INSTRUMENTATION DESIGN FOR NON-INVASIVE BLOOD ANALYSIS
BASED ON OPTICAL SENSORS

Thesis submitted to Goa University
for the award of the degree of

3 8z
Doctor of Philosophy
In
Electronics o

--. • ,

I
By

4‘

C)

***

Rajendra Soiru Gad
Supervisor
Prof. G. M. Naik
Electronics program,
Department of Physics,
Goa University, Goa-403206
September 2008

- 429

Certificate

This is to certify that the thesis entitled "Instrumentation design for noninvasive blood analysis based on optical sensors", submitted by Mr. Rajendra
Soiru Gad, for the award of the degree of Doctor of Philosophy in Electronics,
is based on his original and independent work carried out by him during the
period of study, under my supervision. The thesis or any part thereof has not
been previously submitted for any other degree or diploma in any University or
institute.

Place : Goa University
Date: l st September 2008

( G. M. Naik )
' Research Guide

--YVAO Cr/V e c,h(rqs hooec
c pir4Q_cl
s.,-Tr-s"rtA 107
e-?cc..1-n; goys .
ej3; raice;.1
6

ii

Statement
I state that the present thesis "Instrumentation design for non-invasive
blood analysis based on optical sensors" is my original contribution and the
same has not been submitted on any occasion for any other degree or diploma of
this University or any other University / Institute. To the best of my knowledge,
the present study is the first comprehensive work of its kind in the area
mentioned. The literature related to the problem investigated has been cited.
Due acknowledgements have been made wherever facilities and suggestions
have been availed of.

if

/

74‘1>t I

e AL\ •

(S‘
(RI

\

A

CIi "
Place: Goa University
Date: 1 st September 2008

(R. S. Gad)
Candidate

iii

Dedicated with &we to mg pcnent.4

Shxi. Saha. anant gad and Smt. cangaltai Sakti gad

iv

ACKNOWLEDGEMENTS
Who Knows? What is possible?
Michael Faraday (1791 — 1867)

I express my sincere appreciation to my supervisor, Dr. Gourish M. Naik, Professor,
Electronics Program; Department of Physics, Goa University, for his endless support,
encouragement, his great inspiration, ideas, comments and an endless stream of stories and
articles during our interaction and my arguments over morning tea.

I acknowledge the advice and the assistance received from Prof. A. G. Desai, Dean, Faculty
of Natural Science; Prof. P. R. Sarode, Head, Department of Physics; Prof. J.A.E. Desa,
Former Head, Department of Physics; Dr. Uma Subramanyam , Reader, Department of
Physics and Prof. J. S. Budkuley, Former Dean, Faculty of Natural Science during the
various phases of the thesis. My special thanks go to Prof. P. V. Desai, Dean, Faculty of Life
Sciences, for arranging me Ethical Certificate for our projects.

Thanks are due to Dr. Bikram Dasgupta, Department of Chemistry, who introduced me to the
theory of Self Organizing System, and all his interactions with me. I would like to extend my
thanks to Dr. A. N. Mohapatra and Dr. Y.S. Valaulikar, Department of Mathematics for their
expert advice on multivariate systems. Thanks to Mr. Jivan S. Parab, Lecturer, Electronics
Program for helping me in compiling various examples in embedded system design. I thank
Mr. Noronha, Head, Workshop Division, Government Polytechnic, Panaji, for designing the
coupling for the turret control of the monochromator.

I acknowledge Mr. Vithal Tilvi (Arizona State University, USA) and Mr. Nilesh Araligidad,
(Oregon State University, USA) for providing me MATLAB (SIMULINK) and giving me

case studies on Digital Signal Processing and system simulations. I would also appreciate the
efforts taken by Smt. Deepa Naik for proof reading of the thesis.

Special thanks go to Research Scholars and Student Assistant of our laboratory Francis
Fernandes, Sameer Vaz, Mruga Phaldesai and Trima Fernandez. I am also thankful to Mr.
Jayprakash Kamat and Mr. Agnelo Lopez for constantly assisting me in various
administrative works and their help in constructing QTH source and platform of
monochromator.

I am indebted to funding agencies like Indian Council of Medical Research (ICMR),
University Grants Commission (UGC) and Department of Science and Technology (DST) for
granting me financial assistance in form of research project and travel assistance.

I enjoyed all the moments which I experienced during my research work which transformed
me to present form. I thank all my colleagues and fellow students, although most of them
have left the department, they have greatly contributed to good inspiring working and social
environment.

I express my deep sense of gratitude to my brothers Anil and Sharad and my wife Vinaya, for
their patience and understanding as well as taking much of the responsibilities at home. I
shall forever remain indebted to my daughter, Kaivalya. The long hours that I owed to her, I
had spent for thesis.

Rajendra S. Gad, September 2008.

vi

TABLE OF CONTENTS

XVI

I PREFACE
1. INTRODUCTION
1.1.

SOURCE OF ENERGY FOR LIFE AND ITS TRANSFORMATION

1

1.2.

METABOLISM REGULATION AND CONTROL

7

1.3.

BLOOD CONSTITUENTS IN HEALTHY BODY

10

1.4.

SOCIO-ECONOMICS OF DIABETICS

29

1.5.

HISTORY OF GLUCOSE MONITORING

32

1.6.

WORLDWIDE GROUPS ASSOCIATED WITH GLUCOSE MONITORING
36

1.7.

REVIEW OF BLOOD ANALYSIS TECHNIQUES

41

1.8.

NON-INVASIVE GLUCOSE: BACKGROUND AND DEFINITIONS

56

2. SPECTROSCOPY AND MULTIVARIATE SYSTEMS
2.1

SPECTROSCOPY TRENDS IN GLUCOSE ESTIMATION

65

2.2

NIR ABSORPTION OF GLUCOSE IN AQUEOUS MEDIA

71

2.3

DYNAMICS OF TISSUE MATRIX AND SIGNAL CONDITIONING

76

2.4

NON-INVASIVE DETERMINATION OF GLUCOSE

91

2.5

RESEARCH METHODOLOGIES FOR NI GLUCOSE MEASUREMENTS 95

2.6

SOURCE , DETECTORS AND ACCESSORIES IN IR REGION

98

2.7

SIGNAL PROCESSING

109

vi'

3. DESIGN OF NON-INVASIVE GLUCOMETER
3.1.

OBJECTIVES

123

3.2.

DIAGRAM OF PROPOSED SYSTEM

123

3.3.

EVALUATION TECHNIQUES

128

3.4.

MULTIVARIATE MODEL OF HUMAN WHOLE BLOOD TISSUE

133

3.5.

VALIDATION APPROACH FOR THE MULTIVARIATE MODEL

145

4. EMBEDDED SYSTEM SOLUTIONS FOR MULTIVARIATE SYSTEM
ESTIMATION
4.1.

PROCESSING OF WHOLE BLOOD TISSUE MATRIX

151

4.2.

SOFT CORE PROCESSORS AND IP SOFT CORES

153

5. RESULTS AND CONCLUSIONS
5.1.

RESULTS

161

5.2.

DISCUSSIONS

162

5.3.

SCOPE FOR FUTURE WORK

164

5.4.

CONCLUSIONS

170

ANNEXURE
APPENDIX I

172

APPENDIX U

172

APPENDIX III

173

APPENDIX IV

175

REFERENCES

180

viii

LIST OF TABLES

Table 1.1: Basic type of molecules and their polymer forms.
Table 1.2: Blood test reference range chart( American Metric System).
Table 1.3: List of human blood components and their concentrations.
Table 1.4: Worldwide groups working on Glucose measurement techniques.
Table 2.1: Energy conversion and respective scales.
Table 2.2: Average elemental composition of the skin, percentage by mass.
Table 2.3: Percentage constituents of adult human skin.
Table 2.4: Recommendation of the CIE for spectral band.
Table 2.5(a): Various Lamps and their parameters (Source: Newport).
Table 2.5(b): Physical quantity for quantifying the light.
Table 2.6:Division of Infrared radiations as per the detector type.
Table 2.7:Values of the energy gap between the valence and conduction bands in
semiconductors at room temperature.
Table 2.8: Infrared materials for windows
Table 3.1: Various sources and their characteristics spectral irradiance. ( Source : Newport)
Table 3.2: Table indicating the various components of non-invasive instrumentation.
Table 4.1: DSP IP soft cores categories
Table 4.2: Resource selection chart in SOPC builder of ALTERA QUARTUS.

ix

LIST OF FIGURES

Figure 1.1: Structure of adenosine triphosphate.
Figure 2.1: Block of the FT-IR spectrophotometer.
Figure 2.3 :A structure of human skin.
Figure 2.4: The absorption spectrum of tissue.
Figure 2.5: Dimension of the typical skin layers model.
Figure 2.6: Absorption spectrum of pure water. a) Plotted on a log10 scale from 20010,000nm b) NIR region from 650 -1,050 nm.
Figure 2.7: Specific absorption spectra of Hb and Hb02 in the NIR from 650-1,050nm(
Cope, 1991)
Figure 2.8 : Absorption spectrum of Glucose in IR region.
Figure 2.9: Energy band gap diagram for IR quantum detector.
Figure 2.10 : Spectral response of the InGaAs detector.
Figure 2.11: Typical optical layout of external optics of three types of spectraradiometers
a) VF spectraradiometer, b) Dispersive spectraradiometer c) FT spectraradiometer,
Figure 2.12: Transmission window for IR spectroscopy.
Figure 2.13 Attenuated total reflection (ATR) cell and Evanescent field.
Figure 2.14 Circular buffer implementation for real-time DSP.
Figure 2.15: Microprocessor architecture. a) The Von Neumann Architecture b)Harvard
Architecture c)Super Harvard upon Harvard architecture.
Figure 2.16: The speed of DSP controller for various applications.
Figure 2.17: Multiprocessing configuration of DSP processor entity. a) Data flow type b)
Cluster type.
Figure 2.18 : Multiprocessing mesh configuration.

Figure 3.1: Block diagram of proposed Glucometer model.
Figure 3.2: Diagram specifying the detailed components.
Figure 3.3: Suggested flowchart of the control circuit of monochromator with range 2,0002,500nm.
Figure 3.4: The simulated spectra of glucose from linear equation.
Figure 3.5: Flow chart of the simulated spectra generated by Lorentz oscillator model.
Figure 3.6: Spectra generated using Lorentz oscillator model (a non linear behavior).
Figure 3.7: Flow chart of the simulated spectra generated for unknown spectrum.
Figure 3.8: Spectrum generated using Lorentz technique.
Figure 3.9: Flow chart of the SIMPLE algorithm.
Figure 3.10 : Prediction graph for unknown variants
Figure 3.11-3.16: ParLes Software Screen short of processing data.
Figure 3.17: Correlation between reference and parameter value for non-invasive study.
Figure 3.18: Error grid indicating group over distribution.
Figure 3.19: Error grid indicating acceptability for device (i.e. 97.3%).
Figure 4.1(a): Illustrates a few of DSP varied applications.
Figure 4.1(b): Shows a block diagram of a DSP system
Figure 4.2: DSP design for ECHO generator.
Figure 4.3: Xilinx Spartan III development board for the Graphical DSP design.
Figure 4.4 : Block diagram of the Spartan III DSP boards.
Figure 4.5: (a) BDF blocks of the Data-Input and Data-Output in the SOPC and Fig. 4.5 (b)
Photograph of working implemented system.
Figure 4.6: NIOS II soft core processor architecture for glucose signal processing.
Figure 4.7: ALTERA development Cyclone II board for the Graphical and Textual DSP
implementation.

xi

Figure 5.1: Spectral irradiance at 0.5 m from the NEWPORT 6315 1000W QTH Lamp.
Figure 5.2: Graph of spectral irradiance of 600 and 1000 watts(Source: Newport).
Figure 5.3: Spectral irradiance at 0.5 m from the 6333 100 W QTH Lamp at different
voltages. The lamp is rated for 100 W at 12 V (Newport).
Figure 5.4 : A average life of lamps and variation in operating voltage( Newport).
Figure 5.5: Running time and the luminous output as compared to conventional lamps
(Source: Newport).
Figure 5.6: Linear power supply circuit for 600 Watts @ 12 Volts with reconfigurable
winding.
Figure 5.7: Suggested Czerny-Turner configuration of a grating monochromator

xii

KEYWORDS
ATP: Adenosine Triphosphate
BEMR: Bio-Electromagnetic Resonance.
Cataract: darkening and solidification of the lens in the eye.
Chemometrics: Matrix of Chemistry.
CIE: International Commission on Illumination.
DSP: Digital Signal Processing
FDA: Food and Drug Administration
FIR : Finite Impulse Response.
FPGA : Field Programmable Gate Array.
FT-lR : Fourier Transform Infrared Spectroscopy.
Glycosylated haemoglobin: It averages the blood glucose values over two to three months
Global radiation: For a typical cloudless atmosphere in summer and for zero zenith angle,
the 1367 W m-2 of Solar constant reaching the outer atmosphere is reduced to ca. 1050 W m2 direct beam radiation, and ca. 1120 W m-2 global radiation on a horizontal surface at
ground level.
Hb : Haemoglobin
IDF: International Diabetics Federation
IDE: Investigational Device Exemption
IEC: International Electrotechnical Commission.
Infrared radiation: Optical radiation for which the wavelengths are longer than those f or
visible radiation, 700 nm to 1000 gm.
Irradiance: Describes the flux, radiative power density, and incidence on a surface. Units, W
m-2 or W cm-2. The surface must be specified for the irradiance to have meaning. Laboratory

surfaces are not usually as large as a square meter; this happens to be the appropriate SI unit
of area).
IR: Infra Red
IRB : Institutional Review Board
In-silo: Inside body using silicon based implant.
In-vitro: Outside the body.
In-vivo: Inside the body.
IVD : In-vitro diagnostics.
IP : Intellectual Property
MAC : Multiply and Accumulate
MATLAB: Matrix Laboratory Software
MIR : Mid-infrared.
Non-Invasive( NI) : Monitoring the parameter from outside.
NIR: Near Infra Red
OCT : Optical Coherence Tomography.
OGTT: Oral Glucose Tolerance Test.
PLS: Partial Least Square
PLSR: Partial Least Square Regression.
PMA: Physical Medicine of America.
SI : Systeme Internationale.
SNR : Signal to Noise Ratio.
Solar Constant The irradiance of the sun on the outer atmosphere when the sun and earth are
spaced at 1 AU( the mean earth/sun distance of 149,597,890 km), is called the solar constant.
Currently accepted values are about 1360 W m-2. (The NASA value given in ASTM E 490-

xiv

73a is 1353 (±21 W m-2.) The World Metrological Organization (WMO) promotes a more
recent value of 1367 W m-2.).
SOC : System on Chip.
Spectral irradiance E(A): The irradiance per unit wavelength interval at a specified
wavelength. Spectral irradiance units, W m-2 nm-1 To convert into W m-2 gm-1, multiply by
1000 (1000 E). To convert into W cm-2 nm-1, multiply by 10-4 (10-4 E). To convert into W
cm-2 tim-1, multiply by 0.1 (0.1 E)
SPIE : Society of Photo-optical Instrumentation Engineers.
SW-NW: Short-Wavelength Near InfraRed.
PA: Photo-Acoustic
QTH : Quartz Halogen Tungsten
Ultraviolet radiation: Optical radiation for which the wavelengths are shorter than those for
visible radiation, <400 nm. Note: For ultraviolet radiation, the range below 400 nm is ;
commonly sub-divided into: UVA 320 - 400 nm , UVB 280 - 320 nm , UVC <280 nm
Visible radiation: Any optical radiation capable of causing a visual sensation directly, 400 700 nm.
YSI : Yellow Springs Instruments

xv

PREFACE
The thesis describes the system model to analyze human blood tissue matrix. It is well
known that the human blood is a multivariate system consisting of approximately 118 major
constituents. Glucose is one such constituent, which provides instant energy for cell
metabolism, and the imbalance in glucose, leads to various health problems. The thesis
emphasizes the need to develop non-invasive blood glucose measuring technique and
describe other techniques presently being used to quantify glucose. The working principles of
different radiation based techniques of glucometers are described in full detail and the
reasons for choosing the development of IR radiation based methods for the research work.
The main contribution in this work is simulation of multivariate system model and which can
be used to quantify the blood glucose.
The model thus developed has the ability to quantify other constituents of blood
which are detrimental for the human health. The simulation spectra for the human blood were
generated using Lorentz oscillator technique to compute the calibration and prediction error
in the multivariate model. The present study takes into account 7 major variants influencing
the human health and two physical parameters (temperature and skin complexion) while
designing the system model.
The digital signal processing system required for the processing of spectral data for
multivariate analysis was designed using NIOS II soft core processor using text based
paradigm and was implemented on the programmable devices. The thesis also describes the
use of graphics based design on FPGA for high speed processing. The thesis also gives the
detailed design of the instrumentation involved for the implementation of the above
developed system model. It also describes the methods for calibration of various subsystems
required for the development of the whole instrument and has given good scope for further
research work of similar multivariate systems.

Rajendra Soiru Gad
September, 2008
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INTRODUCTION

1.1 Source Of Energy For Life And Its Transformations
Self-organization is a process of attraction and repulsion, in which the internal
organization of a system is maintained. Normally, an open system increases in complexity
without being guided or managed by an outside source. Self-organizing systems typically
(though not always) display emergent properties.

The concept of self-organization is central to the description of biological systems,
from the subcellular to the ecosystem level. There are also cited examples of "selforganizing" behaviour found in the literature of many other disciplines, both in the natural
sciences and the social sciences such as economics or anthropology. Self-organization has
also been observed in mathematical systems such as cellular automata.

Self-organization usually relies on four basic ingredients: positive feedback,
negative feedback, balance of exploitation and exploration, and multiple interactions. We
are analyzing a self organizing system of a human body and how it effectively maintains the
glucose concentration levels.
The concept of entropy and the second law of thermodynamics suggests that systems
naturally progress from order to disorder. If so, how do biological systems develop and
maintain such a high degree of order? Is this a violation of the second law of
thermodynamics? Order can be produced consumption of energy, and the order associated
with the life on earth is produced with the aid of energy from the sun.
Radiation from the sun sustains life on earth and determines the climate. The
irradiance of the sun on the outer atmosphere, when the sun and earth are spaced at 1 AU
(the mean earth/sun distance of 149,597,890 km), is called the solar constant. Currently
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accepted values are about 1360 W m-2. (The NASA value given in ASTM E 490-73a is
1353 (±21 W m-2.) The World Meteorological Organization (WMO) promotes a more
recent value of 1367 W m-2.) The solar constant is the total integrated irradiance over the
entire spectrum over area, plus 3.7% at shorter and longer wavelengths. The spectrum of the
solar radiation at the earth's surface has several components. Direct radiation comes straight
from the sun whereas diffused radiation is scattered from the sky and from the surroundings.
Additional radiation reflected from the surroundings (ground or sea) depends on the local
"albedo." The total ground radiation is called the global radiation.

The Sun provides 1 kW m-2 of free, non polluting power for several hours every
day. Thermal and photovoltaic systems take advantage of this as does the biomass. Coal,
oil, plant ethanol, and wood are all forms of stored solar energy. There are a number of
energy transformations in plants and animals which are essential to life. These processes
will be described as the "work" of living things, although it is not immediately evident that
they involve work in the physical sense. Some of the general kinds of processes involved in
the energy cycle are 1) Synthetic Work: Both plants and animals must make the complex
molecules necessary for life. One example is the production of DNA - your genetic
material; 2) Electrical Work: Each of our cells has an electric potential associated with it.
This potential, or voltage, helps to control the migration of ions across the cell membranes.
A major example of electrical work is in the operation of the nerves. Electrical energy
transformation is essential for sensing your environment as well as for reacting to that
environment in any way; 3) Mechanical Work: Most easily visualized is the mechanical
work associated with the moving of our muscles. This muscle movement is very important
and requires a lot of energy. The source of this energy is Adenosine Triphosphate (ATP).

2

1.1.1 ATP: An Energy Cell
A fascinating parallel between plant and animal life is in the use of tiny energy
factories within the cells to handle the energy transformation processes necessary for life. In
plants, these energy factories are called chloroplasts. They collect energy from the sun and
use carbon dioxide and water in the process called photosynthesis to produce sugars.
Animals can make use of the sugars provided by the plants in their own cellular energy
factories, the mitochondria. These produce a versatile energy currency in the form of
adenosine triphosphate (ATP). ATP is considered by biologists to be the energy currency of
life. It is the high-energy molecule that stores the energy we need to do just about
everything we do. It is present in the cytoplasm and nucleoplasm of every cell, and
essentially all the physiological mechanisms that require energy for operation obtain it
directly from the stored ATP 1 . As food in the cells is gradually oxidized, the released energy
is used to re-form the ATP so that the cell always maintains a supply of this essential
molecule. In animal systems, the ATP is synthesized in the tiny energy factories called
mitochondria.

Adenosine triphosphate

Fig 1.1: Structure of adenosine triphosphate.
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The structure of ATP as shown in Fig. 1.1, has an ordered carbon compound as a
backbone, but the part that is really critical is the phosphorous part - the triphosphate. Three
phosphorous groups are connected by oxygen to each other, and. there are also side oxygen
connected to the phosphorous atoms. Under the normal conditions in the body, each of these
oxygen atoms have a negative charge. These bunched up negative charges want to escape;
to get away from each other, hence there is a lot of potential energy here. If you remove just
one of these phosphate groups from the end, so that there are just two phosphate groups, the
molecule is much stable. This conversion from ATP to ADP (adenosine diaphosphate) is an
extremely crucial reaction for the supplying of energy for life processes. Just the breaking of
one bond with the accompanying rearrangement is sufficient to liberate about 7.3
kilocalories per mole = 30.6 kJ/mol (equivalent to energy in a single peanut).
Living things can use the ATP like a battery. The ATP can power the needed
reactions by losing one of its phosphorous groups to form ADP, but you can use food
energy in the mitochondria to convert the ADP back to ATP, so that the energy is again
available to do the needed work. In plants, sunlight energy can be used to convert the less
active compound back to the highly energetic form and animals use the energy from high
energy storage molecules. The oxidation of glucose operates in a cycle called the Krebs
cycle in animal cells, to provide energy for the conversion of ADP to ATP.

1.1.2 Oxygen As A Metabolism Indicator
Metabolism is the set of chemical reactions that occur in living organisms in order to
maintain life. These processes allow organisms to grow and reproduce, maintain their
structures, and respond to their environments. Metabolism is usually divided into two
categories. Catabolism breaks down large molecules, for example to harvest energy in
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cellular respiration. Anabolism, on the other hand, uses energy to construct components of
cells such as proteins and nucleic acids.

The chemical reactions of metabolism are organized into metabolic pathways, in
which one chemical is transformed into another by a sequence of enzymes. Enzymes are
crucial to metabolism because they allow organisms to drive desirable but
thermodynamically unfavourable reactions by coupling them to favourable ones. Enzymes
also allow the regulation of metabolic pathways in response to changes in the cells
environment or signals from other cells. The speed of metabolism and the metabolic rate
also influences how much food an organism will require.

Most of the structures that make up animals, plants and microbes are made from
three basic classes of molecule: amino acids, carbohydrates and lipids (often called fats) as
shown in Table 1.1 . As these molecules are vital for life, metabolism focuses on making
these molecules, in the construction of cells and tissues, or breaking them down and using
them as a source of energy, in the digestion and use of food. Many important bio-chemicals
can be joined together to make polymers such as DNA and proteins. These macromolecules
are essential parts of all living organisms. Some of the most common biological polymers
are listed in the table below.

The most prominent roles of the cell mitochondrion is production of ATP (energy)
and regulation of cellular metabolism. Living cells which use oxygen as a part of cellular
respiration to produce energy, through the pathway of chemical conversion of
carbohydrates, fats and proteins into carbon dioxide and water. However, the mitochondrion
has many other functions in addition to the production of ATP. Of course, the role they
play as cellular furnaces by converting nutrients and oxygen into energy, is immensely
important. Every cell needs ATP—the chemical fuel generated by mitochondrion—and
5

some cells are particularly demanding: a muscle cell that pushes the leg into a sprint, a beta
cell in the pancreas that synthesizes the hormone insulin, a brain cell that fires a signal to
help create a thought. Each of these kinds of cells contains as many as 10,000 mitochondria,
and it's no secret that these tiny organelles keep the home fires burning.

