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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−1. 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.

v



Acknowledgements

In the name of Allah, the most merciful and the most compassionate, all praises are
due to Allah for his abundant favours abundantly on us. All acknowledgments from the
beginning to the end are due to Allah, who eases every difficulty in the way of accomplishing
this mission.

I would like to express my sincere gratitude and appreciation to my supervisor, Pro-
fessor. Dayan Ban, for his precious guidance, encouragement, and continuous support
throughout the entire period of my Ph.D. study. Without his knowledge, enthusiasm,
availability for discussions at any time, and, most importantly, patience, I could not have
made my way through this journey. Their commitment to high-quality research is an in-
spiration for pursuing excellence and success not only in academic endeavors but in every
other aspect of life.

My appreciation and thanks are also extended to Prof. Bo Cui, Prof. Guo-Xing
Miao, and Prof. Eihab Abdel-Rahman from the University of Waterloo for serving on my
doctoral Advisory Committee and for their insightful comments and feedback. I am also
very thankful to Prof. Mohamed Bakr from McMaster University for serving as the external
thesis examiner and for his careful reading, wise comments, and insightful observations.

I would like to show my genuine acknowledgment to my entire family, especially my
beloved parents, for their continuous devotion, care, generosity, and support. Also, I have
countless appreciation for my wife for her infinite patience and love throughout my journey.
Wordless thanks to my kids, who are the source of happiness and strength.

With deep appreciation, I would like to thank Umm Al Qura University in the Kingdom
of Saudi Arabia, for granting me the scholarship to pursue my graduate studies. I also
would like to thank the Ministry of Education, Saudi Arabia, and the Saudi Arabian
Cultural Bureau in Canada for their support.

Finally, this thesis would not have been possible without the help, support, and guid-
ance of so many friends who shared happiness and challenging times with me throughout
various stages of this study and made my stay memorable. Among them, Dawood Alsaedi,
Talal Alharbi, Omar Alrumayh, Yasser Assolami, Abdullah Alshehri, and Hesham Alharbi.

vi



Dedication

To my parents, my grandmother, my wife, my kids, my sisters, and my brothers

vii



Table of Contents

List of Figures xi

List of Tables xiv

List of Abbreviations xv

1 Introduction 1

1.1 Overview . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1

1.2 Literature Review of MIR and PA . . . . . . . . . . . . . . . . . . . . . . . . . 6

1.3 Motivation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 8

1.4 Research Objectives . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 9

1.5 Dissertation Outline . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 10

2 Glucose Detection Using IR and PA Spectroscopy 12

2.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 12

2.2 IR and PA Spectroscopy . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 12

2.2.1 The Behaviour of Human Tissue in IR and PA Spectroscopy . . . . . 14

2.3 PA Spectroscopy Using QCLs . . . . . . . . . . . . . . . . . . . . . . . . . . . . 20

2.3.1 Machine Learning Techniques for Glucose Detection . . . . . . . . . . 24

2.4 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 25

viii



3 Glucose Detection Using a Single MIR Wavelength and PA Spectroscopy 26

3.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 26

3.2 Methodology . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 27

3.2.1 Sample Preparation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 28

3.2.2 Glucose Detection Measurements . . . . . . . . . . . . . . . . . . . . . . 30

3.2.3 Machine Learning for Glucose Detection . . . . . . . . . . . . . . . . . 31

3.3 Results and Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 36

3.3.1 Optical Properties for the Artificial Skin Phantoms . . . . . . . . . . . 36

3.3.2 System Optimization . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 36

3.3.3 Glucose Detection . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 37

3.3.4 Glucose Detection Using Machine Learning . . . . . . . . . . . . . . . . 40

3.4 Conclusions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 47

4 Dual QCLs for Noninvasive Glucose Detection Using PA Spectroscopy 48

4.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 48

4.2 Methodology . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 49

4.2.1 Sample Preparation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 49

4.2.2 Glucose Detection Measurements . . . . . . . . . . . . . . . . . . . . . . 52

4.2.3 Machine Learning for Glucose Detection . . . . . . . . . . . . . . . . . 54

4.3 Results and Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 55

4.3.1 Machine Learning Classifier Model . . . . . . . . . . . . . . . . . . . . . 60

4.4 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 61

5 In vivo Blood Glucose Detection Using IR and PA Spectroscopy 63

5.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 63

5.2 Methodology . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 64

5.2.1 In vivo Glucose Detection Measurements . . . . . . . . . . . . . . . . . 66

5.2.2 Machine Learning for In vivo Glucose Detection . . . . . . . . . . . . . 68

ix



5.3 Results and Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 70

5.3.1 Oral Glucose Tolerance Test . . . . . . . . . . . . . . . . . . . . . . . . . 72

5.3.2 Machine Learning for In vivo Glucose Detection . . . . . . . . . . . . . 75

5.4 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 78

6 Contributions and Future Works 79

6.1 Summary of Contributions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 79

6.2 Accomplished Work . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 80

6.3 List of Publications . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 81

6.4 Future Work . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 82

References 84

APPENDICES 100

A Specification Sheets for the QCLs 101

x



List of Figures

1.1 Overview of various techniques and active research areas for in vivo and in
vitro glucose monitoring. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 3

2.1 A Schematic conduction band diagram of a quantum cascade laser [90]. . . . 13

2.2 A cross-section of human skin [99]. . . . . . . . . . . . . . . . . . . . . . . . . . 15

2.3 Glucose solution absorption spectrum obtained by Fourier-transform in-
frared (FT-IR) [100]. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 16

2.4 MIR absorption spectra for glucose, albumin, sodium lactate, cholesterol,
and urea [71]. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 17

2.5 The PA spectra of a diabetic volunteer with different glucose concentrations
at selective wavenumbers using a MIR source [82]. . . . . . . . . . . . . . . . . 18

2.6 The absorption spectra of four skin tissue components and the baseline of
the scattering equivalent absorption [112]. . . . . . . . . . . . . . . . . . . . . . 19

2.7 The PA spectroscopy for biological samples where l > µa > µs. . . . . . . . . . 21

3.1 Schematic of the setup used for glucose detection using MIR and PA spec-
troscopy. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 28

3.2 (a) PA cell sketch. (b) PA off-resonance. (c) PA on-resonance. (d) Fabri-
cated copper acoustic cell. (e) Simulated resonance frequencies of the PA
cell. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 29

3.3 (a)Gelatin mixture before the heating up process. (b)Gelatin mixture after
the heating up process. (c) Gelatin mixture after adding other ingredients. 30

3.4 Overview of ensemble machine learning technique using random subspace
sampling. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 33

xi



3.5 Sampling method for the collected acoustic signals for machine learning
training purposes. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 34

3.6 (a) Tissue-mimicking phantoms. (b) Absorption spectrum for the phantoms
compared to the real human skin spectrum. . . . . . . . . . . . . . . . . . . . . 37

3.7 (a)Acoustic spectrum at different pressure levels. (b) Background noise with
and without acoustic absorption foam. . . . . . . . . . . . . . . . . . . . . . . 38

3.8 Acoustic spectrum for each glucose skin sample from 75 to 300 mg/dL. . . 39

3.9 (a) Non-rectified acoustic spectrum of the second peak. (b) Rectified acous-
tic spectrum. (c) Normalized acoustic spectrum with carbon. . . . . . . . . 40

3.10 Relationships between the acoustic signals to the corresponding glucose sam-
ples for the three-day measurements. . . . . . . . . . . . . . . . . . . . . . . . 41

3.11 Confusion matrix of the ensemble model for glucose detection. . . . . . . . . 42

3.12 (a) Clarke’s EGA of the prediction model of glucose detection before ap-
plying the majority voting algorithm. (b) Clarke’s EGA of the prediction
model after applying the majority voting algorithm. . . . . . . . . . . . . . . 43

3.13 Confusion matrix of the ensemble model trained with preprocessed data. . . 43

3.14 (a) Clarke’s EGA of the prediction model with preprocessed data before
applying the majority voting algorithm. (b) Clarke’s EGA of the prediction
model with preprocessed data after applying the majority voting algorithm. 44

3.15 Confusion matrices of the support vector machine (SVM), narrow neural
networks (NNN), and medium neural networks (MNNs) models for glucose
detection. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 46

3.16 Clarke’s EGA of the SVM, NNN, and MNNs prediction model of glucose
detection. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 46

4.1 Schematic of the setup used for glucose detection using MIR and PA spec-
troscopy. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 50

4.2 The fiber optic coupling for the QCL light transmitting. . . . . . . . . . . . . 50

4.3 The prepared samples of the main set. . . . . . . . . . . . . . . . . . . . . . . . 51

4.4 Design of the optical lens. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 53

4.5 Background noise in the free space and fiber-coupled light transmission. . . . 56

xii



4.6 Measurements of the first set of glucose phantoms from 100 to 275 mg/dL. . 57

4.7 Acoustic signals to corresponding glucose. . . . . . . . . . . . . . . . . . . . . . 58

4.8 Measurements of the second set of glucose phantoms with blood components
from 100 to 275 mg/dL. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 59

4.9 Performance of the developed ensemble classification model. . . . . . . . . . . 61

5.1 (a) The laser drivers and function generators for the 9.25 & 10.3 µm QCLs
(b) The C-Mount for the 9.25 & 10.3 µm QCLs (c) The stage of the pho-
toacoustic system for in vivo measurements. . . . . . . . . . . . . . . . . . . . 65

5.2 System preparation for the in vivo measurement and the targeted finger-
spot. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 66

5.3 In vivo measurements conducted with and without arm support. . . . . . . 70

5.4 Acoustic signals for the carbon, finger, and skin sample. . . . . . . . . . . . . 71

5.5 Acoustic signals for the three-days in vivo measurements. . . . . . . . . . . . 71

5.6 Normalized acoustic signals to corresponding invasive blood glucose levels. 73

5.7 Acoustic signals of the OGTT in vivo measurements . . . . . . . . . . . . . . 75

5.8 Normalized acoustic signals to corresponding invasive blood glucose levels
for the OGTT measurements. . . . . . . . . . . . . . . . . . . . . . . . . . . . . 76

5.9 Predicted blood glucose levels using Gaussian regression model to the refer-
ence levels for the OGTT measurements. . . . . . . . . . . . . . . . . . . . . . 77

5.10 Clarke’s EGA of the Gaussian regression model for the OGTT measurements.. 77

xiii



List of Tables

1.1 Typical blood glucose levels in adult humans. . . . . . . . . . . . . . . . . . . . 2

1.2 Summary of some of the current noninvasive technologies for glucose detection. 5

1.3 Recent progress in PA and MIR combined spectroscopy for glucose detection. 7

2.1 MIR Vibrational absorption frequencies for some blood components [81]. . . 15

2.2 Absorption peaks of glucose in the near-infrared (NIR) regime [18]. . . . . . 20

2.3 Recent progress in the MIR spectroscopy for Glucose detection . . . . . . . . 23

3.1 Summary of the measurement procedures for glucose detection for the single
wavelength setup. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 32

3.2 Dataset arrangement of the glucose acoustic spectrum for machine learning
training purposes. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 35

3.3 Standard deviation of the three-day measurements using different skin sam-
ples. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 40

4.1 Summary of the measurement procedures for the dual QCLs system. . . . . 53

4.2 Dataset arrangement of the glucose acoustic spectrum for machine learning
training purposes. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 55

4.3 Summary of the results for the dual QCLs measurements. . . . . . . . . . . . 60

5.1 Dataset arrangement of the OGTT measurement for ML training purpose. . 69

5.2 Invasive blood glucose levels using the glucometer for the OGTT measurement. 74

xiv



List of Abbreviations

R2 correlation coefficient 7

ANNs artificial neural networks 24

DT decision trees 25, 54

EC external cavity 6, 7, 14

EGA error grid analysis v, xii, xiii, 7–9, 27, 41–49, 60–62, 75–78

FDA Food and Drug Administration 7–10, 24, 31, 38, 41, 42, 45, 47, 51, 56, 60–62, 75,
76, 80, 81

FT-IR Fourier-transform infrared xi, 16, 24, 30

IDF International Diabetes Federation 1, 8

IR infrared iv, v, viii, ix, 4, 6, 9, 10, 12, 25, 28, 29, 36, 52, 63, 64, 79, 80, 82

ISF interstitial fluid v, 1–4, 6, 15, 25, 63

ISO International Organization for Standardization 8, 9, 66

KNN K-nearest neighbor 25

MIR mid-infrared v, viii, ix, xi, xii, xiv, 4–10, 12, 14, 15, 17–19, 21, 22, 24–28, 31, 39, 47,
48, 50, 51, 54, 63, 64, 66–68, 72, 74–76, 78–83

MLR multiple linear regression 24, 25

xv



MNNs medium neural networks xii, 24, 34, 45–47

NIR near-infrared xiv, 4–6, 18–20, 24, 25, 82

NNN narrow neural networks xii, 24, 34, 45–47

NNs neural networks 24

OGTT oral glucose tolerance test v, xiii, 64, 67, 68, 72, 73, 75–78

PA photoacoustic iv, v, viii, ix, xi, xii, xiv, 4–10, 12, 14, 16, 18, 20–22, 24–29, 31, 36, 38,
39, 47–50, 52, 54, 61, 63, 64, 66–68, 72, 74–76, 78–83

PLS partial least square 24

QCL quantum cascade laser iv, xii, 4, 6–10, 13, 14, 17, 26, 27, 37, 39, 47, 49, 50, 52, 53,
55–59, 61, 64, 66, 67, 72, 73, 75, 80

QCLs quantum cascade lasers iv, v, viii–x, xiii, xiv, 6, 7, 10, 12–14, 20, 25, 31, 47–49, 51,
52, 54–61, 64, 65, 79–81, 101

RMSE root-mean-square error 10, 75, 78

SNR signal-to-noise ratio 2, 5, 7, 31, 36, 47, 48, 52, 55

SVM support vector machine xii, 25, 34, 45–47

TEC thermo-electrical cooling 27

xvi



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
effectiveness (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 significantly
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
different 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-fluid 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 diffuses from the blood to the ISF layer
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Table 1.1: Typical blood glucose levels in adult humans.

