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Abstract

Breast cancer takes a large toll on society, and early prevention and
detection reduces costs and improves prognosis for patients. In tumors,
metabolic rate is higher, together with oxygen consumption. This can
cause regions of lower oxygen saturation. In Near InfraRed Spectroscopy,
the absorbance of light is used to compute concentrations of substances.
In the body, oxygen binds to heme in red blood cells. If oxygen is bound
to heme the red blood cells change color. If a lower ratio of bounded
to non bounded heme can be measured, it could be possible for a lower
oxygen saturation to be detected by a Near Infrared Spectroscopy (NIRS)
sensor. The NIRS sensor developed in this report shows promising results
in being able to measure a difference in oxygen saturation over time. The
sensor did show some inconsistencies in drift and mean output, what could
indicate incorrect calibration or measurement methods.
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Chapter 1

Introduction

1.1 Breast cancer

Breast cancer comprises 11.7% of all new cases of cancer and 6.9% of all new
deaths of cancer globally in 2020. It is a type of cancer with one of the highest
prevalences, and of the highest cancer mortalities[1]. As found by Vondeling
et al; ’Annually, breast cancer in the Netherlands is responsible for approxi-
mately 3100 deaths, 26,000 life years lost, 65,000 Disability Adjusted Life Years
(DALYs) and an economic burden of 1.27 billion EUR.’ These numbers are
found when averaging between 1990 and 2014. This economic burden is found
in care, prevention, drugs and lost productivity [2]. If breast cancer is diag-
nosed in its early stages the patients’ survival rate significantly improves [3].
These statistics reveal the impact early diagnosis can bring. Non-invasive and
inexpensive diagnostic tools can provide a base for wide screening methods. In
this way, total healthcare costs could be lowered and both life years lost and
disability adjusted life years could be lowered.

1.2 Vascular system

One of the main functions of blood is to transport oxygen from the lungs to
all cells in the body, so the cells can perform their specialized functions. The
blood moves through the body via the vascular system, and the heart pumps to
move the blood through this system. The vascular system contains two circuits
originating from the heart, see figure 1.1. The pulmonary circuit provides a path
to the lungs, where blood is loaded with oxygen. The systemic circuit provides
a path to the cells, where blood transfers its oxygen to the tissues.
The systemic circuit is often divided into three types of vessels, dependent on
direction and function: arteries, capillaries and veins. Arteries transport blood
from the heart to the tissues, and veins transport the blood from the tissues to
the heart. The capillaries provide the site for the transfer of oxygen from blood
to tissue. The vessel walls of the capillaries are designed for gas exchange as
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Figure 1.1: The simplified, schematic human vascular system. Oxygen rich blood
is pumped by the heart throughout the body, where in the capillaries oxygen it is
transferred from the blood to the tissues. The then oxygen-poor blood returns to
the heart and later to the lungs, where it is re-oxygenated in the capillaries of
the lungs. After this, the again oxygen rich blood returns to the heart to restart
the cycle. [4]
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Figure 1.2: Total area of the vascular bed, plotted for the type of blood vessel.
Capillaries have a much higher surface area than other types of blood vessels[4].

they are much thinner than venal or arterial blood vessel walls. Their total area
is also many times larger, as seen in figure 1.2. A combination of these qualities
mean that most gas exchange occurs at the capillaries.
The flow of blood through the vessels is propelled by the heart. As the muscles of
the heart contract, the fluid pressure in the heart temporarily increases greatly,
and blood flows out through the arteries while heart valves make sure the blood
does not flow back. The fluctuating high pressure created by the contraction
of the heart is known as the pulse. This pulse is mostly felt in the arteries, as
seen in figure 1.3 and can even be felt when you put your finger to your jugular
artery for example [4].

1.3 Blood oxygen and color

In blood, oxygen is mostly transported by red blood cells. Red blood cells
are doughnut-shaped cells of about 7.5µm in diameter[4]. Oxygen easily binds
to iron in its polypeptide-chains of globin. Globin is present in pairs of four
in hemoglobin molecules, that are present in large numbers in red blood cells.
The hemoglobin molecule is as seen in figure 1.4. When an oxygen molecule
binds to the iron atom in the heme, the polypeptide molecule slightly changes
its shape. This change in shape causes a slightly different interaction with
light. As a result, hemoglobin that has oxygen bound to it has a different
color than hemoglobin that has not [6, 7]. Oxygen-loaded hemoglobin is called
oxyhemoglobin (HbO2), and is ruby-red of color. Oxygen-lacking hemoglobin
is called deoxyhemoglobin (Hb) and is darker red of color, see figure 1.5B. The
absorption spectrum expressed in the molar extinction coefficients is as seen in
figure 1.5A. It is seen that for the 660 nm, which is red, the extinction coefficient
is much larger for Hb than HbO2, what sets up this difference in color.
Oxygen saturation describes the ratio between Hb and HbO2 and is defined
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Figure 1.3: Blood pressure per vessel type of the systematic circuit. It is visible
that the blood pressure is highest in the aorta, and lowest in the venae cavae.
The pulse caused by contraction of the heart is more present before blood enters
the capillaries, and much less present with regards to the arterial vessel when
entering the capillaries and venal vessels[4].

Figure 1.4: A schematic representation of red blood cells (left) and
hemoglobin(right) [5].
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Figure 1.5: A)Extinction coefficients of oxy- and deoxyhemoglobin. There are
differences between the levels in which they absorb light. Where the spectra in the
range under 600 nm are more similar, there are big differences in the range of
600 nm to 1000 nm. B) Two syringes with blood, showing the visual difference
in color. Arterial blood (left) contains more bound oxygen, and is lighter of
color. Venal blood (right) contains less bound oxygen and is darker. [8, 9].

as the percentage of hemoglobin molecules in blood that are bound to oxygen
molecules in contrast to all hemoglobin. Normal venous oxygen saturation in
rest as measured in the pulmonary arteries (see figure 1.1) is around 70% to
75% saturated. Normal arterial oxygen saturation in the systemic circuit in rest
lies between 95% and 99% [10]. This is important to consider, as the oxygen
saturation in blood or its deviation from the norm can give information about
the health of a patient.
About 98% of all oxygen in vessels is bounded to hemoglobin, and 2% is dissolved
in blood plasma[6]. This is relevant in the blood vessels. Oxygen travels from
high to lower pressure areas. Especially in the capillaries with high surface area
and thin walls this dissociated oxygen travels through the vessel walls and into
the tissues. Hemoglobin normally will stay in the vessels[11]. This means that
from the existing vessels, an oxygen gradient is formed in tissue with a higher
partial pressure at the arterial end of a capillary and a lower partial pressure at
the venous end of a capillary. If the pressure difference over distance is higher,
there is a higher flux of oxygen. So also, if the demand of a cell is higher, the
flux of oxygen to the cell will be higher[6].
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1.4 Oxygen consumption and supply in tumors