Table 1.1: Basic type of molecules and their polymer forms

Type of molecule

Name of

Name of polymer forms

forms

monomer forms
Proteins
Amino acids

Examples of polymer

(also

called

Fibrous proteins and globular

Amino acids
polypeptides)

proteins

Carbohydrates

Monosaccharide

Polysaccharides

Starch, glycogen and cellulose

Nucleic acids

Nucleotides

Polynucleotide

DNA and RNA

More than 95% of the energy expended in the body is derived from reactions of
oxygen with different foodstuffs, such as glucose, starches, fat and proteins. The amount of
energy liberated per litre of oxygen is about 5 Calories and differs only slightly with the
type of food that is being metabolized. Haemoglobin (Hb) is the main carrier of oxygen in
blood; more than 97% of the transported oxygen is delivered by oxy-haemoglobin (Hb02).
The amount of oxygen transported to the tissues in the dissolved state is normally only as
little as 3%.
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1.2 Metabolism Regulation And Control
As the environments of most organisms are constantly changing, the reactions of
metabolism must be finely regulated to maintain a constant set of conditions within the
cells, a condition called homeostasis 2 Metabolic regulation also allows organisms to
,3

respond to signals and interact actively with their environments. 4 Two closely-linked
concepts are important for understanding how metabolic pathways are controlled. Firstly,
the regulation of an enzyme in a pathway is how its activity is increased and decreased in
response to signals. Secondly, the control exerted by this enzyme, is the effect that these
changes in its activity have on the overall rate of the pathway. 5 For example, an enzyme
may show large changes in activity (i.e. it is highly regulated) but if these changes have
little effect on the flux of a metabolic pathway, then this enzyme is not involved in the
control of the pathway. 6

There are multiple levels of metabolic regulation. In intrinsic regulation, the
metabolic pathway self-regulates to respond to changes in the levels of substrates or
products and extrinsic control involves a cell in a multicellular organism changing its
metabolism in response to signals from other cells. A very well understood example of
extrinsic control is the regulation of glucose metabolism by the hormone insulin.' Insulin is
produced in response to rise in blood glucose levels. Binding of the hormone to insulin
receptors on cells then activates a cascade of protein kinases that cause the cells to take up
glucose and convert it into storage molecules such as fatty acids and glycogen. 8 The
metabolism of glycogen is controlled by activity of phosphorylase, the enzyme that break'
down glycogen; and glycogen synthase, the enzyme that makes it. These enzymes a
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regulated in a reciprocal fashion, with phosphorylation inhibiting glycogen synthase, but
activating phosphorylase. Insulin causes glycogen synthesis by activating protein
phosphatases and producing a decrease in the phosphorylation of these enzymes. 9

1.2.1 The Nature And Significance Of Metabolic Regulation
The task of the regulatory machinery is exceptionally complex and difficult.
Pathways must be regulated and coordinated so effectively that all cell components are
present in precisely the correct amounts. Furthermore, a microbial cell must be able to
respond effectively to environmental changes by using those nutrients present at the
moment and by switching on new catabolic pathways when different nutrients become
available. All chemical components of a cell usually, are not present in the surroundings,
hence microorganisms also must synthesize the unavailable components and alter
biosynthetic activity in response to changes in nutrient availability. The chemical
composition of a cells surroundings is constantly changing, and these regulatory processes
are dynamic and continuously responding to altered conditions. Regulation is essential for
the cell to conserve microbial energy and material and to maintain metabolic balance. If a
particular energy source is unavailable, the enzymes required for its use are not needed and
their further synthesis is a waste of carbon, nitrogen, and energy. Similarly it would be
extremely wasteful for a microorganism to synthesize the enzymes required to manufacture
a certain end product, if that end product were already present in adequate amounts. Thus
both catabolism and anabolism are regulated in such a way as to maximize efficiency of
operation.
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1.2.2 Role Of Blood As Transporting Media
Blood performs many important functions within the body including:
•

Supply of oxygen to tissues (bound to haemoglobin which is carried in red blood
cells).

•

Supply of nutrients such as glucose, amino acids and fatty acids (dissolved in
the blood or bound to plasma proteins) .

•

Removal of waste such as carbon dioxide, urea and lactic acid.

•

Immunological functions, including circulation of white blood cells, and detection of
foreign material by antibodies.

•

Coagulation, which is a part of the body's self-repair mechanism.

•

Messenger functions, including the transport of hormones and the signaling of tissue
damage.

•

Regulation of body pH (the normal pH of blood is in the range of 7.35 - 7.45).

•

Regulation of core body temperature & Hydraulic functions.

1.2.3 Physiological Imbalance
Metabolism is regulated in such a way that cell components are maintained at the
proper concentrations, even in the face of a changing environment, energy and material are
conserved. Imbalances in metabolism cause imbalance in physiology which cause
characteristic variation in the composition of the blood. Some diseases cause variation in the
number, size and the shape of certain blood cells while some other diseases cause changes
in the chemical composition of the blood serum. Blood count and chemical blood tests are
often ordered routinely on admission of a patient to a hospital and may be repeated during
patient's sickness to monitor the improvement in the health.
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1.3 Blood Constituents In Healthy Body

What is a Blood test? Blood tests are an essential diagnostic tool. Blood is made up
of different kinds of cells and contains other compounds, including various salts and certain
proteins. Blood tests reveal details about these blood cells, blood compounds, salts and
proteins. The liquid portion of the tested blood is called plasma. When our blood clots
outside the body, the blood cells and some of the proteins in blood turn into a solid. The
remaining liquid is called serum, which can be used in chemical tests and in other blood
tests to find out how the immune system fights diseases. Doctors take blood samples and
grow the organisms found in blood tests, that cause illness, to evaluate each
microscopically.

Most blood tests fall within one of two categories: screening or diagnostic.
Screening Blood tests are used to try to detect a disease when there is little or no evidence
that a person has a suspected disease. For example, measuring cholesterol levels helps to
identify one of the risks of heart disease. These screening tests are performed on people who
may show no symptoms of heart disease, as a tool for the physician to detect a potentially
harmful and evolving condition. In order for screening tests to be the most useful, they must
be readily available, accurate, inexpensive, pose little risk, and cause little discomfort to the
patient. Diagnostic Blood tests are utilized when a specific disease is suspected to verify
the presence and the severity of that disease, these includes allergies, HIV, AIDS, Hepatitis,
cancer, etc.
Some of the most common Blood tests are: Allergy Blood Testing, Blood Tests for
Autoimmune Diseases, Blood Diseases Testing, Cancer Detection Blood Testing, Blood
Cholesterol Test, Diabetes Blood Tests, DNA, Paternity and Genetic Testing, Blood Tests
10

for Drug Screening, Environmental Toxin Blood Testing, Fitness, Nutrition and AntiAging, Gastrointestinal Diseases Revealed by Blood Tests, Blood Testing for Heart Health
,Hormones and Metabolism, Infectious Disease Blood Tests, Kidney Disease Blood Test,
Liver Diseases Blood Testing, Sexually Transmitted Diseases (STDs) Blood Tests, Thyroid
Disease Blood Tests.

Blood accounts for 7% of the human body weight 1°, with an average density of
approximately 1060 kg/m 3, very close to pure waters density of 1000 kg/m 1 1 . The average
adult has a blood volume of roughly 5 litres, composed of plasma and several kinds of cells
(occasionally called corpuscles); these formed elements of the blood are erythrocytes (red
blood cells), leukocytes (white blood cells) and thrombocytes (platelets).By volume the red
blood cells constitute about 45% of whole blood, the plasma constitutes about 55%, and
white cells constitute a minute volume. Also the clinical level of glucose is 2-30 mM( 5nM
9Ong/dL). Corresponding fasting glucose is 70-110mg/d1, after meal 90-140 mg/dl and the
risky levels are 300-1200 mg/d1. About 55% of whole blood is blood plasma, a fluid that is
the bloods liquid medium, which by itself is straw-yellow in colour. The blood plasma
volume totals of 2.7-3.0 litres in an average human. It is essentially an aqueous solution
containing 92% water, 8% blood plasma proteins, and trace amounts of other materials.
Plasma circulates dissolved nutrients, such as glucose, amino acids and fatty acids
(dissolved in the blood or bound to plasma proteins) and removes waste products, such as
carbon dioxide, urea and lactic acid. Also, as mentioned, the infrared wavelength
spectroscopy has high water absorption. Also the ensemble or the multivariate system of the
complex blood matrix, which consists of 118 constituents having overlapping signatures,
complicate the ensemble under the multivariate system.
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Table 1.2: Blood test reference range chart (American Metric System).
Test

Reference Range (conventional units*)

17 Hydroxyprogesterone (Men)

0.06-3.0 mg/L

17

Hydroxyprogesterone

0.2-1.0 mg/L

(Women)

Follicular phase
25-hydroxyvitamin D (25(OH)D)

8-80 ng/mL

Acetoacetate

<3 mg/dL

Acidity (pH)

7.35 - 7.45

Alcohol

0 mg/dL (more than 0.1 mg/dL normally
indicates intoxication) (ethanol)

Ammonia

15 - 50 pg of nitrogen/dL

Amylase

53 - 123 units/L

Ascorbic Acid

0.4 - 1.5 mg/dL

Bicarbonate

18 - 23 mEq/L (carbon dioxide content)

Bilirubin

Direct:

up

to

0.4

mg/dL

Total: up to 1.0 mg/dL
Blood Volume

8.5 - 9.1% of total body weight

Calcium

8.5 - 10.5 mg/dL (normally slightly higher
in children)

Carbon Dioxide Pressure

35 - 45 mm Hg

Carbon Monoxide

Less than 5% of total haemoglobin

CD4 Cell Count

500 - 1500 cells/µL

Ceruloplasmin

15 - 60 mg/dL

Chloride

98 - 106 mEq/L
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Tests include: haemoglobin, haematocrit,

Complete Blood Cell Count (CBC)

mean corpuscular haemoglobin, mean corpuscular
haemoglobin concentration, mean corpuscular
volume, platelet count, white blood cell count.
Copper

Total: 70 - 150 p.g/dL

Creatine Kinase (CK or CPK)

Male:

38

174

units/L

calcium,

chloride,

-

Female: 96 - 140 units/L
Creatine Kinase Isoenzymes

5% MB or less

Creatinine

0.6 - 1.2 mg/dL

Electrolytes

Test

includes:

magnesium, potassium, sodium
Erythrocyte

Sedimentation

Male:1-13mm/hr ; Female: 1 - 20 mm/hr

Rate

(ESR/Sed-Rate)
Glucose

Tested after fasting: 70 - 110 mg/dL

Hematocrit

Male:

-

45

62%

Female: 37 - 48%
Haemoglobin

Male:

13

-

18

gm/dL

Female: 12 - 16 gm/dL
Iron

60 - 160 gg/dL (normally higher in males)

Iron-binding Capacity

250 - 460 fig/dL

Lactate (lactic acid)

Venous:4.5-19.8mg/dL,

Arterial: 4.5 -

14.4 mg/dL
Lactic Dehydrogenase

50 - 150 units/L

Lead

40 pg/dL or less (normally much lower in
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children)
Lipase

10 - 150 units/L

Zinc B-Zn

70 - 102 gmol/L

Lipids
Less than 225 mg/dL (for age 40-49 yr;

Cholesterol

increases with age)
Triglycerides

10 - 29 years

53 - 104 mg/dL

30 - 39 years

55- 115 mg/dL

40 - 49 years

66 - 139 mg/dL

50 - 59 years

75 - 163 mg/dL

60 - 69 years

78 - 158 mg/dL

> 70 years

83 - 141 mg/dL

Tests include bilirubin (total), phosphatase

Liver Function Tests

(alkaline),

protein

transaminases

(total

(alanine

and
and

prothrombin (PTT)
Magnesium

1.5 - 2.0 mEq/L

Mean Corpuscular Haemoglobin (MCH)

27 - 32 pg/cell

Mean

Corpuscular

Haemoglobin
32 - 36% haemoglobin/cell

Concentration (MCHC)
Mean Corpuscular Volume (MCV)

76- 100 cu gm

Osmolality

280 - 296 mOsm/kg water

Oxygen Pressure

83 - 100 mm Hg

Oxygen Saturation (arterial)

96 - 100%
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albumin),
aspartate),

Phosphatase, Prostatic

0 - 3 units/dL (Bodansky units) (acid)

Phosphatase

50 - 160 units/L (normally higher in
infants and adolescents) (alkaline)

Phosphorus

3.0 - 4.5 mg/dL (inorganic)

Platelet Count

150,000 - 350,000/mL

Potassium

3.5 - 5.0 mEq/L

Prostate-Specific Antigen (PSA)

0 - 4 ng/mL (likely higher with age)

Proteins:
6.0 - 8.4 gm/dL

Total
Albumin

3.5 - 5.0 gm/dL

-

Globulin

2.3 - 3.5 gm/dL

Prothrombin (PTT)

25 - 41 sec

Pyruvic Acid

0.3 - 0.9 mg/dL

Red Blood Cell Count (RBC)

4.2 - 6.9 million/pt/cu mm

Sodium

135 - 145 mEq/L

Thyroid-Stimulating Hormone (TSH)

0.5 - 6.0 p units/mL

Transaminase

Alanine (ALT)

1 - 21 units/L

Aspartate (AST)

7 - 27 units/L

Urea Nitrogen (BUN)

7 - 18 mg/dL

BUN/Creatinine Ratio

5 — 35
2.1 to 8.5 mg/dL (likely

Uric Acid
Male

higher with age)
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Female

2.0 to 7.0 mg/dL (likely
higher with age)

Vitamin A

30 - 65 Ilg/dL

WBC (leukocyte count and white blood

4.3-10.8 x 103/mm3

cell count)
White Blood Cell Count (WBC)

4,300 - 10,800 cells/4/cu mm

Table 1.3: List of human blood components and their concentrations.
Compound

Water
Acetoacetate
Acetone
Acetylcholine
Adenosine triphosphate
/I

Comments

In whole
In plasma
blood (g/cm3) or
serum
(g/cm3)
Solvent
0.81-0.86
0.93-0.95
Produced in liver
8-40 x10-7
4-43 x10-7
product of bodyfat breakdown 3-20 x 10-6
Neurotransmitter
6.6-8.2 x10 Energy storage
total
3.1-5.7 x10-4
phosphorus
5-10 x10-5
Stimulates the adrenal cortex 2.5-12 x10@ 6AM, mean
5.5 X 10-11
A 6AM, maximum
12 x 1w"1
A 6PM, mean
3.5 x10-11
A 6PM, maximum
<7.5 x10-11
Amino acid
2.7-5.5 x10-5 2.4-7.6 x10 Blood plasma protein
3.5-5.2 x10 1-40 x10-8
1-88 x10-8
Regulates electrolyte balance supine
3-10 x10-11
standing, male
6-22 x10-11
standing, female
5-30 x10-11
Protein building blocks
total
3.8-5.3 x10-4
nitrogen
4.6-6.8 x10-5 3.0-5.5 x101-2 x10-6
1-2 x10-6
1.5-2.3 x101-2 x10-6
1.0-4.9 x10Intracellular signal
male
5.6-10.9
-

II

-

Adrenocorticotrophic hormone
II

,,

„
,,
Alanine
Albumin
Aluminum
Aldosterone
,,
,,
,,
Amino acids
II

-

,,
alpha-Aminobutyric acid
d-Aminolevulinic acid
Ammonia nitrogen
cAMP
"
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Androstenedione

Androsterone
Angiotensin I
Angiotensin II
Alpha 1-antitrypsin
Arginine
Arsenic

Ascorbic acid (Vitamin C)
Aspartic acid
Aspartic acid (in WBCs)
Bicarbonate
Bile acids
Bilirubin
Biotin (Vitamin H)
Blood Urea Nitrogen (BUN)
Bradykinin
Bromide
Cadmium

Calciferol (Vitamin D2)
Calcitonin (CT)
Calcium

Carbon dioxide

female
Steroid hormone
male >18 yrs
female >18 yrs
Steroid hormone
Angiotensin II precursor
Vasoconstrictor
Serine protease inhibitor
Amino acid
normal range
chronic poisoning
acute poisoning
Important vitamin
Amino acid
Buffer in blood
Digestive function, bilirubin
Haemoglobin metabolite
Gluconeogenesis,metabolize

normal
toxic
Maintain calcium and
Hormone
Bones, Ca2+
ionized
total
Respiratory gas
arterial
venous

3.6-8.9 x10-

6-17 x10-6

2-30 x10-1°
8-30 x10-1°
1.5 x10-7
1.1-8.8 x101.2-3.6 x107.8-20 x10-4
1.3-3.6 x10-

2-62 x10-9
100-500 x10-9
600-9300
1-15 x10-6
6-20 x10-6
0-3 x10-6
2.5-4.0 x10-4 9-12 x10-6
5-5.7 x 104
2-30 x 10-6
3-30 x 10-6
2-14 x 10-6
1-10 x 10-6
7-17 x 10-9
9-16 x 10-9
8-23 x 10-5
7 x 1041
7-10 x 10-9
1-5 x 10-9
0.1-3 x 10-6
1.7-4.1 x
<1.0 x 10-1°
4.48-4.92 x

4.25-5.25 x
8.4-11.5 x

8.8-10.8 x 10- 3.0-7.9 x
9.8-11.8 x 10- 3.3-8.3 x

Carboxyhaemoglobin(as HbCO)
non-smokers
smokers, 1-2 packs/day
smokers, 2 packs/day
toxic
lethal
Carcinoembryonic antigen
beta-Carotene
Carotenoi ds
Cephalin
Ceruloplasmin

Vitamin A dimer
Antioxidant
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0.5-1.5% total
4-5% total Hb
8-9% total Hb
>20% total
>50% total
<2.5 x 10-9
3-25 x 10-7
2.4-23.1 x 103-11.5 x 10-4 0-1 x 0-4
1.5-6 x 104

Chloride, as NaCI
Cholecalciferol (Vitamin D3)

1, 25-dihydroxy
,,
24,25-dihydroxy
,i
25-hydroxy
Cholecystokinin (pancreozymin) Stimulates fat and protein
Steroid lipid
Cholesterol
LDLC
,,
HDLC
,,
total
Choline, total
Progesterone secretion during
Chorionic gonadotropin
Menstrual
‘,
Pregnancy, 1st trimester
,,
Pregnancy, 2nd trimester
t,
Pregnancy, 3rd trimester
,,
Menopausal
Citric acid
Citrulline
Coagulation Factors
Fibrinogen
Prothrombin
,,
Tissue thromboplastin
It
Proaccelerin
Proconvertin
Antihemophilic factor
,,
Christmas factor
i,
Stuart factor
t,
Plasma thrmb. anteced.
Hageman factor
,,
Fibrin stabilizing factor
Fibrin split products
,,
Fletcher factor
Fitzgerald factor
ii
von Willebrand factor
Cobalamin (Vitamin B12)
Needed for nerve cells, red
Cocarboxylase
Complement system
,,
Clq
Clr
,,
Cls (Cl esterase)
“
C2
n
C3( b1C-globulin)
factor B (C3 proactivator)
ei
C4 (b1E-globulin)
ft

Pt

It

Ft

ft

ft

II

t?
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4.5-5 x 10-3
1.15-2.25 x
1.1-3.1 x 104

3.5-3.8 x
2.5-4.5 x
1.5 x le
1.4-8 x 10-8
6.04 x 1W 11
0.5-2.0 x
2.9-9.0 x
1.2-2 x 10-3
3.6-3.5 x
0-3 x 10-11
5-3300 x
20-1000 x
20-50 x 1W
3-30 x 10 .11
1.3-2.5 x 10-5 1.6-3.2 x
2-10 x 10-6
1.2-1.6 x 10 -3 2-4 x 10-3
1 x 10-4
1 x 10-6
5-12 x 10-6
1 x 10-6
1 x 10-7
4
x 10-6
5 x 10-6
4 x 10-6
2.9 x 10-5
1 x 10-5
<1 x 10-5
5 x 10-5
7 x 10-5
7 x 10-6
6-14 x 10-10 1-10 x 10-1°
7-9 x 10-8
5.8-7.2 x
2.5-3.8 x
2.5-3.8 x
2.2-3.4 x
8-15.5 x 1W
2-4.5
x 104
1.3-3.7 x

,,

C4 binding protein
C5 (b1F-globulin)
,,
C6
,,
C7
,,
C8
,,
C9
,,
Properdin
Compound S
Copper
male
,,
female
Steroid hormones
Corticosteroids
Corticosterone
Inhibits CRH secretion
Cortisol
,,
8 AM
,,
4 PM
,,
10 PM
C-peptide
,,
fasting
maximum
Plasma protein
C-reactive protein
Assists muscle cell energy
Creatine
,,
male
"
female
Creatinine
,,
male
,,
female
Cyanide
non-smokers
smokers
nitroprusside therapy
,,
toxic
ll
lethal
Amino acid
Cysteine
Dehydroepiandrosterone(DHEA) Steroid hormone
,,
aged 1-4 yrs
,,
aged 4-8 yrs
,,
aged 8-10 yrs
,,
aged 10-12 yrs
,,
aged 12-14 yrs
aged 14-16 yrs
,,
male
It
female, premenopausal
DHEA sulphate
male
female
DHEA sulphate
II

II

ti

it
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9-15 x 10-7
6-12 x 10-6
-

1.8-3.2 x
5.1-7.7 x
4.8-6.4 x
4.9-7 x 10-5
4.3-6.3 x
4.7-6.9 x
2.4-3.2 x
1-3 x 10-9
7-14 x 10 -7
8-15.5 x 101-4 x 10-6
4-20 x 10-9
3-23 x 10-8
6-23 x 10-8
3-15 x 10-8
—50% of 8
0.5-2.0 x
4 x 10 -9
6.8-820 x
1.7-5.0 x
3.5-9.3 x
0.8-1.5 x
0.7-1.2 x
4 x 10 -9
6 x 10 -9
10-60 x 10 -9
>100 x 10-9
>1000 x lo1.8-5 x 10-5
0.2-0.4 x
0.1-1.9 x
0.2-2.9 x
0.5-9.2 x
0.9-20 x 102.5-20 x 100.8-10 x 102.0-15 x 101.99-3.34 x
-

,,

newborn
pre-pubertal children
,,
premenopausal
,,
pregnancy
,,
postmenopausal
11-Deoxycortisol
Dihydrotestosterone (DHT)
male
,,
female
Diphosphoglycerate (phosphate) The molecule of heredity
DNA
Dopamine
Neurotransmitter
Enzymes, total
Epidermal growth factor (EGF) Neurotransmitter
Epinephrine
,,
after 15 min rest
,,
when emitted
Ergothioneine
Erythrocytes (#/cm 3)
adult male, avg. (range)
II
adult female, avg. (range)
children, varies with age
,,
reticulocytes
Erythropoietin
,,
adult, normal
pregnant
,,
hypoxia or anemia
Estradiol (E2)
male
,,
female, follicular(days 1-10)
n
female, mean
n
female, pre-fertile (days 10female, fertile (days 12-14)
female, luteal (days 15-28)
II
female, pregnancy
,,
female, postmenopausal
Estriol (E3)
,,
nonpregnant
pregnancy, weeks 22-30
II
pregnancy, weeks 32-37
II
pregnancy, weeks 38-41
Estrogen
,i
male
,,
female, prepubertal
,,
female, 1-10 days
ti