Condition Fasting (mg/dL) 1 hour after
eating (mg/dL)

2-3h after Eating
(mg/dL)

Normal 80–110 160-180 <140
Pre-diabetic 80–125 190-220 140-170
Diabetic 80–125 200-250 >180

within a 5 to 10 minutes delay period, creating a significant 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 difference 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 effect [40, 41]. The
wavelength difference due to the Raman shift represents the difference between the initial
and final 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
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Figure 1.1: Overview of various techniques and active research areas for in vivo 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 noninvasive in vivo glucose detection.
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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 fingerprints 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 efficiency, 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. For in 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. For in 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 fields ranging from biomedical,
biology, physics, and chemical [55–57]. The concept of PA spectroscopy relies on the effect
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 the C 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
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Table 1.2: Summary of some of the current noninvasive technologies for glucose detection.

Technology Advantages Disadvantages

Bio-impedance
spectroscopy

- Relatively inexpensive
- Simple measurements on human skin

- Long calibration process
- Motion and temperature sensitivity
- Sensitive to sweat

Metabolic heat
conformation

- Physiological parameters are
relatively easy to measure

- Sweat and temperature sensitivity
- Susceptible to environmental conditions
interference

Electromagnetic
sensing

- Non-ionized radiation
- Cost-effective

- Highly sensitive to temperature

Raman
spectroscopy

- Less temperature changes sensitivity
- Minimal water sensitivity

- Other blood components interference
- Unstable laser intensity
- Long collection time and low SNR

Optical polarimetry
- High resolution
- Can be miniaturized

- Weak correlation to blood glucose
- Motion and temperature sensitivity

NIR
spectroscopy

- Strong glucose fingerprints adsorption
- Low cost and size-wise
- Weak water absorption
- Deep penetration to human skin

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

MIR
spectroscopy

- Strong glucose fingerprints adsorption
- Generating strong acoustic signals
- More specific glucose absorption bands
- Stable light intensity

- Low penetration depth
- Strong water adsorption
- Relatively expensive

PA
spectroscopy

- Simple method
- PAsignals are less scattered by human
skin
- Can be combined with other spectroscopy

- Susceptible to temperature changes
- Relatively low SNR

5



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 fingerprint absorption. The MIR region has specific glucose
fingerprints 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 efficient 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 diffused, 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
first 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 first laser was used at a glucose
absorption peak at 1080 cm−1, while the second one was used to remove any background
noise at 1066 cm−1 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, Pleitez et 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 cm−1) and 1100 cm−1 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,
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Table 1.3: Recent progress in PA and MIR combined spectroscopy for glucose detection.

Date Reference Source
Wavenumber

(cm−1)
Samples /

spot
Glucose
(mg/dL)

Correlation /
sensitivity

M.L. Main contributions

2005 Toal et al. [76] QCLs
P: 1080
Bg: 1066

Forearm 0-300 R=0.61 No
The PA & MIR
combination

2012 Kottmann et al. [77] QCL P:1034
Epidermal
samples

0-2000 ± 100 mg/dL No
Using tunable QCLs
& N2 ventilation

2012 Pleitez et al. [78] EC-QCLs
P: 1054&1084

Bg: 1100
Palm 80-260 R=0.71 R.O.

Selecting three
wavelengths

2013 Kottmann et al. [81] EC-QCLs P:1034
Glucose
solution

0-5000 ± 57 mg/dL No
Fiber optics for
light delivering

2013 Pleitez et al. [82] EC-QCLs 1000-1220 Hypothenar 40-240 - R.O.
Removing noise by
multivariate models

2016 Kottmann et al. [75] EC-QCLs
P: 1080
Bg: 1180

Fingertip &
forearm

90-170 ± 30 mg/dL R.O.
Stability improved by
increasing pulse rate

2017 Sim et al. [79] EC-QCLs 950-1245
Fingertip &

palm
100-250 70% in zones A R.O.

Studying skin effect
on measurement

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

which allowed multi-analyte detection, is particularly significant 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 cm−1 with an 0.90 cm−1 tuning step and an open-ended
PA cell of 78 mm3 volume. A glucose detection limit of 100 mg/dL was obtained with
a SNR of 1 and correlation coefficient (R2) = 0.998 at a glucose peak of 1034 cm−1 and
1080 cm−1. The cell was ventilated by constant N2 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 flexible, non-toxic silver halide optical
fiber was proposed by Kottmann et al. [77] for proper light delivery to different spots on
the body. A detection limit of 57 mg/dL and SNR = 1 in an aqueous glucose solution was
achieved with R2 = 0.993.

In 2016, a dual-wavelength aspect was employed by Kottmann et al. [75] at 1080 cm−1

for the glucose peak and 1180 cm−1 for the background. The acoustic signals were obtained
for in vivo glucose detection from the forearm and fingertip 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% confidence level. To date, this is the highest glucose detection sensitivity
achieved by the MIR and PA spectroscopy in aqueous solutions [16]. In 2018, Sim et al. [79]
investigated the effect 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−1 was employed to detect glucose in the palm and
fingertip of five 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 18.5 mg/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 fulfilled yet for glucose detection using MIR and PA spectroscopy.
The limit of the ±15 mg/dL has to be satisfied by the PA system detection efficiency, 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 fulfilled, 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 first
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 fluids 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
efficiently utilized to advance glucose detection progress in MIR spectroscopy and overcome
the current challenges.

All clinically approved glucose monitors must fulfill the restrictions and guidelines of
the FDA and the International Organization for Standardization (ISO) [83, 86]. The first
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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 within ±15 mg/dL
of the laboratory results for concentrations lower than 100 mg/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 100 mg/dL by Health Canada [87].
Despite the extraordinary efforts in developing noninvasive glucose monitors, none have
met all of these requirements for in 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 fingertips, 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 influence
the acoustic signals. Glucose solutions with specified 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 efficient 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 finger 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 fulfill 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 finger-
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 fingerprints. 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−1 glucose fingerprint. Biomedical skin phantoms with optical properties similar
to human skin have been prepared at different 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 classification algorithms are
involved in the development of high-accuracy glucose prediction models.

Chapter 4 evolves the single-wavelength MIR system into fiber optics dual QCLs using
PA spectroscopy for noninvasive glucose detection. The dual QCLs system assists in the
enhancement of the detection sensitivity to fulfill 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 classification 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.
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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 fingerprints.
Specifically, 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, CO2, inter-band cascade lasers
(ICLs), lead salt lasers, different 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 104 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 first 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 Beck et al. [92], working in
continuous wave (CW) modes. Modern QCLs can now cover the entire infrared regime at
operating temperatures higher than 400oK [93].

Quantum cascade lasers are based on designing narrow quantum wells (QWs) where
electrons are confined instead of atomic levels. These thin layers of QWs lead to a high elec-
tric potential difference across the length of the device. The electric field 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 104 at the same wavelength [94]. The phenomena of a
single electron emits multiple photons, raising the quantum efficiency 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 different materials. Typical QCLs are fabricated either in GaAs/AlGaAs
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on a GaAs substrate or by GaInAs/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 reflector (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 5 cm−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 800 cm−1. 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 configuration. 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 10-20 µm thick and contains around
20% of water. The next layer is the dermis (1-2 mm), which is filled with approximately
70% of water. This layer is highly permeable for the blood glucose to diffuse [98]. The
bottom layer is the hypodermis (1-4 mm), which is filled mostly by fatty tissues.

MIR radiation in the electromagnetic spectrum is from 3 to 12 µm wavelength. This
regime is significant for molecules detection due to the presence of strong absorption
peaks of some molecular bonds, such as C C, N H, N O, C H, O H,
C O, and C N. These bonds are referred to as molecular regions for finger-
prints [101]. The glucose has a molecular formula of C6H12O6, which is a kind of monosac-
charide in the form of pyranose. The presence of the bending vibrations and stretching
of C H O 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 fingerprint 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 β D-glucose absorption Medium
1080 v(PO2−2) symmetric Medium
1077 v(CC) skeletal trans conformation Medium
1054 α D-glucose absorption Very weak
1052 Albumin absorption Weak
1047 v(C–OP) Weak
1035 v(CC) skeletal cis conformation Medium
1034 α&β 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 the C 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
different 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 coefficient, and the tissue’s water content. The optical
properties of human skin not only significantly fluctuate amongst people but also for the
same person at different spots of the skin. The back-scattering light from a porcine skin has
been examined in vitro by Liakat et al. [105] by a mid-infrared light source. The porcine
skin’s penetration depth was approximately estimated to be around 200 µm to the dermis
layer. The back-scattered light intensity was measured and found large and detectable by
commercial infrared detectors. The reflected light of human skin was investigated in vivo
by Pleitez et al. [82], and observed that the stratum corneum and living dermis (100 µm
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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 diffusely
scattered light of the dermis layer (2 mm down of the skin) is weak and hard to detect in
normal conditions. The reflected signal collection from the dermis layer can be enhanced
by increasing the QCL peak power to 100 mW or an average power of 5 mW [102]. The
light absorption in the dermis layer is dominant, compared to scattering, due to collagen
fibrils presence, which has strong reflective coefficients [106].
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Figure 2.5: The PA spectra of a diabetic volunteer with different glucose concentrations
at selective wavenumbers using a MIR source [82].
.

NIR Spectroscopy

The molecules absorption over the NIR region (4000-12800 cm−1) is several orders of magni-
tude weaker than the MIR region. However, short wavelengths within the NIR spectroscopy
(780-2500 nm) 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 reflection 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 specific glucose finger-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 4vCH
930 3vCH2

939 3vOH
1018 vCH combination
1042 vCH combination
1126 3vCH
1408 2vOH
1536 vOH + vCH
1638 First overtone
1688 2vCH
2261 vCH + vCCH
2273 O-H/C-O 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 (l), thermal diffusion of the sample (µs),
and optical absorption depth (µa). The PA signal amplitude has an identical dependency
on the light intensity and gas coupling properties in all cases. This dependency is defined
by a factor (F ) as follows [81]:

F =
γ ⋅ P0 ⋅ t(λ) ⋅ I0 ⋅ µg

4
√

2 ⋅ lg ⋅ T0

(2.1)

where P0 is the ambient pressure, t(λ) is the wavelength-dependent fiber transmission, I0
is the laser intensity, µg is the coupling gas thermal diffusion length, lg is the length of the
coupling gas, and T0 is the ambient temperature. The gamma factor (γ) is the specific
heat ratio at constant pressure and volume (γ = Cp/Cv). The thermal diffusing length of
the coupling gas, or sample, is defined as follows:

µg,s = (
Dg,s

π ⋅ f
)

1
2

(2.2)
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Figure 2.7: The PA spectroscopy for biological samples where l > µa > µs.

where Dg, s is the gas, or sample, thermal diffusivity and f is the modulation frequency
of the laser. The thermal diffusivity depends on the thermal conductivity (k), density (ρ),
and Cp, as follows,

Dg,s =
kg,s

ρg,s ⋅Cpg,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 diffused.
Therefore, the combination of PA spectroscopy with MIR spectroscopy shows potential for
a noninvasive glucose detection system.