Hypoxia, or oxygen deprivation in tissue, is a key characteristic of breast cancer.
A tumor needs a great amount of nutrients and oxygen, which it receives from
the surrounding capillaries [12]. As the demand is higher, the higher difference
in pressure over distance can create a larger oxygen flux. However, existing
vascularisation is often not sufficient to deliver enough oxygen, as the tumor
grows and distance to the existing blood vessels is too large for some cells. A
response can form that promotes formation of new blood vessels by producing
hypoxia-induced-factors[13]. However, vascularisation as a result of these new
blood vessel in tumors have structural and functional deformities. This adds to
inadequate delivery of oxygen to the tumor tissue [14]. This greater demand
and lower supply of oxygen both add to the strength of a hypoxic environment.
Hypoxia is however not present in every tumor. Measuring the hypoxia induced
factors can give an indication for prevalence. Using this, 25% to 40% of invasive
breast cancers can be categorized as hypoxic [15].

1.5 Measurement and imaging of hypoxia

A lower local oxygen saturation in capillaries and veins can point to a higher
oxygen consumption. This can in turn point to a higher local metabolic rate
which can signal to a tumor being present [16]. If reliably measuring hypoxia in
human tissue is possible, this could be used for cancer detecting and monitoring.
In the next part, some blood/tissue oxygen saturation sensing methods will be
introduced and compared.

1.5.1 Blood Gas Analysis

Blood gas analysis is considered the golden standard when measuring oxygen
saturation in blood. Blood is taken with a syringe from anywhere in the vascular
system, and is tested for the partial pressure of oxygen which is directly related
to oxygen saturation via the oxygen saturation curve[4]. Arterial and venal
blood oxygen as determined by the blood gas analysis are called SaO2 and
SvO2, respectively[17, 6].

1.5.2 MRI and PET

With MRI (Magnetic Resonance Imaging) and PET (Positron Emission To-
mography) indications of hypoxic tissues can be imaged. The PET modality
makes use of radioactive tracers. Certain tracers will pool in hypoxic cells and
by imaging the sources of gamma rays hypoxic regions can be detected. A
disadvantage of PET is the need of the injection of this tracer. A PET scan
also takes more than an hour, so it is not feasible to use this for exploratory
screening [18, 19]. MRI is based on excitation and relaxation of hydrogen atoms
using radiofrequency waves and strong magnets. Hb and HbO2 have different
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Figure 1.6: Typical setup of a transmissive pulse oximetry sensor. A finger is
placed in the pulse oximeter, where light is emitted on one side by a light source
and received on the other side by photodiodes. Earlobes are also often used for
transmissive pulse oximetry[20].

magnetic properties, and a scan can indicate hypoxia. MRI is non invasive. [19].
It is however very expensive and a scan takes a long time, so it is not feasible
to use this for exploratory screening.

1.5.3 Pulse oximetry

With pulse oximetry the SaO2 can be approached. It is very non-invasive, inex-
pensive and has really accurate readings. It uses a combination of the Lambert-
Beer law, the differing extinction coefficients of Hb and HbO2 for some wave-
lengths and the pulse. A typical setup is as seen in figure 1.6. Light emitters
of two or more peak wavelengths in the red to infrared spectrum are placed on
one side, and light detectors of the same wavelengths are placed on the other
side. Pictured is a transmissive mode. Reflective mode is also often used. Here
the sensors and light sources are placed on the same side of the tissue at some
small distance from each other. When using the reflecting mode, you can also
measure on areas that are too thick for transmissive mode. This is possible
because of the scattering properties of light in tissue; reflective and transmissive
mode are computationally the same for pulse oximetry wavelengths, as long as
the absolute pathlength is at least 1mm[21].

When light travels through a tissue, there will be less light that exits the tissue
than it enters. Part of it is absorbed and part of it is scattered, and the intensity
of light decreases the further it travels as pictured in figure 1.7. The amount
of light that is absorbed over distance is different for each wavelength through
each tissue. The Lambert Beer equation shows this relation in a solution with
an absorber with a concentration C. It links the transmitted light to the incident
light through a solution at a certain wavelength, and shows it is dependent on its
pathlength, concentration and the molar extinction coefficients of the solution
it travels through. It is described for a uniform solution as[7]:

I(λ) = I0(λ)e
−µ(λ)dC (1.1)

Here is I(λ) the intensity at a point for a wavelength, I0(λ) the intensity of
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Figure 1.7: The extinction of light through a tissue. Here is I0 the intensity of
light that enters the tissue, and I the intensity of light that leaves the tissue[7].

the incident light at that wavelength, µ(λ) the extinction coefficient for that
material for that wavelength, and d the pathlength of the light through the
material. C shows the concentration of the chromophore that is connected to
the extinction coefficient. Because you can link the amount of light that goes
through a substance to the concentration of a chromophore, the Lambert-Beer
equation forms the basis for pulse oximetry. From this equation, you can also
see that the smaller the extinction coefficient, the higher the intensity is of the
transmitted light if all else stays the same. As seen in figure 1.5, light with
a wavelength larger than 600 nm is able to penetrate deeper relative to other
wavelengths. That is why light in the red to infrared spectrum is often chosen
for lambda; less light is absorbed in the tissue, increasing the amount of signal.

While the heart contracts, the pressure in the artery goes up and the blood
vessel expands. This is causing the fraction of blood and tissue to change. Be-
cause there is more of the chromophores Hb and HbO2 in the system, you can
see this in the amount of light absorbed[21, 4]. See also figure 1.8. Because
this action repeats itself an pulsatile element is visible. By isolating only the
pulsatile element of the measurement, most absorption caused by elements that
are not blood like tissue and bone is subtracted. At that point, signal that is
left will be from the pulsatile blood. Using the extinctions coefficients of oxy-
and deoxyhemoglobin as seen in the spectrum in figure 1.5, it is possible to
compute the ratio of each chromophore; Hb, and HbO2. From ratio the oxygen
saturation in the blood can be determined. This resultant oxygen saturation in
the pulse is called SpO2[22].