Il

II

II

II

ti
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1.67-3.64 x
1.0-6.0 x
8.2-33.8 x
2.3-11.7 x
1.1-6.1 x
1-7 x 10-8
3-8 x 10 -9
1-10 x io-io
8-16 x le
0-1.6 x 10-5
<1.36 x 10<6 x 10-5
<1 x 10-11
3.1-9.5 x
2-2.5 x 10-9
3.8 x 10-9
1-20 x 10-5
5.2 (4.6-6.2) x
4.6 (4.2-5.4) x
4.5-5.1 x 10 9
25-75 x 106
0.5-2.5 x
2.7-6.2 x
0.8-8.0 x
8-36 x 10 -12
1-9 x 10-"
5 x 10-"
10-15 x 1035-60 x 1020-40 x 103-70 x 10 -7
1-3 x 10-11
<2 x 10-9
3-5 x 10 -9
6-11 x 10 -9
25-170 x
4-11.5 x 10<4 x 10-"
6.1-39.4 x
-

,,
,,
,,
Estrone (El)
,,
,,
,,
,,
,,
to
of

,,
Ethanol
to
to

,,
to

,,
,,
Fat, neutral
Fatty acids, nonesterified (free)
Fatty acids, esterified
Fatty acids, total
Ferritin
,,
,,
alpha-1-Fetoprotein
Flavine adenine dinucleotide
Fluoride
Folate
,,

female, 11-20 days
female, 21-30 days
female, postmenopausal
male
female, follicular
female, 1-10 days of cycle
female, 11-20 days of cycle
female, 20-29 days of cycle
pregnancy, weeks 22-30
pregnancy, weeks 32-37
pregnancy, weeks 38-41
social high
reduced coordination
depression of CNS
confusion, falling down
loss of consciousness
coma, death
see Triglycerides
male
female
in erythrocyte

Folic acid
Fructose
Furosemide glucuronide
Galactose (children)
Gastric inhibitory peptide (GIP)
Gastrin
„
mean
,,
maximum
Globulin,
alpha-l-Globulin
alpha-2-Globulin
beta-Globulin
gamma-Globulin
Glucagon
21

2.5-3.9 x 10-3
1-4.5 x 10-7
2.3-5.2 x 10-8
0-5 x le
-

12.2-43.7 x
15.6-35 x
<4 x 10-11
2.9-17 x 102-15 x 10-11
4.3-18 x 107.5-19.6 x
13.1-20.1 x
3-5 x 10 -9
5-6 x 10 -9
7-10 x 10-9
0.5 x 10 -3
0.8 x 10 -3
>1 x 10-3
2.0 x 10 -3
3.0 x 10-3
>4 x 10-3
8-25 x 10-5
7-20 x 10-5
1.9-4.5 x
1.5-30 x 100.9-18 x 100-2 x 10-8
8-12 x 10-8
1-4.5 x 10-7
2.2-17.3 x
1.67-7.07 x
1.6-2 x 10-8
7-8 x 10-5
1-400 x 10-6
<2 x 10-4
<1.25-4.0 x
7 x 10 -11
<20 x 10 11
total 2.2-4 x
1-4 x 10-3
4-10 x 10-3
5-12 x 10-3
6-17 x 10-3

,,
,,
Glucosamine
It

,,
II
II

range
mean
fetus
child
adult
aged

Glucose
It

,,
,,
Glucuronic acid
Glutamic acid
Glutamine
Glutathione, reduced
Glycerol, free
Glycine
Glycogen
Glycoprotein, acid
cGMP
Gonadotropic releasing hormone
Guanidine
Haptoglobin
Haemoglobin
,,
,,
,,
,,
,,
,,
Hexosephosphate P
Histamine
Histidine
Hydrogen ion(pH 7.4)
beta-Hydroxybutyric acid
17-Hydroxycorticosteroids
17-Hydroxyprogesterone
,,
,,
It

,,
It

Antibodies
"
,,

newborn
adult
diabetic
4.1-9.3 x 10 -5

newborn
children, varies with age
adult, male
adult, female
inside erythrocyte
per red blood cell

male
female, follicular
female, luteal
female, postmenopausal
female, child
Immunoglobulin A (IgA)
Immunoglobulin D (IgD)
22

4-6 x le
5-7 x 10-4
6-8 x 104
7-9 x le
2-3 x 10-4
6.5-9.5 x 10-4
14-120 x 10-4
8-11 x 10-6
2.5-4.1 x 10-4
1.7-2.3 x 10-5
1.2-16.2 x 101.8-2.3 x 10-6
1.2-1.75 x 101.65-1.95 x
1.12-1.65 x
1.4-1.8 x 1W'
1.2-1.6 x 1W
1W'
—3.3 x 1W'
27-32
1.4-5 x 10 -5
6.7-8.6 x 10-8
9-17 x 1W6
4 x 1W"
1-6 x 10 -6
4-10 x 10 -8
-

5-15 x 10""
7.1-7.9 x
4.2-5.5 x
5.2-6.9 x
6.1-8.2 x
7.0-8.9 x
".

7-10.5 x 102-28 x 10-6
4.6-10.6 x
0
2.9-17.2 x
8-54 x 10-6
0
4-15 x 10-4
0.6-4.4 x
1-80 x 10-12
3-22 x 10-4
1-4 x 10-5
0-2 x 10-6
1.1-3.8 x
1-9 x 10-6
20-250 x
20-80 x 1W
80-300 x
4-50 x 10-11
20-140 x
5-39 x 104
0.5-8.0 x

It
II

,,
Indican
Inositol
Insulin
Insulin-like growth factor
Iodine, total
Iron, adult
Isoleucine
Ketone bodies
alpha-Ketonic acids, adult
L-Lactate
,,
,,
Lead
11

II

Lecithin
Leptin
Leucine
Leukocytes (#/cm3) Total:
II

,,
,,
,,
II
II
II
/I

,,
,,
II

,,
,,
,,
II

,,
II

,,
,,
,,
„

„

,,

Immunoglobulin G (IgG)
Immunoglobulin M (IgM)
Immunoglobulin E (IgE)
arterial
venous
normal
toxic
-

2.4-3.2 x 10-8
4-6 x 104
9-15 x 10-6
2.3-10 x 10-6
1-30 x 10-6
<11.3 x 10-5
8.1-15.3 x 101-5 x 10 -7
>6-10 x 10"'
1.1-1.2 x 10 -3
1.2 x 10-8
1.4-2 x 10-5

-

-

total, birth
total, pediatric
total, adult, range
total, adult, median
Neutrophil granulocytes, birth
Neutrophils, pediatric
Neutrophils, adult, range
Neutrophils, adult, median
Eosinophil granulocytes birth
Eosinophils, pediatric
Eosinophils, adult, range
Eosinophils, adult, median
Basophil granulocytes, adult,
Basophils, adult, median
Lymphocytes, birth
Lymphocyte, pediatric
Lymphocyte, adult, range
Lymphocyte, adult, median
Monocytes, birth, range
Monocytes, birth, median
Monocytes, pediatric
Monocytes, adult, range
Monocytes, adult, median

9.0-30.0 x 106 4.5-15.5 x 106 4.3-11.0 x 106 7.0 x 106
6.0-26.0 x 106 1.5-8.5 x 106 1.83-7.25 x 3.65 x 106
0.4 x 106
0.2-0.3 x 106 0.05-0.7 x 106 0.15 x 106
0.015-0.15 x 0.03 x 106
2-11 x 106
1.5-8.0 x 106 1.5-4.0 x 106 2.5 x 106
0.4-3.1 x 106 1.05 x 106
0.4 x 106
0.21-1.05 x 0.43 x 106
-
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5.0-19 x 103.0-30 x 10<5 x 10 -7
8-50 x 10-7
3-7 x 10-6
2.0-8.4 x
9.9-50 x 104.5-14.5 x
6-18 x 10-7
1.2-4.2 x
1.5-30 x 104.5-14.4 x
4.5-19.8 x
1-7.8 x 10 -8
-

1-2.25 x 101.2-5.2 x
-

..

-

n
II

,,
,,
,,
Lipase P
Lipids, total
Lipoprotein (Sr 12-20)
Lithium
Lysine
Lysozyme (muramidase)
alpha 2-macroglobulin
II

ti
Magnesium
Malic acid
Manganese
Melatonin
,,
Mercury
II

,,
Methaemoglobin
Methionine
Methyl guanidine
beta-2-microglobulin
MIP- la
MIP-lb
Mucopolysaccharides
Mucoproteins
Nerve growth factor (NGF)
Niacin
Nitrogen
,,
„

Norepinephrine
II

,,
Nucleotide, total
Omithine
Oxalate
Oxygen (respiratory gas)

Phagocytes, birth, range
Phagocytes, birth, median
Phagocytes, pediatric, range
Phagocytes, pediatric, median
Phagocytes, adult, range
Phagocytes, CD4 cell count
pediatric
male, adult
female, adult
Day
Night
normal
chronic
respiratory gas
total, nonrespiratory
after 15 min rest
when emitted
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6-26 x 106
11 x 106
1.5-8.5 x 106
4.1 x 106
3.5-9.2 x 106
0.5-1.5 x 106
1.2-1.4 x 10-4
4.45-6.1 x 101.5-2.5 x 10-8
1.3-3 x le
3.2-5.5 x 10-5
4.6 x 10-6
0-2.5 x le
<1 x 10 -8
>20 x 10-8
4-6 x 10-4
4-6 x 10-6
2-3 x 10-6
5-8 x 10-6
8.2 x 10-6
3-3.7 x le
8.1 x 10-9
3.1-5.2 x le
-

-

4-8.5 x 10-3
1-10 x 10-4
2-5.8 x 10-5
1-15 x 10-6
2-7 x 10 -3
0.9-4.0 x
1.2-5.4 x
1.8-3.6 x
1-9 x 10-6
0-1.9 x 10-7
1.35-1.45 x
6.07-7.13 x
-

1-15 x 10-6
8-24 x 10-7
2.3 x 10-"
9 x 10 -11
1.75-2.25 x
8.65-9.6 x
6-10 x 10-9
2-15 x 10-7
9.7 x 10-6
-

2.15-4.75 x
8.5 x 10-9
4-14 x 10-6
1-2.4 x 10-6
-
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arterial
venous
Oxytocin
,,
male
,,
female, nonlactating
,,
female, pregnant 33-40 wks
Pancreatic polypeptide
Pantothenic acid (Vitamin B5) Para-aminobenzoic acid
Parathyroid hormone (PTH)
Pentose, phosphorated
Phenol, free
Phenylalanine
Phospholipid
Phosphatase, acid, prostatic
Phosphorus
inorganic, adult
II
inorganic, children
II
total
Phytanic acid
Platelets (#/cm3):
range
median
Platelet Derived Growth Factor Polysaccharides, total
Potassium
Pregnenolone
Progesterone (male)
Progesterone (female)
II
follicular
,,
midluteal
II
pregnancy, weeks 16-18
II
pregnancy, weeks 28-30
pregnancy, weeks 38-40
Proinsulin
"
fasting
,,
mean
Prolactin (male) <20 x 10 -9
while awake
',
during sleep
Prolactin (female)
,,
follicular
luteal
Proline
Prostaglandins
,,

II

II
II

/I

II

II
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2.4-3.2 x le
1.6-2.3 x 104
1.5-4.5 x le
3-4 x 10-8
7-10 x 10-7
8-12 x 10-6
2.25-2.85 x
2-3.9 x 10-5
3.5-4.3 x 104
1.4-4.4 x 108
2.5 x 108
1.6-2.4 x 1 0"3
-

3.9 x 10 -6
1.6 x 10-6
2 x 10 -12
2 x 10-12
32-48 x 105-20 x 10-11
6-35 x 10-8
2-4 x 10-10
2-2.3 x 10-5
1.1-4 x 10-5
5-12 x 10-5
<3 x 10 -9
2.3-4.5 x
4.0-7.0 x
1-1.5 x 10 4
<3 x 10-6
•
•

5.0 x 10-8
7.3-13.1 x
1.4-2.2 x
3-20 x le °
12-20 x 10-

0.4-0.9 x
7.7-12.1 x
30-66 x 10 -9
70-126 x
131-227 x
0.5-5 x 10 1.42-1.70 x
1-7 x 10-9
9-20 x 10-9
<23 x 10-9
5-40 x 10-9
1.2-5.7 x
-

,,
,,
,,
,,

PGE
PGF
15-keto-PGF2a
15-keto-PGE2
Protein, total
Protoporphyrin
Prostate specific antigen
Pseudoglobulin I
Pseudoglobulin II
Purine, total
Pyrimidine nucleotide
Pyridoxine (Vitamin B6)
Pyruvic acid
RANTES
Relaxin
II
day <100 preparturition
,,
day 100 to 2 days preceding
,,
day preceding parturition
,,
day following parturition
Retinol (Vitamin A)
Riboflavin (Vitamin B2)
RNA
Secretin
Serine
Serotonin (5-hydroxytryptamine)Silicon
Sodium
Solids, total
Somatotropin (growth hormone) Sphingomyelin
Succinic acid
Sugar, total
Sulphates, inorganic
Sulphur, total
Taurine
Testosterone (male)
"
free
II
total
Testosterone (female)
"
free
,,
total
,,
pregnant
Thiamine (Vitamin B1)
Thiocyanate
,,
nonsmoker
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1.9-2.1 x 10-1
2.7-6.1 x 10-7
0-5 x 10-9
9.5-11.5 x 1W
2.6-4.6 x 10-5
3-10 x 10-6
1.5-6 x le
5-8 x le
1.55-1.81 x
1.4-2.95 x 1W
2-2.5 x 104
1.5-1.85 x 1W
7-11 x 104
3.8-5 x 1W2
3-10 x 10 -8
5-14 x 1W6
-

3.55-4.15 x
1.26-1.56 x
5 x 10-10
<5 x 10 -11
6.0-8.3 x
8-19 x 10-3
2-8 x 10-3
2-12 x 10-7
3.6-90 x 1W
3-12 x 10-6
7 x 10-"
<2 x 10-9
5-40 x 10 -9
100-200 x
<2 x 10-9
1-8 x 10-7
2.6-3.7 x
4-6 x 10-5
2.9-4.5 x
3-20 x 10-6
0.8-2.1 x
2.2-5.7 x
3.1-3.4 x
8-9 x 10-2
4-140 x 1W
1-4 x 104
5 x 10 -6
8-12 x 10-6
3.1-3.8 x
3-21 x 10-6
5.6-10.2 x
275-875 x
0.24-0.38 x
23-75 x 1W
38-190 x
1-9 x 10-8
1-4 x 10-6

II

Threonine
Thyroglobulin (Tg)
Thyroid hormones
Thyrotropin-releasing hormone
Thyroxine (FT4)
,,
,,
Thyroxine-binding prealbumin
Thyroxine-binding globulin
Tin
alpha-Tocopherol (Vitamin E)
Transcortin
vi

,,
Transferrin
,,
II

"
Triglycerides
Triiodothyronine
II

,,
Tryptophan
Tyrosine
Urea
Uric acid
,,
,,
,,
Valine
Vasointestinal peptide (VIP)
Vasopressin
,,
,,
Zinc

3-12 x 10-6
1.3-2 x
0.9-3.2 x
<5
x 10 -8
4-8 x 10-8
5-60 x 1042
8-24 x 10-12
4-12 x 10-8
2.8-3.5 x
1.0-3.4 x
0-4 x
0-1 x 10-7
5-20 x 10-6
1.5-2 x 10 -5
1.6-2.5 x
1.3-2.75 x
2.2-4 x 10 -3
1.8-3.8 x
8.5-23.5 x 10- 2.5-30 x 1W
2.3-6.6 x
0.75-2.50 x
9-30 x 10-6
5-10 x 10-6
4-25
x 10-6
8-14 x
2.8-4 x 10-4
2-4 x 10-4
6-49 x 10-6
2-7 x 10-5
3.5-7.2 x
2.6-6.0 x
2.0-5.5 x 10-5
1.7-4.2 x
2-2.9 x
6-16 x 1012
4.5 x 10-13
3.7 x 10-12
5-13 x 10-6
7-15 x 10-7

smoker
free
total
male
female
newborn
adult
age >60 yrs
free
total (T3)
child
adult, male
adult, female
hydrated
dehydrated
-

le

le

le

le

Normal test result values are expressed as a reference range, which is based on the
average values in a healthy population; 95% of healthy people have values within this
range. These values vary somewhat among laboratories, due to methodology and even
geography. Blood tests and blood testing methods and quality vary widely in different parts
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of the world and in different parts of many countries, due to the characteristics in the
population. Both racial blood differences and ethnic blood characteristics are among other
factors.
American blood laboratories use a different version of the metric system than does
most of the rest of the world, which uses the Systeme Internationale (SI). In some cases,
translation between the two systems is easy, but the difference between the two is most
pronounced in the measurement of chemical concentrations. The American system
generally uses mass per unit volume, while SI uses moles per unit volume. Since mass per
mole varies with the molecular weight of the substance being analyzed, conversion between
American (As shown in Table 1.2) and SI units requires many different conversion factors.
The list of blood components and their concentrations are recorded in the Table 1.3.
(Source: Wikipedia Foundation, Inc.) Also there are three blood test "normal ranges."
1.3.1 Normal Range Results
The results of virtually all blood tests ordered in a report are compared to "normal
ranges" as provided on a "Lab Results Report." If your tests indicate that you are within the
normal range, you are most often considered normal. A "normal" blood test result does not
necessarily mean that you are healthy. The problem with this lies in how "normal ranges"
are determined at that particular blood testing laboratory.

1.3.2 Optimum Range For Localized Population
In our opinion, every blood test result must be compared to the blood test result
scores other than the accepted lab "norms." Your potential statistical best possible blood test
ranges must be considered. These blood test range "best" results should be interpreted by
considering to your physiology and unique biochemistry such as your height, weight, age,
gender, health history, since childhood. Further, the inter-relationship with your other blood
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test scores must be considered. One imbalance often causes another. Blood test range scores
outside your unique blood test range results can be affected by sleep, diet, exercise,
medicines, and vitamin supplements.

1.3.3 Your Personal Norms
Your blood test score, chronicled over time, will vary by few points, one way or the
other. These blood test results, considering sleep, diet, exercise, medicines, and vitamin
supplements, etc. will most certainly vary. Each person on any given day will have his own
set of blood test results.

1.4 Socio-Economics Of Diabetics

Socio-economic status (SES) and its constituent elements are accepted as being
determinants of health. There is considerable evidence to show that poverty is associated
with shorter life expectancies and increased mortality, particularly cardiovascular
mortality12. Significant socio-economic gradients have been shown in the prevalence of
several cardiovascular disease risk factors, including diabetes. Diabetes may be upto two
times more prevalent in low income populations compared to wealthy populations 13 . In
patients with diabetes, low income is associated with an increased rate of hospitalization for
acute diabetes related complications. Booth and Hux 14 demonstrated that, even within a
universal health care system, the least affluent patients were admitted to hospital 43% more
often than the wealthiest patients. They also identified lack of physician directed ambulatory
care as a major determinant of hospitalization in patients with diabetes.
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India has a huge population, in excess of one billion people and a growing middle
class with access to high quality healthcare. Conversely, in this geographically vast country
plagued by natural disasters, the majority of the population is both rural and poor. Leading
business and healthcare providers are also striving to make India an international health
resort, with an airport to airport concept of health tourism. In 2004, the Maharashtra state
government established a Medical Tourism Council to try to attract more foreign medical
patients, the main incentive being India's comparatively low costs, quoted at around one
fifth of those in the West. But, India is a country of extremes and developments at the top of
the market are unlikely to filter through to the public health system. The vast majority of the
Indian population is both rural and poor, although urban poverty is also a problem. Modern
healthcare technology and western style pharmaceuticals are not even an issue for millions
of people. On a national level, the Indian health system is ill-equipped to cope with the
rising number of elderly, and the changing disease patterns, with an average of just 0.7
hospital beds and 0.6 physicians per thousand. India faces the continuing challenge of
fighting infectious diseases like malaria, tuberculosis and leprosy alongside increases in
lifestyle related problems faced by the developed world, such as cancer, cardiovascular
disease and diabetes.
The best opportunities for foreign manufacturers are in the private sector,
particularly for high quality products that represent value for money, although competition
is fierce and the high- tech end of the market is dominated by multinationals with extensive
service networks. At the other end of the scale, the low to mid tech end of the market will be
met mainly by the domestic industry 15 .
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1.4.1 Diabetics Breakdown Worldwide
Blood tests must be performed in very large numbers and therefore automated
methods of performing these tests have found widespread acceptance and a wide variety of
special instruments have been developed for this purpose. It may be noted that out of 17 %
medical technologies are in In-vitro diagnostics (IVD) i.e. 20-30 % are nucleic acid test and
10-20 % is blood glucose (Merrill Lynch, 2005).
Since diabetes touches almost every family at some time, most people are familiar
with the long-term complications of the disease: eye damage, kidney damage, loss of feeling
in the extremities, slow healing of wounds and frequently, amputations of toes, feet or legs;
and often most seriously, cardiovascular disease. If patients adhere strictly to a proper diet,
exercise, medication and make frequent measurements of blood glucose, they are able to
maintain their health, and indeed, lead relatively normal lives. Diabetes currently
affects 246 million people worldwide and is expected to affect 380 million by 2025. In
2007, survey shows that India has largest numbers of people with diabetes (40.9 million)
followed by China (39.8 million), the United States (19.2 million), Russia (9.6 million)
and Germany (7.4 million) 16 , 17 , 18

19
,

,.

By 2025, the largest increase in diabetes prevalence

will take place in developing countries that is due to socio-economic disparities in the world
and diabetes is more due to stress and associated life style. Diabetes is the sixth leading
cause of death in the United States and a leading cause of heart disease and stroke. Every
10 seconds a person dies from diabetes-related causes. Every 10 seconds two people
develop diabetes [IDF, International Diabetics Federation]. WHO estimates that diabetes,
heart disease and stroke together will cost about: $555.7 billion which is a loss in national
income in China over the next 10 years, $303.2 billion in the Russian Federation, $333.6
billion in India, $49.2 billion in Brazil, $2.5 billion even in a very poor country like
Tanzania [IDF]. Approximately 6.2 million people are unaware that they have diabetes.
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Diabetes was the cause of approximately 2.3 million hospital admissions, 14 million
hospital days, and 70 million nursing home days in 199720 .
If simple, inexpensive, reliable tests were available, they could make those
measurements as better and as often as required. This implies the potential for the blood
glucose analysis. Hence Glucose was identified as a constituent of the human whole blood
for analysis.

1.5 History Of Blood Glucose Monitoring
The disease has been known since ancient times, as high levels of blood glucose will
also cause the kidneys to deposit glucose into the urine, it's said that the Chinese used to
test for the disease in ancient times by seeing if ants were attracted to sugar in a patient's
urine. Testing urine for glucose as a diagnosis for diabetes has been done for over a century
(before modern chemical techniques, tasting of a urine sample was even considered a valid
test), but allowing patients to test their urine as a means of monitoring blood glucose is
more recent. In 1941, the Ames Division of Miles Laboratories (the division name
reportedly came from that of the president, a physician named Walter Ames Compton), in
Elkhart, Indiana, introduced a tablet based on a standard test for certain sugars involving
copper sulphate, called Benedict's solution. One of these "Clinitest" tablets could be added
to a few drops of urine, and the resulting colour, from bright blue to orange, compared to a
series of printed colours on the instruction sheet, and the approximate level of glucose in the
urine estimated. * Urine testing for glucose, however, has very serious problems. When a
person first develops diabetes, the level of glucose in urine is a reasonable indication of

* Believe it or not, these tablets are still available even after sixty years, although it's likely that, in the U.S. at
least, more of them are used in commercial wineries to detect small amounts of sugar in wine than for urine
glucose testing.
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excessive amounts in the blood; however, because both normal and low blood glucose
levels result in no glucose in urine, it is never possible to assess low blood levels using urine
tests. As the disease progresses over time, it becomes much less reliable as a marker of high
blood glucose. Even otherwise, it's never an accurate measure, and even though improved
testing devices ("dipsticks") have been developed over the years, it's never been more than
a "semi-quantitative" test.

The major limitation to this approach, aside from the timing and manipulation
involved, is that visual acuity and the ability to perceive colour accurately decreases with
age. And since people with diabetes are especially prone to cataracts, those who most
needed to perform the test were least able to perform it without assistance.

