameterised and modelled as dependent on the starting values of RoR on

air. To demonstrate that an absolute derivation of oxygen saturation is possible given

similar ambient conditions, the model parameters are estimated using half of the subjects

and tested on the other half. The linear fit is only sought for Fitzpatrick Types I-V.
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7.2 Hypoxia Results and Analysis

7.2.1 Results Summary

The performance of the baseline method and RoR method with the L++ condition on all

the participants (12 test subjects and the remaining 34 subjects) is summarised in Table

7.1. The effect of the movement SQI described in Chapter 4.3.3, is also investigated, with

the right-hand side of the table reporting the percentage of windows that are accepted

when using SQIL and the corresponding MAE and r2 values for both the baseline (Chapter

5) and RoR (Chapter 6) methods. As already reported in chapters 5 and 6, both methods

fail on Type VI subjects, with no correlation (r2 ≤ 0.06) found between the RoR method

and the reference oxygen saturation, and a low correlation (r2 ≤ 0.51) found between

the baseline method and the reference oxygen saturation.

The overall performance of the methods, on all subjects excluding Type VIs, is also

analysed using Bland-Altman plots, as shown in Figure 7.1. As in previous chapters, the

Bland-Altman plot is generated by comparing the reference oxygen saturation with a

linear regression of the method’s estimates onto the reference estimates themselves, and

should therefore represent the ideal linear mapping between the two. A consequence of

this approach is that the average difference between the two is by definition zero, so the

distribution of points about this mean is the most relevant metric, and shows the variance

of the method’s results. As may be seen from the plots, the baseline method yields results

with low variance, whereas the RoR method varies significantly around the value, giving

normal standard deviations (1.96σ) of 5.2% and 5.9% respectively. A diagonal cut-off

is present at the right-hand end of both plots. This is because the reference oxygen

saturation has an upper limit at 100%, whereas camera-derived estimates have no upper

bound.

As a means of comparison, the two reference values (for the pulse oximeters placed on

the subjects’ left – RefL – and right – RefR – index fingers respectively) are also plotted
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on a Bland-Altman plot as shown in Figure 7.2. Unlike Figure 7.1, the plot shows a

small bias (of 0.45%) between the two reference SpO2 values; however, the spread is

much smaller, with a standard normal deviation of 2.35%. This is not surprising, as

both pulse oximeters are from the same manufacturer, they were both initialised in the

same way, and the measurements made with them were from similar physiological sites.

The difference between these two pulse oximeters is within the ranges described in the

literature [12, 145], where a mean difference of up to 4% has been reported.
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Subject

(HP3-)

Fitzpatrick

Skin

Type

NO SQI SQIL

Baseline

r2

Baseline

MAE

(%)

RoR

r2

RoR

MAE

(%)

Valid

Windows

(%)

Baseline

r2

Baseline

MAE

(%)

RoR

r2

RoR

MAE

(%)

22 I 0.83 2.17 0.68 3.07 49 0.82 2.23 0.65 3.18

23 I 0.85 1.31 0.70 1.88 40 0.86 0.99 0.76 1.52

40 I 0.64 1.58 0.42 2.14 56 0.77 1.21 0.51 1.95

46 I 0.90 1.25 0.76 1.96 64 0.90 1.21 0.78 1.93

47 I 0.93 0.63 0.76 1.07 36 0.93 0.65 0.73 1.18

20 I 0.89 1.48 0.79 2.21 74 0.88 1.51 0.83 2.13

31 I 0.93 1.16 0.77 2.32 63 0.95 1.04 0.78 2.16

08 II 0.91 1.36 0.81 2.06 51 0.93 1.18 0.85 1.85

09 II 0.95 1.23 0.86 2.09 44 0.95 1.24 0.87 2.12

10 II 0.87 1.95 0.88 1.90 52 0.91 1.63 0.91 1.73

12 II 0.76 2.61 0.73 2.74 53 0.83 2.15 0.81 2.25

21 II 0.49 3.60 0.52 3.53 42 0.87 1.55 0.56 3.15

32 II 0.88 1.59 0.66 2.72 54 0.89 1.50 0.73 2.35

34 II 0.71 2.25 0.67 2.29 49 0.79 1.77 0.75 2.03

03 II 0.89 1.58 0.72 2.39 49 0.91 1.41 0.78 2.14

25 II 0.91 1.50 0.75 2.46 31 0.96 1.05 0.70 2.23

05 III 0.89 1.39 0.81 2.00 48 0.90 1.45 0.84 1.97

11 III 0.27 3.95 0.38 3.90 56 0.32 3.69 0.37 3.89

16 III 0.79 1.48 0.68 2.10 42 0.91 0.93 0.78 1.67

19 III 0.69 2.34 0.75 2.10 60 0.73 2.26 0.83 1.84

28 III 0.18 4.87 0.14 4.86 41 0.40 3.70 0.55 2.84

30 III 0.94 1.24 0.91 1.55 48 0.93 1.32 0.92 1.48

14 III 0.94 1.17 0.91 1.45 45 0.95 1.03 0.92 1.57

15 III 0.96 1.07 0.92 1.52 53 0.95 1.20 0.91 1.41

13 IV 0.94 1.17 0.94 1.28 53 0.95 1.21 0.94 1.29

26 IV 0.49 3.75 0.74 2.64 63 0.58 3.50 0.77 2.57

27 IV 0.56 3.01 0.46 3.20 72 0.61 2.63 0.56 2.70

33 IV 0.87 1.75 0.84 2.09 74 0.89 1.62 0.84 2.07

36 IV 0.86 1.53 0.80 1.90 53 0.90 1.32 0.84 1.73

37 IV 0.90 1.61 0.92 1.27 59 0.90 1.55 0.92 1.25

38 IV 0.72 2.25 0.57 2.90 44 0.84 1.66 0.67 2.46

39 IV 0.83 1.78 0.58 3.35 48 0.90 1.23 0.67 3.02

29 IV 0.87 1.69 0.72 2.60 38 0.90 1.68 0.73 2.53

07 IV 0.84 2.06 0.74 2.41 44 0.88 1.60 0.73 2.44

41 V 0.78 2.25 0.71 2.46 51 0.75 2.18 0.73 2.22

43 V 0.35 3.86 0.19 4.31 58 0.54 3.19 0.40 3.63

44 V 0.73 2.27 0.53 3.06 67 0.69 2.33 0.51 2.91

48 V 0.03 2.19 0.21 1.91 11 0.01 2.56 0.53 1.57

50 V 0.82 1.50 0.53 2.61 52 0.84 1.51 0.58 2.47

24 V 0.93 1.17 0.84 1.84 41 0.92 1.17 0.86 1.81

06 V 0.82 2.43 0.38 4.77 49 0.86 2.29 0.40 4.26

35 VI 0.00 5.10 0.03 5.05 20 0.21 2.61 0.05 3.45

45 VI 0.14 4.67 0.01 4.99 36 0.49 2.95 0.03 4.74

49 VI 0.37 3.73 0.01 4.87 54 0.42 3.14 0.00 4.31

04 VI 0.03 4.89 0.00 4.98 49 0.13 4.01 0.01 4.38

42 VI 0.42 3.52 0.01 5.20 45 0.87 1.53 0.01 4.74

Table 7.1: Results using the baseline method (developed in Chapter 5) and the RoR method
with the L+ + condition (developed in Chapter 6) on the remaining Hypoxia sessions, listed

by Fitzpatrick type. The 12 test subjects are also present in italics.
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Figure 7.1: Bland-Altman plot for the estimated oxygen saturations using the baseline
method (7.1b) and RoR (7.1a) method with the L + +criterion. Each estimate was first
regressed linearly onto the reference oxygen saturation. Results are reported for SQIL = 1 and

each colour represents a different subject, excluding Type VI subjects.
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Figure 7.2: Bland-Altman plot used to compare the two reference
SpO2 values for the two pulse oximeters. Subjects of Type VI are

excluded. Each colour represents a different subject.