SpO2 values usually differ some, but not a lot from the invasively determined
SaO2 values[21]. The SpO2 value is often used to non-invasively approach the
SaO2 value, as the difference between these values are often less than 2%[23].
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Figure 1.8: Absorption of light in tissue. Percentual contributions of each of the
elements is not proportional to reality, but serves as an example[20].

1.5.4 Near InfraRed Spectroscopy

Near InfraRed Spectroscopy (NIRS) is a method related to pulse oximetry, and
some of the same basic principles as for pulse oximetry are used with some key
differences. It also uses light and the Lambert-Beer equation to determine the
concentration of Hb and HbO2 non-invasively. The first key difference lies in
the target substance; with NIRS, the oxygen saturation of blood in the com-
bined blood vessels and tissue can be approximated. The pulsatile elements of
the red and infrared data are not isolated, so the absorption that is caused by
other tissues and non-pulsatile blood is also taken into account. Background
components of the measurements are not filtered out including muscle, bone
and fat. Also, venous and capillary blood is not filtered out.

Because this is not filtered out, is it possible to measure the contributions from
venous and capillary blood. However, this also means that contributions from
other tissues will influence signal. From the recieved signal, using the earlier
given Lambert-Beer equation and the extinction coefficients of oxy- and de-
oxyhemoglobin the oxygen saturation in the blood can be approximated. The
computations will be found in section 2.5.

Two of the non-blood contributions are deoxymyoglobin (Mb) and oxymyo-
globin (MbO2). These are present in the muscle, and are oxygen carriers in the
myocyte. It is not yet clear how much of the NIRS signal originates from ei-
ther; estimations range from 10% to 90%. However, their extinction coefficients
are very similar to those of Hb and HbO2, respectively. Relevant peaks in the
absorption spectrum originate from the same heme group, and thus are both
dependent on whether oxygen is bound to it. Because of these reasons they are
often referred to as a sum in the context of NIRS; oxy[heme] and deoxy[heme].
This is most important to take into account when measuring muscular areas.
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Figure 1.9: Schematic representation of light beams in tissue. It is possible to
collect data from multiple depths by varying the distance between light source
and light detector.

Muscle changes shape upon contraction, which is why contraction will give large
artefacts[24, 7].

NIRS is now used for functional neuroimaging. It does not measure absolute
values of oxygen saturation because of the influence of other tissue. Instead it
measures oxygen saturation relative to other areas of the brain or relative to
itself at an earlier point in time. In this way areas with higher oxygen consump-
tion may be identified. Values determined by NIRS are defined as the tissue
oxygen saturation, or StO2.

Using NIRS, multiple penetration depths can be achieved. Due to scatter-
ing, light diffuses through the tissue. When looking at the bulk light that a
certain light detector has received from a certain light source, it is found that
the majority of light has taken a ’banana’-shaped path as seen in figure 1.9.
This means that on average, the received signal will give information from that
depth[25, 26].

The influence of scattering on transmitted intensity and specifically pathlength
is an important factor. Red and infrared light are very strongly scattered in tis-
sue, which means that light has experienced multiple scattering events in the
tissue before reaching the detector. This makes the pathlength of light a lot
longer, and means that the absolute distance between the detector and light
source is not reflective of pathlength. Instead of only pathlength, the differen-
tial pathlength factor (DPF) is often used as a scalar to absolute pathlength.
This DPF is dependent on multiple factors. E. G., not every photon follows the
same path and different tissues have different scales of homogeneity and density.
Temperature also changes the value of the DPF over time[7]. Incorporation of
this is in the Lambert Beer equation as seen in equation 1.1 gives:

I(λ) = I0(λ)e
−µ(λ)·d·C·DPF (1.2)
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By not isolating the pulsatile part, the relevant fraction of venous to arterial
blood could be different than for pulse oximetry. As SaO2 is relatively stable,
a change in SvO2 and muscle oxygen saturation could be better visible with
NIRS than pulse oximetry.

1.6 Research goal

As said in section 1.4, a local lower oxygen saturation in capillaries and veins
can point to a higher demand of oxygen in tissue. This can in turn point to
a higher local metabolic rate, which can point to a tumor. While there are
more reasons for a lower local oxygen saturation, this property could be used to
non-invasively and inexpensively direct possible patients to seek early diagnosis
and care. This can possibly improve quality of life for patients and decrease
pressure on healthcare.
In this report the possibility of using NIRS as a method for exploratory tumor
detection is presented. It is part of developmental research for OxyForce, a
diagnostic tool that uses detection of tissue stiffness and oxygen saturation to
screen a breast for tumors. Some of this work is based on earlier work done
for the same project. This report is exploratory, so the question is whether the
developed code in combination with the light sensors is able to differentiate in
vivo differences between high and low oxygen saturation. Together with this
the used calibration method will also be explored.
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Chapter 2

Methods and Materials

2.1 Hardware

Most of the setup for the hardware is based on the setup made for a pulse
oximetry sensor made by Ellen Juffermans. This setup uses a Arduino Uno R3
micro-controller and 2 GY MAX30102 pulse oximeter sensors. A PCA9548A
I2C multiplexer is used to direct multiple sensors at once. The setup is shown
as in figure 2.1. A close-up of the sensor is as seen in figure 2.4. The LEDs on
the Gy-MAX 30102 sensor emit light with peak wavelengths at 660 nm or 880
nm. The photodiodes read the intensity of light for these same wavelengths.
The LED and photodiode are present on the same side of the tissue, this means
that reflective mode NIRS wil be used. For clarity; the sensor is defined as the
MAX-30102 unit, the LED is the light emitter on the sensor, and the photodiode
is the light detecting unit on the sensor.

2.2 Software: acquiring the data

In total, three pieces of software are used to drive the sensors, interact with the
setup and process the data. The first is ran and uploaded in Arduino IDE, and
the other two are ran in Microsoft VS code.