The amplitude of the periodical acoustic signal (APA) is directly proportional to the
laser intensity (Io) and absorption coefficient of the sample (α) as follows:
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APA ∝
I0 ⋅ α

V0 ⋅ f
3
2

, (2.4)

where V0 is the volume of the cell, and f 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 of l > µa > µs is fulfilled. A sensitive microphone in a PA cell or
in a gas-filled PA chamber of lg length detects the generated PA signals. The developed
system relies on detecting the deviations of the acoustic signals due to the variations of
absorption coefficient in the glucose samples. Increasing the glucose concentration in the
phantoms strengthens the absorption coefficient, 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 benefit 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 different 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 classification and regression techniques can be employed for noninvasive glucose
detection applications. The classification techniques result in discrete outputs labeled by
distinct classes, while the regression models extract quantitative information. In other
words, the prediction output of the classification 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 classification techniques address each discrete value independently, with no influence
on other glucose levels. Therefore, reducing the differences in glucose levels between the
discrete classes results in high prediction sensitivity.

Different 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 artificial neural networks (ANNs) [137, 138]. However, these regression
models were used only to reduce the correlation coefficient error in associating predicted
glucose levels with actual values for the range of interest. In contrast, classification 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-
fication (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]. Jernelv et al. later employed con-
volutional neural networks (CNNs) for in vitro glucose detection measurements obtained
from online datasets, including NIR and FT-IR measurements [142]. However, no actual
experimental measurements were conducted. Liu et al. employed four different regression
models, namely forward propagation (FP), radial basis function (RBF), recurrent neural
networks (RNNs), and backpropagation (BP) to detect glucose in aqueous solutions us-
ing PA spectroscopy. Other neural networks (NNs) models were employed for noninvasive
glucose detection, such as MNNs and NNN.
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In May 2021, Shokrekhodaei et al. employed both regression and classification mod-
els in Visible-NIR transmission spectroscopy for in vitro glucose detection in aqueous
solutions [143]. Five different 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 classification models. The study concluded that classification
models more efficiently detect broad glucose ranges from hypoglycemia to hyperglycemia.
The classification-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 fingerprints to generate acoustic
signals in the human skin has been discussed. The glucose molecules diffuse 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 fingerprint 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 different
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
fingerprint of 1080 cm−1 for noninvasive glucose monitoring. The system has been exam-
ined using artificial skin phantoms, covering the normal and hyperglycemia blood glucose
ranges. The detection sensitivity of the system has been improved to ±25 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 classifica-
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 fingerprint of 1080 cm−1 (9.25 mµ) 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 cm−1 where 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 µs. The laser was operated at 25 °C 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 30 kHz with square waves of a duty cycle of
40% by a function generator (Agilent 55321A). The datasheet of the 1080 cm−1 QCL 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 reflected upwards to the incident on the PA cell using a gold-coated
parabolic mirror with more than 95% reflectivity. 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 N2 flow 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 the in vivo and In vitro measure-
ments due to the applied pressure on the cavity and other damping effects. A sensitive
analog microphone (SPU0410LR5H-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 fingertips 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, influencing 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: (a) PA cell sketch. (b) PA off-resonance. (c) PA on-resonance. (d) Fabricated
copper acoustic cell. (e) 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], artificial skin phantoms were prepared at
different 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 effect 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 artificial 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 (a) shows the gelatine mixture before the heating process.
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Figure 3.3: (a) Gelatin mixture before the heating up process. (b) Gelatin mixture after
the heating up process. (c) Gelatin mixture after adding other ingredients.

After the mixture becomes transparent, as shown in Figure 3.3 (b), the desired oil ratio of
20% is added when the mixture reaches 50 °C. An Ivory-ultra-liquid detergent surfactant
was then added with a formaldehyde solution to provide cross-linking with gelatin. Figure
3.3 (c) shows the mixture that was finally used to prepare the skin samples. Finally, a
D(+)-glucose powder (Sigma-Aldrich) was added to produce glucose concentrations that
ranged from 75 to 300 mg/dL with a glucose step of ±25 mg/dL. The mixture was then
poured using syringes (to reduce blistering) into specific silicon molds to consolidate for five
days. These molds were selected to provide shapes similar to human fingertips (20mm *
20mm * 10mm). Three samples of each glucose concentration were made. Different bakers,
syringes, and molds were used for each glucose concentration in the sample preparation
procedure. In addition, thinner samples at 0 and 1000mg/dL were prepared to examine the
compatibility of these samples with the optical properties of human skin. The transmission
spectra of the thinner samples were measured by an FT-IR (NICOLET iS50R) to obtain
the absorbance spectra of the skin samples.

3.2.2 Glucose Detection Measurements

The prepared glucose phantoms, ranging from 75 to 300 mg/dL at ±25 mg/dL glucose
differences, were used to investigate the ability of the system for noninvasive glucose de-
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tection. The glucose range in the samples covers the scope of interest for blood glucose
levels in healthy individuals and those with diabetes. Furthermore, the ±25 mg/dL glu-
cose differences in the phantoms aim to raise the detection sensitivity toward the FDA
specifications [83].

The phantom skin samples were individually placed on the PA cell over the resonator
cavity at room temperature. A sensitive pressure transducer (400 FSR, Interlink Elec-
tronics, Canada) was set beneath the samples to measure the applied pressure and ensure
appropriate contact with the cell. Pressure was applied to the samples using a mechanical
vice that moves in an XYZ direction. The pressure effect on the acoustic signals was in-
vestigated before detecting glucose. The appropriate applied pressure was determined by
applying various pressure levels to the sample of the highest glucose concentration, which
generates the strongest acoustic signal. The pressure level ranged from 0 to 9 N/cm2 in
order to examine the pressure effect on the acoustic spectrum of the samples. A con-
sistent pressure level of 6 N/cm2 was eventually applied to all glucose phantoms in the
measurements.

The modulated laser beam was focused into the PA cell by a gold-coated parabolic
mirror. The 9.25 µm QCLs was operated at 400 mA with an average power of 40 mW.
Each sample was scanned from 10 to 30 kHz with a frequency step of 150 Hz. The ab-
sorbed laser pulses generate thermal expansions in the skin samples, which are converted
to acoustic waves. These waves are amplified inside the PA cavity and detected by a sensi-
tive microphone (SPU0410LR5H-QB) channeled through the PA cell. A lock-in amplifier
(SR830) processed the collected PA signals to increase the SNR with a time constant of
300 ms. The measurements were repeated ten times, and the collected acoustic signals
were transmitted to the PC through a data acquisition system for further analysis. The
experiment was repeated for three days with new samples following similar procedures.
Table 3.1 shows the summary of the three-day measurements. The In vitro experiment
is considered an initial and essential approach in examining the feasibility of the system
for noninvasive glucose detection using a single wavelength MIR laser before implementing
and developing the setup for in vivo measurements.

3.2.3 Machine Learning for Glucose Detection

The architecture of the ensemble classification model, using subspace sampling, is pre-
sented in Figure 3.4. Since not all frequencies in the acoustic spectrum provide relevant
information for glucose signals, random subspace sampling [150] for the ensemble method
was used. The subspace sampling algorithm extracts random features from the spectrum,
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Table 3.1: Summary of the measurement procedures for glucose detection for the single
wavelength setup.

Index Sample no. Glucose level Round 1 Round 2 . . . Round 10 Class label

Day 1 1st sample 75 mg/dL 10-30 kHz 10-30 kHz . . . 10-30 kHz 75
Day 2 2nd sample 75 mg/dL 10-30 kHz 10-30 kHz . . . 10-30 kHz 75
Day 3 3rd sample 75 mg/dL 10-30 kHz 10-30 kHz . . . 10-30 kHz 75
Day 1 1st sample 100 mg/dL 10-30 kHz 10-30 kHz . . . 10-30 kHz 100

. . . . . . . . . .

. . . . . . . . . .

. . . . . . . . . .
Day 3 3rd sample 275 mg/dL 10-30 kHz 10-30 kHz . . . 10-30 kHz 275
Day 1 1st sample 300 mg/dL 10-30 kHz 10-30 kHz . . . 10-30 kHz 300
Day 2 2nd sample 300 mg/dL 10-30 kHz 10-30 kHz . . . 10-30 kHz 300
Day 3 3rd sample 300 mg/dL 10-30 kHz 10-30 kHz . . . 10-30 kHz 300

providing varied outlooks on the data. Thus, individual classifiers are trained using dif-
ferent subspace datasets. The ensemble learning combines several individual models that
operate inherently parallel in order to achieve better prediction performance. The ensem-
ble classification learning has shown encouraging results in predictive modeling of type-1
diabetes [151].

In order to generate adequate data for machine learning, each glucose sample was
scanned ten times from 10 to 30 kHz, with a frequency step of 150 Hz. Figure 3.5 shows
the method of sampling for the acoustic signals collected in the measurement, where each
acoustic signal is considered as a single data. The measurement was then repeated for two
more days using different samples, creating 4020 datasets for each glucose concentration,
which led to 40200 datasets for all glucose samples, ranging from 75 to 300 mg/dL. These
datasets represent the acoustic signals collected for the entire measurements. Generating a
large number of data points assists the training development of machine learning models,
while the arrangement of these data plays a critical role in the efficiency of the models. In
machine learning, each column represents a feature, while each row represents an observa-
tion or data sampling. Therefore, it is essential to ensure that each value in the column is
correlated to create one feature for the algorithm. In this work, the data points at every
frequency were assigned to one column to create a unit feature for the model with a given
class label. In other words, each round of the measurements was converted into a vector
before combining them in one matrix. This data arrangement produced 134 features with
30 datasets for each glucose class, as shown in Table 3.2. The 134 columns represent the

32



Figure 3.4: Overview of ensemble machine learning technique using random subspace sam-
pling.

frequency range of the measurements from 10 to 30 kHz with a 150 Hz frequency step.

The measured acoustic spectrum for skin phantoms was classified into ten classes based
on the glucose concentration of each phantom set. The first six classes cover the glucose
level in the normal range (75–200 mg/dL), and the other four classes include the hyper-
glycemic range (225–300mg/dL) for fasting and after-eating conditions. The data points of
the measurements serve as training data for the machine learning classification algorithm,
while the glucose class serves as the training data response.

The classification models are trained to predict the class labels using the unprocessed
acoustic spectrum of the skin glucose samples in the presence of water and lipids. The
aim was to examine the ability of the machine learning algorithm to classify precisely each
glucose concentration without preprocessing to the obtained acoustic signals from the skin
samples. The number of learners and the subspace dimension were tuned over the training
to maximize the prediction accuracy. The number of learners for the current dataset was
tuned between 20 to 50, and 50 to 75 for the subspace dimension. The model was evaluated
using the k-fold cross-validation mechanism with 10-fold cross-validation. The dataset is
split into ten folds with the same approximate size. One of the nine folds serves as a
validation set to evaluate the classifier, while the other nine are used to train the model.
This process is repeated until each of the ten folds is employed as a validation set.
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Figure 3.5: Sampling method for the collected acoustic signals for machine learning training
purposes.

In the previous step, the ensemble model was trained with the raw acoustic data to
investigate the ability of the optimized system to detect glucose without preprocessing the
data. A model to remove the outlier using the moving median was then built to preprocess
the acoustic spectrums. The moving median detection method was adopted because of the
significant variation in the acoustic signal due to the amplification around the resonance
frequency. The asymmetric moving window of the model was 10.2 with a threshold factor
of 2.3.

SVM, NNN, and MNNs models for Glucose Detection

Three additional classification algorithms, namely SVM, NNN, and MNNs, have been de-
veloped and trained using the unprocessed collected acoustic signals only to detect the
glucose levels in the skin samples. With 10-fold cross-validation, the model was assessed
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Table 3.2: Dataset arrangement of the glucose acoustic spectrum for machine learning
training purposes.

Index 10 kHz 10.15 kHz 10.30 kHz . . . 20.05 kHz 2.20 kHz . . . 30 kHz Class label

Day 1 round 1 round 1 round 1 . . . round 1 round 1 . . . round 1 75 mg/dL
. . . . . . . . . . . . .
. . . . . . . . . . . . .

round 10 round 10 round 10 . . . round 10 round 10 . . . round 10 75 mg/dL

Day 1 round 1 round 1 round 1 . . . round 1 round 1 . . . round 1 100 mg/dL
. . . . . . . . . . . . .
. . . . . . . . . . . . .

round 10 round 10 round 10 . . . round 10 round 10 . . . round 10 100 mg/dL

. . . . . . . . . . . . . .

. . . . . . . . . . . . . .

. . . . . . . . . . . . . .

Day 2 round 1 round 1 round 1 . . . round 1 round 1 . . . round 1 75 mg/dL
. . . . . . . . . . . . .
. . . . . . . . . . . . .

round 10 round 10 round 10 . . . round 10 round 10 . . . round 10 75 mg/dL

. . . . . . . . . . . . . .

. . . . . . . . . . . . . .

. . . . . . . . . . . . . .