7.2.2 Effect of ROI Selection on Baseline Estimates

In Chapter 6, the need for methods of ROI selection arose as a result of the increased

level of accuracy required to measure minute changes in signal amplitude, leading to a

consistent improvement in the performance of the RoR method. Table 7.2 shows the

effect of applying the most important selection criteria of Chapter 6 to the baseline

estimates derived from the method of Chapter 5. It might be expected that the use of

these conditions should improve the baseline estimates but this is not the case.

Although the addition of the basic Ld condition (that takes advantage of the fact that

skin pixels are expected to be more red than other pixels in the image) performs as well

as the original algorithm of Chapter 6 (and better in the case of HP3-26), the addition

of further criteria does not lead to any further improvements. This is different to the

case of the RoR algorithm, in which the addition of the L+ + condition improved the r2

values. As the baseline method is effectively measuring an overall average, both in space
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and time, outlier elimination on the average ROI-cloud in RGB-space may not be as

important as in the calculation of the RoR estimates if there are many ROIs from which

to draw. If there are only a few available ROIs, the centroid of such a sparse ROI-cloud

will move more as this will lead to less accurate estimates by the baseline method.
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Table 7.2: Effect of the RoR selection criteria on the r2 values obtained with the baseline
estimates

Subject
(HP3-)

Fitzpatrick
Skin Type

Ld La L+++ L++

22 I 0.83 0.83 0.80 0.80 0.79
23 I 0.85 0.85 0.83 0.83 0.82
40 I 0.64 0.64 0.66 0.66 0.65
46 I 0.90 0.90 0.90 0.90 0.90
47 I 0.93 0.93 0.93 0.93 0.93
20 I 0.89 0.89 0.89 0.89 0.89
31 I 0.93 0.93 0.91 0.91 0.90
08 II 0.91 0.91 0.91 0.91 0.91
09 II 0.95 0.95 0.95 0.95 0.95
10 II 0.87 0.87 0.85 0.85 0.84
12 II 0.76 0.76 0.42 0.42 0.38
21 II 0.49 0.49 0.55 0.55 0.54
32 II 0.88 0.88 0.88 0.88 0.88
34 II 0.71 0.71 0.71 0.71 0.71
03 II 0.89 0.89 0.86 0.86 0.86
25 II 0.91 0.91 0.88 0.88 0.87
05 III 0.89 0.89 0.88 0.88 0.87
11 III 0.27 0.11 0.23 0.10 0.11
16 III 0.79 0.80 0.77 0.77 0.77
19 III 0.69 0.71 0.50 0.50 0.50
28 III 0.18 0.18 0.07 0.07 0.06
30 III 0.94 0.94 0.92 0.92 0.92
14 III 0.94 0.94 0.93 0.93 0.94
15 III 0.96 0.96 0.95 0.95 0.95
13 IV 0.94 0.94 0.93 0.93 0.93
26 IV 0.49 0.89 0.63 0.75 0.75
27 IV 0.56 0.58 0.42 0.44 0.44
33 IV 0.87 0.87 0.85 0.85 0.85
36 IV 0.86 0.86 0.83 0.83 0.82
37 IV 0.90 0.90 0.86 0.86 0.85
38 IV 0.72 0.81 0.45 0.39 0.40
39 IV 0.83 0.83 0.76 0.76 0.75
29 IV 0.87 0.87 0.77 0.77 0.76
07 IV 0.84 0.84 0.69 0.69 0.69
41 V 0.78 0.78 0.67 0.67 0.66
43 V 0.35 0.35 0.43 0.43 0.42
44 V 0.73 0.73 0.62 0.62 0.62
48 V 0.03 0.26 0.00 0.04 0.03
50 V 0.82 0.82 0.64 0.64 0.63
24 V 0.93 0.93 0.91 0.91 0.91
06 V 0.82 0.82 0.52 0.53 0.51
35 VI 0.00 0.00 0.01 0.01 0.00
45 VI 0.14 0.14 0.46 0.46 0.36
49 VI 0.37 0.17 0.05 0.08 0.05
04 VI 0.03 0.01 0.01 0.01 0.01
42 VI 0.42 0.34 0.15 0.09 0.10
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7.2.3 Differences Between Baseline and RoR Estimates

Both Table 7.1 and the Bland-Altman plots in Figure 7.1 show a marked difference

between the results from the baseline method and from the RoR method. As already

mentioned, the main reason for this difference is the high variability of the RoR estimates

compared to the relative stability of the baseline estimates. As shown in the preceding

Section, the large number of regions of interest available to the baseline method will

smooth the estimate, whereas the variance of the RoR method depends on both the

number and the quality of the ROIs it selects, such that a careful balance must exist

between allowing as many ROIs as possible and restricting them to those which met a

set of conditions. In addition to this, the baseline method is essentially a temporal- and

spatial-average over all available pixels over a 15-second window, and as a result of this

any erroneous changes will be smoothed. Although an averaging step does occur in the

derivation of the RoR estimate, this is both dependent on the accuracy of peak selection

and on the interference caused by changes in breathing rate, changes in light intensity,

or movement, so that slight changes in these can have a large impact on the estimation

of the normalised wave amplitude.

The differences in variance between the two methods can therefore be ascribed to the

stability of the methods and the way the ROIs are used rather than to the type of oxygen

saturation sampled by each method (mixed, venous, or arterial oxygen saturation). After

all, for very stable subjects such as HP3-37, the baseline MAE is in fact larger than the

RoR MAE. This in turn leads to the question as to whether, if the variance of the two

methods were the same, the accuracy (or bias) would differ. A good example of a case

in which the accuracy does differ is Figure 7.3, showing the linearly regressed traces of

the baseline and RoR estimates plotted on top of the reference oxygen saturation for

Subject HP3-13. As may be observed, the baseline estimates appear to follow the fast,

double resaturation and desaturation stage poorly, such that estimates that the elevation

angle φ for an oxygen saturation of 95% after a rapid resaturation is different from the
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Figure 7.3: A comparison of the baseline estimates (top) and RoR
estimates (middle), each linearly regressed onto the reference SpO2 (in
red in each plot). Baseline and RoR estimates are shown in black (no
SQI) and blue (SQIL). The lower plot shows the movement during
that period, calculated by estimating the displacement of the facial

bounding box centroid from the beginning of the session.
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elevation angle φ for an oxygen saturation of 95% at the beginning of the session when

the subject was breathing air. On the other hand the RoR method continues to track

the oxygen saturation with a similar accuracy throughout the session. Although this

phenomenon does not occur in every case, it indicates that the accuracy of the baseline

estimate changes over time – i.e. a time-dependent bias is introduced.