As it turned out, strips `Dextrostix' were good enough that better accuracy could be
obtained by making an electronic measurement of the amount of colour in the strip, and at
least three meters were developed to do so. The first was developed at Ames by Anton
Clemens and called the Ames Reflectancet Meter, or A.R.M. According to interviews with
Clements, he was ordered to drop the project several times but somehow managed to bring
it to the market, and the first electronic blood glucose device could be purchased in about
1970 for about $400. Unfortunately, it had some reliability problems, mostly from its
rechargeable lead-acid batteries, and its use didn't become widespread. The next electronic
strip reader to appear was in about 1972, called the Eyetone, and was manufactured by a

Interestingly, LifeScan's original business plan was to produce test strips for use in meters offered by other
companies. The irony of this became evident when two companies began to sell strips in 1993 that worked in
LifeScan's One Touch meters. Since the strips infringed LifeScan's patents, extended patent infringement
litigation, resulted in their effective removal from the market, but not before one of the companies sold over
$100 million worth of test strips in just a year.
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Japanese company, Kyoto Dai-ichi (which later changed the company name to Ark-Ray). It
also read Dextrostix, but used a plug-in AC adapter for power instead of batteries. In about
1979, Kyoto Dai-ichi introduced an improved Dextrostix meter with a digital readout, called
the Dextrometer. Boehringer Mannheim, which had developed a parallel blood glucose test
strip for visual colour comparison called the Chemstrip bG, kept pace by introducing a
meter to read the strips, the Accu-Chek bG in about 1982. An early version (that may have
read an earlier version of the strip) was developed by the BioDynamics company in
Indianapolis and introduced as the StatTek in 1974, and the company was quickly
purchased by Boehringer. The Chemstrip bG was preferred by many over Dextrostix
because the blood could be wiped off the strip (with a cotton ball) after a minute's contact
instead of washing off with water. Later versions of the meters were called Accu-Chek in
the U.S. and "Reflolux" overseas.

LifeScan entered the market in about 1981, with a meter (first called Glucocheck,
then GlucoScan) developed in England by Medistron and test strips developed in Japan by
the Eiken corporation—the first product in which the meter wasn't preceded by a strip
intended for visual comparison. That product was also intended to have blood washed off
the strip, but on the night before introduction of the product at a national diabetes meeting,
it was discovered on testing the first strips delivered by the reagent manufacturer that the
blue dye formed from glucose also washed off the strip with the blood! Ray Underwood, the
founding vice president of engineering, experimented with blotting paper he found in his
hotel room and found that acceptable results could be obtained if the strip was blotted with
just the right amount of pressure. Some of the early GlucoScan meters had their own
reliability problems, but they sustained the company until it was purchased by Johnson &
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Johnson in 1986 and it introduced radically new technology in 1987 with the One Touch
meter and strip.
The One Touch was the first of what LifeScan termed "second generation" blood
glucose meters, in that no timing, wiping, blotting or washing of the blood was required. A
strip was inserted into the meter, a drop of blood was placed on the strip with "one touch,"
and the result was displayed in 45 seconds. A second meter in this category was unique in
that it used an "electrochemical" measurement (a reaction with glucose in blood that
generated an electrical current related to the glucose concentration) instead of the
"photometric" (colour measurement) approach of all the earlier ones. It was called the
Exactech, with a strip developed in England, manufactured by MediSense, and marketed
originally in the U.S. by Baxter, it came in the form of a either a slim pen or a credit card
sized, thin plastic package. Early versions of the device had both accuracy and reliability
problems, which hampered its early market acceptance.

Meters and strips have continued to evolve, with test times being reduced to only a
few seconds, and blood samples as small as 0.3 microliters (Dextrostix used a drop of about
50 microliters, so the reduction in blood drop size has been about a factor of 150). As it has
been for the past twenty-five years, the market today is dominated by no more than four
players. Today, all are subsidiaries of giant pharmaceutical companies: LifeScan (J&J),
Roche (who bought Boehringer Mannheim in 1998), Bayer (who acquired Miles in 1979,
but only changed the name in 1995), and Abbott, who bought the MediSense (Exactech)
brand in 1996 for $876 million and TheraSense in 2004 for $1.2 billion.

35

1.6 Worldwide Groups Associated With Glucose Monitoring
Because of the market and demand for glucose monitoring due to the surge of the
`diabetes' disease, many technological players put their efforts to design a user friendly
module either in invasive or non-invasive mode. Following are the major groups (Table 1.4)
who tried to establish glucose monitoring due to its potential in physiological
measurements. The said table is categorized under two categories i.e. Invasive and NonInvasive Techniques and different techniques used to achieve the goal.

Table 1.4: Worldwide groups working in Glucose measurements techniques.
Sr.
Invasive
Groups
Portal
No.
Techniques
1
Dermis glucose
Advanced
http://www.advancedbiosensors.com/
BioSensors Inc
2
Blood
glucose Agamatrix Inc.
http://www.agamatrix.com/wavesense continuo
monitoring products
us.shtml
3
R1000 insulin pump Animas Corp
http://www.animascorp.com/products/pr glucos
esensor.shtml
4
Opto-electronic
Gluko MediTech http://www.pagebleu.com/stratcom/levell/prodl
AG,
298.htm
5
Glucose-sensing
GluMetrics LLC
http://www.glumetrics.com/.
polymer
6
Implantation under GlySens Inc.
http://wwwjacobsschool.ucsd.edu/alumni/profil
the skin
es/winter99.shtml
7
GlucoPack, can be HealthPia
http://www.healthpia.us/
Fitted onto regular America
cell phones
8
GM
300
blood Invictus Scientific http://invictusscientific.com/
glucose meter
Inc.
9
Minimally-invasive
iSense Corp.
http://www.isensecorp.com/
continuous glucose
sensor
10
Micro-needle
Kumetrix Inc.
http://www.lein-ad.com/
11
Minimally invasive
MicroSense
International LLC
12
Carbon
nanotube MysticMD Inc
http://www.mysticmd.com/.
technology
13
Dual
electrode Nellcor
US Patent application 20070032717
system
14
Microsensor
for Osmolife A/S
http://www.lifecare.no/
injection under the
skin
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15
16

17

18
19
20

21

22

1

2.
3.
4.
5.
6.
7.

8.
9.
10.
11.

12
13

Highly
integrated
blood glucose
Sensor injected into
the fatty layer

Pelikan
http://pelikantechnologies.com/
Technologies Inc
Sensors
for http://www.s4ms.com/
Medicine
and
Science Inc.
A glucose biosensor Sontra
Medical http://www.sontra.com/
patch with RF Inc.
transmitter
Interstitial fluid
SpectRx Inc
http://www.spectrx.com/
Implantable glucose Synthetic Blood http://www.sybd.com/
biosensor
International
Non-toxic
Technical
http://www.techchem.com/
Chemicals
&
Products Inc.
Disposable,
TheraSense Inc
http://abbottdiabetescare.com/freestylenavigator/
miniaturized
qa.aspx.
electrochemical
sensor
Implanted glucose Zyvex
sensor
Corporation
Non-Invasive
Groups
Portal
Techniques
Onset
of AiMedics Pty Ltd AiMedics.com
hypoglycemia
in
people with type 1
Glucose monitor
Argose Inc.
Innovative method
ArithMed GmbH http://www.arithmed.de/
Radio waves
Bioject Inc.
http://www.bioject.com/
Diasensor 1000
Biocontrol
Technology Inc.
Glucose monitoring Biopath Research
Inc.
Fusion
Sensor Biopeak
http://wvvw.biopeak.com/
Technology
Corporation
Blood
monitor
Optical
sensor
Glucoband

glucose Biosign
Technologies Inc.
glucose BioTex Inc.

http://biosign.com/
http://www.biotexmedical.com/

Calisto Medical http://www.calistomedical.com/eng/?p=main
Inc.
Mid infrared sensing Cascade Metrix
Cascade Metrix
technology
and
microfluidic blood
sampling
Laser
finger Cell
Robotics http://www.cellrobotics.com/lasette/home.html
perforator
International Inc.
Non-invasive
Chemlmage
http://www.chemimage.com/
biochemical analysis Corporation
37

14

Contact lenses

CIBA Vision

15

Optical
hypoglycemia
detector
Radio frequency

Cybiocare

16

18
19

20
21

22
23

24
25
26
27
28

29
30

31
32

http://www.msnbc.com/news/591718.asp?Odm=
C 12LH#BODY.
http://www.cybiocare.com/index.html

Diabetex
International
Corp.
Continuous
blood Diametrics
glucose monitor
Medical Inc
Spectroscopic
Fluent Biomedical
techniques
and Corp.
signal
analysis
methods
Optics based
Fovi Optics Inc.
( Eye) Freedom
Ocular
glucose
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1.7 Review Of Blood Analysis Techniques
1.7.1 Spectroscopic Techniques
Spectroscopic techniques are used to determine the presence or concentration of a
substance by measuring how it interacts with light. When light is absorbed while passing
through a material, the amount of depletion of the light is measured and is termed
"absorption." (This is the inverse of the amount of light passed through, which is referred to
as "transmittance"). Under certain circumstances, substances can also give off light, and this
is called "emission." When the amount of absorption, transmission, or emission is plotted
against wavelength, the resulting curve is referred as "spectrum." Each material shows a
specific and reasonably unique spectrum, depending on its chemical structure, physical
state, and temperature, but the amount of information contained in the spectrum can vary
tremendously from one region to another.
In the near-infrared (IR) or in the mid-infrared ( MIR) region, water has a very
intense absorption, and small amounts of it can be easily detected. Most of the tissues of the
body are too thick to make reliable transmission measurements at the wavelengths that need
to be used for glucose, so an alternative technique called "reflectance" is employed. Here,
the light is directed at the surface of tissue, travels some distance into it, and some (usually
small) percentage back-scatters. To complicate matters, there are several kinds of
reflectance: "specular" reflectance, where the light bounces off a shiny surface, as in a
mirror, and "diffuse" reflectance, where the light is scattered before it comes back. Glossy
white paint acts a lot more like a mirror, and the light primarily bounces off at the same
angle it hits, resulting in specular reflectance. Flat white paint on a smooth wall yields
diffuse reflectance with a reflectance profile termed "lambertian," where the reflected light
is distributed over a full 180 degrees from the surface. Tissue is even more complex, since
light penetrates to a depth where there are many surfaces (collagen fibers, cells) which
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scatter the light, and the result is a kind of a "glowball" of reflected light that comes layers
beneath the skin. The technique is complicated because the top surface of the skin also
exhibits some specular reflectance, and since this light has not interacted significantly with
the tissue, it contains almost no information about glucose.
1.7.1.1 NIR Technique
Perhaps the most frequently-attempted region (and most trouble-plagued) is nearinfrared spectroscopy. As anyone knows who has held a flashlight under his fingers in a
dark room, red light (and the invisible band just above it in wavelength called "nearinfrared" light) will pass through a considerable thickness of skin and tissue. The light that
gets through contains the signature of various constituents during the passage.
Light of higher wavelength, usually termed "MIR" is strongly absorbed by water,
which constitutes a very large percentage of all tissues and generally cannot penetrate to
greater depth. In an incredibly cruel trade-off by Mother Nature, the mid-infrared region is
quite sensitive and contains a great deal of information about the structure of chemical
compounds, so much so that it is often termed the "fingerprint" region of the blood
spectrum.
The NIR region, where light does penetrate tissue to a reasonable extent, has more
of what might be called "glimmers and ghosts" of structural information--technically, the
bands here are called "overtone and combination" bands, and their intensity is greatly
reduced below those in the MIR. For practical purposes, NIR light is defined as
wavelengths of light between 700 nm and 2500 nm, so this is the same as 0.7 to 2.5 pm or
"microns."
Visible light, generally considered being 400 to 700 nm, but the region below 700
nm contains almost no glucose information, and can safely be eliminated in the search for
glucose. The ultraviolet region below 400 nm is even more opaque, and almost no light at
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these wavelengths can pass through the tissue. Not only is more of the light absorbed by the
tissue, but a great deal of it scatters.
In addition to the difficulties described above in getting light into and out of the
tissue, there are two other very serious problems that complicate measuring glucose in the
NIR. First, because the signal related to glucose is quite weak, researchers working in this
area have to rely on sophisticated mathematical techniques to establish correlation between
their measurements and reference values. Known to chemists as "chemometrics" and to
mathematicians as "multivariate techniques", these approaches generally try to separate the
variation within a data set into a series of components or curve shapes which account for
decreasing amounts of the observed variability. The need for such techniques indicates a
relatively weak or obscure relationship between the measured data and the results sought,
does not disprove the existence of relationship. It does, however, indicate that there are
many other variables that must be controlled in order to correlate the variants.
For instance, a data set obtained with a group of subjects ( a "model") might show
reasonable correlation on the day the results were generated. Applying that same model to
data for one of the subjects obtained on a different day, when conditions or the patient's
chemistry has changed, could give a glucose result of minus 2,000 mg/dl— clearly not a
meaningful result, and a good indication that some essential parameters are missing from
the calibration model. Second, while glucose is the primary fuel and circulates in perhaps
the highest concentration of any sugar-like molecule, there are hundreds of "poly-hydroxy
carbon compounds" in the body (both inside and outside cells) that are structurally similar
to glucose and, therefore, have strong spectral similarities. Like glucose, these substances
vary in concentration—some in concert with glucose, some in inverse relationships, and
some randomly.
1.7.1.2 Mid-Infrared Emission
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Any material with a temperature above absolute zero emits "blackbody" radiation,
and the wavelength region is determined by the object's temperature. It is known that,
"people" are listed as a source for energy in the infrared, with a spectrum peaking at about
10,000nm. Since the glucose molecule both, absorbs and emits in this region (even though
we can't get the light to penetrate skin very far for absorption measurements), there is a
possibility that variations in the amount of emitted light could contain glucose information.
An early investigator who proposed this was Jacob Wong of Santa Barbara, California.
1.7.1.3 Emission spectroscopy (Raman Or Fluorescence)
These are very exotic spectroscopic techniques that attempt to use the interaction of
two wavelengths of light in either the NIR or MIR regions. They have been investigated by
researchers at Georgia Tech, and by Jacob Wong.

Raman spectroscopy has been used mainly for vibration band assignment and
qualitative analysis. Instrument complexity and difficulties with calibration delayed its
acceptance as a quantitative analytical tool 21 '22 . The advent of holographic optical elements
and charge-coupled device cameras has allowed the design of fast Raman spectrometers
with which the spectrum is acquired over a wide range of wave numbers and averaged in S
30 s. Chemometric methods has allowed ease of generating training sets for subsequent
prediction of concentration. Long wavelength solid state lasers have help shifting the
excitation wavelength to the NIR, thus reducing the fluorescence background from
biological samples. These advances in hardware and data analysis methods made the
measurement of the concentration of a weak Raman scatterer with a lowest limit of
detection (LOD) comparable to other spectroscopic techniques 23 .

Raman spectroscopy offers several advantages for measurement of glucose. Raman
bands are specific to glucose molecular structure, the fundamental vibrations are monitored
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in Raman spectra and thus are sharper and have less overlap compared with near-IR
combination bands, and water has a low Raman cross-section as opposed to its high IR
absorption. It is possible to detect glucose by monitoring the 3,448 nm C-H stretch band or
the C-0 and C-C stretch Raman bands at 11,111-8,333 nm, which represents a finger-print
for glucose.

1.7.1.4 Terahertz Spectroscopy
Most higher wavelengths have been ignored, with the exception of what is now
termed "terahertz spectroscopy." With a wavelength range between about 10,000,000 and
100,000nm , this region can yield meaningful data for pure compounds or mixtures in large
amounts, but has yet to be applied successfully to complex biological samples (researchers
at Cambridge University are the only ones who've discussed using it for glucose), and the
Spire Corporation in Massachusetts is exploring it for glucose measurements.

1.7.1.5 Photo-Acoustic Spectroscopy
This is a scientifically fascinating, but so far not practically useful technique.
Developed by Alexander Graham Bell in the 19 th century, it has been largely a solution
looking for a problem since that time. Briefly put, when materials absorb visible light, they
give it off as heat, through an energy conversion system called "vibronic coupling," where
light (more energetic photons) absorbed by a material is given off as infrared or heat energy
(less energetic photons). Modern systems use pulsed laser light, which is much more
intense, and also use more sophisticated signal processing techniques to determine the
presence or measure the concentration of a substance. Perhaps because of its exotic name,
this technology has been explored by the following groups: Herriot-Watt University in
Edinburgh, Scotland; Richard Caro at Sirraya in San Francisco; the Oulu University in
Finland; TRW (now Northrup-Grumman); Fluent Biomedical; Glucon and Nexsense, both
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based in Israel, and most recently, Samsung Electronics of Korea. Plus ca change & plus
c'est la meme chose—on March 10, 2005, a U.S. patent application 20050054907A1, based
on photoacoustic spectroscopy was published (possibly from Fluent Biomedical), and it
included the illustration of a wristwatch glucose meter.
1.7.1.6 Optical Rotation
While glucose has no colour in the visible region, it has a characteristic shared with
some other organic molecules, (and a few inorganic ones) that allows it to rotate polarized
light. The amount of rotation of light by a compound is called its specific rotation, and for
glucose, the value is +56.2 degrees (g/d1)-1 dm-1, and this means that a concentration of one
gram of glucose in one deciliter (100 ml), with a path length of one decimeter (10 cm or 100
mm), will rotate plane polarized light to the right by 56.2 degrees. One g/100 ml is a factor
of 10 higher than normal glucose levels of 100 mg/di (1000 mg/1), so normal glucose levels
would rotate the light by only 5.6 degrees with a path length of 100 mm. Since a normal
path length in living tissue (or the eye) is about one or two mms, it's necessary to divide by
another factor of 100 to get the amount of rotation in one mm: 0.056 degrees for the entire
signal. Detecting a change in concentration of 1 mg/di would require an accuracy of
measurement of 0.00056 degrees. This is a very small amount of rotation, but this limitation
has not deterred the determined. The most common place to look for glucose with this
technique (and probably the most pursued of any noninvasive technique), is in the anterior
chamber of the eye (the space between the cornea and the iris), where a fluid exists that is
still known by the archaic name of "aqueous humor." Because the cornea is transparent, it is
theoretically possible to pass polarized light through it to measure how much it is rotated by
glucose present in the fluid (although the measurement is also complicated by the cornea,
since it is "birefringent," which means that it exhibits multiple refractions of polarized light
and scatters the light into two paths) 24.
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Perhaps, more importantly, there are dynamics of formation and mixing of the
aqueous humor that dramatically complicate any measurement for glucose made in this
medium. This means that the amount of fluid produced per minute is approximately one one
hundredth the total volume of the aqueous humor, and the glucose concentration of the
aqueous humor changes at most one one-hundredth as fast as that of the blood. The
calculations that give the amount of time for a new blood glucose value to equilibrate in the
aqueous humor are complicated, but the result is a delay of about 45 minutes to one hour
between a measurement of glucose in blood and a valid glucose reading in the anterior
chamber, which would be much too long a delay for a person whose glucose level was
approaching dangerously low levels. Therefore, even if the glucose inside the anterior
chamber could be measured accurately (and so far, no one has managed accurate
measurements in over thirty years of pursuit), it almost certainly wouldn't yield clinically
acceptable glucose monitoring results. However, this longest lived of approaches has been
explored by at least the following groups (besides March and Quandt): Gerard Cot63 and
Martin Fox (University of Connecticut and University of Texas), Tecmed, Ed Stark,
Vitrophage, Roche Diagnostics, and Abbott. Related technologies, based on variations in
refractive index rather than optical rotation of the aqueous humor, are being pursued by
Visual Pathways in Prescott, AZ, Ansari (U.S. Patent 6704588) and by Lein Applied
Diagnostics in the UK. It has often been suggested that contact lenses which change colour
(or alter their fluorescence) would be an ideal noninvasive monitor. Because the only
sources of glucose to a contact lens are aqueous humor (from the inside, through the cornea)
and tears (from the outside), even if suitably non-irritating materials could be found, it is
unlikely that they would have either the sensitivity or response time to be suitable for
tracking changes in glucose. Several patents have appeared, but no working prototype to
date.

47

The perceived simplicity of this approach has lured at least two groups (Electrooptical Laboratories in Tennessee; Sunshine Medical in Northern California) into the
exploration of optical rotation of light by glucose in tissue. However, every time light
reflects (scatters) from a surface there is a change in polarization of light, and after a very
short passage through tissue, the polarization of the light is random and chaotic. Neither
company was able to achieve acceptable results.

1.7.1.7 Light Scattering

When light passes through tissue (or is directed into it and bounces back out as a
reflection), it is strongly scattered, and if a specific beam of light is incident on the tissue the
scattered rays will have characteristics of complex nature. The researchers have been trying
to exploit, in particular, interaction based on a single phenomenon: wherein the scattering
occurs at the interface between cells and the interstitial fluid in which they are bathed. To a
large extent it is based, on the difference in refractive index between the fluid and the cell
wall, the refractive index of the fluid depends on, among other things, the amount of
glucose present. In this approach, as glucose concentration increases, the refractive index
rises closer to that of the cell wall, and the scattering decreases. The major drawback is that
many other substances change in concentration as much as glucose and those variations also
cause changes in the refractive index of the fluid. The measurement is particularly sensitive
to tissue hydration, and since edema (swelling) is a common symptom of people with type 2
diabetes, this seriously interferes with the reproducibility of the measurement. A slight
variation of this theme has been employed by a company named Orsense 25 . They stop the
circulation in a finger for a short time, and watch scattering changes over time caused by a
proposed agglomeration of the red cells inside the blood vessels. A later version, also based
largely on scattering, is sometimes called "time of flight" scattering, and has attempted to
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separate the photons that went straight through tissue ("ballistic" photons) without being
scattered, and should therefore contain less glucose information, from the other photons that
bounced around more and interacted with glucose-containing tissue. This has given a boost
in recent years by the availability of Optical Coherence Tomography (OCT) systems which
effectively separate photons based on the distance or the time they have traveled. Several
patents have appeared, but no clinical results have yet been presented.

1.7.2 Trans-Dermal And Trans-Membrane Techniques
1.7.2.1 The Retina
If the eye is the window to the soul, why not the same be the best place to find
glucose? In addition to the aqueous humor attempts, the optical clarity of the eye has
tempted many investigators to seek glucose there, especially in the retina. Attempts to make
near infrared measurements of glucose in the retina have produced universally discouraging
results, and also the attempts to find glucose within the blood vessels visible on the retina
have not yielded any success. There are several major complications, such as limitation to
the amount of light that can be safely put into the eye, and only a fraction of one percent of
the light is reflected from the retina or its vessels. More significantly, in order to make a
glucose measurement in retinal vessels (this would almost certainly be a spectroscopic
method, and most likely NIR), it is necessary to look at the path the measuring light would
need to travel and what it holds. The light must pass through several millimeter of the
aqueous humor, where the glucose is likely to vary somewhat more slowly than in blood,
and varies much more slowly in 20 ml of vitreous humor. Finally, the regions of the NIR
spectrum that are most specific for glucose are wavelengths where the allowed intensity in
the eye is severely restricted by safety considerations. An interesting approach, also
sponsored by LifeScan, was investigated by RetiTech. They speculated that, because the
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human vision processing system is a combination of motion detection system and a colour
and fine detail processing system. There could be a difference in the perception at different
glucose levels. The technique employed is a computer-generated rotating coloured patterns,
which is effective for patients with higher glucose levels, but not with satisfactory
resolution for accurate measurements. Advanced methods, but still related to the eye, are
techniques that have been patented which make use of vision changes to estimate glucose.
After many hours of high glucose levels, the lens of the eye swells and changes the focal
point of the eye. An early approach used a series of parallel lines with varying separation to
estimate the glucose level—the smallest pair that the user could resolve was the
approximate glucose level. Others (U.S. Patent 4750830—Lee and U.S. Patent 6442410—
Steffes) have made measurements of the refractive correction of the eye and related that to
glucose levels. Unfortunately, this approach seems to work effectively only at high levels
(and after quite a delay), and has not yet been found to be accurate enough for general use.