Day 3 round 1 round 1 round 1 . . . round 1 round 1 . . . round 1 300 mg/dL
. . . . . . . . . . . . .
. . . . . . . . . . . . .

round 10 round 10 round 10 . . . round 10 round 10 . . . round 10 300 mg/dL

using the k-fold cross-validation method. The classification algorithms are trained to pre-
dict the glucose class using the unprocessed acoustic spectrum in the presence of water
and fat. The goal was to examine the efficiency of the machine learning models to classify
each glucose concentration without preprocessing the raw acoustic signals from the skin
samples. The dataset is divided into ten folds of approximately equivalent size. The clas-
sifier is evaluated using one of the ten folds as a validation set, while the other nine are
used to train the model. This procedure is repeated until all ten folds have been used as
validation sets.
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3.3 Results and Discussion

3.3.1 Optical Properties for the Artificial Skin Phantoms

The prepared tissue-mimicking phantoms, simulating human fingertip size, are shown in
Figure 3.6a. The optical properties of phantoms compared to real human skin are shown
in Figure 3.6b for 0 and 1000 mg/dL glucose concentrations. The dielectric properties of
the phantoms were already tested in the work of Lazebnik [149], where the phantoms were
prepared for the first time to confirm the similitude of these phantoms to human skin.
Here, the optical properties of the tissue-mimicking phantoms were examined and verified
to have properties similar to human skin. Furthermore, the sample with a higher glucose
concentration shows higher absorbance due to the glucose molecules. The phantoms that
were prepared to examine the optical properties were made thinner to allow the IR lights
to be transmitted through the samples using the FT-IR. The C H absorption peak is
clearly shown in the fresh samples due to the presence of oil compared to the dry human skin
obtained by Delbeck et al. [152]. The oil was added to the sample to examine the glucose
detection feasibility in the presence of lipids. This finding enables the employment of these
phantoms as test models for biomedical applications that employ optical spectroscopy.

3.3.2 System Optimization

The acoustic absorption panels, which were successfully added to the system, suspend the
acoustic background noises with an average of 78% for the entire spectrum, as shown in
Figure 3.7a, which increases the SNR of the system. Furthermore, reducing the background
noise around the peaks aids in exposing the glucose-buried signals in the acoustic spec-
trum. The pressure effect is another component that can enhance the SNR of the system.
Figure 3.7b shows the collected acoustic signals at different pressure levels for the 300
mg/dL. The acoustic signal was doubled around the second peak when applying 9 N/cm2

pressure to the sample compared to 0 N/cm2. Increasing the applied pressure level ampli-
fies the acoustic spectrum, which enhances the SNR and the measurement compatibility of
the system. However, at the amplification limit of the PA cell, the acoustic signal reaches
saturation point, and increasing the applied pressure will not further amplify the collected
signals. These findings lead to a significant consequence: the applied pressure has to be
lower than the cell’s amplification limit at the highest glucose concentration sample. When
the applied pressure exceeds the amplification limit, the acoustic spectrum of the samples
will be saturated and will not be further amplified. Thus, the glucose differences among
the acoustic spectrum of the samples will be reduced or eliminated. The same concept
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Figure 3.6: (a) Tissue-mimicking phantoms. (b) Absorption spectrum for the phantoms
compared to the real human skin spectrum.

applies to other parameters that may increase the acoustic signal beyond the amplification
limit, such as laser intensity, modulation frequency, and ambient temperature.

3.3.3 Glucose Detection

The acoustic spectrum of the glucose phantoms, ranging from 75 to 300 mg/dL, is shown
in Figure 3.8, which shows the average of 10 rounds of measurement for each glucose
sample using a single QCL, lasing at 9.25 µm. The glucose difference in the samples
was set to ±25 mg/dL, aiming to achieve detection sensitivity that leads to fulfilling the
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Figure 3.7: (a)Acoustic spectrum at different pressure levels. (b) Background noise with
and without acoustic absorption foam.

FDA requirements. Phantoms with higher glucose concentrations are expected to generate
stronger acoustic signals due to the higher absorption of the glucose molecules. The second
peak of the collected acoustic spectrum, ranging from 19 to 23 kHz, was found to be sen-
sitive to the glucose levels in the samples. Preliminary results reveal an increment in the
acoustic signals along with an increase in the glucose concentrations of the samples. How-
ever, frequency shifts were noticed in the spectrum as shown in Figure 3.9a, which induced
glucose detection results. These frequency shifts are attributed to the surface contact of
the samples with the PA cell. Accordingly, the acoustic signals must be rectified before
obtaining the glucose differences from the signals for the selected frequency range. In the
rectification process, all acoustic signals were rectified to have their maximum amplitude
at the same frequency. From here onwards, the rectification process will be considered a
standard procedure in the signal analysis of the acoustic spectrum. The acoustic signals
were then normalized with the carbon signal, which was used for the calibration process.
The rectification and normalization process is shown in Figure 3.9b,c.

After obtaining the normalized spectrum for the phantoms, the area under the curves
of the half-power bandwidth (of the second peak) was integrated to show the relationship
between the acoustic signal to the corresponding glucose sample, as shown in Figure 3.10.
The results, which were conducted without further processing, show that the system was
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Figure 3.8: Acoustic spectrum for each glucose skin sample from 75 to 300 mg/dL.

able to distinguish the glucose differences in the skin samples in each of the three days.
The presence of glucose molecules in the phantoms increases the absorption of the MIR
light, which intensifies the PA of the samples that have higher glucose concentrations. The
linear correlation factor of the three-day measurement is R = 0.993. The average resolution
between the acoustic spectrum of two glucose samples with ±25 mg/dL is 2.3%. These
findings raise the detection sensitivity to ±25 mg/dL using a single wavelength QCL for
the first time. Moreover, it shows that the system is able to detect glucose for the entire
range of interest for blood glucose levels in healthy individuals and those with diabetes.

The system shows reliability in detecting glucose in the presence of other blood compo-
nents, such as water and lipids. Table 3.3 shows the standard deviation for the three-day
measurements. The deviation in the measurements is associated with a slight degradation
in the glucose phantoms over time for the three-day measurements. Moreover, the PA sys-
tem is sensitive to environmental conditions, causing a variation in the measurements from
one day to another. Nevertheless, introducing the temperature and pressure sensors to
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Figure 3.9: (a) Non-rectified acoustic spectrum of the second peak. (b) Rectified acoustic
spectrum. (c) Normalized acoustic spectrum with carbon.

Table 3.3: Standard deviation of the three-day measurements using different skin samples.

Glucose level (mg/dL) 75 100 125 150 175 200 225 250 275 300

Standard Deviation ×10−2 2.55 2.71 3.10 2.69 2.76 3.11 2.64 2.54 2.17 1.94

the setup successfully minimized the deviation in the measurements. Further advancement
is required for the in vivo measurements to affirm the system steadiness in the form of
attaching fiber optics and humidity sensors to the setup. Moreover, a comprehensive study
is needed to investigate the effect of different skin conditions, such as hydration levels, on
the acoustic signals.

3.3.4 Glucose Detection Using Machine Learning

After demonstrating the system’s feasibility to detect glucose in the skin phantoms using
a single light source, machine learning has been involved in substituting the calibration
process for the obtained data. The ensemble classification model was developed using the
unprocessed data of the acoustic signals with no rectification or normalization. The ensem-
ble classifier successfully predicted each of the ten classes of glucose concentration from 75
to 300 mg/dL with a prediction accuracy of 86.7%. The optimum number of learners was
30, with a subspace dimension of 67. All features were used to train the ensemble model
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Figure 3.10: Relationships between the acoustic signals to the corresponding glucose sam-
ples for the three-day measurements.

to detect glucose in the samples. The produced confusion matrix of the ensemble classifier
is shown in Figure 3.11. The confusion matrix visualizes the classifier’s performance by
representing the true class labels versus the predicted classes. The main diagonal of the
confusion matrix demonstrates the number of data samples that are correctly classified.
The right-hand side of the confusion matrix shows the percentage of the true-positive rate
(TPR) and the false-negative rate (FNR).

According to the FDA, 99% of predicted results have to be located within zones A and B
in Clarke’s EGA [83], which is used to quantify clinical accuracy for predicted blood glucose
measurements to the reference value. In order to evaluate the model’s prediction accuracy,
the confusion matrix is converted into Clarke’s EGA, as shown in Figure 3.12a. The figure
shows how many times the classifier predicts the glucose class for each data sample. This
results in 93% of the predicted results being located in zone A, while 6.67% and 0.33%
are in zones B and D, respectively. A majority voting algorithm was subsequently applied
to the prediction data, resulting in reproducing the data in the diagonal line of zone A
with 100% accuracy, as shown in Figure 3.12b. The majority voting algorithm nominates
the prediction class based on the number of votes of each class in order to determine the
final results.
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Figure 3.11: Confusion matrix of the ensemble model for glucose detection.

Dataset Preprocessing for Machine Learning

The unprocessed acoustic data has demonstrated sufficient means to train machine learning
models in order to achieve conclusive outcomes that fulfill the FDA guidelines. Neverthe-
less, the acoustic signals are suspected of environmental conditions, which can introduce
unrelated inputs to the system. Therefore, building an algorithm that removes outliers
from the data is necessary, particularly when merging in vivo measurements. Removing
outliers reduces the validation dataset of the model yet enhances the prediction accu-
racy. The median moving algorithm improves the ensemble model’s prediction accuracy
to 90.4% over the entire glucose range. The confusion matrix of the new ensemble model
with the preprocessed data is shown in Figure 3.13. The confusion matrix was converted
into Clarke’s EGA to quantify clinical accuracy for predicted blood glucose measurements.
This results in 96.1% of the predicted results being located in zone A, and with 3.9% in
zone B, as shown in Figure 3.14a. Following similar procedures, the majority voting algo-
rithm was applied to the prediction data to obtain 100% accuracy, as presented in Figure
3.14b.
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Figure 3.12: (a) Clarke’s EGA of the prediction model of glucose detection before applying
the majority voting algorithm. (b) Clarke’s EGA of the prediction model after applying
the majority voting algorithm.

Figure 3.13: Confusion matrix of the ensemble model trained with preprocessed data.
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Figure 3.14: (a) Clarke’s EGA of the prediction model with preprocessed data before
applying the majority voting algorithm. (b) Clarke’s EGA of the prediction model with
preprocessed data after applying the majority voting algorithm.

44



SVM, NNN, and MNNs models Glucose Detection

The unprocessed data of the acoustic signals were used to develop and train additional
classification models, namely, SVM, NNN, and MNNs. The SVM algorithm achieved the
highest efficiency in predicting glucose concentrations with an accuracy of 83%. The NNN
and MNNs classification algorithms obtained prediction precisions of 81.7% and 79.3%,
respectively. The produced confusion matrices of the SVM, NNN, and MNNs classifiers
are shown in Figure 3.15. The confusion matrix is transformed into Clarke’s EGA to
evaluate the model’s prediction accuracy, as shown in Figure 3.16. The figure illustrates
the number of times the classifier predicts the glucose class for each data sample at each
glucose concentration. For the SVM, 88.67% of the predicted results are located in zone
A, 10% in zone B, 0.67% in zone C, and 0.67% in zone D. This leads to 98.67% of the
results being located in zones A and B, which is slightly lower than the FDA requirements.
Although the NNN and MNNs prediction models achieved lower prediction accuracy, both
techniques successfully fulfilled the FDA requirements by obtaining more than 99% of
the predicted results in zones A and B. The NNN model obtained 89% of the results in
zone A, 10.33% in zone B, while only 0.67% of the prediction results are located in zone
D. For the MNNs algorithm, 89.67% of the predicted results are located in zone A, 10%
in zone B, and only 0.33% in zone C. This finding suggests that using machine learning
classification techniques such as SVM, NNN, and MNNs can enhance the sensitivity for
noninvasive glucose detection to avoid calibration processes for the obtained data and fulfill
FDA requirements.
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Figure 3.15: Confusion matrices of the SVM, NNN, and MNNs models for glucose detec-
tion.

Figure 3.16: Clarke’s EGA of the SVM, NNN, and MNNs prediction model of glucose
detection.
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3.4 Conclusions

A single wavelength QCL has been employed in a PA and MIR spectroscopy on the glucose
fingerprint of 1080 cm−1 for noninvasive glucose monitoring. Artificial biomedical skin
phantoms, having similar properties to real human skin, have been prepared to cover the
normal and hyperglycemia blood glucose range. The SNR of the system has been effectively
enhanced by introducing acoustic absorption panels and pressure sensors. The pressure
level applied to the skin phantoms plays a critical role in detecting glucose differences in
the PA signals. The PA signals of the highest glucose concentration sample have to be
lower than the amplification limit of the PA cell in order to detect the glucose differences.
The signal rectification proposed in this work significantly explicates the glucose signal
differences in the PA spectrum. The proposed techniques of MIR and PA spectroscopy
enable quantifying the glucose level in the samples with the unprocessed acoustic data. The
detection sensitivity has been enhanced to ±25 mg/dL using a single wavelength QCL.