This may be due to a number of reasons. One possibility is that the baseline method

is strongly affected by movement of the subject, such that the baseline-derived estimates

need to be re-initialised after movement. Although this may be true for larger movements,

as indeed may be seen by the large step-changes in estimates that are rejected by SQIL

in Figure 5.9, this is unlikely to be the cause in this case as there is very little movement

according to the lower plot in Figure 7.3, and that which does occur does not lead to a

step change in the baseline estimates. A second possibility is that the baseline method

used to evaluate the oxygen saturation, which uses a linear regression with only one

variable (φ), is not able to capture the full extent of the blood-oxygen change. In Chapter

5, the hypothesis that the change in the azimuthal angle θ between red and green could

be describing changes in perfusion was formulated. If the hypothesis were correct, there

might be an effect due to the change in blood volume on the relationship between the

polar angle φ and the oxygen saturation. A third possibility is that the measurement

is in fact accurate, but that the quantity measured by the baseline estimate is different

to that measured by the pulse oximeter. As the baseline estimates are more akin to

an oximetry measurement (i.e. measuring oxygen saturation in both venous blood and

arterial blood) than pulse oximetry, this could mean that the venous blood is reperfusing

differently to the arterial blood, clamping the baseline-measured oxygen saturation at a

lower level.

Although the last two hypotheses are more likely than the first, they unfortunately

cannot be tested with the data currently available. Regardless of this, the analysis of the

differences between the baseline and RoR estimates underlines one important distinction
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between the two: although the former are more precise they are also less accurate than

the latter. By extension, the RoR estimates may be said to be a better estimator of the

peripheral oxygen saturation than the baseline estimates.

7.2.4 Causes of Error in Estimates

Although a baseline estimate having a more pronounced bias than an RoR estimate may

yield a worse MAE after regression, the coefficient of determination itself is likely to be

less affected. Nevertheless, there are many cases in Table 7.1 in which both the baseline

method and the RoR method have high values of MAE and low values of r2. In this

section we attempt to classify these errors and speculate on what causes them.

Skin Type

Skin melanin content was originally measured indirectly through the subjective Fitzpatrick

Skin Type assessment and it became apparent during the development of the baseline

and RoR methods that both algorithms failed altogether on subjects of Type VI. This

finding was confirmed by the results shown for Type VI subjects in Table 7.1. Results are

worse for the majority of Type V subjects, indicating that the boundary for algorithm

failure occurs within the Type V class.

Movement

The impact of movement if no movement SQI were applied is shown in Figure 7.4

(subject HP3-28). Here the baseline and RoR regressed estimates, both overlaid onto

the SpO2 reference values, are shown together with the movement metric of choice: the

Euclidean distance moved by the face mask centroid from its initial position over time.

This is perhaps an extreme case, with large and frequent movement compounded by

a very fast-changing oxygen saturation in the supposedly slow desaturation phase. To

understand the influence of movement more generally, the overall impact of movement
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on the measurements was assessed by examining whether there was any link between the

total movement within a session, as estimated by the standard deviation of the Euclidian

distance of the face from its original position, and the coefficient of determination. To

exclude the impact of movement during the movement itself, the movement SQI (SQIL)

was used in this analysis, while only the data for subjects of Type I-V was analysed to

remove the influence of skin colour. The results are shown for both the RoR method

and the baseline method in Figure 7.5. These indicate that, although large levels of

movement (σmovement > 30) do have a negative impact on the estimates, these alone

cannot explain all decreases in performance, particularly for sessions with similar levels

of overall movement but very different performances (σmovement < 30).

Measurement-Reference Differences

Figure 7.6 (subject HP3-22, Fitzpatrick Type I) helps shed some light on cases in

which both the low level of movement and the skin colour should lead to a good overall

performance but for which this does not happen in practice. The figure, showing the

regressed plots for both the baseline and RoR (with the L + + condition) methods

overlaid on the reference oxygen saturation values from the pulse oximeter, clearly shows

a time delay between the estimated oxygen saturation and the reference one. A shift in

time, particularly when combined with a signal that changes rapidly in time (as occurs

during the fast resaturation-desaturations) will not only give rise to high MAE values,

but may also lead to low r2 values.

Such a time delay is clearly visible in other records (HP3-27, HP3-34, HP3-39), but

not in all sessions (it is for example notably absent in Figure 7.3). As the heart rate is well

synchronised, the delay cannot be ascribed to a global delay (for example due to a clock

mismatch) between the video camera and the pulse oximeters. Similarly, as it occurs

across different Fitzpatrick Skin Types, the delay cannot be said to be linked to melanin

content and is unlikely to have been caused by a particular setting or environmental
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Figure 7.4: The effect of movement, shown in the lower plot as the
Euclidean distance moved by the facial bounding box centroid, on the
video camera estimates: baseline (top plot) and RoR (middle plot).
Both estimates have been linearly regressed onto the reference oxygen
saturation (shown in red). The black continuous line represents the
estimates when no movement SQI is used, while the blue dots show the

results when SQIL is applied.
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Figure 7.5: Effect of movement, calculated as the total standard deviation of the Euclidean
distance travelled by the facial bounding box from its starting position, on the r2 coefficient of

determination for the baseline method (left) and the RoR method (right).
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Figure 7.6: Plots showing the time delay between the reference
oxygen saturation (red) and the camera estimates (in black for no
movement SQI and blue for SQIL) for the baseline method (top) and
the RoR method (middle). The estimated and reference heart rates are
shown in the lower plot, in black and red respectively. The phenomenon

of baseline underestimation during resaturation is also visible.
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Figure 7.7: Plots showing the two reference oxygen saturation values
(dashed lines), from the left (red dashed) and right (blue dashed) index

fingers plotted against the mean of the two.

condition. Figure 7.7 further shows that the two reference values for SpO2 are in close

agreement with each other in the case of subject HP3-22.

In addition to this, the time delay between the reference values and the camera-derived

estimates is of the order of 35 seconds. The reference pulse oximeter’s reported averaging

time is 2-4 seconds, whereas the camera estimates are derived using 15-second windows.

Although further post-processing techniques may be employed by the pulse oximeter’s

manufacturer to estimate oxygen saturation in poor conditions, a delay of over 30 seconds

is unlikely, particularly considering that in other subjects the two signals remained

synchronous throghout the session. The case of the data for subject HP3-22 is further

particularly instructive as:

• The subject was of Fitzpatrick Skin Type I and should therefore pose no problem

to the pulse oximeter algorithms.

• The delay only becomes visible during the resaturation: if the pulse oximeter

algorithm had a problem with the skin type (perhaps through over-saturation), the

delay should have been constant from the start.

• The subject moved very little throughout the session: there was no further cause

for the pulse oximeter to increase window length or otherwise delay the estimate.
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Two possible explanations therefore remain. The first is that the two camera estimates

are measuring some other quantity synchronous with oxygen saturation, such as vessel

dilation, and that this quantity changes faster than the peripheral oxygen saturation.

The other is simply that the blood perfusing the tissues around the face is oxygenated

faster than the peripheral blood in the fingers. A combination of these two explanations

seems most likely.

7.3 Towards Absolute SpO2 Estimation

To determine whether an absolute value of SpO2 could be obtained directly from camera

data if a database with sufficient numbers of subjects were assembled, the sessions

for all subjects of Fitzpatrick Type I-V (40 in total) were randomly split into two

datasets of equal size, partitioned so as to ensure that every Fitzpatrick class was equally

represented in the two datasets (training data and testing data). From Chapter 6.5,

a linear relationship is expected between the average value of the ratio of ratios when

the subject is breathing air at the start of the session (Rair) and each of the regression

parameters λ0 and λ1 of Equation 6.20, of type:

λ0 = k0 + k1Rair

λ1 = k2 + k3Rair

(7.1)

This model was tested by obtaining the values of the meta-parameters k0, k1, k2, k3

using the training dataset (50% of the data) and evaluating the model on the test data

(the remaining 50% of the data). Both when obtaining the meta-parameters, and when

testing the models, the RoR estimates and the reference oxygen saturation were first

cross-correlated values to find the delay between them. The delay was then corrected

prior to finding the regression parameters or testing the goodness-of-fit.