2.2.1 Driving the sensors

The software that drives the sensors is written in C++ and is uploaded to the
micro-controller. It activates the LEDs, and lets the photodiode read off the
produced photocurrent, which is the output that the computer receives. It sets
a frame rate of 50 reading per second with an averaging of 2 frames per output
value. It has an ADC range of 0.16384 mA. It is adjusted to have 2 sensors,
however this can be modified. This software is modified from that received by
Ellen Juffermans.
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Figure 2.1: Circuit drawing of the setup of the NIRS sensor. The sensors are
connected to a breadboard, which is connected to the Arduino micro-controller.
In the middle of the breadboard a multiplexer manages the in and output of
multiple sensors. Here, 2 light sensors are used, but up to 8 sensors can be
linked as needed

2.2.2 Interacting with the sensors

The software that interacts with the sensors is written in python. It interprets
the data as received via the microcontroller. While running, an interface pops
up where you can choose to start and stop measuring, and to start and stop
recording the measurement. This recording is then saved to a file that is saved
to your computer. This software is mostly received from Ellen Juffermans, but
modified to fit the NIRS method. The output is a text file that contains a list
of photocurrent data for each wavelength and sensor. This data will be further
processed, plotted and compared in the piece of software, as seen in section 2.5.

2.3 Calibration: determining incident light

To be able to determine the concentration of a substance, it is necessary to know
the incident light as referenced to in equation 1.2. This will be determined as
explained in the following section.

2.3.1 Setup

During calibration, the sensor is placed directly on a mirror. Both pieces of
software as described in section 2.2 will be ran, and the amount of photocurrent
that is detected by the photodiode will be recorded for a chosen amount of time.
This resultant photocurrent will be a combination of the produced light by the
LED, and any lingering background light. To minimize background light, the
calibration measurement is done in the dark. The setup is as seen in figure 2.2.
This calibration measurement will last at least 20 seconds. The goal is to record
the amount of detected photocurrent when there is no absorption or scattering.
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Figure 2.2: Picture of the setup of a calibration measurement. Paper around
the edges is added for clarity, and is not present in actual calibration. The tape
keeps the sensor in place. Note that all measurements are done in the dark

In total, three calibration measurements will be done. Two of these are linked
to a set, and will be done on the same day and will represent as the incident
light for these sets. The third measurement is done separately, to be able to
compare more data.

2.3.2 Computation

However, not all the light that is emitted by the LED is measured by the pho-
todiode. There is a three mililimeter thick glass layer over the mirror, which
increases the distance between the light source and photodiode. The LED does
not emit light in a parallel fashion, LEDs are often approximated as Lamber-
tian emitters [27, 28], as pictured in figure 2.3. This means that the intensity
of emitted light is dependent on the angle to the normal axis of the source.

The situation as visible in figure 2.2 is schematically displayed in figure 2.5A

Figure 2.3: Representation of the intensity pattern of light of a Lambertian
source. The intensity is dependent on the angle to the normal axis of the sensor.
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and B. The visible symbols are as defined in table 2.1. If the LED emits light
in a Lambertian pattern, then a lot of light will not reach the detector. The
photocurrent that is detected by the photodiode is not representative the total
output of the LED. A closeup of the optical unit of the sensor is seen in figure
2.4.

Figure 2.4: Close-up of the optical unit of the sensor. Some dimensions and
symbols are defined.

Figure 2.5: Schematic representation of the light in the calibration setup. Some
dimensions and symbols are defined. Here the light that is marked in white
reaches the detector, and the light that is grey does not. Two lightrays with angles
are drawn. Angle 1 shows the maximal angle with respect to the sensor surface
that reaches the photodiode in both figures, and angle 2 shows the minimal angle
with respect to the sensor surface that reaches the phototdiode in both figures.
The planes that are defined are in accordance with the planes as defined in figure
2.4. A) Schematic view in the x-z plane. B) Schematic view in the y-z plane.
C) Supporting graphic for computation of the angles. Derived from A.

The escaping light makes it so incident photocurrent is not equal to the pho-
tocurrent as detected during the calibration. To approximate the incident pho-
tocurrent, some computations are done. For this the following assumptions
and/or simplifications are made:
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Symbol Value Unit Meaning

d 1 mm Distance between the LED and photodiode
sx 1.4 mm Size of photodiode in the x direction
sy 1 mm Size of the photodiode in the y direction
t 3 mm Thickness of the glass
ϕ rad Angle of light with respect to the x-axis
θ rad Angle of light with respect to the y-axis
β rad Angle of light with respect to the z-axis
N # Photocurrent count
N0 # Incident photocurrent count
NA # Photocurrent count on the sensor
Nmax # Photocurrent in the direction normal to the

sensor

Table 2.1: Clarification of some symbols.

• There is perfect contact between the glass and sensor;

• The glass does not scatter or absorb light;

• The sensor surface reflects no light;

First the angles as seen in 2.5A and B will be computed. Using the supporting
graphic C, it is seen that the angle to their respective axes are equal to:

ϕ1 = 0.5π − arctan

(
d

2t

)
= 0.5π − arctan

(
1

6

)
= 1.4056 (2.1)

ϕ2 = 0.5π − arctan

(
d+ sx
2t

)
= 0.5π − arctan

(
1 + 1.4

6

)
= 1.1903 (2.2)

θ1 = 0.5π − arctan

(
−0.5sy

2t

)
= 0.5π − arctan

(
−0.5

6

)
= 1.4876 (2.3)

θ2 = 0.5π − arctan

(
0.5sy
2t

)
= 0.5π − arctan

(
0.5

6

)
= 1.6534 (2.4)

A Lambertian source is described with[29]:

I(β) = Imax · cos(β) (2.5)

Where Imax, also seen in figure 2.3, lies parallel to the z-axis in the defined
coordinate system. The angle β is dependent on θ and ϕ in the following relation:

ρsin(θ)sin(ϕ) = z = ρcos(β) (2.6)

Besides that, the count that is determined by the photodiode is proportional
to the surface of the photodiode, and to the intensity of the light that hits the
photodiode; N ∝ A ∝ I [30]. This means that also:
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N(β) = Nmax · cos(β) (2.7)

This is for the photocurrent with an angle β to the z-axis. For the photocurrent
on a surface, you need to integrate over that surface. Integrating over that
surface, while substituting equation 2.6 into equation 2.7 considering ρ = Nmax

gives:

N(ϕ, θ) =

∫∫
A

Nmax · sin(θ)sin(ϕ)dA (2.8)