1.7.2.2 Transdermal
This is another non-invasive technology, developed at the University of California,
San Francisco and Cygnus Therapeutic Corporation in Redwood City, CA, and had nothing
to do with light. Rather, the approach measured sugar levels transdermally with a device
called a GlucoWatch. The process, called reverse iontophoresis, used an electric current to
extract glucose molecules out of the body. Originally, this electrotransport technology was
developed to deliver drugs transdermally into tissue by enlarging the pores to allow large
drug molecules to pass through. The non-invasive monitor included a sensing pad termed a
GlucoPad that adhered to the skin. It was placed on the back of the GlucoWatch to measure
and read sugar levels electrochemically. Cygnus envisioned that the pad would be replaced
daily, but during each day, the watch would allow for continuous monitoring of glucose
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levels. It was the only device broadly described as "noninvasive" to be approved by the
FDA, but only for supplemental use in conjunction with another conventional glucose
monitor. In 2001, headlines like the following appeared: "Washington — Diabetics are
about to get a science fiction-like way to measure their blood sugar painlessly". The
government approved a wristwatch-looking device that uses tiny electric currents to monitor
diabetes." The reality of the device was quite a bit different from the advance press. The
amount of current required to pull glucose out of the skin was enough to cause reddening
and burning of the skin (sometimes even blisters), and the accuracy was not good enough to
allow it to be used reliably, even as an alarm for low glucose values. The product is no
longer manufactured, the company went bankrupt, and its assets were eventually sold for
$10 million to Animas, an insulin pump company that had abandoned its own glucose
monitoring system (an implanted optical sensor that tried to measure glucose from a
surrounded blood vessel) a few years before. Animas was bought by Johnson & Johnson in
2005.

1.7.2.3 Subdermal
Companies or groups have investigated the use of a "reporter molecule," placed just
under the skin, which are sensitive to glucose and reports the concentration by changing
colour or varying its fluorescence. The contributors were Sensor Technologies, Sensors for
Medicine and Science ("S4MS"), BioPeak, MiniMed, Glumetrics, Becton- Dickinson,
Precisense, Gerard Cote, Motorola and Argose 26. The idea sounds great—just a tattoo or
minor injection of a substance under the skin, then a sensing device can read the amount of
glucose by shining light through the skin and measuring the response. The practical
complications are similar to those that have plagued investigators who have tried to develop
long-lived in-dwelling sensors—anything inserted into the body that is not rejected by the
immune system (an "immunogenic response") will be incorporated by the organism
-
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surrounding it with a coating of protein ("foreign body response") with two problems for
glucose measurement. It can either reduce the access of glucose to the sensing material
(which will increase the response time to changes in glucose, or reduce the concentration of
glucose that the sensor "sees"), or it can decrease the amount of light that passes into it or is
transmitted back out of the reporter. In every case so far, the result has been that the lifetime
of the material in the body is limited, and the accuracy degrades over the period of a few
days. And when a "noninvasive" measurement device requires frequent recalibration using
an invasive device, it quickly loses its appeal to the user. A further complication is
introduced by the variable reflectance of skin, requiring precise alignment between the
reader and the skin area to be read. Although it's easy to underestimate them during the
early, enthusiastic years, the practical complications of a requirement like this need to be
considered when assessing how well patients would be able to use a device in the home.

1.7.3 Techniques using Body Extracts
Glucose measurements were tried non-invasively for the extracts produced in
relative abundance and easily accessible like saliva, sweat and tears, Ear wax and "nasal
exudates". The later two are not valid markers of glucose, primarily because of the time
period over which they are produced and the fact that they're not always available for
examination.

1.7.4 Bio Electromagnetic Resonance
-

Possibly because it seems mysterious, or because it seems extremely scientific,
impedance measurements using radio frequency (or other frequency ranges) have appeared
occasionally over the years. One group in Switzerland, Pendragon 27, made a big splash and
presented several posters at scientific meetings before crashing in flames when the
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technique was shown not to provide reproducible results. Another that has recently appeared
is the Glucoband being developed by Calisto Medical28. It uses bio-electromagnetic
resonance phenomenon (a previously unknown effect) and will be in the form of a
wristwatch, should it come to reality. Bio-Electromagnetic Resonance (BEMRTM)
technology is based on the detection of a change of electrical impedance in the human body
caused by an externally applied glucose-specific electromagnetic wave ('glucose signature').
Each concentration of Glucose solution has its unique electromagnetic molecular selfoscillation signature-wave - 'glucose signature'. Human body is experiencing BEMR when a
signature-wave matching any internal molecular self-oscillation wave is applied. Due to the
BEMR, the body is changing its electrical impedance. Another player using impedance
measurements (possibly not radio-frequency) is Glucosense in Boston, MA 29. Their
proposed device used an arm sensor.

1.7.5 Microporation
SpectRx, headquartered in Norcross, Georgia, began life as Laser Atlanta, and has
been interested in noninvasive glucose measurements 30. Their first approach, which was
licensed for a time to Boehringer Mannheim (Roche), involved measuring the amount of
crosslinking in the lens of the eye. This process is a consequence of both aging and diabetes,
and they initially thought it might be reversible enough to track glucose levels. Studies
showed that it was essentially irreversible, and could not respond to even weekly changes in
glucose levels, let alone those occurring in just a few minutes. SpectRx has developed a
device called "BiliChek" which noninvasively monitors bilirubin in the skin, especially in
babies with jaundice. Bilirubin (a breakdown product of haemoglobin) can be measured
through the skin because of its intense yellow-green colour. They moved on to a system
they termed "microporation," wherein a laser beam creates very small holes in the skin,
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through which interstitial fluid can be collected and analyzed for glucose with an
electrochemical sensor. It is touted as a "continuous" monitor, but the need to find new sites
to create the holes would not allow continuous monitoring at one site for very long. In
practice, a dye which absorbs NIR light is applied to the skin, and a laser burns off the top
layer of skin. Abbott invested in the technology for a year or two, but apparently decided it
was not a practical approach.

1.7.6. Optical Coherence Tomography (OCT)
This powerful imaging technique, which allows investigators to effectively see
several mms below the surface of opaque tissue, is being explored by GlucoLight in
Bethlehem, PA, under a license agreement from the University of Texas. A number of
patents have appeared with hopeful descriptions of how the technique might allow
determination of glucose, but so far it has not delivered the promised glucose
measurements.

1.7.7 Thermal Techniques
In addition to OptiScan, where the temperature of tissue was manipulated in an
attempt to cause a variation in the optical emission of glucose in the infrared, a number of
patents have appeared, owned by Hitachi, in which glucose is determined by measuring the
temperature of the fingertip, supposedly as a result of variation in metabolic activity with
varying glucose levels. The first to appear indicated that the fingertip temperature would be
a good indication of glucose, the technique is filed by the U.S. patent 6954661.

1.7.8 Evanescent Spectroscopy
Evanescent spectroscopy developed by VivoMedical 31 , works on the principle that
when light is reflected from the interface between any two materials of different refractive
indices, the light penetrates to a depth of approximately one-half wavelength of the light
(for green light of 550 nm, the penetration is about 275 nm into the second material).
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Although this approach has been attempted several times, in Japan and elsewhere, the
thickness of skin everywhere on the body is too great to allow the light to interact with
glucose. The Cupertino California startup called MedOptix (since renamed VivoMedical)
sought to overcome this problem by measuring glucose in the extremely thin layer of sweat
that forms on skin before it evaporates.

1.7.9 Retinal Pigment Regeneration
This method was founded in 1999 by Mark Rice at Fovioptics, a cardiac
anaesthesiologist, and its glucose detection was based on measurement of the regeneration
rate of visual pigment in the retina. The technology was encouraged by the observation that
visual acuity (judged by colour-matching studies following a bright light to bleach the
pigments in the retina) for people with diabetes often returned much faster than for nondiabetics, and that the rate of recovery was variable from week to week. Early results were
equally promising, and allowed obtaining of two rounds of venture capital financing, but
continued investigation showed that the relationship was not robust enough to allow
development of a product with the acute health impacts of a glucose monitor.

1.7.10 Radiomolecular Magnetics
Milton Fuller is an eccentric inventor who felt he would be able to measure glucose
using "microwave spectroscopy," basically by applying microwave energy at various
frequencies to a fingertip, and measuring the amount of energy absorbed or reflected. Since
little is known about the specifics of interaction between molecules in condensed media like
tissue and microwaves, his conjectures were considered viable, if not persuasive. His
research was rumored to have been sponsored at the level of a million dollars by Ames
(Bayer) in 1986 or 1987, and he continued to insist on the sponsorship. Unfortunately, he
was also convinced that one of his researchers had been murdered by a "large corporation"
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just as they were closing in on the solution, and it continued to evade him. The company,
renamed Pindi Products, has maintained a gossamer existence for a number of years after
renaming the technology "radiomolecular magnetics." The technology was at one time
licensed to a company called Diabetex International in Connecticut, but it appears to have
also passed out of existence.

1.8 Noninvasive Glucose: Background And Definitions
As home blood glucose monitoring became more common place from the early
1980s through the early 21st century, there was still resistance to its acceptance by many
people, largely for the reason that, no matter how fast the test or how small the blood drop,
there was no way to obtain a sample other than to stick a needle-sharp lancing device into
part of the body to get blood. For all but a few, this causes pain, fear, apprehension,
revulsion or other negative emotions, and many people just won't do it! The reason they
can't is that this has turned out to be one of the most difficult, recalcitrant, obstreperous and
devious problems that has ever challenged science and engineering.
Before launching into the history of noninvasive glucose, it's necessary to provide
some classification of the various technologies. There are quite a few where clear
categorizations can be made, some where the similarity is a little strained, and some fit no
category at all. There have been a large number of attempts to extend traditional invasive
monitoring into the most minimally invasive technologies imaginable.
To be clear about the definition, while insertion of a coated wire under the skin may
be minimally invasive, and while it can give continuous glucose readings, it cannot be
classified as noninvasive. A recurrent technological theme that inevitably goes by the code
name "mosquito," where really tiny needles (e.g., Molecular Devices, Kumetrix, Rosedale)
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are inserted into the skin to withdraw small samples of blood or interstitial fluid, (technique
is known as electrosonophoresis) can similarly not be classified as noninvasive.
A lot of press has been generated in recent years by companies such as Abbott
(TheraSense), Medtronic (originally MiniMed) and DexCom for continuous devices where
the sensor is implanted in the skin. The advantage of this approach is that, like a wristwatch,
it could be hooked to an insulin pump to achieve the long-sought "artificial pancreas"—a
device that senses blood glucose and administers the amount of insulin necessary for normal
control. To date, the continuous implantable sensors have had their own set of problems,
and none is yet reliable enough to connect to a pump to form a "closed-loop" system that
could function as an artificial pancreas. As described under the section on "reporter
molecules," anything inserted into the body that does not cause an immediate rejection
reaction (this is achieved by constructing it from "biocompatible" materials) will be quickly
coated with a layer of protein. As the protein layer builds up, it can gradually reduce the
amount of glucose the sensor "sees," and cause a lower response than the actual glucose
level. At best, this limit a sensor to three to five days in tissue, and at worst, can require that
the sensor be recalibrated at frequent intervals with a fingerstick meter. Also, there is
frequently a period of time after a sensor is inserted, while the body's equilibrium settles
back down, before reliable glucose results can be obtained. This varies from one design to
another, and possibly from one patient to another.
There are lots of sources, especially on the Internet, where noninvasive devices are
described. Unfortunately, most of these are not actively maintained and list outdated
descriptions of prototypes or press releases from past years. One that is consistently updated
and accurately maintained is Mendosa on Meters (http://www.mendosa.com/meters.htm),
part of a comprehensive set of websites put together by David Mendosa, a freelance writer
and consultant. David has type 2 diabetes, but makes no pretense of being a technical
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expert, and lists what the companies have stated they are doing, or hope to do. There are
two other good sources of information that require subscriptions. The first is 'Close
Concerns' (http://www.closeconcerns.com/), newsletter "Diabetes Close Up" ($595/year),
written by Kelly Close, a financial analyst and consultant to the healthcare industry, who
also has type 1 diabetes. It has featured reviews of recent patents in the field of noninvasive
and continuous glucose meters by Russell Potts, a long-time researcher in the field. The
other is The Diabetic Investor ($550 for one year), written by David Kliff
(http://www.diabeticinvestor.com/), a money manager and investment advisor, who was
diagnosed with type 2 diabetes in 1994. David has followed the history of noninvasive
monitoring and writes with a skeptical eye toward the claims made by the companies
participating in this market area.

1.8.1 Know The Enemy
In Oxymeter, oxygen saturation is measured by the ratio of the amount of
haemoglobin that has oxygen attached to the amount that doesn't have oxygen
(appropriately termed oxyhaemoglobin and deoxyhaemoglobin), and here, the two
compounds are of visibly different colours: bluish deoxy- becomes bright red oxy- when a
few molecules of oxygen are attached. And, it's the only compound in the body with a
strong blue or red colour. Not only that, but haemoglobin lives almost exclusively inside red
blood cells, which all conveniently travel inside blood vessels in well-defined paths through
the body, and which are subject to pulsatile flow each time the heart beats, making them
easier to detect. To make the measurement even easier, the blood of healthy humans
contains something like 14% haemoglobin—i.e., each 100 ml of blood contains fourteen
grams of haemoglobin.
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What about glucose? For such an important molecule, it has the most non
descriptive characteristics. First of all, it's colourless—not just in the visible where we see
colours, but even if we had near-infrared vision, it would hardly have enough colour to see.
While it travels in the blood, and changes in concentration are delivered by the bloodstream,
it's also present in all tissues in varying amounts, inside and outside cells as well as blood
vessels, and in concentrations which vary from part to part, and depending on both insulin
levels and how long it has been since a major change occurred. The amount? The same 100
ml of blood that held 14 gm of haemoglobin normally holds only 0.1 gm (100 ml, or a
concentration of 100 mg per deciliter, usually abbreviated mg/d1) of almost invisible
glucose, and, when the measurement is most critical (in hypoglycemia), as the brain begins
to shut down and the body goes into shock, the amount is only half of average.

For the chemically curious, the chemical structure of glucose (and thus its
appearance when viewed in many regions of light) is very similar to many other compounds
that are present throughout the body. All the compounds that result from the normal
metabolism of glucose are similar, as are many of the intermediates of the biochemical
reactions. Even worse, glucose is attached to almost all the proteins of the body (it is this
fondness for proteins that causes many of the complications of diabetes when blood glucose
isn't well controlled). Albumin, which makes up about 4% of blood serum, and
haemoglobin, which is 14% of blood, both have glucose attached (are "glycosylatedt to
about 5% of their molecules when a person's glucose is in the normal range, and a similar
amount of attachment exists for most proteins. The result is that there are a lot of "glucose-

In many other countries, glucose concentrations are given in millimolar (mM) units. One millimolar is
equivalent to 18 mg/dl, and a normal value of 100 mg/dl is about 5.5 mM.
Glycosylated haemoglobin, often referred to as I-IbAlc,(or just "Al C") is measured to determine patients'
long-term glucose control. It averages the blood glucose values over two to three months, and is an accurate
predictor of future complications. A value over 7 percent is generally considered suggestive of diabetes, or
indicative of poor glucose control.
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like" molecules in every part of the body, and for most spectroscopic techniques, they
produce overlapping signals, so it is very hard to make them all apart. This will be an
important consideration when we discuss near-infrared spectroscopy and the difficulty in
establishing a calibration using it.
The PMA (Physical Medicine of America) process requires more thorough preclinical and clinical testing, and the IDE (Investigational Device Exemption) requirements
place additional burdens on investigators to determine that their device is safe to use: The
pivotal item is—"introduce energy into a subject"—as the vast majority of noninvasive
technologies do so, and thus have to be carefully evaluated for safety. In order to test on
volunteer subjects, the testing protocol must be reviewed by an approved medical body
known as an Institutional Review Board, or "IRB."
As far as can be determined from the patents records, it all began on November 25,
1974, when Dr. Wayne Front March filed an application that eventually became U.S. Patent
3,958,560. Amazingly, on the same day, Robert S. Quandt filed a patent application for
determination of glucose by almost exactly the same method: rotation of plane polarized
light by glucose in the aqueous humor of the eye! March's patent issued on May 25, 1976,
while Quandt's issued on June 15, 1976 as U.S. Patent 3,963,0193.
These were two of only 6 patents in the field that appeared worldwide between 1975
and 1980. The increase in patents is a remarkably straight line when plotted on a
logarithmic scale! The increase in volume is of the order of magnitude for each decade that
has passed since 1975.
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1.8.2 Non-Invasive Techniques - A Big Deal?
Everyone had an experience, most of them unpleasant, involving sharp objects and
blood. Before blood glucose testing at home became common, the only lancing device
available was a sharp piece of stamped steel that made a painful and fairly deep cut in the
fingertip. In parallel with the development of blood glucose meters, lancing devices also
evolved. Both small, disposable units and reusable "pens" with replaceable tips became
commercially available, and they had the added advantage of sharp point being hidden from
the view. They were also spring-loaded, so pushing a button replaced one's own "stabbing"
motion that was previously required to pierce the skin. Another attempted "improvement"
in the lancing was a laser-based device originally developed in Russia and marketed here by
Cell Robotics, but it was quite bulky, made a loud noise when used and did not gain
widespread acceptance.

In the blood glucose monitoring industry, it is well accepted that there are three "C"
terms that drive people's willingness to test: Cost, Comfort and Convenience. LifeScan's
attitude toward the noninvasive measurements was initially motivated by appropriate, if not
entirely noble reasons. The company's growth had been driven by a powerful technological
breakthrough, the One Touch strip and meter, and they figured that noninvasive
measurement would be the next barrier to fall. As a result, they aggressively pursued every
opportunity, with the rule that anyone picking up a technology which they abandoned,
would need to spend at least ten times what they had invested to bring it to reality. The
candidates fell away one after the other, and the same technologies were recycled by new
groups who did not know why they had failed before.
Interest in monitoring the glucose concentrations of diabetic patients has increased
since the publication of the Diabetes Control and Complications Trials report showing that
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tight control of blood glucose concentrations, by frequent testing and concomitant
adjustment of insulin doses, decreases long-term complications resulting from diabetes 32. A
computer simulation based on the Diabetes Control and Complications Trials results
estimates an additional 5 years of life, 8 years of sight, 6 years free from kidney disease, and
6 years free from amputations for a diabetic following the tight control vs the standard
regimen 33 . Nonlnvasive (NI) monitoring of glucose has been of particular interest because
of the pain associated with invasive self-monitoring. Ease of use and reduction of pain can
encourage more frequent testing and hence tighter control of the glucose concentration.
Patient care needs and the commercial importance of NI glucose monitoring has led to a
flurry of "research" by entrepreneurial and commercial concerns that have been published
mainly in patent literature. Patents are generally granted on the basis of novelty and
potential usefulness, with less regard for accuracy and precision data or experimental
design. A large number of NI glucose patents lack scientific rigour and some may be based
on wrong or unproven assumptions. Several recent reviews have discussed the importance
of NI glucose testing and report on attempts at its measurement 34,

35 , 36 , 37 , 38 .

Self-monitoring of blood glucose concentrations has advanced over the past few
years. Glucose values determined by domestic meters correlate well with laboratory results.
These goals and performance characteristics of current meters are important as a yardstick
for establishing the potential performance of NI technologies. The limits of detection and
quantification, the standard deviation of the measurement, the accuracy, and the total error
of an NI measurement need to correlate with self-monitoring devices and with
measurements in the laboratory. American Diabetes Association guidelines for home
glucose monitors state that values should fall within 15% of the readings obtained by a
reference method. The goal set for future self-monitoring blood glucose meters is to achieve
variability (system plus user) of less than ± 10% 39. Evaluation of commercial devices shows
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that not all meters fulfill this consensus goal. The main reason is due to the user, which
includes the volume of the blood droplet, the accuracy with which the blood drop is placed
on the pad, haematocrit effects on serum volume, timing, and the effect of temperature on
the signal-generating reaction. An NI measurement can potentially eliminate some of these
effects but may have a different set of error sources.
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2.1 Spectroscopic Trends In Glucose Estimation
There are a number of techniques to estimate glucose based on IR radiations. The
major accessories in IR studies are to name few like non-contact thermometers, radiometers,
spectroradiometers, monochromators, interferometers, power and energy meters, velocity
meters, reflectivity meters, transmissivity meters, humidity meters, etc and are classified as
first group accessories. The systems from the second group are categorized under the
detection, ranging and tracking systems. Similarly other aspects of IR radiation which are
used for defense, industry, environment study, geological surveys remote sensing, etc are
classified in other groups.
The relationships that relate energy, frequency and wavelength are `c =

& `E =

hv' ; where 'c' = the speed of light in vacuum (3.00 x 10 8 m/s), 'v' = frequency and 'X' is
wavelength, 'h' is a special constant called Planck's constant (6.63 x 10 -34,1s). Combining
these two, we find that frequency and energy are inversely proportional to wavelength.
These relations allow us to convert one form into other. Here in the thesis we will be
representing the wavelength in nanometers (as the same is preferred by Engineers and cm -1
byPhsict).VarounedbyPhsictaEngerfoditbas
experiments are given in table 2.1.

2.1.1 IR Spectroscopy
Methods based on IR spectroscopy have the potential to satisfy the demands that
chemical analysis does not. IR spectroscopy probes the vibrations of the functional groups
of molecules by letting the radiation with the sample under investigation. This is generally a
non-destructive, and possibly non-invasive, method which is, in principle, capable of
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identifying and quantifying organic molecules. Each organic molecule has an unique IR
spectrum, and the
Table 2.1: Energy conversion and respective scales.
Unit

Equivalent measurements, comments
A wavelength of energy is also called a reciprocal centimeter.

Wavenumber

Wavenumbers are obtained when frequency is expressed in Hertz and

(cm-1 )

the speed of light is expressed in cm/s. This unit is commonly used in
infrared spectroscopy.

Kilojoules

per

A Joule, J, is the SI unit of energy and is defined as one kg m 2/s2 . As the
energies associated with a single molecule or atom are quite small, we

mole

often find it easier to discuss the energy found in one mole of the

(kJ/mol, kJ mo1-1 ) substance, hence "per mole". To get the energy for one molecule, divide
kJ/mol by Avogadro's number, 6.022 x 10 23.
Kilocalories per A calorie was originally defined as the amount of energy required to
mole (kcal/mol, raise the temperature of one gram of water by one degree Celsius. One
calorie = 4.184 J. When we count calories in our food, we are actually
kcal mol-1 )

referring to kilocalories; e.g. 1 dietary calorie = 1,000 cal = 1 kcal.
A nanometer refers to energy with a wavelength that is 1/1,000,000,000

Nanometer (nm)

of a meter. Visible light is made of up electromagnetic radiation that has
wavelengths ranging from roughly 300 to 700 nm.
A Hertz is a unit of frequency defined as a reciprocal second (s'). For

Hertz (s', Hz, /s) example, AC current cycles with oscillators 60 times per second, so we
call this as 60 Hz = 60 s 1 . Human hearing has a frequency range from
20Hz to 20,000 Hz.
Electron
(eV)

Volt

The electron volt is the energy emitted by electron when it falls by 1 volt
potential difference. 1 eV = 1.602 x 10 -19 J.

strength of this spectrum is proportional to the concentration of the molecule. This means
that simultaneous determination of several trace components from one spectrum is feasible,
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provided that, the spectra are sufficiently distinct in the spectral regions that are accessible.
Unfortunately, the aqueous solutions absorbs strongly in the infrared spectral region
because of characteristics water absorption. The signals of interest from the trace
components are small in comparison to the water absorption, and must be extracted from
this strong background.