This was repeated 10 times, randomly dividing the data for all subjects of Type I-V
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Figure 7.8: Figures showing the performance of the absolute estimates for SpO2 using learnt
linear parameters. Figure 7.8a shows the Bland-Altman plot for the absolute estimates and
the reference SpO2, including all sessions for each of the 10 random iterations. Figure 7.8b
shows the spread of the mean error for each session over the ten iterations, for each Fitzpatrick
phenotype, as a box-and-whiskers plot. It should be noted that the reference pulse oximeters,
although measuring values that are above 100% internally, have an artificial hard stop at 100%,

giving rise to the characteristic straight diagonal line in Figure 7.8a.
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into two training and test sets at each iteration as described above. The ability of the

RoR-based model to estimate the absolute value of oxygen saturation is evaluated and is

characterised by the Bland-Altman plot and the box plots shown in Figure 7.8. There

is only a slight bias is present in the Bland-Altman plot, indicating that the linear fit

for λ0 is fairly accurate. The box plots show that the extrema of the Fitzpatrick scale

have the most spread in terms of error, and also have the greatest bias. In fact, perhaps

unexpectedly, it is the Fitzpatrick Type I class that is the worst described by the linear

model in terms of mean error, possibly because the effects of perfusion would be most

visible in Type I subjects and these may offset the estimates.

To visualise the effect of the absolute SpO2 estimation, the parameters learned in the

last (10th) iteration were used to regress 10 (Fitzpatrick Skin Types I–V) of the original

12 subjects used in the derivation of the baseline and RoR methods in Chapters 5 and 6.

This is shown in Figure 7.9. Although, as noted previously, the estimates suffer from

a high variability, the fit is fairly accurate for all subjects except HP3-31 (Type I) and

HP3-06 (Type V). However, while the estimates in the former are clearly wrong due to

an over-estimation, it is not clear how poorly the fit works in HP3-06 due to the high

variance of the results.



7.3 Towards Absolute SpO2 Estimation 172

500 1000 1500 2000 2500 3000

S
p

O
2
 (

%
)

80

90

100

HP3-20

500 1000 1500 2000 2500

80

90

100

HP3-31

500 1000 1500 2000 2500 3000

S
p

O
2
 (

%
)

80

90

100

HP3-03

500 1000 1500 2000 2500

80

90

100

HP3-25

500 1000 1500 2000 2500

S
p

O
2
 (

%
)

80

90

100

HP3-14

500 1000 1500 2000 2500

80

90

100

HP3-15

500 1000 1500 2000 2500

S
p

O
2
 (

%
)

80

90

100

HP3-29

500 1000 1500 2000 2500 3000

80

90

100

HP3-07

Time (s)

500 1000 1500 2000 2500

S
p

O
2
 (

%
)

80

90

100

HP3-24

Time (s)

500 1000 1500 2000 2500 3000

80

90

100

HP3-06

Figure 7.9: Plots showing the effect of using the learned regression
parameters (last iteration) on the RoR data for the original test subjects
(Fitzpatrick Skin Types I–V), with no SQI applied. The black points
show the regressed estimates and the red line is the average reference

oxygen saturation.
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7.4 Conclusion

The methods developed in previous chapters have been tested on all subjects filmed

in the course of the Hypoxia study, and the strengths and weaknesses of each method

evaluated. A simple approach for obtaining the oxygen saturation values directly from

the video data has also been attempted, showing promising results for future work in

remote oxygen saturation monitoring using video cameras. The results and the features

peculiar to the camera data will be further analysed in the following chapter, which will

also discuss the main avenues for future work.



Chapter 8

Conclusions and Further Work

8.1 Introduction

In this Chapter, the results obtained and explanations given in Chapters 5–7 are reviewed

in Section 8.2. This is done with the objective of revisiting one more time issue of which

quantity is measured by the two methods proposed (Section 8.2.1), and secondly, discuss

the factors which influence and limit these oxygen saturation estimates (Section 8.2.2).

Some of the questions left unanswered after these discussions, as well as new avenues

opened up for research within this field as a result of the work carried out in this thesis,

are then addressed in Section 8.3.

8.2 Thesis Review

8.2.1 On the Origin of the Colour Changes

Chapter 7 demonstrates that, in well-controlled circumstances, oxygen saturation can be

tracked with a video camera using the methods proposed in Chapters 5 and 6. However,

although a large body of evidence has been accrued and presented to that effect, it is not

clear whether the two methods are measuring tissue or skin oxygen saturation or indeed
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another physiological change synchronous with it. A good example of one such change

is that observed in Figure 7.6, showing the heart rate change with oxygen saturation.

An algorithm for estimating oxygen saturation from the heart rate would achieve a

reasonably high degree of accuracy in this particular case. Similarly, both the baseline

and RoR methods may be measuring the effect of vasodilations and vasoconstrictions

that accompany, or (as seen in Chapter 7) even precede, changes in peripheral oxygen

saturation.

Nevertheless, a number of compelling arguments that suggest that the two methods

are indeed sensing changes in oxygen saturation may be put forward. Firstly, each method

is linked to existing methods for measuring oxygen saturation: the baseline method with

oximetry and visual measurements of cyanosis, and the RoR method with pulse oximetry.

Furthermore, the baseline method evaluates the relative proportion of “blueness” of the

skin via the relationship captured by Equation 5.6, whereas the RoR method is measuring

relative changes in amplitude, with the red channel driving the changes. In addition, the

time-course of the RoR estimates, despite large oscillations about the “true” estimate, is

close in shape to the reference oxygen saturation plots. If the RoR estimates were of

some physiological variable other than blood oxygen saturation, they would be likely to

diverge more often, much in the same way as the baseline estimates do not return to

their original values after each resaturation cycle. The effect of hypoxia on vasodilation

is in fact far from uniform: acute hypoxia is known to reduce blood flow to the skin, but

at the same time chronic hypoxia may increase it [20]. Finally, the time delay between

the camera-derived estimates and the oxygen saturation values from the pulse oximeters

attached to the volunteers’ fingers, that may indicate that the video camera estimates

are tracking some other quantity other than SpO2 (such as vasodilation) as discussed

in Chapter 7.2.4, is a phenomenon that has already been reported in the conventional

pulse oximetry literature [113, 179, 215], for low-perfusion conditions. When comparing

forehead (reflectance) or ear (transmittance) with finger (transmittance) pulse oximeters
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in a variety of conditions, the latter were found to be delayed with respect to the former

with differences of over 30s. According to [113], this is due to the high vasoactivity of

the fingers compared to the forehead.

If it is oxygen saturation that is being measured, then, the question still remains as to

which type of oxygen saturation it is. From the literature review conducted in Chapter

2, we know that pulse oximetry was devised specifically to obtain a better estimate of

the arterial (peripheral) oxygen saturation, whereas oximetry samples mixed venous and

arterial blood. Similarly, the baseline method’s dependence on the overall colour of the

skin is likely to indicate that both venous and arterial blood oxygen contribute to the

camera-derived estimates, while the RoR method is measuring changes in a pulsatile

compartment of the blood. However, unlike conventional pulse oximeters, the video

cameras sense only visible light (the JAI camera has a near-infrared filter), as a result of

which the blood saturation information comes from a depth that will not exceed 2-3mm

[17], with the red light probing deeper layers of skin than the blue light. From Chapter

??, this would correspond to the upper layer of the dermis: the papillary dermis. The

blood in this region mostly flows through capillaries as well as the supplying arterioles

and exiting venules, with the pulsatile effect arising mostly from the arterioles themselves,

or, as hypothesised by [87], from the compression by larger vessels below. Regardless of

the mechanisms leading to the pulsatility, the blood oxygen saturation measured here is

thus that of perfused skin tissue rather than that of the central arterial blood.

