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Abstract

The ideal method to monitor diabetes is to obtain the glucose level with a fast, accu-
rate, and pain-free measurement that does not require blood drawing or finger pricking.
Although the development of noninvasive devices for blood glucose measurement started
three decades ago, no clinically proven devices were commercially released in the market.
Among all the noninvasive glucose detection techniques, optical spectroscopy has rapidly
advanced, including infrared (IR) and photoacoustic (PA) spectroscopy.

The combination of IR and PA spectroscopy has shown promising developments in
recent years as a substitute for invasive glucose monitoring technology. The IR region has
a strong relationship with glucose due to the presence of glucose absorption peaks. PA
spectroscopy utilizes the vibration modes of the glucose molecules in the IR region and the
weak water absorption of acoustic signals as an alternative approach to compensate for
the optical losses in the IR transmission and absorbance spectroscopy. The concept of PA
spectroscopy relies on generating acoustic waves, by an electromagnetic source, that are
distinguishable from one material to another and can be detected by sensitive ultrasonic
or piezoelectric sensors.

The first part of the thesis demonstrates the development of the IR and PA system for
noninvasive glucose monitoring. The IR and PA system has been developed using a single
wavelength quantum cascade laser (QCL), lasing at a glucose fingerprint of 1080 cm™. In
biomedical applications, phantoms are widely used as test models to substitute targeted
body objects. Biomedical skin phantoms with similar properties to human skin have been
prepared at different glucose concentrations of £25 mg/dL as test models for the setup.
The system shows feasibility in detecting glucose using these skin phantoms, covering the
normal and hyperglycemia blood glucose ranges. Machine learning classification models
have been employed to enhance the prediction accuracy of glucose levels using unprocessed
acoustic signals.

The second part of the thesis extends the development of the IR and PA system. A
dual single-wavelength quantum cascade lasers (QCLs) system has been developed using
PA spectroscopy for noninvasive glucose monitoring. The glucose detection sensitivity of
the IR and PA spectroscopy has improved to £12.5 mg/dL using dual QCLs lasing at 1080
& 970 cm™1. The artificial skin phantoms have been prepared with other blood components
at different glucose concentrations. The dual QCLs system demonstrates sustainability in
detecting glucose concentrations in the presence of albumin, sodium lactate, cholesterol,
and urea. An ensemble classifier model has been developed to predict the glucose level
of skin samples. The model has achieved 96.7% prediction accuracy for samples with and
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without blood components, with 100% of the predicted data located in zones A and B of
Clarke’s error grid analysis (EGA).

After demonstrating the glucose detectability of the IR and PA system for the in vitro
measurements, the system has progressed to the in vivo experiments. The operating power
of the QCLs has been lowered to fulfill the safety guidelines of using light sources on human
skin. The blood glucose concentration can be potentially measured from the interstitial
fluid (ISF) located underneath the skin in the epidermis layer. The glucose diffuses from
the blood to the ISF layer, creating a significant opportunity for noninvasive monitoring
systems. The in vivo measurements of the fiber-coupled dual QCLs and PA system have
been assessed by oral glucose tolerance test (OGTT). The preliminary results from the In
Vivo measurements demonstrate that the mid-infrared (MIR) and PA system can detect
glucose levels not only in the biological samples but also in real human skin. Finally, a
Gaussian Process regression model has been developed to improve the prediction accuracy
of the IR and PA system.
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Chapter 1

Introduction

1.1 Overview

Diabetes mellitus, commonly known as diabetes, is a metabolic disorder that elevates the
glucose percentage in the blood, caused by a dysfunction in the production (type-1) or
e ectiveness (type-2) of insulin in the body. Worldwide, 530 million people have diabetes,
causing more than 6.7 million deaths, according to the International Diabetes Federation
(IDF) in 2021 [1]. The number of diagnosed diabetics is rapidly and continuously grow-
ing, which draws attention to the demand for developing better functional blood glucose
monitors. In addition, hypoglycemia is a condition where the blood glucose concentra-
tion is dangerously low. Typical blood glucose levels in adults, under various conditions,
are shown in Table 1.1. Both diabetes mellitus and hypoglycemia conditions signi cantly
impact human life and need to be continuously monitored. The current traditional tech-
nologies for measuring blood glucose are based on invasive methods. These methods are
considered to be painful and inconvenient due to multiple daily blood draws. Also, pricking
di erent body places with needles may lead to infection due to the low immunity of people
with diabetes [2{5]. Hence, there is a demand for the development of new noninvasive
technologies that will improve the life quality of those living with diabetes.

The blood glucose concentration can be potentially measured directly or indirectly from
blood, serum, plasma, urine, saliva, and tear liquid, as per [6{11]. Furthermore, it can be
directly determined from the ISF [12], located underneath the skin in the epidermis layer.
The ISF is a thin layer of bio- uid located between the cells, composed of water solvents
and blood vessels. It contains sugars, fats, amino acids, hormones, coenzymes, white blood
cells, and cell waste products [13]. The glucose di uses from the blood to the ISF layer

1



Table 1.1: Typical blood glucose levels in adult humans.

Condition Fasting ( mg-~dL) 1 hour after 2-3h after Eating
eating ( mg~dL) (mg~dL)
Normal 80{110 160-180 @40
Pre-diabetic 80{125 190-220 140-170
Diabetic 80{125 200-250 A180

within a 5 to 10 minutes delay period, creating a signi cant opportunity for the ISF to be
a potential target for noninvasive blood glucose monitoring systems [14].