Historically, MIR spectroscopy has been used primarily for identification of pure
substances in organic chemistry. The arrival of minicomputers and the Fast Fourier
Transform techniques in the 1960's made the Fourier transform infrared (FT-IR)
spectrometer practical. It became the instrument of choice because it improves Signal-toNoise Ratio (SNR) by orders of magnitude compared to conventional instruments. At about
the same time multivariate methods for analysis of spectral data with many independent
overlapping variations found applications in the chemical field. These methods have made
quantitative analysis a reality where simple measurements based on peak heights to
determine concentrations are not satisfactory, as the peaks are masked by other variations in
the spectra that are comparable or much larger. Since then, improvements in
instrumentation, progress in data processing capability (due to advances in electronic
computers and progress in the development of algorithms for numerical analysis) had
tremendous impact improving the SNR. An application of MIR spectroscopy for
quantitative analysis of substances has greatly succeeded in gas analysis, where spectral
lines are sharp and isolated, and with the transparent background.

The use of NIR spectroscopy has emerged since the 1970's as a technique for online monitoring and process control. ° Within the biomedical field, vibrational spectroscopy
is emerging as a potential diagnostic tool with many diverse applications 41 . The increasingly
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prevalent disease diabetes mellitus has created a demand for continuous non-invasive
monitoring of blood glucose concentration. Therefore, methods to do so based on a variety
of techniques, including near and mid infrared spectroscopy, has been sought intensively in
latter years 42 , 43 , 44 ,45 , 46 , 47 ,48 , 49 , 505152 .
In a simple model of a molecule, one finds that the bond strength in molecules and
their mass determines the resonant frequencies at which vibrations are excited and fraction
of light is absorbed as shown in eq. 2.1. In the simplest description, two atoms in a bond are
regarded as a simple harmonic oscillator with resonant frequency.

17

=1

22r c

2.1

Where 'IC is the force constant, p,m1m2/(m 1 m2) is the reduced mass of the two
molecules with masses `m1' and `m2', respectively. Typical atomic masses are 1, 12, and
16 atomic units (exemplified by the H, C and 0 atom, respectively) and bond strengths are
8. 5, 4.5 and 16 N/cm (exemplified by the CH bond, the OH bond in H2O and the CO bond
in CO2, respectively) Therefore, resonant frequencies is in the NIR part of the
electromagnetic spectrum from 2,500 — 20,000 nm . Stretching, bending and even more
complicated vibration modes, including several atoms in a molecule, may be excited.
Stretching vibrations have large force constants and exist in the lower frequency region,
whereas bending vibrations have comparatively smaller force constants and exist in the
higher frequency regions. In addition, overtone and combination bands may be excited
because of non-harmonic nature of the vibrations, such that light with higher frequencies
may excite these vibrations. For a vibration to be IR active, it must cause a change in the
dipole moment of the molecule. Therefore, vibrations around a center of symmetry are not
infrared active. For molecules in the gas state, fine structure of absorption bands arise from
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the different rotational states. Molecules in the liquid state interact so frequently by
collisions that absorption bands are broadened. Molecules in the solid state are locked such
that peaks are more distinct than in the liquid state. The infrared spectrum of a given
molecule provides information about the functional groups present in it and may be used to
identify the molecule. The concentration of a given molecule may also be determined.
Interestingly, the thermal radiation from matter at temperatures and upto 800K has it's
maximum between 4000 — 20,000 nm. The maximum moves towards higher frequencies as
the temperature is increased. Therefore, infrared spectroscopy is also used for measurements
of temperature, determination of spectral emmissivity, and remote sensing.

2.1.2 FTIR Technique
The Fourier transform infrared spectrometer is basically a Michelson interferometer
with a broadband light source, a detector, and an accurate control of the mirror
displacement. A schematic drawing is shown in Fig. 2.1. The mirror displacement is
controlled by measuring the zero-crossings of the interference signal from a HeNe laser.
Several different practical realizations of this instrument are possible and commercially
available. The mirrors can be replaced with the corner-cubes instead of flat mirrors as
shown in Fig. 2.1. The FT-IR spectrometer measures an interferrogram

'hie, which is an

array of discretely measured points, containing the AC variation of the intensity at the
detector as a function of the displacement of the movable mirror. This interferrogram, is
converted to an intensity spectrum of the light by Fourier transformation. Because of the
high accuracy of the mirror position, determined by the interference signal of the HeNe
laser, multiple scans may be co-added such that a linear averaging of the signal may be
carried out. In principle, this allows improvement of the signal-to-noise ratio with the square
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root of the number of scans. The maximum displacement of the movable mirror determines
the spectral resolution of the spectrometer.

Fixed mirror
Beam-splitter
Light
source

1— 2RT(1

cos 0)

Movable
mirror

1

0.
2RT(l + cos 0)
Sample [
Detector
Figure 2.1: Block of the FT-IR spectrophotometer.
2.1.2.1 Advantages Over Grating Instrument
The FT-IR spectrometer has replaced the conventional instrument because it
possesses a number of advantages. These advantages have been discussed by Hirschfeld,
Griffiths and de Haseth and etal. In a traditional grating instrument, each spectral point is
measured sequentially. In contrast, a FT-IR instrument measures all spectral points
simultaneously. For measurements on aqueous solutions, the spectral range is usually
limited to a narrow region selected by the chosen pathlength of the transmission cell and the
spectral resolution is chosen to be low because of the broad absorption found in the liquid
state. If we assume a spectral range of 10,000 nm with a spectral resolution of 150 nm, we
have an improvement by roughly a factor of eight compared to a grating instrument. A
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grating instrument with a detector array will also measure all spectral points simultaneously
and an FT-IR spectrometer will possess no Felgett advantage over such an instrument. The
absence of a slit in an FT-IR instrument increases it's light gathering power compared to a
grating instrument. The light gathering power is usually expressed as the product of the
allowed solid angle of the incoming beam and it's cross sectional area and is known as the
throughput.

2.2 NIR Absorption Of Glucose In Aqueous Media
Water, the major component of biological tissues, has a simple IR spectrum and a
rich combination and overtone spectrum that extends into the NIR. The assignment of the
NIR absorption bands of water has been established 53. The intensity of the NIR absorption
bands for water is sensitive to solute concentration and temperature 54, 55

,

56 ,.

It decreases as

solute concentration increases because of change in the molar ratio of water. This is referred
to as water displacement. The physical properties of aqueous solutions have been
determined from the temperature dependence of the intensity of the 1400 nm band 57

,

58 .

A

similar temperature sensitivity of the NIR absorption of water is observed in tissue 59.
The fundamental IR absorption bands of glucose have been reported in solid pellets
and in solution 60,61,62,63,64. The strongest bands that can generate intense combinations and
overtones are the broad OH stretch at 2,857nm and the C_H stretch vibrations at 3,377 and
3,393 nm. Possible combination bands are a second OH overtone band at 939 nm (3vOH)
and a second harmonic CH overtone band at 1,126 nm (3vCH). A first OH overtone band
can be assigned at 1,408 nm (2vOH). The 1,536 nm band can be assigned an OH and CH
combination band (vOH + vCH). The 1,688 nm band is assigned as a CH overtone band (2v
CH). Other bands at >2,000 nm are possibly combinations of a CH stretch and a CCH, OCH
deformation at 2,261 nm (vCH + ,,CCH, OCH) and 2,326 nm (vCH + vCCH, OCH). The
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presence of the CCH, OCH ring deformation component confers some glucose specificity
on these bands. The calculated NR overtone and combination spectra of glucose overlap
with several (more intense) combinations and overtone bands of water and fat and
haemoglobin absorption bands. These are the major potential interferences with the NI
determination of glucose. MR (2000-2500 nm) spectrophotometric determination of
glucose has been achieved in aqueous media 65, 66, 67, 68, 69, 70, 71

2.2.1 Optical Properties Of Tissue In NIR
The near-IR spectral region is commonly proposed or used in all reported
technologies. The 600-1100 nm region of the spectrum represents a window between the
haemoglobin, visible absorption bands and water IR absporption 72 '

73 .

Light can penetrate

deep enough into the tissue to allow a spectral measurement or a therapeutic procedure. This
spectral region is used for oxygen saturation, pulse oximetry, and laser-Doppler flow
measurements 74 ' 75 ' 76, 77 ,

78

.

The transport equation (Eq. 3.1), and the diffusion theory approximation of this
equation 79,80,81,82,83 describes the path of photons through human tissue. It expresses light
propagation in tissues by a set of spectroscopic properties as shown in Equation 2.2 & 2.3;
the absorption coefficient g a' ,the scattering coefficient ' tt s the refractive index of the
cells and the interstitial fluid; and the anisotropy factor

`

g' (the average cosine of the angle

at which a photon is scattered). Another set of properties are the transport properties, such as
the reduced scattering coefficient where tt s' = 14[1 - g]. The absorption coefficient
'equals the absorbance per unit path length, 2.303 EC cm 1 , where 'E' is the molar
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absorptivity and 'C' is the molar concentration. The scattering coefficient g s =ap where

`a' is the scattering cross-section and

`p'

is the number density of the particle. It has the same unit as `li a' (cm 1 )and is equivalent

to the product of an absorptivity caused by scattering and the concentration of the scattering
centers. Attenuation of light in tissue is described, according to light transport theory, by the
effective attenuation coefficient p. eff, i.e.:

2.2

/=-10e—Ptifl
Where:

Pelf

=

03/1 4 (PA

/La [Pa

2.3

An exact solution of the light transport equation, in turbid media can be modeled by
following the path of each individual photon and calculating the probability of scattering or
absorption in a series of steps, using the Monte Carlo simulation. This modeling is used to
study the path of photons in tissues and is widely used for optimization of photodynamic
therapy, improvement in pulse oximetry, laser-Doppler flowmetry, and optical
mammography; all have very important clinical utility. Several recent volumes of the
proceedings of the Society of Photo-optical Instrumentation Engineers (SPIE) have covered
these topics. Methods that are used for measuring the optical properties of tissues (Rs, ga,
and g) include transmission, diffusion, localized reflectance, and frequency domain
89 90 91 92 93 94 95
measurements 84 , 8 5, 86 , 87 , 88 "
, " ' "

96 97
'

2.2.1.1Effect Of Glucose On Absorption Properties Of Tissues
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Glucose can affect the measured transmitted or reflected signal by absorption of
light at the overtone and combination band wavelengths. Light absorption can be expressed
as I =loe-1%, where '1' is the effective path length in the medium, and (2.303EC)' is the
absorption coefficient. Changes in glucose concentration can influence the measured

'pa>

of

tissue through changes in absorption corresponding to water displacement or changes in its
intrinsic absorption. Changes in 'p a, because of water displacement are nonspecific, and
analytes with higher molecular weights will displace more water than glucose. Changes in
the temperature and hydration status of the body may affect water absorption bands and act
as noise sources for a glucose measurement. The glucose i.t a, in the NIR is low and is much
smaller than that of water. It is higher at longer wavelengths. However, its magnitude is too
small to allow for direct absorption measurements at wavelengths <1400 nm. Attenuation of
light (<1400 nm) in a small body part such as an average-sized finger varies in the range 34 absorption units, and the expected change in absorption because of a 5 mmol/L change in
glucose concentration is —10-5 absorption units.
Changes in the glucose concentration affect the intensity of light scattered by tissue.
The reduced scattering coefficient of a tissue can be expressed in a function form as: g s' =
F(p, a, ncensinmechum), where `p' is the number density of scattering cells in the observation
volume, 'a' is the average diameter of the cells, 'nuns' is their refractive index, and 'nmechum'
is the refractive index of interstitial fluid. Changes in the 'nmedium' are not specific for a
particular analyte and are affected by any change in the total concentration of solutes in
blood and interstitial fluid. The calculated Anwater as a function of the change in the
concentration of several metabolites, as calculated from the slope of tabulated 'n' values at
different solute concentrations. During hyperglycemic episodes, the glucose concentration
changes rapidly, whereas other analyte concentrations presumably change at a slower rate.
It may be possible to relate `p. s' ' to changes in glucose concentration over a short time
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span. The measured 'lug,' decreases as temperature increases. This affects n cem/nmethum in
tissue and presents a source of error in scattering measurements. Values of tis" are reported
to decrease with increasing concentrations of glucose and other sugars in tissue-simulating
phantoms because of their effect on `nmedium• A recent Monte Carlo modeling of the effect
of physiologic concentrations of glucose (5-30 mmol/L) on the diffuse reflectance or
transmittance of tissue-simulating phantoms predicts very small changes in signal. The
modeling is performed at 800 and 960 nm with water as the only absorber. The estimated
`11," is <1 x 10-3/mmol of glucose, which is much higher than the changes `p.a'. Other
physiological factors, such as changes in the water content, temperature, and protein
concentrations are considered. The value of ' 1.1.," caused by an increase of 1 mmol/L in
glucose concentration is equal to a 2 x 10-3 increase of water content, a 1 x 10 -3 increase of
protein concentration, or a 0.1 °C decrease in temperature. In addition, the concentrations of
pigments in the epidermis strongly influence light penetration in the NIR. The temperatures
and body water content of an individual are tightly regulated, but differ between individuals.
Although body temperature is regulated within a fraction of a degree, temperature at the
extremities may vary by >1 °C. A temporary change in water content of 240 mL for a 75-kg
individual can lead to an error equivalent to 2 mmol/L glucose. The reference range for
albumin spans 20% of the mean concentration. This spread will affect the signals from
different subjects with normal albumin concentrations. Haemoglobin has not been
considered as an absorber in this simulation. However, changes in its concentration will
affect optical signals in the 600-900 nm range. Positioning errors and body interface effects
seem to be the largest contributors to measurement errors.
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2.3 Dynamics Of Tissue Matrix And Signal Conditioning
In the concepts of signal extraction the interest focuses on the influence of drift and
noise as two key factors that determine the success of any quantitative measurement. The
advantage of a full spectral measurement, as in FTIR spectroscopy, to distinguish between
these two quantities and the possibilities for reducing their impact on quantitative
measurements are discussed. In signal extraction, one traditionally measures the absorbance
of a substance to determine a concentration. The absorption at a given frequency 'v',
is given by

A(V) =

—logio i( )//0(1)
3.7

Where, 'I (v)' is a measurement of the sample intensity and Vo(v)' is a measurement of the
reference intensity. The choice of reference depends on the application. In many cases a
reference with no sample present is used. In other cases a reference is chosen which
resembles the sample. Most grating instruments measure the ratio `I (v)/Io(v)', known as the
transmittance, directly, but the Fourier transform instrument measures the sample and
reference intensity spectra separately. By taking the ratio of '/ (v)' and 'Jo (v)', one creates a
dimensionless number which ideally eliminates all the dependency on the instrument,
including spectral intensity distribution of the source and sensitivity of the detector. Note
that noise is not eliminated and still depends on the source and detector. The noise is
increased because the relevant signal is composed of two measurements, each containing
noise. The increase in noise pays for elimination of instrumental effects, including drift.
Sample extraction analysis is based on Beer's law, which states that the absorbance
of a substance, at a given wavenumber 'v', is proportional to the molar concentration `c ' of
the substance and the pathlength
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A() = (v)c1;
3.8
Where `e(v)', known as the molar absorptivity, it is the wavenumber dependent
proportionality constant. Beer's law says that the intensity decays exponentially with path
length and with the concentration of the substance.
Traditionally drift and influences from instrumental effects have been considered
more problematic than noise. In applications where small signals are to be detected, and
with the available methods of data analysis, noise may prove to be more problematic than
instrumental effects. If one considers a single point measurement, at a given wavenumber,
noise and drift are indistinguishable. If one has a spectral range, on the other hand, drift and
influences of instrumental variations may be reduced because they have a spectral structure
that may be included in the calibration process. Noise, is impossible to remove from a single
wavelength because it is uncorrelated from point to point in the spectrum. Noise may be
reduced by averaging a large number of measurements, but the SNR is proportional to the
square root of the number of measurements. This strongly limits this procedure because the
measurement time becomes prohibitively large. In practice it turns out that many FT-IR
instruments fail to signal average well beyond a certain point. The spectrum may be put to
low-pass filter, which remove high frequency noise. But such a procedure is based on a
prior assumption about the spectrum, which may not be true, and reduces the spectral
resolution of the data. In addition, it is doubtful that such a smoothing represents an
advantage in a calibration. Smoothing is probably most justified when used as a grap

tar-

technique to guide the eye. High-pass filtering, including derivation, may remove seline
variations, but such a procedure will also remove any broad-band variation whi is part of
the signal of interest. In general, data pre-treatment which is carried out to remove drift will
result in an increased noise or degraded spectral resolution. Noise therefore ultimately limits
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the calibration. For this reason, single-beam spectra (or logarithm of single-beam spectra)
are also used today in quantitative analysis. In this case, variations and drift are included in
the modeling of the data instead of being eliminated in the measurement process. The FT-IR
instrument has the advantage over the grating instrument in possessing a superior SNR. In
contrast, the dual-beam IR grating instrument is made to eliminate drift by measuring the
transmittance directly. The dual-beam, optical null, FT-IR spectrometer also eliminate drift
in the measurement process, but does so by measuring a difference between two samples
instead of a ratio. The variability of the sample population also influences the accuracy of
any calibration. With a large variability in a sample population, many calibrations and many
independent spectral points will be necessary to maintain stability and accuracy. The
variability of the sample population is usually given as an intrinsic part of a job, and
reducing a population variability then means to exclude certain classes of samples. This
may be necessary, but is seldom desirable.

2.3.1 The Properties Of Human Tissue And Blood
Optical imaging and non-invasive diagnosis of the human body depends strongly on
the optical and physical properties of skin and blood. The composition and morphology of
the skin is very complicated. Therefore, to build a reasonable optical model of the skin, its
composition and structure must be studied.

2.3.1.1 Skin Tissue Composition And Structure
The structure and properties of skin vary considerably in different parts of the body.
A typical structure of skin is shown in fig. 2.8, while table 2.7 and table 2.8 list the average
elemental composition and the biochemical composition, respectively. The skin is usually
divided into three layers, namely, the epidermis, dermis, and subcutaneous fat, each with
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their own sub-layers. The outermost layer of the epidermis is composed of a relatively thin,
but rough, protective top layer of dead and dry skin cells, known as the stratum corneum or
horny layer. The remainder of the epidermis, including the stratum lucidum, stratum
granulosum and stratum spinosum, is made up of cells called keratinocytes as well as
melanocytes, which are pigment cells responsible for skin pigmentation. The thickness of
the epidermis varies from 0.1mm in the eyelids to nearly lmm on the palms and soles. The
dermis consists of a variety of cells, fibres, amorphous ground substance, nerves, oil glands,
sweat glands, blood vessels and hair roots. Its upper layer is called the papillary dermis and
contains the vascular network and sensory nerve endings, whereas the deeper layer, referred
to as reticular dermis, consists mainly of a loose connective structure and epithelial-derived
structures such as glands and follicles. The thickness of the dermis varies from 0.3mm in the
eyelids to about 3mm in the palm and soles. Subcutaneous fat is composed of fat cells,
which form a cushioning layer between the skin and the deeper muscles. It also has
abundant blood content.
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Table 2.2: Average elemental composition of the skin, percentage by mass 98.
0

C

H

N

Na

Mg

P

Cl

K

59.4 — 69.5

25 — 15.8

10 —
10.1

4.6 — 3.7

0.2

0.1

0.2

0.3

0.1

Table 2.3: Percentage constituents of adult human skin".
Water

Protein

Lipid

Ash

58.6 — 72.1

22 — 27.2

5.2 — 13.5

0.7

2.3.1.2 Optical Absorption
Being composed of water as well as proteins and lipids, the chemical make-up of the
skin influences its optical absorption properties. Water absorbs photons at wavelengths
longer than the middle IR range, while proteins are strongly absorbing in the UV and Violet
region (fig. 2.9). Fortunately, the optical absorption capacity of water, proteins and lipids is
small in the red and NIR region. This region, known as the "tissue optical window", having
range from 600 nm to 2,300 nm and the light can penetrate to a depth of few hundreds of
micrometers to a few mm into the skin tissue. As a result, it can be exploited for a variety of
purposes, including diagnosis, imaging or therapy.
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At the shorter wavelengths of the tissue optical window, from 600 nm to 1,100 nm,
the most important photon absorbing chromophores are blood and melanin. Water becomes
dominant at incident wavelengths longer than 1,150 nm. The epidermis does not contain any
blood and its water content is also much lower that of the dermis. However, the stratum
granulosum and stratum spinosum comprise some melanocytes, including melanin, which is
involved in skin pigmentation. Because the absorption capacity of melanin is stronger than
that of blood and water, it is the dominant source of absorption in the epidermis at shorter
NIR wavelengths. The volume fraction of melanosomes in the epidermis can vary from 1.3
6.3% for light-skinned adults, 11 — 16% for well-tanned adults and 18 — 43% for darkly
pigmented Africans. The blood content of the dermis is about 0.2 — 5%, representing the
main source of absorption at wavelengths shorter than 1100 nm. If the optical wavelength
exceeds the NIR range, water content becomes an important consideration in terms of
optical absorption. It is a well-known fact that the measured values of absorption coefficient
of a tissue are different in vitro and in vivo measurements. This can be explained on a
number of grounds. First, soaking the tissue sample in saline prior to an in vitro
measurement may alter its optical properties, and increase the amount of reflectance. Also
other kinds of tissue treatments, including freezing, drying, heating or deforming, may
change the optical properties of the sample. Second, measuring and calibration procedures
may introduce an error into the determined values for diffuse reflectance and total
transmittance. Third, the use of simplified calculation methods may result in an incorrect
interpretation of the measured data, as in the case of internal reflectance at tissue
boundaries.
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2.3.2 A Model For Human Tissue Calibration In NIR For Glucose
NIR spectroscopy is widely used for analytical measurements in complex matrixes.
A key feature of this methodology is the ability to extract quantitative information for
numerous substances from a single NIR spectrum. In addition, NIR spectroscopic analyses
are nondestructive, simple, fast, and require no sample pretreatment, which makes this
technology ideally suited for in-situ process monitoring and quality control. Biological and
clinical applications of NIR spectroscopy frequently involves measurements in samples
composed primarily of water. An important special case is the measurement of glucose in
complex biological matrixes. Even in matrixes as complex as whole blood, water is the
single most important component that defines the fundamental analytical performance.
Measurements in aqueous samples are complicated by the strong MR absorption properties
of water, which accentuate the impact of sample thickness, instrumental SNR, and spectral
range.
2.3.2.1 Light Transport In Biological Tissue
Reticular dermis (about 1500 mm thick) also includes small arteries and veins (2060 gm inner diameter) which are orientated almost perpendicularly to skin surface. These
small vessels constitute routes for blood supply and drainage to veins and arteries (50-100
gm inner diameter) from deep blood plexus (220 gm thick) and subcutaneous fat (Fig.
2.10). Behavior of blood in skin capillaries of less than 100mm in diameter is nonNewtonian37' 38 which present difficulties for a phantom modeling and computer
,

simulation.
To understand the technique of NIR tissue spectroscopy in more detail, it is
important to establish an understanding of the manner in which light propagates through
biological tissue. Description of the mechanism that governs light transport through
physical media and identifying the components of biological tissue are described here. In
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first part, the constituents of biological tissue are responsible for the absorption of NIR
light; thus highlighting the important features of absorption spectra. In second part, the basic
theory behind light scattering and the parameters used to define it are introduced. The
discussion is limited to elastic scattering, in which there is no loss in energy of the scattered
light, on the grounds that non-linear scattering effects are generally not significant in the
NIR region. The biological structures that give rise to scattering in tissue are also identified.