An ensemble machine learning model has been developed to classify the glucose con-
centration in the samples with a 40200 dataset. The ensemble models trained with an
unprocessed and processed dataset achieved 86.7% and 90.4% prediction accuracy, respec-
tively. A majority voting algorithm was applied to both prediction models, resulting in
reproducing the data in the diagonal line of zone A of Clarke’s EGA with 100% accuracy.
These findings satisfy the FDA standards for glucose monitors. Other classification models,
namely, SVM, NNN, and MNNs were developed using the unprocessed data to examine the
detectability of different machine learning models. Both the NNN and MNNs algorithms,
with prediction accuracy of 81.7% and 79.3%, respectively, fulfilled the FDA requirement
of 99% of the predicted results in zones A and B.

In vitro measurements conducted in this study are considered to be a significant step in
demonstrating the feasibility of the developed PA and MIR system for noninvasive glucose
detection. The glucose sensitivity will be further enhanced in the next chapter before
merging into in vivo experiments. The effect of other blood components, such as protein,
urea, and cholesterol, on glucose will be investigated using dual QCLs.

47



Chapter 4

Dual QCLs for Noninvasive Glucose
Detection Using PA Spectroscopy

4.1 Introduction

In this chapter, the MIR and PA system is further developed by integrating a second
MIR light source to be employed as a reference for the glucose detection measurements.
The reference light source can assist the system’s selectivity in detecting glucose in the
presence of other blood components. Furthermore, fiber optics have been used for light
transmission to enhance the system’s SNR and alignment process. The operating power
of the MIR sources has been lowered to fulfill the safety requirements in order to qualify
the setup for real human skin measurements.

A dual single-wavelength quantum cascade laser system has been developed using PA
spectroscopy for noninvasive glucose monitoring. Biomedical skin phantoms with similar
properties to human skin have been prepared with blood components at different glucose
concentrations as test models for the setup. The detection sensitivity of the system has
been improved to ±12.5 mg/dL in the hyperglycemia blood glucose ranges. An ensemble
machine learning classifier has been developed to predict the glucose level in the presence
of blood components. The model, which was trained with 72360 unprocessed datasets,
achieved a 96.7% prediction accuracy with 100% of the predicted data located in zones A
and B of Clarke’s EGA. These findings fulfill both the US Food and Drug Administration
and Health Canada requirements for glucose monitors.

The glucose detection sensitivity of the MIR and PA spectroscopy has improved to
±12.5 mg/dL using dual single-wavelength QCLs (1080 & 970 cm−1) for noninvasive glu-
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cose monitoring. The operating power of the QCLs has been lowered to fulfill the safety
guidelines of using light sources on human skin. Artificial skin phantoms with similar
properties to human skin have been prepared with blood components at different glucose
concentrations from 100 to 275 mg/dL as test models for the system. This glucose range
covers the scope of interest for blood glucose levels in healthy individuals and those living
with diabetes. The dual QCLs system demonstrates sustainability in detecting glucose con-
centrations in the presence of albumin, sodium lactate, cholesterol, and urea. A machine
learning 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 without blood
components, with 100% of the predicted data located in zones A and B of Clarke’s EGA.

4.2 Methodology

The experimental setup of the dual QCLs and PA spectroscopy for noninvasive glucose
detection is shown in Figure 4.1. In the developed setup, two single-wavelength QCLs
were employed. The first QCL was lasing at the glucose fingerprint of 9.25 µm (1080
cm−1) (QD9500CM1, Thorlabs, Newton, NJ, USA), and the second was employed as a
reference to the measurements lasing at 10.3 µm (970 cm−1) (QD10500CM1, Thorlabs,
Newton, NJ, USA). The threshold currents of the 9.25 µm and 10.3 µm QCLs are around
180 mA and 280 mA, respectively. The light beams of the dual QCLs were delivered to the
PA cell using fiber optics cables (2FB-HF300LW-SMA-Bk0.5/0.5m, Guiding Photonics,
United States), as shown in Figure 4.2. Both lasers were operated in pulsed mode at room
temperature with a 40% duty cycle. The laser currents were frequency-modulated from 10
to 40 kHz by a function generator (Agilent 55321A) with a 150 Hz frequency step. The
datasheet of the 1080 cm−1 and 970 cm−1 QCLs are attached in Appendix A.

4.2.1 Sample Preparation

Two main sets of artificial skin phantoms were prepared at different glucose concentrations
to be used as the test models for the developed system. Both sets were prepared, ranging
from 100 to 275 mg/dL, in order to cover the range of interest for blood glucose levels in
healthy individuals and those with diabetes. The glucose skin phantoms were prepared fol-
lowing the work in Chapter 3.2.1. The purpose of the first set was to examine the system’s
sustainability in detecting glucose at ±25 and ±12.5 mg/dL glucose differences using single
and dual QCLs. The first set was split into two categories: the non-diabetic range (100 to
225 mg/dL) and the diabetic range (225 to 275 mg/dL). The glucose difference was set to
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Figure 4.1: Schematic of the setup used for glucose detection using MIR and PA spec-
troscopy.

Figure 4.2: The fiber optic coupling for the QCL light transmitting.
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Figure 4.3: The prepared samples of the main set.

±25 mg/dL in the non-diabetic range, while in the diabetic range, it was reduced to ±12.5
mg/dL. The differences were reduced in the diabetic range, aiming to achieve detection
sensitivity within FDA specifications. The prepared samples of the main set are shown in
Figure 4.3.

The second set of glucose phantoms was prepared by dissolving the blood components
that interfere with the glucose fingerprint in the MIR region [153], namely albumin, sodium
lactate, cholesterol, and urea. The MIR spectra of glucose and these blood components are
provided in [71]. The components were ground and soaked overnight in deionized water
in order to create a uniform solution before adding them to the solution that produced
the glucose phantoms. All components were added based on their normal range in human
blood in order to examine the detection selectivity and sensitivity of the system using single
and dual QCLs. Albumin occupies the largest share of the blood components’ weight at
4500 mg/dL, then cholesterol at 160 mg/dL, urea at 15 mg/dL, and sodium lactate at
12 mg/dL. After preparing a homogeneous solution, glucose was added to produce eight
different concentrations from 100 to 275 mg/dL with a ±25 mg/dL distinction. All blood
components, including glucose, used in the sample preparation were purchased from Sigma-
Aldrich, Canada. More information on the preparation of the artificial skin phantoms was
provided in Chapter 3.2.1.
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4.2.2 Glucose Detection Measurements

The first set of the prepared glucose phantoms, ranging from 100 to 225 mg/dL at ±25
mg/dL and 225 to 275 at ±12.5 mg/dL, were individually placed on the PA cell over the
resonator cavity at room temperature. A pressure of 6 N/cm2 was applied to the samples,
measured by a sensitive pressure sensor (400 FSR, Interlink Electronics, Toronto, ON,
Canada). Applying constant pressure throughout the measurements is essential to the
results’ compatibility [154]. The 9.25 µm and 10.3 µm QCLs were operated at 220 mA
and 300 mA with an average power of 8 mW and 5 mW, respectively. The fiber-coupled
modulated beams of the 10.3 and 9.25 µm QCLs were focused on the PA cell cavity in order
to generate the acoustic waves. The 10.3 µm QCL was run first as a reference light source
for the measurements. Each sample was scanned from 10 to 40 kHz with a frequency step
of 0.15 kHz for both lasers. The frequency sweep extended beyond 30 kHz due to the
recognition of a new resonance frequency at 37 kHz. This resonance frequency has been
recognized after transforming the light transmitting to the fiber optics, which increases the
SNR of the system. The acoustic waves were amplified inside the PA cavity and collected
by a sensitive microphone (SPU0410LR5H-QB). A lock-in amplifier (SR830) processed the
collected PA signals with a time constant of 300 ms. The measurements were repeated
five times per light source, and the collected acoustic signals were transmitted to the PC
through a data acquisition system for further analysis. The experiment was repeated for
two days with new samples, following similar procedures.

An IR Plano-Convex lens (ZNPX11, NEWPORT, United States) was installed under-
neath the PA cavity, as shown in Figure 4.4, before conducting the measurements for the
second sample set, which contains blood components. The zinc selenide lens is transparent
for both lasers and allows them to radiate at the exact spot of the samples, hence gener-
ating acoustic waves from an identical source. The last set of measurements was designed
to study the effects of the optical lens on the results’ precision. In this measurement set,
the glucose samples with blood components were subjected to two days of measurements
with and without the lens. When the lens was not installed, the two fiber-coupled lasers
radiated parallel to the sample with around a 1 mm overlap between their beam spots on
the samples. Table 4.1 summarizes the process for the three categories of measurements
for both sets of samples.
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Table 4.1: Summary of the measurement procedures for the dual QCLs system.

Index Sample no. Sample contents
Glucose Concentration

(mg/dL)
9.25 µm
QCL

10.3 µm
QCL

Day 1

Day 2

1st sample

2nd sample
Glucose only

Non-diabetic range
(100:25:225)

& diabetic range
(225:12.5:275)

5 rounds
(10:0.15:40

kHz)

5 rounds
(10:0.15:40

kHz)

Day 1

Day 2

1st sample

2nd sample

Glucose, albumin,
urea, sodium lactate,

& cholesterol

Diabetic range
& non-diabetic range

(100:25:275)

5 rounds
(10:0.15:40

kHz)

5 rounds
(10:0.15:40

kHz)

Day 1

Day 2

1st sample
(with lens)

2nd sample
(without lens)

Glucose, albumin,
urea, sodium lactate,

& cholesterol

Mid range

(150:25:250)

5 rounds
(10:0.15:40

kHz)

5 rounds
(10:0.15:40

kHz)

Figure 4.4: Design of the optical lens.
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4.2.3 Machine Learning for Glucose Detection

An ensemble of bagged DT classification model was developed using the unprocessed acous-
tic signals obtained from glucose detection measurements. The bootstrap aggregating mod-
els help improve the prediction accuracy and reduce the over-fitting of the algorithms [155].
The model was trained with 72360 datasets of the acoustic signals obtained in the mea-
surements for both sets of phantoms. The development of machine learning models is
assisted by producing a large number of datasets for training from both QCLs. In machine
learning, each row represents data sampling, while each column represents a feature. In
this work, the data from each sampling frequency was assigned to one column to create
a coherent feature with a given glucose class label. For example, the data obtained at 20
kHz was designated into one column for all samples versus the class label. The presence of
the blood components was assigned into a column in the data arrangement with a binary
weight. As a result, the total number of features used in building the model was 403. The
data arrangement for the classifier training purposes is shown in table 4.2. The model was
trained with all frequency features and without pre-processing the data to investigate the
robustness of the acoustic signals obtained in the measurements. The number of learn-
ers for the model was tuned over the training to maximize the prediction accuracy. The
maximum number of splits for the decision tree technique was optimized during the train-
ing. The model was evaluated using the k-fold cross-validation of 10-fold. Implementing
machine learning in the MIR and PA spectroscopy may assist the development of in vivo
measurements, where various stochastic parameters can influence acoustic signals such as
human skin differences. Besides, machine learning can effectively substitute the calibration
process in order to build a general prediction model for noninvasive glucose detection.
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Table 4.2: Dataset arrangement of the glucose acoustic spectrum for machine learning
training purposes.

Sample contents Sample no. 9.25 µm QCL 10.3 µm QCL Presence of b.c. Class label

Samples with
First sample

round 1 round 1 0 100

glucose only
.
.

.

.
.
.

.

.
round 5 round 5 0 100

. . . . .

. . . . .

Last sample
round 1 round 1 0 275

.

.
.
.

.

.
.
.

round 5 round 5 0 275

Samples with
First sample

round 1 round 1 1 100

other blood
.
.

.

.
.
.

.

.
components round 5 round 5 1 100

(b.c.) . . . . .
. . . . .

Last sample
round 1 round 1 1 275

.

.
.
.

.

.
.
.

round 5 round 5 1 275

4.3 Results and Discussion

The transformation from free space to fiber optics coupling for light transmissions enhanced
the SNR of the system with an average of 81% for the entire spectrum, as shown in Figure
4.5. The suspension of the background noises aids in quantifying the glucose signals in the
investigated acoustic range. Such an enhancement facilitated achieving the objective of
improving the detection sensitivity of the setup to ±12.5 mg/dL. Furthermore, it assisted
in refining the correlation factor between the detected glucose signals.