Researchers have explored various techniques for noninvasive glucose detection, namely,
Raman spectroscopy [15{17], electromagnetic sensing [18,19], optical tomography [20, 21],
photothermal radiometry [22, 23], electrochemical sensing [24{26], and impedance spec-
troscopy [27{30]. Bio-impedance spectroscopy is one of the non-optical techniques used
for noninvasive glucose measurement by detecting the change in conductivity of the mem-
branes in red blood cells [31, 32]. Bio-impedance spectroscopy relies on the concept of
measuring the di erence in resistivity between sodium (Na+) and potassium (K+) ions,
which is induced by glucose concentration changes. However, two devices, Pendra and
Glucoband, which had been developed based on this method, were withdrawn from the
market due to reliability and consistency issues [33]. Metabolic Heat Conformation is
another non-optical technology that has been used for glucose monitoring. The glucose
concentration is detected by measuring physiological parameters associated with the gen-
eration of metabolic heat, and local oxygen [34, 35]. Nevertheless, this method is found
to be sensitive to sweat and ambient temperature [36]. Electromagnetic Sensing, which
measures the voltage, or current, ratio in the body object to detect glucose molecules, was
also found to be temperature sensitive with a low signal-to-noise ratio (SNR) [37{39].

Raman spectroscopy, an optical technique for glucose detection, is based on determining
the degree of scattering of monochromatic light based on the Raman e ect [40,41]. The
wavelength di erence due to the Raman shift represents the di erence between the initial
and nal vibration states of the glucose molecule. Although Raman spectroscopy is less
sensitive to temperature changes, the strong interference of other blood components, such
as hemoglobin, hinders identifying the glucose signal [15]. Moreover, Raman spectroscopy
is susceptible to noise interference and requires a long collection time. Another method
to noninvasively measure glucose is optical polarimetry, taking advantage of glucose as
chiral molecules [42]. Despite the success of optical polarimetry in detecting other chiral
molecules on the aqueous humor in the eye's anterior chamber, it is found unfeasible to

2
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Figure 1.1: Overview of various techniques and active research areas ifovivo and in
vitro glucose monitoring.

detect glucose in the human skin [43]. This is because of other active molecules' presence
and the weak correlation to blood glucose.

Nevertheless, none of these approaches have yet met the physiological necessity because
of their operational instability and low accuracy [44]. Other minimally invasive techniques
have been developed, which require extracting the ISF from the human body without
pricking. However, they demand iterative surgical implantation for the sensors and raise
a skin irritation dilemma [45]. Figure 1.1 shows some of the current techniques and active
research areas for invasive and noninvasiue vivo glucose detection.



The ideal method to monitor diabetes is to obtain the glucose concentration with a
fast, accurate, and pain-free measurement that does not require blood drawing or surgical
operation. Amongst all other noninvasive techniques, optical spectroscopy has advanced
rapidly [44,46,47]. The IR region, including MIR and NIR, has a strong relationship with
glucose due to the presence of glucose overtones. Furthermore, light sources and detectors
of both regions are commercially available [48]. The MIR region has strong and distinct
glucose ngerprints compared to the NIR [49]. The development of QCL as a MIR regime
source in the late 90s has expanded the possibility of implementing this region in glucose
detection applications. The QCL demonstrates high e ciency, reliability, compactness,
and high power density at the frequency of interest [50].

MIR spectroscopy is a well-established technique in gas-phase detection applications
based on absorption mechanisms. MIR spectroscopy can be employed in glucose detection
for both in vivo and in vitro measurements. Forin vivo measurements, the MIR light
is highly scattered by the human skin, making the collection of back-scattered light the
most feasible method for blood glucose detection applications compared to transmission
and absorption spectroscopy. However, the MIR scattered light might not be directly
related to the glucose concentration in the human blood. Foin vitro measurements,
transmission and absorption spectroscopy can be used by placing the solutions or samples
inside a transparent MIR micro-cuvette. Nonetheless, MIR transmission and absorption
spectroscopy may not be practical for detecting glucose in the blood due to the thickness
of the skin [51]. Therefore, there is a demand to integrate IR spectroscopy with other
spectroscopy for blood glucose detection.

As one of the most promising imaging and detecting technologies, PA spectroscopy has
been well-developed in recent years [52{54]. The PA spectroscopy's extraordinary sensi-
tivity assists the development of the technique in various elds ranging from biomedical,
biology, physics, and chemical [55{57]. The concept of PA spectroscopy relies on the e ect
of generating acoustic waves by an electromagnetic source (modulated light particularly).
The radiated electromagnetic waves are absorbed by an object, generating acoustic waves
through thermal expansion or pressure. These acoustic waves are distinguishable from one
material to another and can be detected by sensitive ultrasonic or piezoelectric sensors.

For glucose detection in human skin, PA spectroscopy utilizes the weak water absorption
of acoustic waves compared to MIR waves [58,59]. The generated acoustic signals can travel
back with minimum water scattering from the ISF layer in the epidermis. The absorption
of the modulated light increases when the glucose level in the blood rises because of the
vibration mode of theC—— O ——H bonds of glucose [60,61], generating stronger acoustic
signals. The intensity of the light source plays a critical role in generating acoustic waves.
Thus, replacing the regular light source with an intensive light source such as a QCL

4



Table 1.2: Summary of some of the current noninvasive technologies for glucose detection.

Technology Advantages Disadvantages
o . . : - Long calibration process
Bio-impedance - Relatively inexpensive ; -
. . - Motion and temperature sensitivity
spectroscopy - Simple measurements on human skin .
- Sensitive to sweat
Metabolic heat - Physiological parameters are - Sweat a.”d temperfature sensmwty. .
. d - Susceptible to environmental conditions
conformation relatively easy to measure .
interference
Electromagnetic - Non-ionized radiation . -
. . - Highly sensitive to temperature
sensing - Cost-e ective
I - Other blood components interference
Raman - Less temperature changes sensitivity . ;
spectroscopy - Minimal water sensitivity - Unstable laser intensity
- Long collection time and low SNR
- High resolution - Weak correlation to blood glucose

Optical polarimetry Can be miniaturized - Motion and temperature sensitivity

- Strong glucose ngerprints adsorption
NIR - Low cost and size-wise
spectroscopy - Weak water absorption

- Deep penetration to human skin

- Interfering with other blood components
- Unstable light intensity at low power
- Generate weak acoustic signals

- Strong glucose ngerprints adsorption
MIR - Generating strong acoustic signals
spectroscopy - More speci ¢ glucose absorption bands
- Stable light intensity

- Low penetration depth
- Strong water adsorption
- Relatively expensive

- Simple method
PA - PAsignals are less scattered by human - Susceptible to temperature changes
spectroscopy skin - Relatively low SNR

- Can be combined with other spectroscopy




improves the intensity and quality of acoustic signals. Table 1.2 summarizes the advantages
and disadvantages of some of the current noninvasive technologies.