Rory loops

Fig.2.5: Dimension of the typical skin layers model.
Models commonly used for transport of light through turbid media, i.e. those in
which multiple scattering occurs are described. In particular the discussion concentrates on
the assumptions and approximations made for each model and hence their validity in 'real'
situations.
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2.3.2.2 Light Absorption Mechanism
When light radiation is incident on matter composed of discrete electrical charges;
the charges are forced to oscillate at the frequency of the incident electric field. The range of
frequencies covered by radiation in the IR region of the electromagnetic spectrum (300 GHz
-300 THz) is comparable to the natural frequencies at which atoms or molecules will vibrate
in the absence of an applied field. Thus when infrared radiation is incident on a biological
molecule, the resonance will occur around the natural frequencies of various bonds,
whereby energy is transferred from the incident field to the system and its amplitude of
vibration is greatly increased. Although the lifetime of the excited state is around 8-10 ns,
the atoms or molecules will usually lose their energy by colliding with one another within
10-12 ns, thereby raising the kinetic energy of the other particles involved in the collisions.
Hence, the energy associated with the incident field is most often dissipated as heat within
the medium. This process is known as absorption. The overall effect of absorption is a
reduction in the intensity of the light beam traversing the medium. A relationship between
the absorption of light in a purely absorbing medium and the thickness of the medium was
first determined in 1729 by Bouguer. Some years later Lambert (1760) derived the
following mathematical expression for the relationship, known as the Lambert-Bouguer law
(eq. 2.5) ,

= pa&
2.5
which describes how each successive layer 'X ' of the medium absorbs the same fraction
`d1/1' of the incident intensity

for a constant 'pa ', the latter known as the absorption

coefficient with units of inverse length (usually mm-1). For incident intensity 'Jo',
therefore, the transmitted intensity 'I' through a distance T will be
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I

= IoP ELI

2.6

The absorption coefficient 'Pa' can thus be interpreted as the probability that a
photon will be absorbed by the medium per unit length. The reciprocal of the absorption
coefficient, known as the absorption length, is the distance required for the intensity of the
beam to fall to e-1 of the initial intensity. When Equation (2.6) is expressed in base 10
logarithms then the constant 'IC' is known as the extinction coefficient. The absorbance of
the medium is defined as given below (eq. 2.8)

=

2.7

A = login

Io

= K1

2.8

where 'A' is 'optical density' (OD). Hence, the units of K are 'OD' per unit length (usually
0Dcm-1). The extinction coefficient and the absorption coefficient are conceptually the
same, differing only by the base of the logarithm used in the Lambert-Bouguer expression.
For the same unit length, therefore, the extinction coefficient is related quantitatively to the
absorption coefficient by a factor of 0.434. The absorption coefficient of a compound is
linearly related to its concentration 'c' diluted in a non-absorbing medium (Beer, 1852)

ac
2.9
where `a' is known as the specific absorption coefficient. Substituting for `µp ' in the
Lambert- Bouguer law gives what is known as the Beer-Lambert law

I = Ioe' d
2.10
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Expressing the Beer-Lambert law in log10 gives

I=
2.11
where 'c' is the specific extinction coefficient, usually expressed in units of
°Dem— 1mM-1. In a solution containing a mixture of 'n' absorbing compounds, the total
absorption is the sum of the individual extinction coefficients multiplied by the distance '1'.

A = (K 1 + K2 + • • • + K)1
(E1c1 E2C2

EnCn) 1

2.12
The Beer-Lambert law is only valid under certain limited conditions: the light
entering the medium must be monochromatic and perfectly collimated, and the medium
itself must be purely and uniformly absorbing. Therefore, certain errors will arise when
applying the law to practical spectroscopic measurements since, for example, even lasers
are not perfectly monochromatic. The consequences on experimental measurements of the
limitations imposed by the Beer-Lambert law has been discussed elsewhere (Cope, 1991).
There are many compounds in biological tissue which absorb light radiation, collectively
known as tissue chromophores, each of which has its own unique spectrum. As expressed in
Equation (2.12), the total extinction coefficient `1(' of a mixture of compounds is equal to
the sum of their individual extinction coefficients, weighted by their relative concentrations.
Therefore, approximating a tissue as a homogeneous mixture of compounds, the overall
light absorption in tissue at a given wavelength depends on the type and concentration of
chromophores present. The following sections will discuss the chromophores present in
biological tissues and their absorption spectra in the NIR.
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2.3.3 Major Varients In Human Tissue
2.3.3.1 Water
Water is the most abundant chemical substance in the human body, accounting for
60% to 80% of total body mass (Marieb, 1995). The water content varies with tissue type
and it is age and gender-dependent. For example, the new-born brain comprises 90% water
by mass, whereas the water content in adult skeletal muscle is around 74% (White et al,
1991). Because of its high concentration in most biological tissue, water is considered to be
one of the most important chromophores in tissue spectroscopy measurements. The
absorption spectrum of water is shown in Figure 2.11 over the wavelength range 20010,000 nm (Hale and Querry, 1973) and on an expanded scale from 650 to 1050 nm
(Cooper et al, 1996). Between 200 and 900 nm there exists a region of relatively low
absorption. Above 900 nm the absorption coefficient increases rapidly to a peak at about
970 nm, and following a minor trough continues to increase at longer wavelengths into the
midinfrared. The region of low absorption acts as a 'window' of transparency, allowing NIR
spectroscopic measurements through several centimeters of tissue to.

Water is a critical matrix component for near infrared spectra of aqueous based
clinical samples, such as the human body. The high concentration of water in clinical
samples coupled with the relatively strong absorptivity of OH groups result in large water
absorption bands. The strong absorption of water dictates using the regions between these
water bands where sufficient amounts of light is transmitted. The following three regions
are generally accessible: 1) the combination region: 2000 — 2500 nm; 2) the first overtone
region: 1,540 — 1,820nm; and 3) the short-wavelength near infrared (SW-NIR) region: 700 —
1,330 nm. Glucose has three absorption bands in both the combination region (centered at
2,100, 2,270, and 2,320 nm) and the first overtone region (centered at 1,730, 1,690 and
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1,610nm). Although glucose absorption bands are difficult to measure in the SW-NIR
owing to their extremely low absorptivities, bands centered at 760, 920, and 1,000nm are
reported.
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Figure 2.6: Absorption spectrum of pure water. a) Plotted on a log10 scale from 20010,000nm ( Hale and Querry , 1973), b) NIR region from 650 -1050 nm ( Cooper et al ,
1996),

2.3.3.2 Haemoglobin
Within the window of transparency for water the most dominant absorption of NIR
light is by haemoglobin in its various forms. Haemoglobin is carried in red blood cells, or
erythrocytes, and constitutes approximately 40-45% of whole blood. It is responsible for
delivering oxygen from the lungs to the body tissues and returning waste gases, such as
carbon dioxide, to the lungs to be exhaled. Haemoglobin consists of the protein globin
bound to four `haem' groups. Each `haem' group contains an iron atom at the centre of a
ring-like structure. An iron atom in the ferrous (Fez+) form will bind physically to an
oxygen molecule to become oxygenated, as opposed to oxidised which would involve a
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chemical bond. Thus, one haemoglobin molecule with its four iron centres can carry a total
of four molecules of oxygen, the state is said to be 100% saturated. In the oxygenated state
haemoglobin is known as oxyhaemoglobin (Hb02). The de-oxygenated form, with no
oxygen molecules attached, is known as deoxyhaemoglobin (Hb).
The specific absorption spectra of oxy- and deoxyhaemoglobin, shown in Figure
2.12 (Cope, 1991), differ significantly, particularly in the red region of the visible and the
NIR. This difference in absorption explains the visible colour difference between venous
and arterial blood. Arterial blood, which in adults is usually about 98% oxygen saturated,
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Figure 2.7: Specific absorption spectra of Hb and 111,02 in the NIR from 650-1,050nm(
Cope, 1991)
And has bright red in colour, whereas venous blood, which is approximately 75% saturated,
appears dark red to purple in colour. Although the MR absorption is reduced in amplitude
relative to those in the visible, the spectra are still sufficiently different to distinguish
between the two forms of haemoglobin. A typical value for haemoglobin concentration in
the adult brain has been calculated to be 84 ,uM (Cope, 1991). Other forms of haemoglobin
that absorb in the NIR are carboxyhaemoglobin (HbCO), methaemoglobin (metHb) and
sulfhaemoglobin (SHb). However, these derivatives are generally ignored in spectroscopic
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measurements, either because they have a low percentage concentration in blood or a low
specific absorption, or both (Cope, 1991).

23.33 Lipids
Most of the lipid in the body exists in the form of triglycerides (neutral fats) and is
found in subcutaneous tissues and around internal organs. Phospholipids, another group of
lipids, are the main component of cell membranes and are thus found in every organ in the
body. The lipid content in the brain, which also contains steroidal lipids, varies with age
from 2.6% in the new-born to 11.6% in the adult (White et al, 1991). In adipose tissue,
found in the subdermis, the lipid concentration is again age- and gender-dependent, in the
range 23-47% for new-born infants and 68-87% for adults (White et al, 1991). The
importance of lipid as an absorber in MR spectroscopy depends upon the tissue in question.
Since the water content is much greater than the lipid content in the brain, absorption due to
lipid may be insignificant. In the forearm, however, the lipid content is seen to be highly
variable, depending on the fat-to-muscle tissue ratio (Matcher et al, 1994), in which case
lipid absorption may well be significant in spectroscopic measurements.
2.33.4 Other Chromophores
There are two other tissue chromophores that are worth mentioning: melanin and
myoglobin. Melanin, the pigment found in the epidermal layer of human skin, has a large
scattering coefficient in the ultraviolet region, which protects the skin damaging due to UV
radiation from the sun, and a significant absorption coefficient in the MR region (Cope,
1991).
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2.4 Noninvasive Determination Of Glucose
2.4.1 Near-IR Transmission And Reflectance
Robinson et al. 101 Haaland et al. 102 and Ward et a1. 103 have attempted NI glucose
detection in two overlapping regions, 750-1050nm and 850-1300 nm, which encompass the
3vOH and 3i/CH glucose overtone bands. Hiese and co-workers 104,105,106,107,108,1o9and
Marbach et al. mhave reported a series of studies on the determination of glucose in oral
mucosa in the 1,111-1,835 nm spectral range. This range encompasses bands corresponding
to the 3vOH, 21/0H, vOH + vCH, and 22CH glucose vibrational combinations. Jagemann et

al. iii Muller et al.

112

and Fischbacher et al; 113 have measured reflected light in the

wavelength range 900-1200 nm through a fiber bundle touching the skin. Khalil and
Malin114 have proposed the use of reflected signals from five distinct near-IR spectral
ranges 1320-1340, 1440-1460, 1670-1690, 1940-1960 and 2120-2280 nm (As shown in
Fig 2.2 ;only two regions are shown). The 1320-1340 nm range is used for correcting
optical coupling and sample positioning errors. The 1440-1460 nm or 1940-1960 nm
ranges are where the highly absorbing water bands lie. The 1670-1690nm range (2vCH
glucose overtone band) and the 2120-2280 nm range, are where glucose combination bands
vCH + iOH, CH are located. The correction method involves normalizing the signal to the
shortest wavelength range, subtracting the normalized signal, and correlating the subtracted
signals with glucose concentration. Brumeister etal. 115 have used the 1400-2000 nm range
,

for NI determination of glucose with the tongue as the body site.
Rosenthal et al. 116 at Futrex Inc. have proposed using the spectral band in 600-1100
nm, NIR transmitted or reflected through a body part and analyzing the light by a set of

91

filters and detectors. This spectral range encompasses the water spectrum and the 3'OH and
31,CH glucose overtone absorption bands.

Purdy and co-workers 117 and Barnes et al. 118 8t Biocontrol Inc. have used light at
wavelengths >1100 nm falling on the forearm of a patient from light-emitting diodes. The
reflected light is directed into a spectrometer and analyzed. The spectral range encompasses
31#CH, 210H, NCH + vOH, and the water bands.
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Fig 2.8: Absorption spectrum of Glucose in IR region (Source: THz-bridge).

2.4.2 Mechanical Manipulation Of Tissues
In a method developed by VivaScan Inc., measurements are made by altering the
blood volume by changing pressure on a body part in a controlled way, and performing a
NIR transmission measurement in the 1300-1600 nm range. The spectral range
encompasses 2v0H, vCH + vOH, and water absorption bands. Difference data is obtained
by comparing spectra collected with different compressions within the exposed tissue
samples 119 Wavelength pairs in the 1300-1600 nm range are selected by use of an acousto.

optic modulator, and measurements are taken at different compressions of a thin body part
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such as a web or an earlobe. This is considered as a hardware compensation for tissue
contributions to the signal.

2.4.3 NIR Kromoscopic© Measurements
Kromoscopy, developed by Optix Corp., is reported extensively in the patent and
commercial literature120,121,

122, 123, 124,125..
It i s

claimed to have superior sensitivity compared

with spectroscopic methods. Kromoscopy presumably has the potential for NI determination
of glucose by using broad band light illumination, broad band overlapping filters, and
multiple detectors; however, there is limited theoretical basis for the sensitivity
improvement over photometric methods. The method reportedly is based on the ability of
the eye to determine slight changes in colour; however, the effect of light scattering on
Kromoscopic measurements, are not available in the literature.

2.4.4 Spatially Resolved Diffuse Reflectance R(r) Measurements
-

In this technique, a narrow beam of light illuminates a restricted area on the surface
of a sample or a body part, and the diffuse reflectance is measured at several distances from
the illumination point. This method is denoted as R(r) measurement. The value of 'm ew can
be calculated from the data, and both Ili,' and 'Rs" values for tissue can be deduced.
Changes in the values of 'II.' and 'Its" can then are used to calculate the change in
concentration of an analyte affecting the tissue optical properties 126.

2.4.5 NIR Frequency Domain Reflectance Measurements
Frequency-domain reflectance measurements use an optical system similar to that
used for spatially resolved diffuse reflectance R(r), except that the light source and the
detector are modulated at a high frequency. The difference in phase angle and modulation
between injected and reflected beam is used to calculate `p i,' and `Ps" of the tissue 127 .
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2.4.6 Optical Activity And Polarimetry
Polarimetry has been used for quantitative analysis of solutions of optically active
(chiral) compounds such as glucose. When a plane polarized light beam is transmitted
through a solution, its plane of polarization is rotated by an angle a which is related to the
concentration of the optically active solute 128. A 5.5 mmol/L change in glucose
concentration yields the highest calculated short-term effect on a. It may be possible to
detect hyperglycemic swings, assuming that changes in the concentrations of other optically
active compounds occur over a longer time frame than that for a change in glucose
concentration. Scattering is bound to depolarize the light and decrease the measured value
of a.

2.4.7 NIR Photo Acoustic (PA) Spectroscopy
-

Photo-Acoustic is alternative detection technology for near-IR light interaction with
tissues. PA is used to detect weak absorbance in liquids and gases. The tissue is excited at a
wavelength that is absorbed by glucose molecules, by pulses of a 1000-1800 nm near-IR
laser light. Subsequent optical absorption causes microscopic localized heating. The
increase in temperature causes rapid thermal expansion, which generates an ultrasound
pressure wave detectable by a hydrophone or a piezoelectric device in the cuvette or located
at the skin surface 129. The magnitude of a pulsed PA signal, '13' (eq. 2.4), is related to the
absorption coefficient of solution by:

P = If(10\iv)/Cp

2.4
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where `1.6' is the optical absorption coefficient, '13' is the thermal expansion coefficient, `r ,'
is the sound velocity, `Cp' is the specific heat of the solution, and 'V is a proportionality
constant that is related to the bulk modulus of the medium. The `Cp' of a solution decreases,
whereas the acoustic velocity increases with increasing glucose concentration. At a glucose
absorption wavelength, change in the PA signal is the result of changes in `14 ,, `1", and
`Cp'. This multiplicative effect increases the PA signal as a function of concentration. The
speed of sound and the `Cp' values change as the total solute concentration changes. When
excited in the NIR, PA detects the absorption caused by the overtones of O-H and C-H bond
vibrations of glucose and other analytes; this absorption is subsequently converted into an
acoustic pulse. PA measurements have some sensitivity advantages over other NIR
detection methods, because a PA detector collects all generated signals in a volume of the
tissue and detects signals generated at wavelengths longer than the range of silicon or
gallium arsenide detectors.

2.5 Research Methodology For NI Glucose Measurements
Two research methodologies are used for NI glucose measurements. An empirical
approach involves the following steps: (a) collect NI signals from non-diabetic individuals
and diabetic patients while performing an oral glucose tolerance test (OGTT) or a glucose
challenge test; (b) simultaneously measure blood glucose concentrations by an invasive
method; and (c) compute models based on the correlation between measured glucose values
and NI signals. This approach does not measure the effect of other metabolites and
interferences, biological noise, or variability in instrument-body interface, but attempts to
compute-out these noise contributions. The number of variables and the complexity of data
analysis necessitates the use of multivariate chemometric techniques such as principal
component analysis, partial least squares (PLS), or artificial neural network (ANN)
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methods 130 " 31 . Special criteria are needed to avoid overfitting data and to eliminate
overshoots without affecting the fidelity of data presentation.

A second approach is the physical model approach. This method involves the
following steps: (a) measurement of a glucose optical signal in a simple matrix, (b)
progressive increases in the complexity of the matrix to mimic human tissues; (c)
demonstration of accuracy and precision at each step (d) correlation of the data with a
mathematical model for light propagation in tissue. Finally, the detection system and the
measurement method are applied to body parts. The in vivo signals are again correlated with
the invasive data by use of chemometric techniques. This stepwise approach allows the
identification of noise components so that strategies may be derived to minimize their
contribution to the signal before the use of chemometric techniques.

2.5.1 Calibration Of NI Glucose Measurements
2.5.1.1 Analytical Calibration
Analytical calibration, defined as the determination of the concentration of the
analyte from a calibration curve generated by calibrators and standards, is difficult for NI
glucose measurements. There are numerous sources of error that can affect the
measurement, which need to be either eliminated or compensated by a calibration method.
Some of these error sources that can affect the measurement, but cannot be easily
incorporated into the calibration are detector positioning error, temperature and cardiac
pulse effect, motion, mechanical pressure of the test device, hydration state, sweat, blood
volume, and haematocrit change.
Several tissue-simulating phantoms have been proposed as calibration systems.
Some of these phantoms are suspensions of lipids or polystyrene particles in solutions
having different concentrations of glucose. A phantom containing fat and glucose solution
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has been used to mimic tissue glucose absorption in the 2000 — 2500 nm range 132 Glucose
.

concentrations used in these studies have generally been higher than the physiological
range. Because of the non-specificity of the signal measured by several technologies,
developing tissue-simulating phantoms as analytical standards for NI glucose determination
in tissue is a challenging goal.
2.5.1.2 Clinical Calibration

In vitro and in vivo measurements are performed on a fasting subject at time
intervals during an OGTT, meal-tolerance test, or a glucose clamp procedure. These
methods offer a concentration range over which the glucose signal can be monitored. Data
from an OGTT can be used to establish an NI instrument response as glucose concentration
for an individual is changing. Data that are generated during the test period are used to
predict glucose concentrations in subsequent NI measurements. Because the response of an
NI instrument may embody non-glucose-related physiological effects, relying on clinical
calibration based on the correlation of OGTT data with NI instrument response leads to a
calibration curve that is unique to the individual tested. This calibration curve may need to
be periodically updated, by use of an invasive test.
Use of an OGTT or a meal-tolerance test for calibration leads to a series of
measurements that are sequential in time. Spurious drift and time-dependent artifacts can
influence the results from multivariate calibrations when randomized sampling cannot be
performed 133 . Thus, the temporal distribution of signal and noise may lead to erroneous
glucose correlation.

1
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2.6 Sources, Detector And Accessories For IR Spectroscopy
At present, only terminology related to quantities of IR radiations and detectors for
these radiations have been relatively well standardized in the International Lighting
Vocabulary published by the International Commission on Illumination (CIE) and the
International Electrotechnical Commission (IEC) in 1987. However, there are vast areas of
the IR technology where terminology is not standardized, mostly due to the fact that
scientists and engineers of completely different background work nowadays in IR
technology. (see table 2.2).
Table 2.4 Recommendation of the CIE for spectral bands.
Spectral Bands

Wavelength

UV-C

100 — 280 nm

UV-B

280- 315 nm

UV-A

315- 400nm

VIS

360 — 400nm to 760 — 800nm

IR-A

780 — 1400 nm

IR-B

1400 — 3000nm

IR-C

3000 — 10,00,000

2.6.1 Sources
The most commonly used light source used in the MIR region is a `SiC' globar. This
is a rod, heated to a temperature of about 800 °C by a current passing through it, which
emits thermal radiation with a maximum intensity at approximately 4,800 nm. In the near
infrared region, quartz halogen tungsten filament lamps are usually employed (Newport
supply several types of filaments rated at various operating voltages and watts as shown in
Table 2.3). They have a temperature of about 2,500 °C, providing maximum intensity at
1,818 nm. The absorption of quartz in the MIR region prevents application of this light
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source in that spectral region. The power generated can be quantified using different
physical unit as shown in Table 2.3.
Table 2.5 (a): Various Lamps and their parameters (Source: Newport).

Lamp
Wattage

DC
Voltage

Approximate
Flux

Filament Size
(WxH)

Filament
Type

Colour
Temperature

10 W QTH

(V)
6

(Lumens)
200

(mm)
1.7 x 0.65

TC

(K)
3200

0 or 90A°

(Hours)
100

20 W QTH

6

450

2.3 x 0.8

RD

3200

0 or 90A°

100

45 W
Calibrated
QTH

6.8

705

4.75 H x 1.5 Dia.

CC

****

0 or 90A°

****

45 W QTH

6,8

705

4.75 H x 1.5 Dia.

CC

****

0 or 90A°

****

50 W, Short
Filament

12

1600

3.3 x 1.6

RD

3300

0 or 90A°

50

50 W Long
Filament*

12

850

5.2 x 1.5

TC

3000

0 or 90A°

3000

12

3600

4.2 x 2.3

RD

3300

0 or 90A°

50

200 W
Calibrated
QTH

30

5000

7.0 H x 3.6 Dia.

CC

****

0 or 90A°

****

200 W QTH

30

5000

7.0 H x 3.6 Dia.

CC

****

0 or 90A°

****

250 W QTH

24

10000

7.0 x 3.5

RD

3400

0 or 90A°

50

600 W QTH

120

16500

4.0 x 13.5

CC

3200

Any

75

1000 W QTH

120

28000

5.0 x 18.0

CC

3200

Any

150

1000 W FEL
QTH

120

27500

6.0 x 16.0

CC

3200

0 or 90A°

300

1000 W
Calibrated
FEL QTH

120

27500

6.0 x 16.0

CC

3200

0 or 90A°

****

1000 W FEL
QTH
120
27500
6.0 x 16.0
RD= Rectangular Dense, CC= Coiled Coil, TC Tight Coil

CC

3200

0 or 90A°

****

100 W QTH
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Permissible
Burning
Position

Average
Life

Table 2.5 (b): Physical quantity for quantifying the light.
Radiometric
Quantity
Radiant Energy

Photometric-

Usual
Symbol

Photon
Usual
Symbol
NP

Q,

J

Quantity
Luminous Energy

Radiant Power or
Flux

44e

W

Luminous Flux

Radiant Exitance
or Emittance

Me

W m-2

Luminous Exitance
or Emittance

M

Irradiance

E,

W m-2

Illuminance

E.

lx

I Photon Irradiance

EP

S-1 m-2

Radiant Intensity

le

-t Wsr

Luminous Intensity

Iv

cd

I Photon intensity

1p

5 -1

Luminance

I-v

cd m-2

1 Photon Radiance

LP

s-1 sr-1 m-2

Radiance

Le

Units

Usual
Symbol
Q,

W srl m-2

Units
Im s

Quantity
1 Photon Energy

(I'y

Im

I Photon Flux

Im m-2

1 Photon Exitance
i

MP

5-1 m-2

dN
Cl'P'

The table 2.4 gives spectral bands in IR regions with respect to the sensitivity of the
detectors. Wavelength 1,100nm is a sensitivity limit of popular 'Si' detectors. Similarly
wavelength of 3,000nm is a long-wave sensitivity limit of `PbS' and `InGaAs' detectors;
wavelength 6,000 nm is a sensitivity limit of `InSb', `PbSe', `1 3tSi' detectors and `I-IgCdTe'
detectors optimized for 3,000-5,000nm atmospheric window; and finally wavelength 15000
nm is a long-wave sensitivity limit of `I-IgCdTe' detectors optimized for 8,000-12,000 nm
atmospheric window. It may be noted that `Ge' detectors devices are not popular due to

Table 2.6: Division of Infrared radiations as per the detectors type.
Name

Wavelength range

Near infrared MR

780 — 1,000 nm

Short wave infrared SWIR

1,000 — 3,000 nm

Mid-wave infrared MWIR

3,000- 6,000nm

Very long wave infrared VLWIR

15,000 — 10,00,000nm

100

s- 1

-Fie

2.6.2 Detectors

their high noise.