A parallel to these can also be found in visible light spectroscopy (VLS), discussed in

Chapter 2.4.2. Benaron et al., [15] examined the use of VLS in animal models, and found

a strong correlation between SpO2 and what they termed (cutaneous) microvascular

tissue oxygenation (StO2). If such a parallel were found to hold for our camera-derived

estimates, then the measurements are more likely to be sensitive to mixed venous blood

oxygen saturation (SvO2) than arterial blood oxygen saturation (SaO2) [134]. This

parallel is informative and should be analysed in light of the differences between the two
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methods employed, as shown in Figure 7.6, and of the theory espoused by [87].

The baseline method is clearly imaging an average of the changes in the blood present

in a thin layer of skin tissue, and it is therefore very likely that it is in fact measuring

cutaneous StO2. This would explain the different responses to reoxygenation with respect

to the reference values, which are instead measuring peripheral arterial oxygen saturation.

The RoR method, on the other hand, follows the form of the peripheral oxygen saturation

changes accurately if not precisely. A reason may be found in the motivation for pulse

oximetry: the RoR method is only dependent on the blood in pulsatile vessels (i.e.

arterioles) and as such is closer to SpO2 measurements than mixed venous-arterial oxygen

saturation. This would, however, be in direct contradiction to the hypothesis put forward

by [87]. They argue that the pulsatility that is seen when imaging an area of skin using

visible light is caused by the compression of capillaries towards the upper compartments

of the skin by larger vessels in the reticular dermis. If that were the case, since the

oxygen saturation of the capillaries (unlike that of the arterioles) is determined by the

mixed arterial and venous blood oxygenation, the RoR estimates will have a similar

time-course as that of the baseline estimates. This is not what is observed (Figure 7.6)

and therefore our experimental evidence casts some doubt on the hypothesis of [87].

8.2.2 Limitations

The secondary objective of the Hypoxia study was to determine which factors would

limit the accuracy of the relationship found between the estimates obtained using a video

camera and the reference oxygen saturation. The limitations are twofold. Firstly there

are the limitations imposed by the experimental conditions, the most important amongst

which are:

• The illumination spectrum

• The lighting arrangement



8.2 Thesis Review 178

• The camera sensors used

• The small range of movement of volunteers during the study, compared to most

real-time monitoring applications

• The type of hypoxia induced

• The limited range of physiological variation amongst the volunteers (who were all

young, male, stationary, and healthy)

Secondly, the algorithms themselves introduced some limitations, empirically determined

by testing them, as reported in Chapters 5, 6, and 7:

• The inability to track the oxygen saturation of all Type VI and some Type V

subjects

• The inaccuracy of the baseline method

• The imprecision of the RoR method

The first set of limitations are extremely important as they indicate that, in the absence

of a theoretical model or empirical data showing how the relationship between colour and

oxygen saturation would change in different lighting conditions or for different sensors,

many of the conclusions drawn from this thesis can only be applied to environments

similar to that of the Hypoxia study (LED lamps and JAI camera). Furthermore, it is

possible that the methodology for inducing hypoxia (whereby the volunteer breathed

low-oxygen air, as opposed to the hypoxia being caused by a physiological change in

the physiology of the volunteer) may have influenced both the hypoxic response of the

volunteer and their skin response. Finally, the limits imposed on volunteer recruitment

(male, 18-40 years of age), meant that the full spectrum of different skin types (for

example the influence of wrinkles) and hypoxic responses was not studied, so that all

inferences from this dataset are only applicable to a restricted segment of the population.
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The theoretical derivation of the methods is, however, independent of these considerations,

and relies solely on having two (for the RoR method) or three (for the baseline method)

different channels having different responses to oxygen saturation changes. As such,

although some of the ROI selection criteria may no longer be applicable, the same

methodology could be applied to different sensor-lighting combinations.

The second set of limiting factors is perhaps more interesting, as it describes those

situations within the chosen experimental conditions in which the algorithms were unable

to work. First amongst these factors is skin colour. In order to test the influence of skin

colour on the ability to determine oxygen saturation, volunteers were chosen amongst

all Fitzpatrick skin Types (I-VI). The Fitzpatrick Skin Type is an assessment of risk

to sunlight exposure and divides subjects into classes that should be related to the

concentration of melanin in their skin. Although this method of categorising skin colours

is highly subjective, it was found that it could at least classify the conditions under which

the algorithms failed: both oxygen tracking methods failed on all Type VI subjects and

some Type V subjects. This is likely to be due to the effect of increased melanin, and

the consequent increase in the absorption of visible wavelengths, as discussed in Chapter

2.3.2. In particular, the strong absorption of higher frequency (blue) wavelengths for

these darker-skinned subjects means that both the baseline and the RoR methods have a

decreased signal-to-noise ratio. One way to quantify the effect of the absorptive properties

of melanin on the resulting signal would be by covering a part of exposed skin on a Type

I or Type II subject with an artificial absorber such as carbon black. This would allow a

relation between the changes in signal-to-noise ratio to known quantities of the absorber

to be explored, thereby giving a proxy assessment of the effect of pigmentation in a

controlled setting.

Nonetheless, algorithm failure precludes their application to a large segment of the

population, and indicates that more sensitive equipment is necessary to detect the weaker

heart signal in dark-skinned individuals. Alternatively, unpigmented skin tissue (such as
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that of the lips, the fingers, or the palms of the hands) may be imaged instead to bypass

the effect of melanin.

The remaining limiting factors pertain to the properties of the techniques used for

tracking oxygen saturation. In a surprising – and perhaps, as we shall see in Section

8.3, beneficial – duality, the baseline measure for oxygen saturation is very precise and

varies little, whereas the RoR method for oxygen saturation is extremely noisy but

follows the reference oxygen saturation more accurately. The reasons for these differences

lie in the ways the two estimates are calculated: as already discussed in Section 8.2.1,

the differences in accuracy are likely to be caused by differences in the type of blood

oxygenation sampled. On the other hand, in Chapter 7.2.3, the differences in precision

are ascribed to a combination of both the baseline estimates being more stable as a result

of averaging, and the RoR estimates being less stable as a result of the variability of the

amplitude calculation.

Both methods are equally affected by movement, as confirmed by the sudden movement

visible at around 800s in Figure 7.6, which corrupts the estimates for both methods. The

same plots, however, show there is no clear discontinuity between the periods prior to

and following the movement, leading to the hypothesis that, for small movements such

as those expected of volunteers sitting in a chair, these may be simply ignored, without

having to compensate for them. This is also confirmed by the relative insensitivity to

movement shown in Figure 7.5.

The example of Figure 7.6 also shows the difference in the effect of movement on

both methods: whereas smaller movements are barely perceptible in the baseline signal

(particularly in the first and last 500s of the plot), these are heavily accentuated in the

output signal for the RoR method. Again, this is probably mostly a by-product of the

method used in calculating the RoR: a sudden movement may not only modify a single

time-averaged amplitude, but will be present in all four terms of the RoR equation (the

AC and DC for both colour channels), greatly amplifying the error in the final result.
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These limiting factors must be taken into account in the analysis of the first attempt

at deriving an absolute measure of oxygen saturation. Having shown that SpO2 can be

tracked to varying degrees of accuracy, and that melanin can be an important limiting

factor, we attempted to show that oxygen saturation could be estimated directly from the

RoR estimates based on hyperparameters derived from a sub-set of the data (the training

set). Only with the addition of such a step will the methods developed in this thesis

become clinically useful. As there was no prior knowledge regarding the relationship

between the video camera estimates and the oxygen saturation, a linear model was used

(or to be precise, a linear-log model as the RoR is a log ratio of ratios) throughout

the thesis to regress camera-derived estimates onto the reference oxygen saturation. In

instances in which there was little or no noise in the data, as for HP3-13 in Figure 7.3,

this simplistic model describes the oxygen saturation well (at least in the case of the

RoR method).