1.2 Literature Review of MIR and PA

IR spectroscopy, including the MIR and NIR regions, is being developed as a promising
alternative technique to invasive glucometers [62{70]. Both NIR and MIR regimes demon-
strate broad and strong glucose ngerprint absorption. The MIR region has speci ¢ glucose
ngerprints with a narrower interference with other blood components compared to the
NIR region [71{74]. Furthermore, light sources in the MIR region, such as QCLs, have
higher power density and more e cient temperature stability [54].

PA spectroscopy utilizes the vibration modes of the glucose molecules in the MIR
region as an alternative approach to compensate for the optical losses in the transmission
and absorbance spectroscopy. QCLs in the MIR region have the advantage of generating
strong, stable, and detectable PA signals. The absorbance of QCLs light in the human
skin's ISF layer, where the glucose is di used, creates acoustic signals that can be used
to distinguish the blood glucose level. [75]. These acoustic signals have the capacity to
travel back from the ISF layer with minimum water distraction. The generated acoustic
signals are eventually collected by a sensitive microphone to show a direct relationship to
the blood glucose level.

The combination of MIR and PA spectroscopy has shown promising developments in
recent years as a substitute for invasive glucose monitoring technology [75{79]. It was
rst investigated in 2005 by Lilienfeld-Toal et al. [76]. Two separate QCLs were used to
generate heat pulses in the forearm of a human body. The rst laser was used at a glucose
absorption peak at 1080 cnt, while the second one was used to remove any background
noise at 1066 cm' due to strong water absorption. A sensitive microphone was placed
inside an acoustic cell to detect the PA signals from the skin, achieving a correlation factor
of 0.61. In 2011, Pleitezt al. [78] published a paper to move progress forward with the
use of three QCLs in order to detect the glucose level in the palm at two glucose peaks
(1084 and 1054 cnt) and 1100 cm? for the background. A twin Helmholtz gas-cell was
used as an acoustic cell with a resonance frequency of 2 kHz. The linear correlation factor
(R) was improved to 0.7 compared to their previous experiment [76].

The development of glucose detection using infrared spectroscopy was accelerated when
the external cavity (EC)-QCL became commercially available. The tuning capability and
high power density assisted the evolution of the progress. This broadband tunability,



Table 1.3: Recent progress in PA and MIR combined spectroscopy for glucose detection.

Date Reference Source Wavenumber  Samples /- Glucose Correlat_lo_n / M.L. Main contributions
(cm 1 spot (mg-~dL) sensitivity
P: 1080 - The PA & MIR
2005 Toalet al. [76] QCLs Bg: 1066 Forearm 0-300 R=0.61 No combination
2012 Kottmannetal.[77]  QCL p.io3a  EPdeMAl o000 100 mgdL  No  USING tunable QCLs
samples & N2 ventilation
. P: 1054&1084 _ Selecting three
2012 Pleitezet al. [78] EC-QCLs Bg: 1100 Palm 80-260 R=0.71 R.O. wavelengths
2013 Kottmannet al. [81] EC-QCLs P:1034 Glucose 5609 57mg/dL  No I IPeroptics for
solution light delivering
2013 Pleitezet al. [82]  EC-QCLs  1000-1220  Hypothenar ~ 40-240 R.o.Removing noise by
multivariate models
2016 Kottmannetal.[75] EC-QCLs 1080 Fingerip& o, ,50  go gL Rro, StRbility improved by
Bg: 1180 forearm increasing pulse rate
2017  Simet al. [79] EC-QCLs  950-1245 M9ETUP& 106050 700 in zones A R.0. SUAYING skin e ect

palm on measurement
M.L.= Machine learning, P= Peak, Bg= Background, & R.O.= Regression only.

which allowed multi-analyte detection, is particularly signi cant for liquid phase detection

of compound chemical compounds [80]. Epidermal skin samples in contact with a glucose
solution were studied in vitro with a broadly tunable EC-QCL by Kottmann et al. [77].
The tuning range was 1010{1095 cr with an 0.90 cm? tuning step and an open-ended
PA cell of 78 mn? volume. A glucose detection limit of 100mg~dL was obtained with

a SNR of 1 and correlation coe cient (R?) = 0.998 at a glucose peak of 1034 crhand
1080 cm?!. The cell was ventilated by constant N gas circulation to overcome humidity
and water condensation. However, the glucose detection's sensitivity is considered to be
inadequate compared to the Food and Drug Administration (FDA) requirement of a 15
mg~dL accuracy limit for detection. A year later, a exible, non-toxic silver halide optical
ber was proposed by Kottmannet al. [77] for proper light delivery to di erent spots on
the body. A detection limit of 57 mg~dL and SNR = 1 in an aqueous glucose solution was
achieved withR? = 0.993.

In 2016, a dual-wavelength aspect was employed by Kottmaret al. [75] at 1080 cm?
for the glucose peak and 1180 crhfor the background. The acoustic signals were obtained
for in vivo glucose detection from the forearm and ngertip of a healthy, fasting volunteer.
The prediction limit was raised to 30 mg~dL for a glucose level between 90 and 170
mg-~dL at a 90% con dence level. To date, this is the highest glucose detection sensitivity
achieved by the MIR and PA spectroscopy in agueous solutions [16]. In 2018, ®inal. [79]
investigated the e ect of skin conditions on the PA signals by obtaining the microscopic
spatial information of skin during the spectroscopy measurement. An EC-QCL with a
tunability range of 900 to 1250 cm! was employed to detect glucose in the palm and
ngertip of ve volunteers. The system was evaluated by Clarke's EGA, and 70% of the
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measurements fell into Zone A with a mean absolute deviation of 18%g~dL . Table 1.3
summarizes recent progress in PA and MIR combined spectroscopy for glucose detection.