To find the incident photocurrent, the surface A will be the semi-sphere. This
means that 0 ≤ ϕ ≤ π and 0 ≤ θ ≤ π:

N0 =

∫ π

0

∫ π

0

Nmax · sin(θ)sin(ϕ)dϕdθ (2.9)

=

∫ π

0

Nmaxsin(θ)(−cos(π) + cos(0))dθ

= Nmax(−cos(π) + cos(0))(−cos(π) + cos(0))

= Nmax(1 + 1)(1 + 1) = 4Nmax

From the calibration measurement, we measure a count NA over the photodiode
area A. This is over the known angles. This means that ϕ2 ≤ ϕ ≤ ϕ1 and
θ2 ≤ θ ≤ θ1. Filling this in into equation 2.8 gives:

NA =

∫ θ1

θ2

∫ ϕ1

ϕ2

Nmax · sin(θ)sin(ϕ)dϕdθ (2.10)

= Nmax

∫ θ1

θ2

sin(θ)(−cos(ϕ1) + cos(ϕ2))dθ

= Nmax(−cos(θ1) + cos(θ2))(−cos(ϕ1) + cos(ϕ2))

Nmax =
NA

(−cos(θ1) + cos(θ2))(−cos(ϕ1) + cos(ϕ2)

Combining equation 2.9 and 2.10 gives:

N0

4
=

NA

(−cos(θ1) + cos(θ2))(−cos(ϕ1) + cos(ϕ2))
(2.11)

The incident photocurrent is found as a function of the detected photocurrent
and known photodiode. Finally, substituting equations 2.1-4 into equation 2.11
gives:

N0 =
4NA

(−cos(θ1) + cos(θ2))(−cos(ϕ1) + cos(ϕ2))
(2.12)

=
4NA

(−cos(1.4876) + cos(1.6534))(−cos(1.4056) + cos(1.1903))

=
4NA

0.03426
= 117 ·NA

(2.13)

21



Figure 2.6: Images of the sample setups. A) Picture of sensor placement. Wires
that connect the sensors to the board are disconnected for clarity. Yellow tape
hold the sensors in place during the samples. B) Instruction of placement of the
blood pressure cone cuff.

This means that the total emitted photocurrent by the LED approximately 117
times bigger than the photocurrent detected by the photodiode in this sensor
configuration.

2.4 Measurements: inducing changes in blood
oxygen saturation

To prove the sensor is able to measure oxygen saturation differences in magni-
tudes present in the human body, blood flow occlusion is used to temporarily
and locally lower oxygen saturation. A commercially available blood pressure
measurement cuff is used.

2.4.1 Setup and overview

When determining if the sensors can measure a change in oxygen saturation,
they will be tested on the wrists. One sensor will be attached to each wrist, and
a blood pressure cuff is placed on one arm as per its instructions. In this way, a
difference in oxygen saturation will be induced by the blood pressure cuff in one
arm. An image of this is seen in figure 2.6. Note that again, all measurements
are done in the dark.
The subject is placed in a sitting position with the arms laid in a relaxed posi-
tion. In this way the sensors and its wires have minimal contact with external
objects that could influence readings, while the subject is able to rest and not
tense their muscles. In this way movement and muscle activation is minimized.
A second person navigates the software, starts the recording, activates inflation
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Figure 2.7: Overview of measurement set 1. Every set contains 3 indentical
samples, and every samples contains 2 sensors. Every sensor then produces 2
datastrings. In total, there will be two sets where set 2 is a repetition of set 1.

of the cuff and ends the measurement. More information on timing in the mea-
suring cycle is found in figure 2.8. The subject waits for at least 5 minutes in
the measuring position before starting a new sample, to let the StO2 return to
baseline. It is attempted to minimally adjust the sensors in-between samples.
In total, two identical, separate sets of measurements are done. See figure 2.7
for an overview of set 1. Each set of measurement contains identical samples 0, 1
and 2, which each in its turn contains sensors 0 and 1. Sensor 0 will be attached
to the arm with the cuff, sensor 1 will be attached to the arm without the cuff.
Each sensor emits and detects light of two wavelengths, 660 nm (red) and 880
nm (infrared). While the sets are done over multiple days, each of sensors used
and named are physically also the same sensors, to investigate stability of a
sensor over differing days.

2.4.2 Measuring cycle

To prove the sensor is able to measure oxygen saturation differences of magni-
tudes present in the human body, blood flow occlusion is used to temporarily
and locally lower oxygen saturation. The pressure the blood pressure cuff pro-
duces over time in the measurements is as seen in figure 2.8. The diastolic and
systolic pressure as seen in the figure are individual to the subject.
A typical resultant tissue oxygen saturation curve is as seen in figure 2.9. First
there is a baseline, which is before the cuff is activated. The StO2 is expected to
be stable. Then there is decrease in StO2 as the cuff is inflated and blood flow
occlusion takes place as the pressure rises above the systolic and diastolic blood
pressure. As soon as the cuff is released, the StO2 value is expected to approach
the baseline value again, which it overshoots before returning to baseline[31, 32].
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Figure 2.8: The pressure of the pressure cuff during the measuring cycle. First,
there are 45 seconds of no pressure before the cuff is activated. Here the baseline
StO2 can be determined. After that, the cuff is activated and the pressure is build
up to around 150 mmHg, which is above the systolic and diastolic pressure. After
that, the pressure is gradually released and blood flow will be restored.

Because the deflation of the commercial cuff used in this report does not

Figure 2.9: A typical tissue saturation curve when tissue is subject to a vascular
occlusion. Visible is a baseline before occlusion, a slow decrease in StO2 during
occlusion, and a fast increase with overshoot after release of the occlusion[31].
Note that in the test above a cuff was used of uniform pressure, and for the
measurement in this report a varying pressure is used.

immediatlely let the pressure of the cuff drop under the systolic pressure, it is
expected that the visible peak in measured StO2 does not coincide in time with
the peak pressure at 60 seconds. The overshoot after deflation can be explained
by the reaction fo the body to oxygen deprivation. While the cuff is inflated,
the body notices the oxygen depraved tissue. The body temporarily releases
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Figure 2.10: Flowchart of the computation from the detected data to StO2 val-
ues. To be able to compute the StO2, you need both wavelengths on the sensor,
and a separate calibration measurement. Notice that this is for one sensor in
the sample, and that there are two sensors in a single sample. The flowchart is
the same for sensor 0 and 1.

artery dilating compounds. When the cuff is released, the widened arterioles
temporarily allow a large influx of oxygen-rich blood[33].