Figures 4.6a and 4.6b show the acoustic signals obtained from the first set of glucose
phantoms for the 9.25 µm and 10.3 µm QCLs, respectively. The figures show the average of
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Figure 4.5: Background noise in the free space and fiber-coupled light transmission.

the 10 rounds of the two days’ measurement for each light source per glucose concentration.
The glucose difference in the samples was set to ±25 mg/dL in the non-diabetic range and
±12.5 mg/dL in the diabetic range, aiming to achieve a detection sensitivity that fulfills
the FDA and Health Canada requirements [83, 84]. For the 9.25 µm QCL, lasing at the
glucose fingerprint, phantoms with higher glucose concentrations are expected to generate
stronger acoustic signals due to the higher absorption of light by the glucose molecules.
The third peak of the collected acoustic spectrum, ranging from 21 to 25 kHz, was found
to be the most closely correlated to the glucose differences in the samples. In contrast,
signals from the 10.3 µm QCL, as intended, have not shown a positive correlation to the
glucose differences in the phantoms. This is because the 10.3 µm wavelength does not
respond to the glucose molecules. Hence, this wavelength can be used as a reference to
subtract the background effects.

After obtaining the acoustic spectrum of the glucose samples for both QCLs, the area
under the curves (of the second peak) was integrated to show the relationship between the
acoustic signal to the corresponding glucose phantoms. The second peak of the collected
acoustic spectrum, ranging from 19 to 23 kHz, was found to be sensitive to the changing
of glucose concentrations in the samples. Figure 4.7 shows two cases of the results, one
when using only the 9.25 µm QCL and the other when using two QCLs. As for the first
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(a) The 9.25 µm QCL measurements. (b) The 10.3 µm QCL measurements.

Figure 4.6: Measurements of the first set of glucose phantoms from 100 to 275 mg/dL.

case, the integrated signals from the 9.25 µm laser show a positive correlation between
the acoustic signals and the glucose concentration with a linear correlation factor of 0.946.
The 9.25 µm light source was able to detect the glucose differences in the samples with ±25
and ±12.5 mg/dL glucose differences. The average resolutions between the acoustic signals
of two glucose samples with ±25 and ±12.5 mg/dL are 3.8% and 3.5%. These resolutions
indicate inconsistency in the differences of the glucose acoustic signals, which shows the
importance of adding a reference QCL that does not correspond to glucose molecules to
enhance the consistency of the differences. As a result, the 10.3 µm QCL was added to the
system as a reference light source. The results of two QCL measurements improved the
average resolutions of the glucose samples with ±25 and ±12.5 mg/dL to 4.8% and 2.7%,
which enhanced the correlation factor to 0.989, as shown in the second case of Figure 4.7.
Moreover, the standard deviation of the results was reduced from 1.51 using a single QCL
to 0.79 using two QCLs. The standard deviation was assessed to determine the fluctuation
in the differences between the glucose samples for the entire set. In this experiment, the
detection sensitivity was improved to ±12.5 mg/dL for the unprocessed data using a single
wavelength QCL. The detection sensitivity was further enhanced by adding a reference
wavelength to the system to subtract the background effect.

The second set of glucose phantoms was prepared by adding other blood components,
namely albumin, sodium lactate, cholesterol, and urea. These blood components were
added simultaneously to the glucose samples ranging from 100 to 275 mg/dL. The aim
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Figure 4.7: Acoustic signals to corresponding glucose.

was to examine the detection capacity of the system in the presence of these components
that may interfere with the glucose in the in vivo measurements. Figures 4.8a and 4.8b
show the average of 10 rounds of acoustic signals per glucose concentration of the two
days’ measurement using the 9.25 µm and 10.3 µm QCLs. The results show that the
blood components that were added to the samples interfered with the glucose signals,
which lowered the detection efficiency of the 9.25 µm QCL. The impact of the blood
components is distinctly revealed in the linear correlation factor when the area under the
curve of the acoustic spectrum is integrated. Figure 4.8c shows the relationship between
the acoustic signals to the corresponding glucose phantoms using single and dual QCLs.
When only the 9.25 µm QCL was used, the system failed to detect some of the glucose
samples correctly. The linear correlation factor of using only the 9.25 µm QCL is 0.859
with 2.01% average resolution between the glucose samples. When the 10.3 µm QCL was
used as a reference in the measurements, the correlation factor enhanced to 0.987 with
a 2.15% average resolution. The standard deviation of the measurements was reduced
from 1.79 using a single QCL to 0.72 using two QCLs. Therefore, in this case, adding a
reference light source is essential for eliminating the signals that are received from blood
components other than glucose. Moreover, the reference light source assists in subtracting
the effects of environmental conditions that vary over the experiment, such as temperature
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(a) The 9.25 µm QCL measurements. (b) The 10.3 µm QCL measurements.

(c) Acoustic signals to corresponding glucose
in the presence of other blood components.

(d) Acoustic signals to corresponding glucose
with and without the lens.

Figure 4.8: Measurements of the second set of glucose phantoms with blood components
from 100 to 275 mg/dL.

and humidity, to maintain the results compatible.

The lens effect on the accuracy of the measurements has been studied in order to
determine the necessity of installing an optical lens into the system. The primary objective
of the lens is to allow both QCLs to radiate at the exact spot of the samples, which assists
the detection selectivity in the case of non-uniform distribution of the blood components.
Figure 4.8d shows the relationship between the acoustic signals to the corresponding glucose
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Table 4.3: Summary of the results for the dual QCLs measurements.

Measurements
objective

Glucose level
(mg/dL)

Sample contents QCL(s) (R2)
Differences

standard deviation (σ)

±25 & ±12.5 mg/dL
detection sensitivity
using a single/dual

wavelength

100:25:225 &
225:12.5:275

Glucose only
9.25 µm 0.946 1.51

9.25 & 10.3 µm 0.989 0.79

Glucose detection
in the presence of
blood components

100:25:275
Glucose, albumin,
urea, cholesterol,
& sodium lactate

9.25 µm 0.859 1.79

9.25 & 10.3 µm 0.987 0.72

Lens effect on the
detection selectivity
on dual wavelegnths

150:25:250
Glucose, albumin,
urea, cholesterol,
& sodium lactate

9.25 & 10.3 µm
(no lens)

0.934 2.24

9.25 & 10.3 µm
(with lens)

0.987 0.83

samples using dual QCLs with and without an optical lens. The system was able to detect
glucose in the presence of the blood components in both cases. Nevertheless, installing an
optical lens enhanced the standard deviation in the consistency of the differences by 60%.
Furthermore, the correlation factor was improved from 0.934 to 0.987 when the lens was
installed into the system. Table 4.3 summarizes the results of the two glucose phantoms
and the lens effect.

4.3.1 Machine Learning Classifier Model

After establishing the system’s feasibility in detecting glucose in the skin phantoms with
and without blood components using dual QCLs, an ensemble classification model was
developed using the unprocessed data. The model was trained with the raw acoustic
signals of both QCLs with 72360 datasets. The ensemble classifier achieved a prediction
accuracy of 96.7% using a decision tree of 30 learners and a maximum split number of 180.
The confusion matrix of the ensemble classifier is shown in Figure 4.9a. The confusion
matrix visualizes the classifier’s performance by representing the predicted classes versus
the reference classes. The confusion matrix was then converted into Clarke’s EGA, as
shown in Figure 4.9b, to evaluate the model according to the FDA requirements. The
figure represents the number of times the classifier predicts the glucose class for each data
sample. This results in 98.89% of the predicted results being located in zone A, while
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(a) Confusion matrix of the ensemble model. (b) Clarke’s EGA of the prediction model.

Figure 4.9: Performance of the developed ensemble classification model.

1.11% is in zone B. Thus, the developed model qualifies for the FDA standards for glucose
monitors, which require 99% of the predicted data to be in zones A and B. Further evolution
in the machine learning model development is necessary for the in vivo measurements to
build a robust model. For example, integrating feature selection algorithms can enhance
the prediction accuracy of machine learning models and avoid over-fitting issues. Besides,
pre-processing the data can assist in removing the noises generated from the background.

4.4 Conclusion

A dual QCL system using PA spectroscopy was developed for noninvasive glucose detection.
The developed system shows sustainability in detecting glucose for the skin phantoms
using single and dual single-wavelength QCLs. The detection sensitivity of the system
was enhanced to ±12.5 mg/dL using a QCL lasing at a glucose fingerprint of 9.25 µm
with a correlation factor of 0.946. This correlation factor was improved to 0.989 when
a reference QCL, lasing at 10.3 µm, was added to the system. Furthermore, the dual
QCL setup demonstrates promising results in detecting glucose in the presence of other
blood components that interfere with the glucose fingerprint, namely, albumin, sodium
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lactate, cholesterol, and urea. A correlation factor of 0.987 was achieved for the two days’
measurements with a standard deviation of 0.72. An optical lens was integrated into the
system to allow both lasers to radiate at the exact spot of the samples when the blood
components were added to the samples. The correlation factor was enhanced from 0.934
to 0.987 when an optical lens was installed.

The 72360 datasets obtained from the measurements were used to train an ensemble
classification model. The acoustic signals from the two sets of phantom skin were used
in training. The model successfully predicted the correct classes of phantoms with 96.7%
accuracy. All predicted results were located in zones A and B in Clarke’s EGA . These find-
ings satisfied both FDA conditions and were considered the final stage before conducting
the in vivo measurements.
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Chapter 5

In vivo Blood Glucose Detection
Using IR and PA Spectroscopy

5.1 Introduction

The ideal procedure to monitor diabetes is to obtain the glucose level with a fast, accurate,
and pain-free measurement that does not require blood drawing or finger pricking. For
glucose detection in human skin, PA spectroscopy utilizes the weak water absorption of
acoustic waves compared to MIR waves. The generated acoustic signals can travel deeper
with minimum water scattering and reach the ISF in the epidermis layer. The absorption
of the acoustic waves increases by raising the glucose concentration because of the vibration
mode of the C O H bonds of glucose [60].

The blood glucose concentration can be potentially measured directly or indirectly from
blood, serum, plasma, urine, saliva, and tear liquid, as per [6–10]. 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-fluid 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 diffuses from the blood to the ISF layer
within a 5 to 10 minutes delay period, creating a significant opportunity for the ISF to be
a potential target for noninvasive blood glucose monitoring systems [14].

The glucose molecules in human skin can absorb the modulated light that lases at
the glucose fingerprint. The process of light absorption will eventually generate acoustic
signals that can be collected by a sensitive microphone. The laser light absorption by
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the human skin increases when the glucose molecules rise, generating stronger acoustic
signals. Therefore, these collected acoustic signals can predict the blood glucose level in
the human body. Initial in vivo measurements have been conducted as a pre-stage before
conducting the OGTT. The objective of this experiment is to optimize the parameters of
the system in order to detect the blood glucose in the human skin. The OGTT was finally
conducted with the employment of a machine learning regression algorithm to determine
the feasibility of the developed system.

5.2 Methodology

The fiber-coupled dual QCLs and PA system that has been developed in Chapter 4 was used
for the in vivo measurements for noninvasive glucose detection. In the developed setup,
two single-wavelength QCLs were employed. The first QCL was at a glucose fingerprint
of 9.25 µm (1080 cm−1), and the second one was employed as a reference to the measure-
ments lasing at 10.3 µm (970 cm−1). Furthermore, An IR Plano-Convex lens (ZNPX11,
NEWPORT, United States) was installed underneath the PA cavity to allow both lasers to
radiate at the exact spot of the human skin. Both lasers were operated in pulsed mode with
a 40% duty cycle at room temperature. The laser currents were frequency-modulated from
10 to 40 kHz by a function generator with a 0.15 kHz frequency step. Figure 5.1 shows
the integrated system for the in vivo measurements for noninvasive glucose detection.

The similitude between the previously prepared samples and the human skin was in-
vestigated in the PA domain. A skin sample was measured by the MIR and PA system
simultaneously with the middle finger of a volunteer. Before the PA measurement, the
blood level of the volunteer was measured by an invasive blood glucose monitoring system
to select a proper skin sample concentration. The measurement aims to analyze the acous-
tic spectrum for the skin sample and human skin. For further investigation, the response
of a carbon chip was measured by the MIR and PA system.

In order to prepare the system for the in vivo measurements, arm support was installed
at the same level as the PA cell to provide stability to the arm during the measurements,
as shown in Figure 5.2a. Four consecutive scans were conducted on a volunteer finger with
and without arm support to examine the impact of the arm support on the consistency of
the acoustic signals. Moreover, a pressure sensor with a larger area (402 FSR, Interlink
Electronics, Canada) was installed to accommodate various human objects used in the
experiments. The consistency and repeatability of the system have been investigated by
the 9.25 µm laser using different parts of the hand, namely, the index finger, middle
finger, thumb, hypothenar, and wrist. Both index and middle fingers showed consistent
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Figure 5.1: (a) The laser drivers and function generators for the 9.25 & 10.3 µm QCLs (b)
The C-Mount for the 9.25 & 10.3 µm QCLs (c) The stage of the photoacoustic system for
in vivo measurements.

and repeatable results. However, the middle finger showed more satisfactory results for
the long-run measurements. Thus, the middle finger of the right hand was chosen for
conducting the in vivo glucose detection measurements. The spot of the middle finger that
has been chosen for glucose detection is shown in Figure 5.2b.
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(a) The arm support designed for the measurement. (b) The scanned spot of the
middle finger.