Nevertheless, for clinically approved glucometers, the detection sensitivity has to be
within the limit of 15 mg-~dL, according to the FDA) and Health Canada [83,84]. This
requirement has not been ful lled yet for glucose detection using MIR and PA spectroscopy.
The limit of the 15 mg-~dL has to be satis ed by the PA system detection e ciency, not
by mathematical algorithms applied to the obtained results. Furthermore, Clarke's EGA
is used to assess the clinical accuracy of predicting blood glucose levels compared to the
reference values [85]. According to the FDA, 99% of the predicted results must be located
within zones A and B in Clarke's EGA [83]. In addition to the aforementioned regulations
that have yet to be ful lled, the MIR and PA system for glucose detection has not been
studied using well-controlled objects, such as controlled solid samples.

1.3 Motivation

By 2045, IDF projections show that 1 in 8 adults, approximately 783 million, will be living

with diabetes [1]. The number of diagnosed diabetics is rapidly growing, drawing attention

to the demand for developing better functional blood glucose monitors. Monitoring blood
glucose levels is essential for people with diabetes and needs to be done 3 to 5 times a
day to ensure the normal range of glucose levels. The currently available technologies for
measuring blood glucose are based on invasive methods. These techniques are considered
painful and inconvenient due to multiple daily blood draws. Therefore, there is a necessity
for the development of new noninvasive technologies that will improve the life quality of
those living with diabetes.

Although the development of noninvasive devices for blood glucose measurement started
three decades ago, no clinically proven devices were commercially released in the market
[39]. The progress of MIR spectroscopy progress has continued to develop since the rst
usage of the QCL for glucose detection. However, some challenges remain unsettled and
require in-depth investigation, such as the variance of human skin, optimum body spot
for employing in measurements, and the interference of other biological uids on glucose
absorption. Each challenge needs to be addressed individually to evolve an understanding
of its impact on the glucose spectrum. At the same time, machine learning has not been
e ciently utilized to advance glucose detection progress in MIR spectroscopy and overcome
the current challenges.

All clinically approved glucose monitors must ful ll the restrictions and guidelines of
the FDA and the International Organization for Standardization (ISO) [83,86]. The rst

8



ISO set of standards for self-monitoring of blood glucose devices was published in 2003
(ISO: 15197:2003), and the second set in 2013 (ISO: 15197:2013). The latter standard
stated that 95% of the blood glucose measurement readings should fall withid5 mg~dL
of the laboratory results for concentrations lower than 100ng~dL, and 20% for higher
than 100 mg~dL concentrations. Furthermore, 99% of these results have to be located
within zones A and B in the Clarke EGA. In Canada, a precision of 95% is required within
15 mg-~dL for reference glucose concentrations above 1®@~dL by Health Canada [87].
Despite the extraordinary e orts in developing noninvasive glucose monitors, none have
met all of these requirements fom vivo measurements.

Another research gap that has yet to be studied is understanding glucose detection
using MIR and PA spectroscopy with well-controlled objects. According to the review of
MIR and PA, human body objects such as ngertips, forearms, and palms were used for
noninvasive glucose detection. Human skin consists of complex components that interfere
with each other. The impacts of glucose changes on the collected acoustic signals can
not be directly examined for human body objects due to the presence of other blood
components. Other parameters, such as skin conditions and blood diseases, may in uence
the acoustic signals. Glucose solutions with speci ed glucose concentration were used for
In vitro measurement to study MIR and PA systems. However, the heat generated by the
MIR light sources causes evaporation in the glucose solution, which disturbs the collected
acoustic signals. Thus, developing well-controlled objects, such as biological samples, is
necessary to study glucose detection using MIR and PA spectroscopy.

1.4 Research Objectives

The main objective of this study is to develop an e cient noninvasive blood glucose moni-
toring system, utilizing the development of IR and PA spectroscopy. The proposed system
is MIR and PA spectroscopy for accurate, convenient, and safe measurements. This blood-
free technique avoids nger pricking and provides boundless accessibility for people with
diabetes. In order to work toward the development of the MIR and PA system, the main
objectives to be achieved are as follows,

" Development of a noninvasive system for blood glucose monitoring using the MIR
and PA spectroscopy by a single/dual QCL.

" Improvement in the detection sensitivity limit of glucose to reach 15 mg~dL by the
novel developed system to ful Il FDA and Health Canada requirements.
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" Investigation into the glucose detection in the presence of other blood components
by the MIR and PA spectroscopy.

" Involvement of machine learning in glucose detection by the MIR and PA system.

" Investigation into the in vivo measurements by the MIR and PA spectroscopy.

1.5 Dissertation Outline

The remaining of this dissertation is organized as follows:

Chapter 2 illustrates the background related to the subject of IR and Photoacoustic
Spectroscopy. The mechanism of implementing MIR light sources at the glucose nger-
prints to generate acoustic signals in the human skin has been investigated. The behaviour
of human tissue in the IR and PA is revisited to determine functional light sources that can
generate acoustic signals at the glucose ngerprints. Particularly, the employment of QCLs
in PA spectroscopy has been examined, which is the central core of the thesis. Finally, a
brief review of the employment of machine learning for glucose detection is introduced.

Chapter 3 introduces the development of MIR and PA spectroscopy using a single wave-
length QCL for noninvasive glucose detection. The single wavelength MIR QCL is operated
at 1080 cm? glucose ngerprint. Biomedical skin phantoms with optical properties similar
to human skin have been prepared at di erent glucose concentrations as test models for
the developed system. The prepared phantoms are used to determine the feasibility of
the developed system in glucose deection. Machine learning classi cation algorithms are
involved in the development of high-accuracy glucose prediction models.