2.5 Software: Processing the saved data

The software that processes the data is written in python. It reads and formats
the data produced by the previous software, as seen in section 2.2.2. The input
is thus this same list of photocurrent data, which is unpacked and processed by
the functions. The processing of the data is summarized as in figure 2.10. Each
component of the flowchart will be discussed in the next sections.

2.5.1 Drift removal, filters and interpolation

First the data is loaded from the saved file and put in a library, to order all the
data according to figure 2.7. Missing values are interpolated. If the lines were
deleted instead of interpolated, the timeframe will be shifted, and not represent
reality. If any indices are missing, they are replaced with NaN values. For this,
at least sensor number and a 660 nm or 880 nm value is needed; i. e. the length
of the array needs to be at least 2. A next function will search for all NaN
values, and replace these with interpolations from surrounding values from the
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same sample, sensor and wavelength.
Then the baseline drift of the raw data is removed. It is assumed that the first
45 seconds are in rest, and from this a slope coefficient is computed that is rep-
resentative of the drift in that period. The drift is then removed by subtracting
the computed slope times the frame number from the original, full array. While
it is not certain that the baseline drift is an artifact, it makes the results of the
two sensors easier to interpret.

After that the data is filtered with a lowpass, butterworth filter. The low-
passfilter has a cutoff frequency of 1.5 Hz. In this way high frequency noise in
the time domain is reduced while conserving important information. This cutoff
frequency is based on the measuring cycle that will be described as seen in figure
2.8, where there is less important information above 1.5 Hz. No highpassfilter
is used, as that would delete all DC data.

2.5.2 StO2 computation

After filtering, the absorbance for each color is determined and saved as a value.
This is done as follows, as a function of incident light intensity and resultant
light intensity[34, 35, 36].

A(λ) = ln
I0(λ)

I(λ)
(2.14)

Recognize the intensity I as defined in equation 1.2. The absorption value
is representative of the amount of light that is absorbed by the tissue. The
photodiodes are able to measure the photocurrent, denoted by N. Remember
that I ∝ N [30]. Remember also that after a pathlength of 1 mm, the light has
scattered so much in the tissue that the initial direction has become irrelevant
for the direction at that point [21]. This means that the detected photocurrent
is not dependent on the angle to the Lambertian emitter, only on photodiode
area. This is the same for the detected NA, and the to be detected N . When
including equation 2.11, this results in:

A(λ) = ln
I0(λ)

I(λ)
= ln

N0(λ)

N(λ)
= ln

117 ·NA(λ)

N(λ)
(2.15)

When equation 2.14 and 1.2 are combined, it is possible to compute the the
concentration of a chromophore:

A(λ) = ln
I0(λ)

I0(λ)e−µ(λ)·d·C·DPF
= µ(λ) · d · C ·DPF

However, the absorbance of a certain wavelength is a function of the absortion
by multiply chromophores. The absorbance as a result of solutions of multiple
chromophores x and y is additive[34]. This means that:

Ax+y(λ) = Ax(λ) +Ay(λ) = µx(λ) · d ·Cx ·DPF + µy(λ) · d ·Cy ·DPF (2.16)
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As tissue is a strong scatterer of light, the distance is not representative of the
actual path the light has taken as discussed in 1.5.4. It is however still necessary
to take this into account to obtain realistic values of oxygen saturation. A typical
DPF for various areas as the forearm and forehead range from 3.9-4.4 and 5.9-6.5
repectively[37]. For this report, an DPF is approximated of 5. The pathlength
is defined as a half circle with a diameter equal to the distance from the LED
to the photodiode, to approximate the path as seen in figure 1.9.
Then the concentration of each chromophore needs to be computed. The ab-
sorption is not dependent on one chromophore, but the combination of the con-
centrations of multiple chromophores. The extinction coefficients of oxy[heme]
and deoxy[heme] at 660nm and 880nm used are as seen in figure 1.5. The sum
of all heme is indicated with total[heme].
Substituting extinction coefficients, pathlengths and DPF for oxy[heme] and
deoxy[heme] at 660nm and 880nm into equation 2.16 gives a system of two
equations with two unknown concentrations:

Atotal[heme](660nm) = µdeoxy[heme](660nm)dCdeoxy[heme]DPF

+µoxy[heme](660nm)dCoxy[heme]DPF

Atotal[heme](880nm) = µdeoxy[heme](880nm)dCdeoxy[heme]DPF

+µoxy[heme](880nm)dCoxy[heme]DPF

(2.17)

This system of equations is then solved to obtain the concentrations of de-
oxy[heme] and oxy[heme] for each frame in a sample[35]. Note that this assumes
all absorption is caused by deoxy[heme] and oxy[heme], while other tissues are
not taken into account. After, the oxygen saturation is determined by taking:

StO2 =
Coxy[heme]

Cdeoxy[heme] + Coxy[heme]
· 100 (2.18)

Because the StO2 value that is measured is not absolute, all of the values are
subtracted from the first measured value when plottinng. In this way it shows
the relative difference to the first measurement and may it be possible to com-
pare the change of oxygen saturation over time between sensor 0 and 1(note:
not the differential!).
Lastly, there are several plotting options: for absorbance; concentration; and
oxygen saturation. At least 1 sample, and at most 3 samples can be given
to plot in the figure. As different steps in the process are saved as variables,
evaluation of the steps is possible. In the script are several warning messages
built in, to note physically not possible results.

2.5.3 Calibration

For calibration some of the same steps are taken as for the samples and some
different steps. The format of the input is the same, and comes from the separate
calibration measurements. The output is a single value that is representative of
the mean of the file. First the data is loaded into the file and missing values are
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Figure 2.11: Flowchart of the computation of the normalized, average standard
deviation per sensor of a set. The sensors in samples of a sets will be normalized
and the standard deviation will be determined. From this an average is taken.

interpolated, using the same function as for the samples. Then the data is also
filtered through the same lowpass filter to remove time-domain high frequency
noise.
Then the outliers are removed. If a value in the file is bigger than a threshold
times the amount of the median value of the file, set here as 4, then that value
will be replaced by the median value. This removes any big spikes. Then the
final computation is done, where the measured photocurrent NA is determined
by computing the mean value for every wavelength on every sensor.