To obtain an absolute estimate of oxygen saturation, however, the parameters of the

linear model (λ0 and λ1 for the RoR model and ν0 and ν1 for the baseline model) need

to be inferred from the starting conditions. As Chapters 5 and 6 have shown, there is

no single set of constants that can be inferred from the data: each model is unique. By

hypothesising that the parameters of the model are instead dependent on the starting

conditions, the uniqueness of the model may be limited and an absolute estimate is

recoverable only if the starting conditions are known. The hypothesis may otherwise

be seen as simply incorporating the effect of the nature of the subject’s skin: Equation

7.1 uses the starting values of the RoR (while the subject is breathing air) to gauge

the effect of the particuliarities of the skin on the linear-log equation. Interestingly,

although the most important factor within the skin should be melanin, the subjects in

Figures 6.15 and 6.16 are not aligned by their Fitzpatrick class (something also found for

the baseline model in Figure 5.12). This is probably an indicator of the fact that the

Fitzpatrick scale is a poor assessment of the skin colour itself at the time of each session,
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as it incorportates other factors such as eye and hair colour which may actually only be

loosely related to the skin colour.

Since there was no prior, the parameters of the linear-log expression λ0 and λ1 were

themselves modelled with the use of linear models, and it is the resulting four parameters

(k0 through to k3), the hyperparameters, that were deemed to be fixed constants that

could be learned from the data. The results shown in Chapter 7 are somewhat mixed.

Half the data was used to obtain the hyperparameters and the other half was used to test

it, and over 10 random iterations the mean bias from the Bland-Altman was comparable

to that found between pulse oximeters. However, the Bland-Altman plot in Figure 7.8

also shows 1.96σ values around 7.5%, while for the individual fits of Chapter 6 these were

5.9% and for the inter-reference differences (between the two pulse oximeters) around

2.3%. Similarly, the boxplots show a very large range for the mean error, particularly in

Fitzpatrick Skin Types I and V.

The results are indicative of the success in estimating λ0, as an error in estimating

λ0 would result in a significant bias, but also indicate that λ1 is not being estimated

correctly. In turn, this may be either because the simple linear model with only one

variable (Rair) is insufficient to model λ1 across different skin tones, or because λ1 is

highly sensitive and is affected by outliers.

Nevertheless, the results indicate that not only is it possible to track oxygen saturation,

but to obtain an absolute value for it using video data alone. This constitutes the first

step towards the adoption of remote monitoring of oxygen saturation, as, rather than

needing multiple calibration values as would be the case for a tracking-only technology

(in order to fit the linear-log line), only one calibration value is necessary (for example

the oxygen saturation breathed at the beginning of the session and Rair in Equation 7.1).

When combined with the camera-based vital sign monitoring techniques currently being

developed for heart rate and breathing rate estimation, this has the potential to turn

webcams and smart-phones into monitoring and diagnostic tools. In the next section of
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this chapter, we shall examine the steps that need to be taken in order to reach this goal.

8.3 Further Work

Although there are many avenues that could be explored to investigate this field further,

three main areas may be seen as crucial to any further meaningful development: (a)

improving the current accuracy and precision of estimates within controlled experimental

conditions; (b) testing the two approaches derived in a clinical scenario; (c) testing

different light sources and sensors.

8.3.1 Improving Estimates: Uncertainty and Data Fusion

As well as showing the impact of the individual selection criteria, Figure 6.12 hints at

another important relationship: the subjects that generate the best results for the RoR

method have a higher overall proportion of accepted ROIs, independently of the ROI

method of selection. The relationship between the error and the number of ROIs available

to calculate the estimate was investigated for each subject used in the derivation of the

baseline and RoR methods (excluding subjects HP3-06, HP3-04, and HP3-42). The

absolute error between the linearly regressed R-B curves and the oxygen saturation was

investigated as a function of the number of ROIs used to obtain the estimate, and is

shown in Figure 8.1.

In accordance with the theoretical results of Chapter 6, Figure 8.1 demonstrates that

there is a strong relationship between the spread in the mean absolute error and the

number of ROIs selected. Since, as discussed in Chapter 6, the number of ROIs selected

can instead be related to the total SNR, for example via an equation of type:

SNRtot =
1√
N

N∑
i=1

SNRi, (8.1)

where N is the number of ROI regions available, a relationship can be found between
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Figure 8.1: Variation of the mean absolute error (MAE) from window
to window as a function of the number of ROIs used to calculate the
RoR estimate. Each colour represents one of the nine subjects used in
the derivation of the RoR method in Chapter 6 ( HP3-06, HP3-04, and

HP3-42 were excluded).

the SNR available within any given window and the uncertainty associated with the RoR

estimate for that window. This is a particularly powerful tool, as the uncertainty may

then be incorporated within a framework such as Gaussian Processes (GP) [163], or the

Kalman Filter (KF) [85], allowing the selection of the optimal RoR estimate based on

previous windows.

This could also be accomplished by taking advantage of the precision/accuracy split

between the two types of video camera estimates. For example, within a KF-type

approach, the baseline estimate could inform the prediction step of the Kalman Filter

while the RoR estimate and its uncertainty could inform the update step.

As well as leading to an improved estimate of oxygen saturation through data fusion,

the efficacy of each step in the derivation of the RoR algorithm can be assessed by the

SNR measure as well. This would not only inform the theory behind the plot shown in

Figure 8.1, but also allow an analysis of the sources of error that are added at each step,

something which has not been covered in this dissertation, in which the steps were only

evaluated by their final outcome on the SpO2 results.
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8.3.2 Clinical Validation

As mentioned in the Discussion, the way that hypoxia was induced in the Hypoxia study

is in many ways different to hypoxia that occurs as the result of disease or apnoea.

Replicating the results obtained within a clinical context is therefore essential for this

technology to be adopted in clinical practice.

The clinical context presents a number of challenges, as noted in [202] in the first

long-term heart rate and breathing rate remote monitoring work to be carried out in a

hospital. In almost any clinical scenario, a lot more movement will be expected from the

patient, who may move in and out of the scene. Furthermore, for long-term monitoring,

both the lighting levels and the type of light are expected to vary over time – the time

of day, clouds, and electrical lighting will all modify the type of illumination (if any)

incident on the skin tissue. Last but not least, any movement by clinical staff or relatives

between the patient and the light sources will cast a shadow on the subject that may

cover different parts of the subject at different times.

All of these are first-order effects that will have a large impact on the measurements

made by the video camera. Testing is required in order to evaluate whether they can be

circumvented or constitute a limitation to the technology. Second-order effects instead

include changes in the incident spectrum due to reflections off coloured surfaces (such as

clothes or surrounding walls), phase delays between different ROIs when imaging large

areas of skin (e.g. whole body imaging), and inter-ROI differences when imaging different

parts of the skin (i.e. imaging the skin on the back of a subject may not be the same as

imaging their face).