Chapter 4 evolves the single-wavelength MIR system into ber optics dual QCLs using
PA spectroscopy for noninvasive glucose detection. The dual QCLs system assists in the
enhancement of the detection sensitivity to ful ll the FDA and Health Canada require-
ments. Other blood components have been integrated into the biomedical skin phantoms
to examine the selectivity of the dual QCLs system. An ensemble classi cation algorithm
is employed to develop high-accuracy glucose prediction models.

Chapter 5 presents the transformation of the MIR and PA system from the in vitro mea-
surements toward the in vivo measurements. Further improvements have been integrated
into the setup to accommodate the in vivo measurements. Simultaneous measurements,
including invasive and noninvasive systems, are designed to evaluate the MIR and PA
spectroscopy for glucose detection. Machine learning regression algorithms are involved in
developing low root-mean-square error (RMSE) glucose prediction models.

10



Chapter 6 summarizes the main contributions, the accomplished works of the thesis,
and the future works that will further improve the noninvasive glucose detection system.
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Chapter 2

Glucose Detection Using IR and PA
Spectroscopy

2.1 Introduction

This chapter illustrates the background review on the subject of IR and Photoacoustic
Spectroscopy. A brief introduction to the development of IR light sources is presented.
This chapter explains the mechanism of employment of MIR lasers to generate acoustic in
the human skin. The behaviour of human tissue in the IR and PA is reviewed to deter-
mine functional light sources that can generate acoustic signals at the glucose ngerprints.
Speci cally, the employment of QCLs in PA spectroscopy has been discussed, which is the
central core of the thesis. Finally, a brief review of using machine learning for glucose
detection is presented.

2.2 IR and PA Spectroscopy

The obtainable laser sources in the MIR region are QCLs, GQinter-band cascade lasers
(ICLs), lead salt lasers, di erent frequency generation (DFG) lasers, and optical parametric
oscillation (OPO) [88]. However, QCLs have the lead because of their merged advantages
of high optical power density, stability at room temperature, wide frequency tuneability,
and compatibility in continuous- and pulse-wave modes of operation. The modulation ca-
pability of QCLs is up to MHz-regime. Furthermore, QCLs provide polarized and coherent
light with a 10# increase in spectral power density than thermal light sources [89].
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Figure 2.1: A Schematic conduction band diagram of a quantum cascade laser [90].

Fabry-Perot (FP) laser is the simplest form of QCLs where the optical waveguide acts
as a gain medium and cleaved face as a parallel mirror. The QCL was rst developed by
Faist et al. in 1994 at Bell Labs [91], which was operated at cryogenic temperature. Later
in 2002, a QCL operates at room temperature was realized by Beekal. [92], working in
continuous wave (CW) modes. Modern QCLs can now cover the entire infrared regime at
operating temperatures higher than 40K [93].

Quantum cascade lasers are based on designing narrow quantum wells (QWSs) where
electrons are con ned instead of atomic levels. These thin layers of QWs lead to a high elec-
tric potential di erence across the length of the device. The electric eld splits the number
of discrete electronic sub-bands where electrons cascade down by emitting a photon at each
intersubband transition, as shown in Figure 2.1 [90]. As a result, QCLs outperform typical
diode lasers operating by a factor of 0at the same wavelength [94]. The phenomena of a
single electron emits multiple photons, raising the quantum e ciency of QCLs greater than
one. In principle, the QCL emission's tuneability within the same material depends on the
thickness variation of the QW. Also, QCLs can emit multi-wavelengths within the same
structure using di erent materials. Typical QCLs are fabricated either in GaAs/AlGaAs
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on a GaAs substrate or by GalnAs/AlInAs on a lattice-matched InP substrate [94].

In order to obtain a single output operation mode in QCLs, a distributed feedback
(DFB) system is used. A distributed Bragg re ector (DBR) is integrated on top of the
waveguide to force a single-mode operation [95]. The DFB laser can be tuned over a
narrow range (1 to 5cm 1) by tuning the operation temperature and input current. For
further tuning range increasing, an EC-QCL is used [96]. EC-QCLs can provide a wide
free tuning span of more than 80@&m . The QCL is a dynamic candidate for MIR
spectroscopy applications because of its long-standing lifetime, small dimension, low energy
consumption, and reliable power stability con guration. An extensive review of QCL
systems for MIR spectroscopy can be found in [89] and [97], while technical materials for
QCLs fabrication are in [90].

2.2.1 The Behaviour of Human Tissue in IR and PA Spectroscopy
MIR Spectroscopy

The human tissues have a simple analytical structure, which mainly consists of three layers.
These layers are the epidermis, dermis, and hypodermis, as shown in Figure 2.2. The stra-
tum corneum, the top layer of the epidermis, is about 10-26n thick and contains around
20% of water. The next layer is the dermis (1-2am), which is lled with approximately
70% of water. This layer is highly permeable for the blood glucose to diuse [98]. The
bottom layer is the hypodermis (1-4mm), which is lled mostly by fatty tissues.

MIR radiation in the electromagnetic spectrum is from 3 to 12m wavelength. This
regime is signi cant for molecules detection due to the presence of strong absorption
peaks of some molecular bonds, such @&——C, N H, N o, C H, O H,
C==0, and C=N. These bonds are referred to as molecular regions for nger-
prints [101]. The glucose has a molecular formula 081,06, which is a kind of monosac-
charide in the form of pyranose. The presence of the bending vibrations and stretching
of C——H——0 bond shows strong absorption peaks for glucose detection using MIR
lasers as shown in Figure 2.3 [100]. Blood components, namely albumin, sodium lactate,
cholesterol, and urea interfere with the glucose ngerprint in the MIR region as shown in
Fig. 2.4 [71].
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Figure 2.2: A cross-section of human skin [99].