2.6 Results acquisition

2.6.1 Calibration

For results, first the quality of the LEDs, detectors and calibration method will
be evaluated. The slope of the data will be computed. In this way, it is seen how
much drift there is present in the sensors and if this drift changes over different
measurement dates. The goal is to evaluate the stability of the sensitivity of
the photodiodes and the output of the LED during a measurement.
Also, the mean will be computed of the detected photocurrent. The goal is to
evaluate the calibration method and stability of output of the LEDs by evalu-
ating a change in mean between different measurements.

2.6.2 StO2

As mentioned in section 2.5.2, different steps in the process are saved as vari-
ables. These variables are plotted and compared, to check for any surprising
results. It is expected that all absorbances are positive and all concentrations
are also positive. It is expected that the mean of the absolute oxygen concen-
tration for each sample is positive and under 100%. To evaluate if the sensors
can detect a change in oxygen saturation, the standard deviation between the
sensors are compared. For this, first the oxygen saturation is determined. This
is then normalized by dividing it by the mean of the absolute oxygen saturation.
Then the standard deviation is calculated, after which the standard deviations
are averaged with the values obtained by the same sensors from the same set.
See also figure 2.11. The same steps are then taken for the other sensor in the
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Figure 2.12: Graphic support imaging the effect of the cuff on the standard
deviation. If there is a dip caused by the cuff, this could cause a higher standard
deviation. The symbol σ stands for the standard deviation.

set, and the sensors in the second set. It is hypothesized that because the cuff
temporarily lowers the oxygen saturation, sensor 0 will have a bigger deviation
from the mean and thus a larger standard deviation than sensor 1 for both sets,
see figure 2.12.
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Chapter 3

Results

3.1 Calibration

Figure 3.1: Comparison of the mean as detected by the photodiode during the
calibration measurements.S0 is sensor 0 and S1 is sensor 1.

In figure 3.1 the mean is visible of the calibration value NA. For sensor 0 at 660
nm the mean of the highest value is 1.0015 times as high as the lowest value.
For sensor 0 at 880 nm the largest value was 1.954 times as high as the lowest
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value. Do note that this is for the same sensor. It is also of note that the average
photocurrent for red light is 4.04 times as high as the photocurrent of infrared
light.

Figure 3.2: Comparison of the slope of the drift that is present in calibration
measurements. S0 is sensor 0 and S1 is sensor 1.

In figure 3.2 the slope the detected NA is visible. The biggest slope is for
sensor 0, for 880 nm with 1.52 photocurrent units per frame. In a sample of
120 seconds, and thus t · framerate = 120 · 25 = 3125 photocurrent units. In
combination with the mean as shown in figure 3.1, this would mean an increase
of 0.41 % at the end of the measurement. It is visible that the drift of a sensor
does not stay the same over time; for measurement 0 to measurement 1 the drift
for the same sensor for the same wavelength changes.

3.2 Cuff measurements

3.2.1 Set 1

In figure 3.3 the StO2 is plotted. This is in deviation from its value at the start
of the measurement, at t=0. The mean StO2 for S0 was 64.3%, 64.4% and
64.4%. The mean StO2 for S1 was 65.1%, 65.1% and 66.0% . This is for sample
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Figure 3.3: An image of the plotted oxygen saturation of set 1. The values are
not absolute, but relative to the first value.

0, 1 and 2 respectively. Notice that for sensor 0 the mean StO2 was lower than
sensor 1 for every sample.

Sam. 0 Sam. 1 Sam. 2
S0 S1 S0 S1 S0 S1

Mean A(660nm) 6.50 6.50 6.50 6.51 6.49 7.10
Mean A(880nm) 5.05 5.14 5.05 5.15 5.04 5.74
Mean Cdeoxy[heme][10

−3] 1.83 2.30 1.83 1.82 1.82 1.97
Mean Coxy[heme][10

−3] 3.30 3.40 3.30 3.40 3.30 3.83

Table 3.1: The average values of some datasets as computed with the software, to
give an indication of values in the datasets. A(λ) shows the average absorbance
at that wavelength.

In table 3.2.1 the mean values for different samples for concentration and ab-
sorbance are seen. All values in the table are positive. For set 2, not pictured,
this was the same.

3.2.2 Set 2

In figure 3.4 the computed deviation of StO2 for set 2 is plotted. The mean of
absolute oxygen concentration as measured for set 2 is 54.1%, 54.1% and 58.2%
for sensor 0 and 65.1%, 65.1% and 65.1% for sensor 1, for sample 0, 1 and 2
respectively.
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Figure 3.4: Deviation of oxygen saturation from its starting value, for set 2.
The values are not absolute, but it show the difference to the first value

3.2.3 Average standard deviation

Table 3.2 shows the normalized standard deviation computed as in figure 2.11.
It is seen that for both set 1 and 2 the standard deviation is higher for sensor 0
than sensor 1. The difference is bigger for set 2 than for set 1.

normalized standard deviation S0 S1
set 1 [10−5] 11.0 8.56
set 2 [10−5] 20.8 3.45

Table 3.2: The average of the normalized standard deviation of the StO2 value
for each set and sensor.
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Chapter 4

Discussion

4.1 Measurement discussion

4.1.1 Other NIRS mode and pathlenght

There are more types of near infrared spectrometer methods. For this report
there has been made use of continuous wave NIRS. This means incident light is
used of a constant intensity. A disadvantage of this technique is that pathlength
is unknown, which is one reason that the absolute concentrations cannot be
known. There are however other types of NIRS that are used for which the
absolute pathlength can be deduced. One of these techniques is time-domain
spectroscopy. Instead of a continuous wavelength, a short pulse of light is send
out. Then the light as detected by the photodector can be plotted over time,
after which time of flight can be used to determine pathlength. The maximum
sample rate of the MAX30102 is 3200 samples per seconds, which is equal to a
sample time of 0.3125 ms. Its minimal pulse width is 69µs. For time-domain
spectroscopy, the detector needs to have resolution that is in sub-nanosecond,
and a pulse width that is also sub picosecond. The sensors that are used in
this report are thus not of sufficient temporal resolution to be able to use time-
domain spectroscopy[7, 24, 38].