In order to illustrate the challenges that need to be overcome and suggest novel ways

to do so, the algorithms developed within the Hypoxia study were applied, with some

modifications, to a one hour section of a video from the NICU trial described in Chapter

3.2 (Figure 8.2 shows one frame from the video). Similarly to the Hypoxia study, the

video data in the NICU trial was recorded using the JAI camera. However in the NICU
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trial each channel only had an 8-bit range rather than the 12-bit used in the Hypoxia

study so as to permit a higher sampling rate for the higher heart rates expected of infants.

In order to compensate for this, the time-window was kept the same (15 seconds) despite

neonatal heart rates being two to four times faster than those recorded in the course

of the Hypoxia study. In addition, the regions of interest taken were enlarged from

12×12 to 48×48, improving the SNR four-fold. The overlap between the lower range of

neonatal heart rate frequencies (minima around 80bpm) and the upper range of neonatal

breathing rate frequencies (maxima around 100bpm) meant that the amplitude ROI

selection condition (La) could not be used, as the breathing rate could not be removed

from the baseline without affecting the cardiac-synchronous AC signal and this therefore

affected the calculation of the average amplitude in individual ROIs.

Figure 8.2: One frame from the NICU trial video used. The Colour
Checker chart is visible placed next to the neonate.

The results for the one-hour session are shown in Figure 8.3, and illustrate the points

made regarding the challenges concerning illumination in a standard clinical context. The

left-hand plot, which shows the detrended light intensity on tthe cot in the vicinity of

the neonate, is particularly instructive, as not only does it show intensity variations that

are reflected in the outputs for both the baseline and the RoR methods (and occasionally
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also seem to influence the reference), but also shows that the variations in intensity

are far from uniform, with the individual composition of each lighting change varying

significantly every time.

The results indicate clearly that the baseline method will be not be applicable in this

setting unless it is heavily modified, for example by attempting to minimise the effect of

the different lighting conditions on the skin. The RoR method is still able to track some

oxygen saturation changes (as made clear by the last marked saturation – a particularly

good example as it occurs indpendently of any background lighting change), however it

is also strongly affected by lighting changes. Overall, if the coefficients of determination

of the two methods (0.01 and 0.09 for baseline and RoR respectively) are compared with

the average for the hypoxia data over a similar periods of time, it is clear that these

methods will need a substantial amount of work before being applicable to the NICU

dataset.

A number of methods can be used to improve the results under these conditions. Vital

sign data fusion methods could help detect apnoeas during a lighting change or during

movement. A model can further be constructed of the expected effect of different lighting

on skin and used to compensate for lighting changes that are detected by background

pixels. Because shadows will only cover part of the image, in such a scenario the skin

pixels cannot be considered as a single block but should instead be divided according to

the intensity/type of light incident on them.
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Figure 8.3: Plots for just under 1 hour of a clinical session in the NICU.
From left to right: reference oxygen saturation from a pulse oximeter;
baseline estimates using the polar angle π

2 − φ; RoR estimates using
the ratio of blue to red normalised amplitudes; detrended background
changes. The straight red lines indicate the lowest point of major

reference desaturations.
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8.3.3 Alternative Methodologies

An alternative to modifying or tuning the algorithms to different sensor-lighting configurations

is to control the illumination itself. Other than the obvious advantage of being more

generally applicable, this approach has a number of benefits. Background lighting,

variable or not, may be measured by pulsing the controlled illumination in synchrony

with the frame acquisition by the video camera, much in the same way as is done currently

in pulse oximetry. The measurements made during the off period can then be used to

normalise the readings during the on period. Such an arrangement would require a high

frame rate – sufficiently high to preserve the waveform shape and allow background

normalisation.

A further advantage of controlling the illumination is that the illuminating wavelengths

can be selected so that they have useful properties to overcome the limitations discussed

earlier in this chapter. The choice of wavelengths for which melanin has a low absorption

coefficient would allow the monitoring of oxygen saturation in Type V and Type VI

subjects. It is also essential that the illumination should not be visible to the subject.

Although not directly relevant to the physiological measurements, the last condition will

allow for monitoring at night, thereby enabling continuous 24-hour monitoring. These

requirements are met by illumination within the 700-1000nm electromagnetic wavelength

range: the near infrared (NIR). An approach similar to pulse oximetry may then be used

to estimate the oxygen saturation from multiple wavelengths. The drawback of such a

solution, however, is that the illumination needs to be controlled carefully as continuous

retinal exposure to NIR light may be hazardous [95]. A device using such illumination

technology will have to be regulated.
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8.4 Concluding Remarks

Interest in remote vital sign monitoring using video cameras has been gaining momentum

in the last decade, during which time the number of research groups actively working in

this field has grown exponentially. Curiously, although the stated objective of the initial

papers in this field was precisely to replicate the pulse oximeter in all of its functions, the

focus of much of the research output has been the development of improved algorithms

for heart rate estimation. The work presented in this thesis has attempted to lay the

foundation for a renewed effort towards the development of a full remote pulse oximeter.

The potential of this technology is however much greater than merely replicating a

device that is already low-cost, easy to use, and effective. The ubiquity of video cameras

of course makes this an ideal solution for telehealth applications within a healthcare

system that is beginning to make the home, rather than the hospital, the first line of care.

However, it is the potential of video-based monitoring for going beyond pulse oximetry

that is most exciting.

The key question that will continue to have to be addressed, especially in a clinical

context, is that of movement. When a desaturation occurs, the subject is often likely

to move at the same time, however all movement correction algorithms will hide an

extremely important observation about the patient. How the subject is responding to

the desaturation is a question that can, for the first time, be asnwered rigorously thanks

to the use of cameras as pulse oximeters. If video cameras can be used to monitor vital

signs in and out of the clinic, physiological variables such as pallor and other information

such as movement and facial expressions (routinely used, perhaps even unconsciously,

to inform the decisions of healthcare staff) would be rapidly incorporated into normal

clinical care.



Appendix A

Mathematical Notes

A.1 Viola-Jones and Adaboost

The Matlab implementation of the Viola-Jones algorithm, (CascadeObjectDetector of

the Matlab Computer Vision System Toolbox, Version 6.1 (R2014b)) uses Haar features,

shown in Figure A.1, rectangles comprised of two, three or four alternate smaller rectangles

that are varied in size and moved around the image. At each different position the sum

of the pixels in the light parts of the rectangle are subtracted from the features in the

dark parts of the rectangle. The use of these simple features allows a rapid speed-up in

computation thanks to the use of integral images, images defined such that any pixel at

position (i, j) is characterised by a value V that is the sum of intensities I above it and

to the left of it

V (i, j) =
∑
i′≤i
y′≤y

I(i′, j′) (A.1)

such that the sum of any rectangular region within the integral images only requires

four corner values, allowing constant speeds of calculation regardless of the size of the

rectangle used. The Haar features are trained on a dataset of 20 × 20 pixel images
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Figure A.1: Figure showing the four Haar features used in the
Viola-Jones detection framework proposed in [228].

of frontal-facing faces, using a modified AdaBoost learning algorithm to reduce the

number of features and train strong classifiers from a weighted linear sum of weak

classifiers. These strong classifiers are then applied in successive, increasingly complex

stages (cascade architecture) in which classifiers formed of increasing numbers of features

are applied so as to reduce the number of false positives returned by the algorithm. In

[106], different boosting algorithms were evaluated experimentally, and it was shown

that the combination of Gentle AdaBoost and classification and regression trees (CART)

performed best, and it is this combination that is used in the implementation used.