Table 2.1: MIR Vibrational absorption frequencies for some blood components [81].

Wavenumber cm 1) Component Intensity
1080 D-glucose absorption Medium
1080 v(PO2,) symmetric Medium
1077 V(CC) skeletal trans conformation Medium
1054 D-glucose absorption Very weak
1052 Albumin absorption Weak
1047 v(C{OP) Weak

1035 V(CC) skeletal cis conformation Medium
1034 & D-glucose absorption Medium
1020 Albumin absorption Very weak
v= stretch

The water absorption is much weaker for the acoustic waves compared to MIR waves.
Therefore, acoustic signals can travel deeper with minimum water scattering and easily
reach the ISF in the epidermis layer. The absorption of the acoustic waves increases by
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Figure 2.3: Glucose solution absorption spectrum obtained by FT-IR [100].

raising the glucose concentration because of the vibration mode of tle—O—H
bonds of sugar [60]. By varying the glucose concentration of a type-1 diabetic volunteer,
a gradual increase in the acoustic signal's intensity was obtained from a left hypothenar
of the hand as shown in Figure 2.5 [82]. Other blood components were tested by PA
spectroscopy to characterize their vibration frequencies to determine the most suitable
frequency for glucose detection as listed in table 2.1 [81]. The PA signal intensity varies at
di erent spots of the body object due to the dissimilarities in human skin.

The optical properties of skin for the mid-infrared regime have been investigated on a
limited scale [102{104]. The light transmission through the human skin depends on the
photon wavelength, skin absorption coe cient, and the tissue's water content. The optical
properties of human skin not only signi cantly uctuate amongst people but also for the
same person at di erent spots of the skin. The back-scattering light from a porcine skin has
been examinedn vitro by Liakat et al. [105] by a mid-infrared light source. The porcine
skin's penetration depth was approximately estimated to be around 206 to the dermis
layer. The back-scattered light intensity was measured and found large and detectable by
commercial infrared detectors. The re ected light of human skin was investigatad vivo
by Pleitez et al. [82], and observed that the stratum corneum and living dermis (10@n
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Figure 2.4:. MIR absorption spectra for glucose, albumin, sodium lactate, cholesterol, and
urea [71].

down of the skin) are the dominant parts of the back-scattered light. However, the di usely
scattered light of the dermis layer (2nm down of the skin) is weak and hard to detect in
normal conditions. The re ected signal collection from the dermis layer can be enhanced
by increasing the QCL peak power to 10enW or an average power of 5nW [102]. The
light absorption in the dermis layer is dominant, compared to scattering, due to collagen
brils presence, which has strong re ective coe cients [106].
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Figure 2.5: The PA spectra of a diabetic volunteer with di erent glucose concentrations
at selective wavenumbers using a MIR source [82].

NIR Spectroscopy

The molecules absorption over the NIR region (4000-1286t 1) is several orders of magni-
tude weaker than the MIR region. However, short wavelengths within the NIR spectroscopy
(780-2500nm) can reach deeper into the human skin because of the weak water absorp-
tion in this region [107,108]. Moreover, NIR spectroscopy has the advantage of simpler
setups and relatively lower-cost materials [109]. In order to measure the glucose level in
the diabetic, transmission spectrum, absorption, and re ection techniques can be used in
NIR spectroscopy [47,110].

The absorption spectrum over the NIR span is broad and overlapped due to the multi-
vibrational of fundamental bands of water and other blood components in human tissues.
NIR spectroscopy's key challenge is to extract the speci c glucose nger-print from the
other variable background scattering and overlapping. As a result, some advanced multi-
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variant analysis techniques are required to separate the glucose signature in the skin [111].

Figure 2.6: The absorption spectra of four skin tissue components and the baseline of the
scattering equivalent absorption [112].

The absorption band over the NIR region in the human skin has resulted from overtones
combination of O——H, C——H, and N——H vibrations. The absorption spectrum
follows the Beer-Lambert law as in the MIR region [113]. The photons in this region have
less interaction with some tissue compounds like lipid, water, and hemoglobin. Therefore,
the NIR region's penetration length can reach a few millimeters into the skin compared
to a few micrometers in the MIR [114]. The radiation of the NIR light can pass through
the stratum corneum and epidermis of the skin and reach higher blood concentration
regions [115]. However, the NIR region's glucose absorption peaks are weak and overlapped
with other complex solutions like protein, albumin, and chromophores within the tissue, as
shown in Figure 2.6. Table 2.2 shows the absorption peaks of the glucose functional groups
in the NIR region [18]. The NIR spectroscopy has been discussed above in order to examine
the opportunity of integrating an NIR source into the system as a future approach.
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Table 2.2: Absorption peaks of glucose in the NIR regime [18].

Wavelength (nm) Stretching Group

910 4/CH

930 3/CH,

939 3/OH

1018 vCH combination

1042 vCH combination

1126 ¥CH

1408 20OH

1536 vOH VvCH

1638 First overtone

1688 2CH

2261 vCH VvCCH

2273 O-H/C-0O combination
v= stretch

2.3 PA Spectroscopy Using QCLs

Rosencwaig and Gersho have developed a model [52] to study solid samples by PA spec-
troscopy. In this model, six special cases of the generated PA signals of the sample can be
distinguished based on the ratio of sample length)( thermal di usion of the sample ( ),

and optical absorption depth ( ;). The PA signal amplitude has an identical dependency

on the light intensity and gas coupling properties in all cases. This dependency is de ned
by a factor (F) as follows [81]:

PQ) t" . |0 g

4 214 To
where Py is the ambient pressuref” e is the wavelength-dependent ber transmissionl,g
is the laser intensity, 4 is the coupling gas thermal di usion length,lq is the length of the
coupling gas, andT, is the ambient temperature. The gamma factor () is the specic

heat ratio at constant pressure and volume ( C,~C,). The thermal di using length of
the coupling gas, or sample, is de ned as follows:

(2.1)

1
-
s < 9:.2 (2.2)
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Figure 2.7: The PA spectroscopy for biological samples whdré& ; A .

where Dg; s is the gas, or sample, thermal di usivity andf is the modulation frequency
of the laser. The thermal di usivity depends on the thermal conductivity k), density ( ),
and C,, as follows,

kgys

g:s Pg:s

(2.3)

For biological samples, i.e., human skin, which contain high water content, the pen-
etration depth of the NIR, or MIR, light is small compared to the sample's length. In
the MIR light, the penetration depth is even smaller due to the stronger water absorption
in this region. However, this permeation is adequate for generating informative acous-
tic signals from the glucose in the human skin, where the glucose molecules are di used.
Therefore, the combination of PA spectroscopy with MIR spectroscopy shows potential for
a noninvasive glucose detection system.