4.1.2 MAX30102 sensor

The MAX30102 contains internal ambient light rejection in the datatransfer
from the photodiode to the ADC conversion. This has possibly influenced out-
comes[38].

4.1.3 Validation

One of the validation problems was the small measurement set. Because of the
small sample size, the some conclusions could not be certain. There was also no
golden standard used; a pulse oximeter would give a different fraction of blood,
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and blood gas analysis would be invasive. For validation, a commercial NIRS
sensor could be used in future research.

4.2 Results discussion

4.2.1 Calibration; mean and shift

In figure 3.2 it is seen that for the same sensors any shift in mean for one wave-
length does not necessarily correlate with a shift for the other wavelength in the
same sensor. For sensor 0, there is a big accordance with itself for 660 nm and
less accordance with itself for 880 nm. If the sensor itself would have shifted
and the distance to the mirror would have grown, you would expect similar shift
in both wavelengths. This can indicate inconsistencies in either the used sensor
or the calibration method.

The path of light from LED to photodiode is very sensitive to movement and
placement. This could affect the scale of change in oxygen saturation. Any
tensing of the muscle was also very visible in the measurement, as it would give
spikes in oxygen saturation. Testing had to be done in complete rest of the arm
and fingers. When designing the device for patient use this needs to be taken
into account, as it may be more difficult to control patient movement.

The LED brightness that was used was the default setup of the library. This set
the red LED to a current that was higher than the infrared LED current[39].
Results could have been easier to compare if the current was equal, and this
difference could have been the reason the mean red photocurrent is larger than
the measured mean infrared photocurrent.

4.2.2 Drift

The drift removal is less accurate as time progresses. If either individual sensors
or lasers were degrading faster than the other, you could see this in your results
as a change in oxygen saturation if there was no drift removal. The drift does
not have a constant derivative over time, as the slope is different between the
measurements as seen in figure 3.2. This means that you cannot simply subtract
it from the data. This could give problem in more dynamical systems, where
you don’t know whether a change in tissue oxygen saturation is caused by drift
or signal.

4.2.3 StO2

As seen in the figure 2.9, it is expected that the oxygen saturation goes down
and then up again. This is clearly visible in figure 3.4. It is however less vis-
ible in figure 3.3, what can indicate inconsistencies in the measurement cycle,
method or computations in developed NIRS sensor.
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The blood oxygen saturation of venous blood is around 70%, and arterial blood
has blood oxygen saturation of around 95 %. The computed mean oxygen sat-
uration between 54% and 66% is low, but not unreasonable when taking into
account the non-absolute nature of the used NIRS method. It is also visible
that the values of mean oxygen saturation are different from eachother, when
placed in the same area. If the NIRS method is able to pick local, static differ-
ences in oxygen saturation the translation to breast cancer detection would be
more apparent. For now this is not the case, so future research could look into
ways to either be able to pick up this static local difference or to possibly use a
induced change in tissue oxygen saturation.

4.2.4 Normalized standard deviation

The expectation was that the standard deviation of sensor 0 would be bigger
than for sensor 1. When looking at table 3.2 this seems to indeed be the case
for both sets, what would indicate that the NIRS sensor is able to pick up
changes in oxygen saturation. However because the same sensors were used for
every measurement, it is not possible to confirm the larger standard deviation
is caused by the changing oxygen saturation or possible differing quality of the
sensors. By changing up the sensors instead of using the same physical ones per
measurement and getting more measurement sets, more could be said about this.

For the same table, the difference between sensor 0 and sensor 1 is bigger for
set 2 than for set 1. This is in accordance with figure 3.1 and 3.2, where for set
2 the expected dip in the curve is easier to recognize than for set 1.

4.3 Future recommendations

4.3.1 Distance between sensors

An advantage of NIRS is that its able to measure at different depths. The depth
to be measured is changed by making the distance between the sensor and light
emitter larger of smaller [26]. The sensor that is used, the Gy-MAX30102 has
a fixed distance between sensor and light emitter, so it was possible to only
measure at only one depth. For future research, the possibility of measuring at
different depths can be investigated.

4.3.2 Sensor qualifications

Other specifics of the sensor are not yet determined. These are measuring depth;
spatial resolution; depth resolution; significance. It is also not proven whether
the tumor will be able to be visualized, or which differences in blood oxygen can
be indicative of a tumor. Research on the resolution needed to detect hypoxic
region is not conclusive, however Dewhirst et al. found a spatial resolution of
1mm2 to be sufficient[40].

36



Figure 4.1: Absorption spectrum for mammalian fat in solid and liquid state.
Multiple types of spectroscopy are used to determine these terms: distance re-
solved; time resolved; and transmittance spectroscopy [42].

Blood vessel that are larger than 1 mm usually contribute little to signal, as all
is absorbed. This is useful to know when picking a measurement spot; it needs
to be well vascularised, but with preferably smaller vessels[24].

For future research some approximations and assumptions can be worked out.
Especially the differential pathlength factor or the pathlength of light.

4.3.3 Breast composition

OxyForce will eventually be meant for diagnostic purposes on the breast. Be-
cause temporarily cutting off circulation to the breast was more complicated,
measurements were done on the arm. The composition of the underarm is quite
different than the breast; breast contain a lot of fat and fibroglands. The breast
density also varies between persons, what could have influence in the differential
path length[41].

Fat also has absorption in the higher relevant wavelengths, see figure 4.1.
This needs to be accounted for when developing the OxyForce. A way this
could be accounted for is to incorporate a sensor and light source of a third
wavelength, as then the system of equation as seen in equation 2.17 can be
solved for another substance.
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Chapter 5

Conclusion

The results are promising for showing that the NIRS sensor is able to pick up
in vivo changes in the oxygen saturation. If the NIRS sensor could pick up
static differences in oxygen saturation, the translation to breast cancer detec-
tion would be more apparent. This research is not conclusive on the ability to
pick these up. However, some approximations were made which influence the re-
peatability of the results. For future research, working out these approximations
and unknowns could give a better indication about the ability to pick up these
static differences. It is also recommended to use LEDs with a stable output. If
it is not possible to pick these up, it would be recommended to research ways
to possibly use a changing oxygen saturation to non-invasively detect tumors.
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DISCLAIMER
The code that is associated with this document is created with help of generative
AI
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