A.2 Movement Thresholding

The method is based on the concept that for the movement signal derived from the

Euclidian distance moved by the centroid of the Viola-Jones face bounding box, in

which the subject is expected to remain relatively still for at least some of the time, if a

sliding standard deviation is calculated using variable-length windows the distribution of
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standard deviations over the timeseries will tend to peak at low values for short windows,

and only increase when the windows are so large that the majority of the windows include

some motion. At that point the distribution of the standard deviations is expected to

change significantly, as a step-change in the modal value for binned standard deviations is

expected. The optimal value for the standard deviation threshold θ is thus chosen to be

the mean value of the mode of the binned standard deviations prior to the step-change.

As there is a limit to the smallest time-window that may be used in estimating the

heart rate (usually around 10-20 seconds), this may be used as the lower bound for the

length of the running window. Similarly, an expectation of the longest time a person can

remain without moving much may be used as a higher bound for the window length so

as to decrease the computational time necessary to run the algorithm. The number of

bins used to group the standard deviations across the timeseries is instead determined

via the Freedman-Diaconis criterion [58], that states that the bin width for a dataseries

of N points x with an interquartile range given by IQR{x} should be:

h = 2
IQR{x}
N1/3

(A.2)

The mean value of the bin corresponding to the mode of the binned distribution is

tracked for each iteration, in which the length of each sliding window is increased. The

modal values are then plotted for each window-length and the jump in modal values

is detected using a Bayesian single change-point detector based on [147]. The detector

tests whether there is a point m ∈ N+ in the range [1,W ] where W is the number of

windows of different lengths that have been used that maximises the probability of the

points either side it being from two different distributions (for further details on the

algorithm, please refer to Appendix A.3). The point prior to the changepoint is then

chosen as having the optimal value for the standard deviation threshold θ for the window

of choice. In Figure A.2, the method proposed is compared against the changepoints

detected by the online Bayesian algorithm proposed by [2] for a window length of 15
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seconds moved by 1 second at a time. As may be seen in Figure A.2, the classification

works well visually, even detecting changepoints ignored by [2], however it fails to detect

and segment slower motion, and this is particularly visible after 2000s, during which a

slow change in the head position is classified as no motion.
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Figure A.2: Figure showing the segmentation of the motion data,
shown in red for the subject undergoing significant movement in
Figure 4.9, using the method proposed. The areas shaded in grey
are areas classified as still. By way of comparison, the Bayesian online
change-point detection algorithm proposed by [2] was also used on
the same data, and the changepoints found are shown in black on the
top plot, while the bottom plot shows the run lengths in red, and the

posterior probability of the run length.

A.3 Bayesian Change Point Detection

For a sequence x of W samples divided into two segments with different means (µ1 and

µ2) and Gaussian noise ε that is independent of the mean, identically distributed and

has standard deviation σ such that εi is drawn from N (0, σ2):
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xi =


µ1 + ε, if i ≤ m

µ2 + ε, otherwise

(A.3)

As the noise is distributed normally, the probability density function for the noise

samples is given by

P (ε) =
1

σ
√

2π
e

(ε−µ)2

2σ2 (A.4)

Furthermore, the likelihood of the data given these parameters is given by the joint

probability of each of the noise samples as each is independently occuring:

P (x|µ1µ2σm) =
W∏
i=1

P (εi) (A.5)

which can be expanded into

P (x|µ1µ2σm) = (2πσ2)−
W
2 e−

1
2σ2

(
∑m
i=1(xi−µ1)2+

∑W
i=m+1(xi−µ2)2) (A.6)

Bayes theorem holds that the posterior probability may be found from the likelihood,

thus P (µ1µ2σm|x) may be inferred from P (x|µ1µ2σm) provided P (x) and P (µ1µ2σm)

are known. If all parameter values are equally likely, then we have P (µ1), P (µ2), P (σ)

all constant, with

P (σ) ∝ 1

σ
(A.7)

as P (lnσ) = constant. By Bayes we finally obtain:

P (µ1µ2σm|x) ∝ 1

σ
P (x|µ1µ2σm) (A.8)

However mu1, mu2, and σ are not of interest. These are “nuisance” parameters that
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may be integrated away in order to leave an expression for P (m|x) only 1:

P (m|x) =

∫ ∞
0

∫ ∞
−∞

∫ ∞
−∞

1

σ
P (x|µ1µ2σm)dµ1dµ2dσ

∝ 1√
m(N −m)

[
W∑
i=1

x2
i −

1

m
(
m∑
i=1

xi)
2 − 1

N −m
1

m
(

W∑
i=m+1

xi)
2

]N−2
2 (A.9)

A.4 Rodrigues Rotation Method

The Rodrigues rotation method, developed independently by Euler and Rodrigues [42],

allows the efficient calculation of the rotation between two vectors in three dimensions.

It states that the rotation θ between a vector a and another vector b about a unit axis

vector k̂ defining (i.e. orthogonal to) the rotation plane may be written as [60]:

b = a cos θ + (k̂× b) sin θ + k̂(k̂ · b)(1− cos θ) (A.10)

where the unit axis vector is defined as:

b =
a× b

|a× b|
(A.11)

In matrix form, this may be expressed as the relation between a and b via the 3× 3

rotation matrix R:

b = Ra (A.12)

where R is given by:

R = I + sin θK + (1− cos θ)K2 (A.13)

1This is done by integrating over µ1 and µ2 using the integral identity for quadratic exponentials∫∞
−∞ e−ax

2−bx−cdx =
√

π
a

(
b2

4a − c
)

and the gamma integral identity for σ later.
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and K is the cross-product matrix for the unit axis vector k̂:

K =


0 −k3 k2

k3 0 −k1

−k2 k1 0

 (A.14)

A.5 The CHROM Algorithm for Heart Rate

The CHROM algorithm2 for heart rate monitoring using RGB video cameras in ambient

lighting was first presented in [45], showing an improvement to heart rate detection in

difficult conditions (movement, different lighting) with respect to previous methods while

still retaining much of the computational efficiency of those methods. In addition to this,

unlike other methods published by other research groups, the method was tested on a

large sample of volunteers of different skin phenotypes, and can therefore be considered

more reliable. The implementation of the CHROM algorithm within this thesis follows

the original paper closely.

The method itself attempts to improve the SNR by taking a favourable combination of

the three colour channels. It is based on the concept of chrominance, and on empirically

derived constants with which mean-normalised colour channels (denoted [Rn, Gn, Bn])

can be corrected to account for non-white illuminants. The resulting chrominance vectors

are:

Xs = 3Rn − 2Gn

Ys = 1.5Rn +Gn − 1.5Bn

(A.15)

which are then each filtered using a zero-phase bandpass FIR filter with a pass-band

between 42 and 132 beats per minute (0.7–2.1Hz) to yield Xf and Yf , and then combined

2It should be noted that CHROM is not the method’s baptismal name, but simply one it acquired
later in the literature: in the paper in which it was introduced it was referred to as the XsminαYs
algorithm
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so as to give the final pulsatile signal

S = Xf − αYf (A.16)

with:

α =
σXs

σYs
(A.17)

To obtain the heart rate, the FFT of this signal is then taken and the dominant

frequency in the heart rate frequency range is selected.

The rationale for the last two equations is the following: as chrominance channels

are thought to be equally affected by movement but differently affected by the pulsatile

HR-synchronous signal, the ratio of the two chrominance channels should lead to a signal

that is not affected by movement. The ratio of the chrominance channels can however

be shown to be (by Taylor expansion), approximately equal to a difference between the

chrominance channels, such that:

Xf

Yf
≈ Xf − Yf (A.18)

and the addition of the α factor simply accounts for the minimisation of in-band

disturbances that may have been produced by inaccuracies in the illumination correction.
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