The amplitude of the periodical acoustic signalApa) is directly proportional to the
laser intensity (I,) and absorption coe cient of the sample () as follows:
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I 0 i

Apa (EVo 3 (2.4)
where Vj is the volume of the cell, andf is the modulation frequency. Accordingly, by
developing an appropriate design of the PA cell and selection of the modulation frequency,
the acoustic signals can be improved, leading to enhanced glucose detection sensitivity.
Figure 2.7 shows a simple structure of the PA spectroscopy using a modulated laser beam,
where the condition ofl A ; A ¢ is fullled. A sensitive microphone in a PA cell or
in a gas- lled PA chamber ofly length detects the generated PA signals. The developed
system relies on detecting the deviations of the acoustic signals due to the variations of
absorption coe cient in the glucose samples. Increasing the glucose concentration in the
phantoms strengthens the absorption coe cient, thus stimulating the absorbance in the
sample to generate higher acoustic signals. Reference [116] provides intensive background
and theoretical details on laser and PA spectroscopy. Other MIR techniques for glucose
detection that are not related to PA spectroscopy, such as transmission, absorption, and
scattering spectroscopy, have been summarized in Table 2.3 for the bene t of the readers.
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2.3.1 Machine Learning Techniques for Glucose Detection

Despite the recent outstanding development, machine learning has not been utilized in
MIR and PA spectroscopy for noninvasive glucose detection. Machine learning models
can assist in improving the detection sensitivity to meet FDA requirements. Furthermore,
the employment of machine learning can help to solve the complexity of detecting glucose
in the presence of di erent blood components or in various environmental conditions. In
noninvasive optical spectroscopy, machine learning models can be developed to distinguish
glucose signals despite the variations in human skin properties for in vivo measurements.

Both classi cation and regression techniques can be employed for noninvasive glucose
detection applications. The classi cation techniques result in discrete outputs labeled by
distinct classes, while the regression models extract quantitative information. In other
words, the prediction output of the classi cation models is a discrete glucose value com-
pared to the regression methods that predict continuous glucose levels. Consequently, the
regression methods are constrained to correlate the entire range of interest for glucose mea-
surements. This results in associating the hyperglycemia, normal, and hypoglycemia range
of blood glucose levels, which is one of the challenges in regression techniques. In contrast,
the classi cation techniques address each discrete value independently, with no in uence
on other glucose levels. Therefore, reducing the di erences in glucose levels between the
discrete classes results in high prediction sensitivity.

Di erent regression models have been employed for glucose detection, such as par-
tial least square (PLS) [75,136], principal component (PC) [79], multiple linear regression
(MLR) [128], and arti cial neural networks (ANNs) [137,138]. However, these regression
models were used only to reduce the correlation coe cient error in associating predicted
glucose levels with actual values for the range of interest. In contrast, classi cation tech-
niques, which have been proposed recently for glucose detection, overcame the challenges
in the regression methods [139] based on simulated results. The hidden Markov classi-
cation (HMM) model was trained to binary classify the simulated results as normal or
abnormal blood glucose levels. A similar approach was followed later, using data obtained
from the literature [140], as well as toenail samples [141]. Jernelval. later employed con-
volutional neural networks (CNNSs) for in vitro glucose detection measurements obtained
from online datasets, including NIR and FT-IR measurements [142]. However, no actual
experimental measurements were conducted. Let al. employed four di erent regression
models, namely forward propagation (FP), radial basis function (RBF), recurrent neural
networks (RNNs), and backpropagation (BP) to detect glucose in agueous solutions us-
ing PA spectroscopy. Other neural networks (NNs) models were employed for noninvasive
glucose detection, such as MNNs and NNN.

24



In May 2021, Shokrekhodaeet al. employed both regression and classi cation mod-
els in Visible-NIR transmission spectroscopy for in vitro glucose detection in aqueous
solutions [143]. Five di erent methods were used, namely MLR and feed-forward neu-
ral network (FNN) for regression models, while K-nearest neighbor (KNN), decision trees
(DT), and SVM were used as classi cation models. The study concluded that classi cation
models more e ciently detect broad glucose ranges from hypoglycemia to hyperglycemia.
The classi cation-based models outperform regression methods because of their ability to
address each range independently. However, for a narrower blood glucose range, regression
models can be more appropriate to detect glucose.

2.4 Conclusion

In this chapter, the concept of IR and PA spectroscopy has been reviewed. The method-
ology of implementing MIR light sources at the glucose ngerprints to generate acoustic
signals in the human skin has been discussed. The glucose molecules di use from the
human blood to the ISF layer in the human skin. MIR QCLs can reach the ISF layer to
generate detectable acoustic signals. When the glucose molecules increase in the blood,
stronger acoustic signals are generated, indicating that the blood glucose level has risen.
The MIR and PA spectroscopy show promising results for noninvasive glucose detection
compared to other explored technologies. Finally, the employment of machine learning in
MIR and PA spectroscopy can accelerate the development of noninvasive technology.
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Chapter 3

Glucose Detection Using a Single
MIR Wavelength and PA
Spectroscopy

3.1 Introduction

This chapter investigates the feasibility of the MIR and PA system for noninvasive glu-
cose detection. A single wavelength QCL is employed at a glucose ngerprint to generate
acoustic signals that can quantify glucose levels. A PA cell is designed to have resonance
frequencies in the range of interest to amplify the acoustic waves. In biomedical applica-
tions, phantoms are widely used as test models to substitute targeted body objects. Thus,
skin phantoms that have similar properties to human skin have been prepared with di erent
glucose concentrations as test models for the setup. The solid samples are well-controlled
and can be used to examine the system's detectability and assist in comprehending the
development of the system.