Figure 5.2: System preparation for the in vivo measurement and the targeted finger-spot.

The pressure effect on the acoustic signals was investigated before detecting glucose in
human skin. The applied pressure was determined by applying various pressure levels to
the finger. The pressure level ranged from 0 to 9 N/cm2 in order to examine the pressure
effect on the consistency of the acoustic spectrum. A consistent pressure level of 9 N/cm2,
which provided the most consistent results, was eventually applied in all glucose detection
measurements for the middle finger.

5.2.1 In vivo Glucose Detection Measurements

Random In vivo Measurements

The initial in vivo measurements have been conducted using the 9.25 µm QCL. The sin-
gle wavelength QCL was operated at 220 mA with an average power of 8 mW. The in
vivo measurements were designed by conducting invasive and noninvasive glucose detec-
tion simultaneously. The Contour Next One (Ascensia Diabetes Care Canada Inc.) blood
glucose monitoring system was used to measure the glucose in the blood by finger prick-
ing. The Contour Next One system exceeded the minimum accuracy requirements of the
ISO 15197:2013 standard. As an initial examination of the MIR and PA system, In vivo
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measurements were designed for three days.

On the first day, the In vivo was conducted on a random occasion without observing
fasting. For a 40-minute experiment, The middle finger of a healthy volunteer was scanned
four times by the 9.25 µm QCL every 10 minutes from 10 to 40 kHz with a frequency
step of 0.15 kHz. Laser safety glasses (LG6, Thorlabs, Canada) that are used for MIR
laser radiation protection were worn during the measurements. The acoustic waves were
amplified in the PA cavity and collected by a sensitive microphone. A lock-in amplifier
processed the collected PA signals with a time constant of 300 ms. The collected acoustic
signals were transmitted to the PC through a data acquisition system for further analysis.
Simultaneously, the blood glucose level was measured every 10 minutes using the CON-
TOUR NEXT ONE system by pricking the fingertip and extracting a drop of blood onto
the test strip.

The experiment was repeated for another day following similar procedures as the first
day, but the volunteer was fasting for 4 hours prior to the experiment. Also, after the first
measurement round, a light meal of 800 calories was ingested by the healthy volunteer,
aiming to increase the glucose in the blood. On the third day, the experiment was extended
to 80 minutes with another light meal of 800 calories that was ingested after the first
round. The third-day experiment was extended by 40 minutes to observe the decline in
blood glucose after ingesting the meal. So, the incline and decline of blood glucose level
may be observed on this day.

In these three days measurements, each acoustic signal obtained from the MIR and
PA system was labeled by the time and the reading from the invasive glucometer. The
middle finger was washed and dried every time before the measurements to avoid the effect
of changing skin conditions on the PA signal. Moreover, the scanned area of the middle
finger was determined by a marker to ensure the consistency of the scanned area.

Oral Glucose Tolerance Test

The OGTT assesses the human body’s response to glucose to diagnose diabetes. Before
the test begins, the volunteer has to be fasting for 8 hours before measuring the blood
glucose by an invasive glucometer. The OGTT test has been conducted in this section
using both invasive and noninvasive methods to evaluate the MIR and PA system.

The OGTT started after the healthy volunteer was fasting for about 6 hours. For a
120-minute experiment, the middle finger of a healthy volunteer was scanned four times
by the 9.25 µm QCL every 10 minutes from 10 to 40 kHz with a frequency step of 0.15
kHz. Simultaneously, the blood glucose level was measured using the Contour Next One
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system by pricking the fingertip and extracting a drop of blood to the test strip. After
three rounds (20 mins), a glucose solution that contains 40 grams was ingested. Usually,
the glucose in the blood starts increasing after 20 minutes of drinking the solution. The
normal blood glucose results for healthy volunteers have to be less than 200 mg/dL after
one hour of ingesting the glucose solution. The blood glucose level starts to decrease
after 60-120 minutes for healthy people. Therefore, the 120-minute experiment encounters
the rise and decline of blood glucose levels, which will evaluate the detectability of the
developed system.

5.2.2 Machine Learning for In vivo Glucose Detection

Unlike the measurements on the skin samples, the glucose range in the In vivo measure-
ments is narrower. The glucose in skin samples ranged from 75 to 300 mg/dL, while the
range was from 93.6 to 117 mg/dL only in the OGTT measurement. Regression models
function more appropriately for the narrower and continuous glucose range than the clas-
sification models. Therefore, a Gaussian Process regression model was developed using the
unprocessed acoustic signals obtained in the OGTT measurement. The Gaussian Process
is a nonparametric supervised learning method used to solve regression and probabilistic
classification problems. It demonstrates a probabilistic approach to prediction by provid-
ing the mean and standard deviation as output when predicting. The Gaussian regression
models work well on small datasets and can provide uncertainty measurements on the
prediction.

The Gaussian Process regression model was trained with 10,452 datasets obtained in
the OGTT measurements. These datasets are represented by the acoustic signals collected
during the middle finger scans from 10 to 40 kHz. In machine learning, each row represents
data sampling, while each column represents a feature. The data from each sampling
frequency was assigned to one column to create a coherent feature with a given glucose label
obtained from the Contour Next One glucometer. As a result, the total number of features
used in building the model was 201. The model was trained with all frequency features
and without pre-processing the data to investigate the robustness of the MIR and PA
system. The kernel function and scale of the model have been optimized while building the
Gaussian Process model. Implementing machine learning in noninvasive glucose detection
can assist the development of in vivo measurements, where various stochastic parameters
can influence acoustic signals, such as human skin differences or conditions. Moreover,
machine learning can effectively substitute the calibration process in order to build a general
prediction model for noninvasive glucose detection.
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Table 5.1: Dataset arrangement of the OGTT measurement for ML training purpose.

Time
(mins)

10 kHz 10.15 kHz 10.30 kHz ... 39.70 kHz 39.85 kHz 40 kHz
Invasive
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round 1 round 1 round 1 ... round 1 round 1 round 1 100.8

.
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.
.

.
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.
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.

.

.
.
.00

round 4 round 4 round 4 ... round 4 round 4 round 4 100.8
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The data at each frequency for the multiple scans were assigned to one column to create
a unit feature for the model. The invasive glucose reading for each scan was designated
as the response column. In other words, each round of the measurements was converted
into a vector before being combined into one matrix. This data arrangement produced 201
features of each number of scans for the 120-minute measurement, as shown in Table 5.1.
The 201 columns represent the frequency range of the measurements from 10 to 40 kHz
with a 150 Hz frequency step.

5.3 Results and Discussion

Figures 5.3a and 5.3b show the acoustic signals for the measurements conducted on the
middle finger with and without arm support, respectively. The measurements were consec-
utively run four times without moving the finger to examine the consistency of the acoustic
signals in both cases. The results show that integrating the arm support can potentially
reduce the variance in the acoustic signals. This is because the arm support assisted the
arm to be stable during the measurement, which provided firmness to the measured finger.
The standard deviation of the acoustic signals reduced from 5.49% to 1.85% when the arm
support was installed.

(a) No arm support. (b) With arm support.

Figure 5.3: In vivo measurements conducted with and without arm support.
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Figure 5.4: Acoustic signals for the carbon, finger, and skin sample.

(a) First-day measurements (40
minutes).

(b) Second-day measurements
(40 minutes).

(c) Third-day measurements
(80 minutes).

Figure 5.5: Acoustic signals for the three-days in vivo measurements.
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The generated acoustic signals in the real human skin to the skin phantom prepared
in previous chapters were tested to examine the compatibility of these phantoms in the
PA domain. The carbon signals were used as a reference to visualize the similarities
between the real skin and the phantom. Figure 5.4 shows the acoustic spectrum for the
carbon, human finger, and skin phantom. The invasive blood glucose monitoring system
measured the blood glucose level during the experiment to be 100.8 mg/dL. Therefore,
a skin sample with 100 mg/dL glucose concentration was selected for the MIR and PA
measurements. The acoustic spectrum of the human finger and skin sample in Figure 5.4
shows compatibility in the spectrum’s form compared to the carbon spectrum. This result
verifies the employment of the skin samples in the PA spectroscopy.

Figures 5.5a, 5.5b and 5.5c show the acoustic signals obtained from the three days In
vivo measurements. The figures show the average of the four scans of each measurement
round, which was every 10 minutes. The measurements have been conducted using a single
wavelength lasing at the glucose fingerprint of 9.25 µm. The spectrum reveals variations
in the peak values of the acoustic signals at the resonance frequency of 21.8 kHz, which
may indicate varying blood glucose levels. However, slight frequency shifts were noticed
in the spectrum, which may have influenced glucose detection results. These frequency
shifts are attributed to the bottom surface contact of the finger with the PA cell. The skin
curvature or the finger’s movement can introduce a slight frequency shift to the acoustic
spectrum. Consequently, the acoustic signals must be rectified before investigating the
glucose signals. The rectification process has been introduced in detail in Chapter 3.3.3.

After obtaining the acoustic spectrum of the three days measurements using the 9.25
µm QCL , the area under the curves (of the second peak) was integrated for each round.
At each round, the four scans of the middle finger of each round are labeled with the blood
glucose readings from the invasive glucometer. In order to show both results, the acoustic
signals have been normalized, as seen in Figures 5.6a, 5.6b and 5.6c. The preliminary
results reveal that both invasive and noninvasive glucose measurements have similar trends
for blood glucose levels. These preliminary outcomes from the initial In vivo measurements
demonstrate that the MIR and PA system can detect glucose levels not only in the biological
samples but also in real human skin.

5.3.1 Oral Glucose Tolerance Test

The invasive blood glucose levels using the Contour Next One glucometer for the entire
OGTT are shown in Table 5.2. Figure 5.7 shows the average of acoustic signals for each
scan obtained from the 120-minute OGTT measurements. The figures show the acoustic
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(a) first-day measurements (40 minutes). (b) Second-day measurements (40 minutes).

(c) Third-day measurements (80 minutes.)

Figure 5.6: Normalized acoustic signals to corresponding invasive blood glucose levels.

spectrum of each measurement round, which was every 10 minutes. The acoustic spectrum
has been rectified based on the maxima of the second peak. The OGTT measurements
started while the healthy volunteer was fasting, and the glucose solution was ingested after
20 minutes of starting the measurements.

After obtaining the acoustic spectrum of the OGTT measurements using the 9.25 µm
QCL, the area under the curves (of the second peak) was integrated for each round. The
acoustic signals were then normalized based on the ratio of the first invasive glucose reading
to the first acoustic signal, as shown in Figure 5.8. The results demonstrate that invasive
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Table 5.2: Invasive blood glucose levels using
the glucometer for the OGTT measurement.

Time
(minutes)

Invasive glucose
levels (mg/dL)

00 100.8
10 95.4
20 95.4

Start drinking glucose solution
30 93.6
40 109.8
50 113.4
60 117
70 115.2
80 102.6
90 102.6
100 104.4
110 102.6
120 97.2

and noninvasive glucose measurements have similar trends for blood glucose levels. Both
measurements show a rise in blood glucose levels after 40 minutes from the start of the
test and 20 minutes after ingesting the glucose solution. Furthermore, both measurements
show a decline in blood glucose levels after 80 minutes of the test start. The lowest blood
glucose level recorded during the measurements by the Contour Next One glucometer
was 93.6 mg/dL, while the highest was 117 mg/dL. The difference between the lowest
and the highest values was 25%. For the noninvasive blood glucose values, the difference
between the lowest and highest acoustic signals was 23.5%. Thus, the MIR and PA system
demonstrates promising outcomes compared to the invasive method for detecting blood
glucose levels without processing the acoustic signals.