A PA system has been developed using a single wavelength QCL, lasing at a glucose
ngerprint of 1080 cm * for noninvasive glucose monitoring. The system has been exam-
ined using arti cial skin phantoms, covering the normal and hyperglycemia blood glucose
ranges. The detection sensitivity of the system has been improved t@5 mg~dL using
a single wavelength for the entire range of blood glucose. Machine learning has been em-
ployed to detect glucose levels using PA spectroscopy in skin samples. Ensemble machine
learning models have been developed to measure glucose concentration using classi ca-
tion techniques. The model has achieved a 90.4% prediction accuracy with 100% of the
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predicted data located in zones A and B of Clarke's EGA.

3.2 Methodology

The MIR and PA system has been developed using a single wavelength QCL, lasing at a
glucose ngerprint of 1080 cm! (9.25m ) for noninvasive glucose monitoring. The MIR
and PA experimental setup for the noninvasive glucose detection is shown in Figure 3.1.
In this setup, a single wavelength QCL (QD9500CM1, Thorlabs, Newton, NJ, USA) was
employed as a light source, lasing at 1080 cfrwhere the glucose has a strong fundamental
vibration rotation. The maximum laser power in pulse operating mode was about 60 mW
with a pulse width of 33 to 100 s. The laser was operated at 28 and had a threshold
current of 180 mA. In order to activate the dynamicity of the PA phenomena, the laser
current was frequency-modulated from 10 to 3RHz with square waves of a duty cycle of
40% by a function generator (Agilent 55321A). The datasheet of the 1080 chiQCL is
attached in Appendix A.

The output light of the laser was collimated using a MID lens and placed close to the
lasing facet. The beam diameter of the laser was estimated to be less than 2 mm. This
laser beam was then re ected upwards to the incident on the PA cell using a gold-coated
parabolic mirror with more than 95% re ectivity. A custom-made thermo-electrical cooling
(TEC) system was added to the setup to control the temperature during the measurement
to provide a reliable environment. The TEC was controlled by a custom-made proportional-
integral-derivative (PID) feedback loop circuit in order to achieve a real-time adjustment
[144]. Furthermore, a ventilation system with N ow was added to the setup to control
the inside humidity of the chamber, preventing moisture from building up on the biological
samples.

The PA cell was designed and simulated using COMSOL [145] to collect and amplify
the acoustic signals generated in the skin sample or human skin. The PA cell sketch is
shown in Figure 3.2a{c, and the fabricated cell is shown in Figure 3.2d. The PA cell was
made from oxygen-free copper, and the surface was electroplated with gold to prevent ox-
idation, which may cause a degradation in the thermal conductivity. The length of the
laser cavity of the PA cell was 5 mm with a diameter of 3 mm, and the length of the mi-
crophone channel was 13.5 mm with a 1.5 mm length diameter. The resonance frequencies
of the cell were at 16.50 kHz and 21.80 kHz, as shown in Figure 3.2e. A slight shift to
the resonance frequency is expected while conducting threvivo and In vitro measure-
ments due to the applied pressure on the cavity and other damping e ects. A sensitive
analog microphone (SPUO410LR5H-QB, Knowles) was attached to the absorption cell for
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Figure 3.1. Schematic of the setup used for glucose detection using MIR and PA spec-
troscopy.

collecting the acoustic signal from the PA cell. The microphone has a maximum sensitivity
between 15 to 30 kHz in order to synchronize with the PA cell resonance frequencies. The
PA cell was designed to accommodate both human ngertips and phantom samples to be
perpendicularly irradiated by the MIR laser through the PA cavity. Moreover, the PA
cell was surrounded by acoustic absorption panels in order to eliminate any environmental
background acoustic noises.

3.2.1 Sample Preparation

Human skin consists of complex components that interfere with each other, in uencing the
generated PA glucose signals. The IR and PA spectroscopy has yet to be studied using
well-controlled samples to develop the detection capacity of the system. Hence, there is a
demand to establish well-controlled test models that can assist in understanding the IR and
PA spectroscopy. Furthermore, the impact of each blood component on glucose needed to
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Figure 3.2: @) PA cell sketch. (b) PA o -resonance. (c) PA on-resonance. ) Fabricated
copper acoustic cell. €) Simulated resonance frequencies of the PA cell.

be thoroughly studied in the literature. In biomedical applications, phantoms are widely
used as test models to substitute targeted body objects [146{148].

Here, following the work of Lazebnik [149], arti cial skin phantoms were prepared at
di erent glucose concentrations to be used as test models for the developed system. These
well-controlled test models can be used to determine the detection feasibility of the system
and assist in studying the IR and PA spectroscopy. The skin phantoms can also cooperate
in investigating the blood components' interference with glucose in a well-controlled envi-
ronment by studying the e ect of each component individually. This advantage assists in
studying the impact of human skin variation and blood components on glucose detection.

The oil-in-gelatin phantoms represent the dielectric properties of various human soft
tissues over broadband frequency for biomedical studies purposes. A 200-bloom gelatin
derived from calfskin (Sigma-Aldrich, Oakville, ON, Canada) was used as the substantial
material for the arti cial skin samples. A p-toluic acid (powder) and n-propanol were
added to deionized (DI) water and mixed with the gelatin before heating the mixture in
a double boiler. Figure 3.3(@) shows the gelatine mixture before the heating process.
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