The benefit of representing the raw acoustic signals to the invasive blood glucose levels
is to demonstrate the detectability of the noninvasive system itself before employing ma-
chine learning algorithms. Here, the noninvasive MIR and PA system established a strong
correlation to the reference values that were obtained by the Contour Next One glucome-
ter. Further advancement can be achieved by employing machine learning to develop a
prediction model using the dataset obtained in the MIR and PA measurements.
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Figure 5.7: Acoustic signals of the OGTT in vivo measurements

5.3.2 Machine Learning for In vivo Glucose Detection

After establishing the feasibility of the MIR and PA in detecting glucose levels in the human
skin, a Gaussian Process regression model was developed with the rational quadratic kernel
function using unprocessed acoustic signals. The model was trained with the raw acoustic
signals using the 9.25 µm QCL with 10,452 datasets. The Gaussian model was evaluated
using the RMSE and the linear correlation factor. The RMSE of the Gaussian regression
model for predicting blood glucose level was 1.213 mg/dL with a linear correlation factor
of 0.98. In addition to the RMSE value, the mean absolute error (MAE) and Mean squared
error (MSE) of the model were 0.622 and 1.47 mg/dL, respectively. The prediction glucose
levels versus the reference levels using the developed Gaussian regression model are shown
in Figure 5.9.

Clarke’s EGA is used to assess the clinical accuracy of the prediction of blood glucose
levels compared to the reference values. According to the FDA, 99% of the predicted
results have to be located within zones A and B in Clarke’s EGA. The Gaussian model
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Figure 5.8: Normalized acoustic signals to corresponding invasive blood glucose levels for
the OGTT measurements.

was evaluated by Clarke’s EGA to assess the prediction model. Figure 5.10 shows Clarke’s
EGA of the developed regression model, where 100% of the prediction values are located
in zone A. This finding reveals that the employment of machine learning with the MIR
and PA system leads to fulfilling the FDA requirements.
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Figure 5.9: Predicted blood glucose levels using Gaussian regression model to the reference
levels for the OGTT measurements.

Figure 5.10: Clarke’s EGA of the Gaussian regression model for the OGTT measurements..
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5.4 Conclusion

In this chapter, the MIR and PA system measurements were moved from the in vitro to the
in vivo phase. The system was slightly adjusted to accommodate the in vivo experiments
by installing an arm support and pressure sensor with a larger area. Several initial in vivo
measurements were conducted to investigate the detectability of the system in the human
skin.

A 120-minute OGTT was conducted simultaneously with measuring the blood glucose
level by an invasive glucometer. A Gaussian Process regression model was developed using
the unprocessed acoustic signals obtained in the OGTT measurement. The RMSE of the
Gaussian regression model for predicting blood glucose level was 1.213 mg/dL with a linear
correlation factor of 0.98. All blood glucose predicted results were located in zones A and B
in Clarke’s EGA. These preliminary outputs from the in vivo measurements demonstrate
that the MIR and PA system can detect glucose levels in biological samples and real human
skin. Further investigation is necessary to examine the detectability of the system for a
broader range of volunteers, including those who live with diabetes.
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Chapter 6

Contributions and Future Works

6.1 Summary of Contributions

This research has conducted a comprehensive study on IR and PA spectroscopy for noninva-
sive blood glucose detection, focusing on component development, parameter optimization,
and system integration. In this section, a qualitative summary of the novelty of this work
is provided to highlight the main contributions in the scope of IR and PA spectroscopy for
glucose detection.

1. IR and PA system has been developed and studied using well-controlled biomedi-
cal skin samples that have similar electrical and optical properties to human skin. These
well-controlled samples propose an influential environment to study and enhance each com-
ponent in order to advance the development of the IR and PA system. The parameters of
QCL, photoacoustic cell, function generator, and lock-in amplifier have been investigated,
aiming to qualify the IR and PA spectroscopy for noninvasive glucose detection. Conse-
quently, a detection sensitivity of ±12.5 mg/dL has been achieved using a single wavelength
MIR source using PA spectroscopy. This detection limit has been reached from the un-
processed data of the developed system for the first time, fulfilling the FDA and Health
Canada requirements for noninvasive blood glucose monitors.

2. Further development of IR and PA spectroscopy was demonstrated by employing
a single and dual-wavelength QCLs to examine the detectability of the developed system
in the presence of other blood components that interfere with glucose in the MIR region.
The dual QCLs system establishes sustainability in detecting glucose concentrations in the
presence of albumin, sodium lactate, cholesterol, and urea. This sustainability qualifies the
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system’s advancement from the in vitro to the in vivo phase. The preliminary results of
the in vivo measurements reveal the capacity of the system to detect blood glucose levels
in individuals.

3. The employment of artificial intelligence has yet to be utilized in IR and PA spec-
troscopy for glucose detection. In this work, machine learning classification and regression
models have been involved in every phase of system development for noninvasive glucose
detection. The robustness of artificial intelligence can overcome some of the stochastic pa-
rameters, such as the presence of blood diseases, skin conditions, and environmental noises.
The machine learning models developed for both single QCL and dual QCLs fulfilled the
FDA ’s prediction accuracy requirements.

6.2 Accomplished Work

The accomplished contributions of this dissertation can be summarized as follows:

• Development of the research objectives based on the research gaps in the literature
review of IR and PA spectroscopy for noninvasive glucose detection. (Chapter 1)

• Introduction to IR and PA spectroscopy as one of the advanced techniques for non-
invasive glucose detection. (Chapter 1&2 )

• determination of the capacity of IR and PA spectroscopy for noninvasive glucose
detection using QCLs . (Chapter 1&2 )

• Development of a single wavelength MIR and PA spectroscopy for noninvasive glucose
detection. (Chapter 3)

• Investigation into the feasibility of a single wavelength MIR and PA system for non-
invasive glucose detection with a detection sensitivity of ±25 mg/dL. (Chapter
3)

• Achievement of a high detection accuracy using a single wavelength MIR and PA
system for noninvasive glucose detection. (Chapter 3)

• Involvement of machine learning to develop classification models for glucose predic-
tion using a single wavelength MIR and PA system for noninvasive glucose detection.
(Chapter 3)
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• Development of dual QCLs and PA spectroscopy for noninvasive glucose detection.
(Chapter 4)

• Enhancement of the detection sensitivity to fulfill the FDA and Health Canada re-
quirements for glucose detection using single and dual QCLs and PA spectroscopy
for noninvasive glucose detection. (Chapter 4)

• Achievement of high detection accuracy in the presence of other blood components
using dual QCLs and PA spectroscopy for noninvasive glucose detection. (Chapter
4)

• Involvement of machine learning to develop classification models for glucose predic-
tion in the presence of other blood components using dual QCLs and PA system.
(Chapter 4)

• Investigation into the in vivo measurements using a single wavelength MIR and PA
spectroscopy for noninvasive glucose detection. (Chapter 5)

• Involvement of machine learning to develop regression models for glucose prediction
in the in vivo measurements using a single wavelength MIR and PA spectroscopy for
noninvasive glucose detection. (Chapter 5)
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6.4 Future Work

The future work plan is designed with the aim of improving the development of the IR and
PA system for noninvasive glucose detection by implementing the following aspects:

• Development of a prototype for the MIR and PA system. The proposed prototype
aims to reduce the cost and size by transforming the analog system into a digital
one. Both analog lock-in amplifiers and function generators can be programmed in
built-in PIC microcontrollers for the prototype’s purpose.

• Integration of a NIR source, lasing at the glucose fingerprint of 1.625 µm, into the
MIR and PA system as an additional light source. The water absorption in the NIR
region has less water absorption than the MIR region; thus, it can penetrate deeper
into the skin, reaching the blood vessels.

• Design of a chamber with acoustic-absorbing foams to cover the fingertip from the
top during the experiments. The chamber will assist in maintaining the finger po-
sition while conducting the measurements. The acoustic-absorbing foams will help
cancel the environmental acoustic noises.
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• Study of the impact of each blood component that interferes with glucose absorption
in the MIR region individually. The skin samples can simultaneously be prepared
with a single blood component with glucose to study the effect of each blood com-
ponent on the PA signal.

• Improvement of the mechanical pressure vice by installing an electric micro-linear
actuator (PA-07-1-5, Progressive Automations Inc., Canada) that can apply firm and
consistent pressure on the samples while conducting the measurements. Furthermore,
the fingertip chamber can be attached to the linear actuator to apply pressure for
the in vivo experiments.

• Study of the effect of human skin/fingertip conditions on the generated acoustic
signal by the MIR source. The skin samples can be prepared at different conditions
to examine the differences in the PA signal. Moreover, the different fingerprints can
be 3D printed on the sample’s surface to investigate the effect of the light scattering.
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Description  

The QD9500CM1 is a single spatial mode, single longitudinal mode, Distributed Feedback Quantum Cascade 
Laser designed and manufactured by Thorlabs. This laser operates in Continuous Wave (CW) mode at room 
temperature. The QD9500CM1 is mounted on an open heatsink C-mount package with both the cathode and the 
anode isolated from the heatsink base. This discrete semiconductor laser is a compact light source suited to 
many applications. There is no monitor photodiode. 

Specifications 

QD9500CM1 
LD Reverse Voltage (Max) 1 V
PD Reverse Voltage (Max) N/A
Absolute Max Current Varies Between Devicesa

Absolute Max Output Power 300 mW 
Operating Temperatureb 15 to 50 ºC
Storage Temperatureb -40 to 85 ºC

aThe absolute maximum current is determined on a device-by-device basis and is listed on  
the device’s data sheet.  
bNon-condensing environment. Single mode performance is tested and guaranteed at 25 °C. 

TCase = 25 °C, CW Operation 

QD9500CM1 

 Symbol Min Typical Max 
Wavelength at Minimum 
Operating Current 

λc 9.00 µm - 10.00 µm 

Tuning Range  TR 1.5 cm-1 2.5 cm-1 - 
Temperature Tuning Δν̅/ΔT - -0.08 cm-1/ °C - 
Side Mode Suppression SMSR 20 dB - - 
Optical Output Power Pout 10 mW 60 mW - 
Operating Current  Ipp - - 800 mA 
Threshold Current  ITH - 300 mA - 
Forward Voltage VF - 9.5 V 14.0 V 
Perpendicular Beam Divergence Angle 
(FWHM)  θ⊥ - 55° - 

Parallel Beam Divergence Angle 
(FWHM)  θ∥ - 40° - 

Slope Efficiency, Front Facet ΔP/ΔI - 0.3 W/A - 

Quantum Cascade Laser,
60 mW, CWL Between 
9 and 10 µm 

QD9500CM1
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Sample Performance Plots 

 

 

 

Far field divergence values are measured at 25 °C and at a distance of 89.4 mm from the laser. The detector's 
aperture is Ø10 mm, and the sampling step size is 3°. The angle subtended by the detector is 6.4°. 
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Drawings for QD9500CM1 
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Ø4.5mm (Ø0.18"),
2.3mm (0.09") Deep

104



 

 
January 6, 2016 

QTN010644‐S01, Rev A 

 

 

 

 

 

Description  

The QD10500CM1 is a single spatial mode, single longitudinal mode, Distributed Feedback Quantum Cascade 
Laser designed and manufactured by Thorlabs. This laser operates in Continuous Wave (CW) mode at room 
temperature. The QD10500CM1 is mounted on an open heatsink C-mount package with both the cathode and 
the anode isolated from the heatsink base. This discrete semiconductor laser is a compact light source suited 
to many applications. There is no monitor photodiode. 

Specifications 

QD10500CM1 
LD Reverse Voltage (Max) 1 V 
PD Reverse Voltage (Max) N/A 
Absolute Max Current Varies Between Devicesa 

Absolute Max Power 200 mW 
Operating Temperatureb 15 to 50 ºC 
Storage Temperatureb -40 to 85 ºC 
aThe absolute maximum current is determined on a device‐by‐device basis and is listed on 
the device’s data sheet. 
bNon‐Condensing Environment  

TCase = 25 °C, CW Current Operation 

QD10500CM1 

 Symbol Min Typical Max 

Center Wavelength  λc  10.00 µm  ‐  11.00 µm 

Tuning Range  TR  1 cm‐1 2 cm‐1   ‐ 

Temperature Tuning  Δν̅/ΔT  ‐  ‐0.07 cm‐1/°C  ‐ 

Side Mode Suppression  SMSR  20 dB  ‐  ‐ 

Output Power  Pout  10 mW  40 mW  ‐ 

Operating Current   Ipp  ‐  ‐  600 mA 

Threshold Current   ITH  ‐  300 mA  ‐ 

Forward Voltage  VF  ‐  10.0 V  14.0 V 

Slope Efficiency  ΔP/ΔI  ‐  0.3 W/A  ‐ 

Perpendicular  Beam Divergence Angle 
(FWHM)  

θ٣ ‐  55°  ‐ 

Parallel Beam Divergence Angle (FWHM)   θ∥ ‐  40°  ‐ 
 

Quantum Cascade Laser, 
40 mW, CWL between 
10 and 11 µm 

QD10500CM1 
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Sample Performance Plots 
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Sample Performance Plots (Cont.)  

Far field divergence values are measured at 25 °C and at a distance of 89.4 mm from the laser. The detector's 

aperture is Ø10 mm, and the sampling step size is 3°. The angle subtended by the detector is 6.4°. 

Drawing 
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