Units
''

sr i

Table 2.7 Values of the energy Gap between the valence and conduction bands in
semiconductors at room temperature.
Crystal

Eg(ev)

Crystal

Eg(ev)

Diamond

5.33

PbS

0.34 - 0.37

Si

1.14

PbSe

0.27

Ge

0.67

PbTe

0.30

InAs

0.33

CdS

2.24

InAs

0.33

CdSe

1.74

InP

1.25

CdTe

1.45

GaAs

1.4

ZnO

3.2

A1Sb

1.6-1.7

ZnS

3.6

GaP

2.25

ZnSe

2.60

SiC

3

AgCI

3.2

Te

0.33

AgI

2.8

ZnSb

0.56

Cu2O

2.1

GaSb

0.78

TiO2

3

The above discussed detectors are quantum detectors and have non linear detection
mechanism and therefore if they are to be used for the instrumentation, a high level program
is required to calibrate them for various wavelength of interest. Therefore most of the
spectrophotometer employ thermal detectors instead of quantum detectors despite of low
efficiency as thermal detector have flat responsivity in entire spectrum of interest. Some of
the popular thermal detectors are described below.
Deuterated triglycine sulphate (DTGS) detector is the standard detector in most FTIR instruments. This is a thermal detector, a so-called pyroelectric bolometer, which
consists of a ferroelectric crystal which has a Curie point close to room temperature. The
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crystal therefore exhibits a large change in electrical polarizability when exposed to
modulated radiation. By placing electrodes on the crystal faces, the crystal acts as a
capacitor across which an AC voltage may be measured. This detector is very linear, stable,
and has a wide spectral range of operation.
Semiconductor based quantum detectors are used when increased sensitivity and low
noise is required. In the MIR spectral region, the mercury cadmium telluride ( HgCdTs)
which use reference as `MCT' detector is almost exclusively used. This detector usually
requires cooling by liquid 'N2 , . In the near infrared spectral region 'InSb' and `InAS'
detectors are employed. These detectors may be liquid 'N 2, or Peltier Cooled. Compared
with the `DTGS' detector, these detectors have lower noise, higher sensitivity, but a
narrower spectral range of operation. The levels of intensity they may be exposed is far
lower than the `DTGS' accept. The `MCT' detector in particular has a non-linear behavior
when exposed to high levels of intensity. The difference in linearity between the MIR
`MCT' detector and the NIRSb' and 'InAs' detectors may be understood from the
structure of these detectors. In a semi-conductor structure with a conduction band separated
from a valence band by a band-gap, a current can be measured, when free electrons, are
created in the conduction band by absorption of photons with energies greater than the
band-gap. A mid infrared detector has a small band-gap as it is required to detect radiation
with low energies and thermal excitation creates a considerable number of electrons in the
conduction band, even when the detector is cooled. The reservoir of electrons that may be
excited by the incoming IR radiation is therefore small. This is illustrated in figure 2.3. With
too much light intensity reaching the detector, the reservoir is dried out and the detector
saturates.
In comparison to MIR detectors NIR detectors are required to detect much higher
energies and, consequently, it has a much larger band-gap. For this reason, thermal
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excitation does not create as much electrons in the conduction band as in MIR detectors. A
higher incident flux of radiation is therefore permissible before saturation sets in. The use of
dual-beam techniques where the intensity reaching the detector is twice as high as in the
single-beam case is therefore much more limited by the `MCT' detector in the MIR region
than by the `InAs' detector in the NIR region.

Small
bandgap

Many thermal electrons
4 Radiation excited electrons
Thermally exited electrons
Small electron reservoir

Conduction band

Valence band

Zero energy

Figure 2.9: Energy band gap diagram for IR quantum detectors.

2.6.3 InGaAs Detector
Standard 'Si' detectors have a spectral range between 350nm to 1,100nm, and a UV
enhanced type extend the range down to 200 nm in the ultraviolet. The Photomultiplier
detector is the most sensitive detectors for UV & Visible radiation. In fact they provide
1

relatively noise free signal directly proportional to the incident light, with the sensitivity
several orders of magnitude greater than that of any system available. Operating on the
principle of solid-state physics, semiconductor devices cover a much wider spectral range
than PMT's. `Ge', `InGaAs' and `InAs' are also quantum devices, with greater sensitivity in
the infrared. The fig. 2.4 illustrates the `InGaAs' detector spectral response which indicates
the responsivity variations over the wavelength.
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Fig: 2.10: Spectral response of InGaAs detector. [1.7pm and InGaAs 2.2p,m at +20°C.
(InGaAs peak sensitivity moves approx. lnm towards shorter wavelengths with 1°C cooling temperature. ) ]

2.6.4 Monochromator Control Module
Fourier Transform (FT) spectroradiometers differ from the Variable Filter (VF) and
monochromator based spectroradiometers not only due to different spectral band selector
but there are also significant differences in the role of the optics (fig. 2.5). In case of the
variable filter spectroradiometers(a) and dispersive spectroradiometers (b) selection of the
desired spectral band is done using convergent beams; while the interferometer is used in
FT spectroradiometer (c) which works with parallel beams. Next, the variable filter and the
monochromator are self-contained blocks in the sense that major spectral characteristics do
not depend very much how you irradiate the input slit of the monochromator (the variable
filter) and how you collect the radiation from the exit slit of the monochromator (the filter
output). Changing the external optics increases or decreases your sensitivity, and also adds
or reduces.
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Fig. 2.11: Typical optical layout of external optics of three types of spectradiometers a) VF
spectraradiometer, b) dispersive spectraradiometer c) FT spectradiometer,
aberrations. However, in case of the FT spectroradiometers the spectral
characteristics depends, also on the external optics playing major role. FT
spectroradiometers are characterized by very good spectral resolution and very good
sensitivity, better than that offered by other types of spectroradiometer. Very good spectral
resolution can be obtained with use of the interferometer as a spectral selector. Better
sensitivity originates from the fact that the detector is irradiated not only by the radiation
from a desired narrow spectral band (the case of the variable filter spectroradiometer and
the dispersive spectroradiometers) but by a full spectrum of radiation coming to the
interferometer input. This feature enables design of high-speed, high spectral resolution FT
spectroradiometers using standard or thermoelectrically cooled detectors (typically HgCdTe
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detectors) instead of bulky liquid nitrogen cooled detectors needed in the variable filter or
dispersive spectroradiometers. However performance of the FT spectroradiometers can be
severely reduced even by a very small non-alignment of the optical system which makes
this type of spectroradiometers inherently sensitive to shocks and vibrations. Therefore FT
spectroradiometers were for the last few decades considered as rather laboratory type
equipment that cannot be used in field applications. However, at present this opinion is
changing as there are on the market fully mobile FT spectroradiometers. Great majority of
the commercially available spectroradiometers are systems enabling measurement of the
spectral distribution of radiation emitted or reflected by a single spot and these systems can
be termed the spot radiometers. There exists also another group termed the imaging
spectroradiometers because these systems offer some imaging capabilities

2.6.5 Material For Sample Holders
Various window materials and sample accessories (shown in table 2.6) used as in
FT-IR spectrometers and must be transparent to IR radiation. The most common materials
are salts that are hygroscopic and therefore ill suited for use in connection with aqueous
solutions. Most beamsplitters consists of a base of such a material with a proper coating and
FT-IR spectrometers are therefore either sealed, with a desiccant material within, or purged
with dry air, free of water and carbon dioxide. These two gasses have intense infrared
absorption bands and the purge also has the purpose of reducing the concentration of these
two gases. The most commonly used window material for measurements on aqueous
solutions is TaFT which is sparingly dissolved by water and has an index of refraction
which is close to that of water. Another commonly used material is `ZnSe' which has a
higher index of refraction. In the near infrared spectral range, quartz and sapphire windows
may be employed. They have the advantage of being hard and chemically inert.
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Table 2.8: Infrared materials for windows.

Sr. No.

Material

Spectral

Refractive

index Water solubility

range

at 10,000nm

g/100g

in nm
1

KBr

204 -28985

1.52

53.5

2

Nacl

190-21,881

1.49

35.7

3

CaF2

125-9,000

1.39

0.0016

4

ZnSe

666 -21691

2.4

Insol.

5

Sapphire

250-6218

2.6

Insol.

6

Suprasil

175-3500

2.5

Insol.

333-333,333

2.4

Insol.

300
7

Diamond

2.6.6 Signal Conditioning Techniques
The measurement of an absorption spectrum of an aqueous solution is mainly
carried out using two different signal capturing techniques, namely using a transmission cell
(fig. 3.5) or an attenuated total reflection (ATR) cell (fig. 2.6). The transmission cell
consists of two IR transparent windows between which the aqueous solution is placed. The
light ray of the interferometer then passes through the IR windows and the aqueous solution
before reaching the detector.
Transmission cells are well suited for near infrared spectroscopy of aqueous
solutions. In this spectral region optimal pathlengths are in the range 0.5 -10mm and
consequently much larger than the wavelength of the light. In the mid infrared region, the
pathlength is in the range 7 -50 mm which is of the same order of magnitude as the
wavelength of the light. This means that multiple reflections inside the transmission cell
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may cause fringe effects in the detector signal in the MIR region, but not in the NIR region.
Attenuated total reflection is a capturing technique where light passes through a crystal or
an IR optical fiber and is totally internally reflected. The evanescent wave reaches into the
sample and is altered by changes in the absorption and index of refraction of the sample.
This is illustrated in figure 2.7.

Figure 2.12: Transmission window for IR spectroscopy.

Evanescent field
Sample
Light in
,
1
/
/

♦

♦

,
♦

1
♦

/
/

/

t out

Internal reflection element
Figure 2.13: Attenuated total reflection (ATR) cell and Evanescent field.
This allows absorption spectroscopy with penetration depths comparable to the
wavelength of the light.

108

2.7 Signal Processing
In comparison, the execution speed of most DSP algorithms is limited almost
completely by the number of multiplications and additions required. The MAC capability of
the DSP can be very well used to exploit the operators involved in eq. 2.12(As it resemble
with the FIR filter). For example, the implementation of an FIR digital filter, the most
common DSP technique, uses the standard notation. A FIR filter having output 5,[n]'
performs this calculation by multiplying appropriate samples from the input `x[n]' signal by
a group of coefficients, 'al' and then adding the products( Fig 2.13). In equation form,

ai x

a2x[n-2].+ 03 x

a4x
2.13

This is simply saying that the input signal has been convolved with a filter kernel (i.e., an
impulse response) consisting of `af . Depending on a0, al, a2, a3, there may only be a few
coefficients in the filter kernel, or many thousands. While there is some data transfer and
inequality evaluation in this algorithm, such as to keep track of the intermediate results and
control the loops, the math operations dominate the execution time.
Also in comparison, most DSPs are used in applications where the processing is
continuous, not having a defined start or end. For instance, consider an engineer designing a
DSP system for an audio signal, such as a hearing aid. If the digital signal is being received
at 20,000 samples per second, the DSP must be able to maintain a sustained throughput of
20,000 samples per second. However, there are important reasons not to make it any faster
than necessary. As the speed increases, so does the cost, the power consumption, the design
difficulty, and so on. This makes an accurate knowledge of the execution time critical for
selecting the proper device, as well as the algorithms that can be applied.
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2.7.1 Circular Buffering
Digital Signal Processors are designed to quickly carry out FIR filters and similar
techniques. To understand the hardware, we must first understand the algorithms. In this
section we will make a detailed list of the steps needed to implement an FIR filter. In the
next section we will see how DSPs are designed to perform these steps as efficiently as
possible. To start, we need to distinguish between off-line processing and real-time
processing. In off-line processing, the entire input signal resides in the computer at the

same time. For example, a geophysicist might use a seismometer to record the ground
movement during an earthquake. After the shaking is over, the information may be read into
a computer and analyzed in some way. Another example of off-line processing is medical
imaging, such as computed tomography and MRI. The data set is acquired while the patient
is inside the machine, but the image reconstruction may be delayed until a later time. The
key point is that all of the information is simultaneously available to the processing
program. This is common in scientific research and engineering, but not in consumer
products. Off-line processing is the realm of personal computers and mainframes. In realtime processing, the output signal is produced at the same time that the input signal is being
acquired. For example, this is needed in telephone communication, hearing aids, and
RADAR & LIDAR. These applications must have the information immediately available,
although it can be delayed by a short amount. For instance, a 10 millisecond delay in a
telephone call cannot be detected by the speaker or listener. Likewise, it makes no
difference if a radar signal is delayed by a few seconds before being displayed to the
operator. Real-time applications input a sample, perform the algorithm, and output a
sample, over-and-over. Alternatively, they may input a group of consecutive or similar data.
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MEMORY STORED
ADDRESS VALUE

MEMORY STORED
ADDRESS VALUE

20040

20040

20041

-0.225767

▪

x[31-31

20041
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20042
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•
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20043
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x[11- 1]

20044
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X[il]

20045
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20046
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4— x[6.-6]

20047

0.371370

4— x111,51

20047

0.371370
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20048

0.462791

02-41

20048

0.462791

4— 7,16-51
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a. Circular buffer at some instant

b. Circular buffer after next sample

Fig 2.14 Circular buffer implementation for real-time DSP.

Now look at Fig. 2.14 and imagine that this is an FIR filter being implemented in
real-time. To calculate the output sample, we must have access to a certain number of the

most recent samples from the input. For example, suppose we use eight coefficients in this
filter. This means we a0, al, to a7 must know the value of the eight most recent samples
from the input signal. These eight samples must be stored in memory and x[n], x[n-1], to
x[n-7] continually updated related to sampling rate as new samples are acquired. The best

way to manage these stored samples is by circular buffering as illustrated in Fig. 2.14.

2.7.2 Architecture Of The Digital Signal Processor
One of the biggest bottlenecks in executing DSP algorithms is transferring
information to and from memory. This includes data, such as samples from the input signal
and the filter coefficients, as well as program instructions, the binary codes that go into the
program sequencer. For example, suppose we need to multiply two numbers that reside
somewhere in memory. To do this, we must fetch three binary values from memory, the
numbers to be multiplied, plus the program instruction describing what to do. Figure
2.15(a), shows how this seemingly simple task is done in a traditional microprocessor. This
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is often called Von Neumann architecture. We only need other architectures when very
fast processing is required, and we are willing to pay the price of increased complexity. This
leads us to the Harvard architecture shown in 2.15(b). Since the buses operate
independently, program instructions and data can be fetched at the same time, improving the
speed over the single bus design. Most present day DSPs use this dual bus architecture.
Figure 2.15(c) illustrates the next level of sophistication, the Super Harvard
Architecture. This term was coined by Analog Devices to describe the internal operation of
their ADSP-2106x and new ADSP-211xx families of Digital Signal Processors. These are
called SHARC® DSPs, a contraction of the longer term, Super Harvard ARChitecture. The
idea is to build upon the Harvard architecture by adding features to improve the throughput.
While the SHARC DSPs are optimized in dozens of ways, two areas are important enough
to be included in Fig. 2.14C: an instruction cache, and an I/O controller. First, let's look at
how the instruction cache improves the performance of the Harvard architecture. A
handicap of the basic Harvard design is that the data memory bus is busier than the program
memory bus. When two numbers are multiplied, two binary values (the numbers) must be
passed over the data memory bus, while only one binary value (the program instruction) is
passed over the program memory bus. To improve upon this situation, we start by relocating
part of the "data" to program memory. For instance, we might place the filter coefficients in
program memory, while keeping the input signal in data memory. At first glance, this
doesn't seem to help the situation; now we must transfer one value over the data memory
bus (the input signal sample), but two values over the program memory bus (the program
instruction and the coefficient). In fact, if we were executing random instructions, this
situation would be no better at all. However, DSP algorithms generally spend most of their
execution time in loops. This means that the same set of program instructions will
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continually pass from program memory to the CPU. The Super Harvard architecture takes
advantage of this situation by including an instruction cache in the CPU.
The math processing is broken into three sections, a multiplier, an arithmetic logic
unit (ALU), and a barrel shifter. The multiplier takes the values from two registers,
multiplies them, and places the result into another register. The ALU performs addition,
subtraction, absolute value, logical operations (AND, OR, XOR, NOT), conversion between
fixed and floating point formats, and similar functions. Elementary binary operations are
carried out by the barrel shifter, such as shifting (division /multiplication), rotating,
extracting and depositing segments, and so on. A powerful feature of the SHARC family is
that the multiplier and the ALU can be accessed in parallel. In a single clock cycle, data
from registers 0-7 can be passed to the multiplier, data from registers 8-15 can be passed to
the ALU, and the two results returned to any of the 16 registers.
2.7.2.1 Fixed versus Floating Point
Digital Signal Processing can be divided into two categories, fixed point and
floating point. These refer to the format used to store and manipulate numbers within the
devices. Fixed point DSPs usually represent each number with a minimum of 16 bits,
although a different length can be used. For instance, Motorola manufactures a family of
fixed point DSPs that use 24 bits. There are four common ways that these possible bit
patterns can 2 16 =65,536 represent a number. In unsigned integer, the stored number can
take on any integer value from 0 to 65,535. Similarly, signed integer uses two's
complement to make the range include negative numbers, from -32,768 to 32,767. With
unsigned fraction notation, the 65,536 levels are spread uniformly between 0 and 1. Lastly,
the signed fraction format allows negative numbers, equally spaced between -1 and 1.
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Fig. 2.15: Microprocessor architecture. a) The Von Neumann Architecture b) Harvard
Architecture c) Super Harvard upon Harvard architecture.

In comparison, floating point DSPs typically use a minimum of 32 bits to store each
value. This results in many more bit patterns than for fixed point, to be exact. In the most
common format (ANSI/IEEE Std. 754-1985), the largest and smallest numbers, values are
unequally ±3Ax10 38

±1.2 X10

38 spaced between these two extremes, such that the gap

between any two numbers is about ten-million times smaller than the value of the numbers.
This is important because it places large gaps between large numbers, but small gaps
between small numbers.
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2.7.3 How Fast Are DSPs?
To handle these high-power tasks, several DSPs can be combined into a single
system. This is called multiprocessing or parallel processing. The SHARC DSPs were
designed with this type of multiprocessing in mind, and include special features to make it
as easy as possible. For instance, no external hardware logic is required to connect the
external busses of multiple SHARC DSPs together; all of the bus arbitration logic is already
contained within each device. As an alternative, the link ports (4 bit, parallel) can be used to
connect multiple processors in various configurations. Figure 2.17 shows typical ways that
the SHARC DSPs can be arranged in multiprocessing systems. In Fig. 2.17(a) the algorithm
is broken into sequential steps, with each processor performing one of the steps in an
"assembly line"

Fig. 2.16: The speed of DSP controller for various applications.
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a. Data flow multiprocessing
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b. Cluster multiprocessing

Port

BULK MEMORY

Fig. 2.17 : Multiprocessing configuration of DSP processor entity. a) Data flow type b) Cluster type.

strategy. In fig. 2.17(b), the processors interact through a single shared global memory,
accessed over a parallel bus (i.e., the external port). Figure 2.18 shows another way that a
large number of processors can be combined into a single system, a 2D or 3D "mesh." Each
of these configurations will have relative advantages and disadvantages for a particular task.
To make the programmer's life easier, the SHARC family uses a unified address space. This
means that the 4 Gigaword address space, accessed by the 32 bit address bus, is divided
among the various processors that are working together. To transfer data from one processor
to another, simply read from or write to the appropriate memory locations. The SHARC
internal logic takes care of the rest, transferring the data between processors at a rate as high
as 240 Mbytes/sec (at 40 MHz).
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Fig. 2.18 : Multiprocessing mesh configuration.

2.7.4 FPGAs And DSP Processing
FPGAs have gained rapid acceptance and growth over the past decade because they
can be applied to a very wide range of applications. A list of typical applications includes:
random logic, integrating multiple SPLDs, device controllers, communication encoding and
filtering, small to medium sized systems with SRAM blocks, and many more. Other
interesting applications of FPGAs are prototyping of designs later to be implemented in gate
arrays, and also emulation of entire large hardware systems. The former of these
applications might be possible using only a single large FPGA (which corresponds to a
small Gate Array in terms of capacity), and the latter would entail many FPGAs connected
by some sort of interconnect; for emulation of hardware.
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2.7.4.1 Potential Advantages of implementing a DSP function within an FPGA

Algorithm performance improvement in an FPGA-based implementation over the
performance in a conventional DSP processor is usually based on a combination of factors.
The most common are, increased data path width and/or increased operational speed
resulting in a higher overall performance

Another performance improvement is the ability to separate the data stream into
multiple parallel blocks of data which have limited interdependence. Each data block can
then be operated independently, resulting in higher relative performance. Taking advantage
of any architectural opportunity for maximizing the number or speed of operations is
essential to maximizing the performance achievable within an FPGA.
The critical architectural transformation necessary to maximize an algorithm's
performance within an FPGA is the process of translating every serial operation or group of
operations into the most parallel implementation possible, up to the limits imposed by the
resources available within the target FPGA device for implementing a specific function.
A further performance advantage can be gained if the FPGA can perform operations
on multiple channels or streams of data. Example applications include Time Division
Multiple Access (TDMA) multiplexing, multiple channel communication protocols, and I/Q
math based algorithms. Since each channel can be processed in parallel the performance
advantage associated with the system can be multiplied by the number of times the channels
implemented.
Designs which require signal pre-processing can also benefit, since filtering and
signal conditioning algorithms are generally straight-forward to implement within an FPGA
architecture. When an algorithm is implemented in a structure which takes advantage of the
flexibility of target FPGA architecture, the benefits can be tremendous. Algorithms can be
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customized to adjust to system requirements on the fly. Filter coefficients, implementations,
and architectures can be updated to reflect changing system conditions and user
requirements.
The implementation of an algorithm within an FPGA also provides a range of
implementation options. The design team must determine and prioritize their design
objectives. It is possible to implement an algorithm as a maximally parallelized architecture,
or in a highly serial architecture using a single structure which is fed with sequential data
elements. Hybrid architecture can also be implemented, which is a parallel implementation
of serial structures or a serial chain of parallel architectures. Each of these design options
will have its own set of characteristics including the number of devices required to
implement a function, resource requirements within a device, maximum speed, and cost of
implementation. The design team has the flexibility to optimize for size, speed, cost, or a
target combination of these factors.
An FPGA device also provides a platform for integrating multiple design functions
into a single package or a group of packages. Integration of functionality can result in
higher performance, reduced real-estate requirements, and reduced power requirements.
Resources integrated into the I/O circuitry of FPGAs can further improve system
performance by allowing control of drive strength, signal slew rate, and implementation of
on-board matching, resulting in fewer required, system-level components.
Further design integration can be implemented by incorporating hard or soft
processor cores within an FPGA to implement required control and processing
functionality. The availability of pre-verified design functionality through Intellectual
Property (IP) availability can also be used to implement and incorporate common
functionality. The ability to incorporate multiple system-level components and design
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functionality within a smaller quantity of components can potentially reduce risk, cost, and
schedule.
2.7.4.2 Numerical Representation
There are multiple numeric representation styles which can be used to represent data
as it passes through an algorithm within an FPGA. The two largest classes of numeric
representation are fixed-point and floating-point. Informed selection of the numeric
representation style can maximize the utilization of available FPGA resources. Traditionally
fixed-point implementations are considered first for DSP algorithm implementation within
FPGAs. This is due to the perceived ability to operate at higher operational data throughput
rates and more efficient utilization of FPGA resources. For more complex algorithms
floating-point may also be considered. The advantage of a higher dynamic range and
elimination of data path scaling, are the primary advantages for floating-point design
implementation. The implementation of floating-point numeric representation can come
with the penalties of higher resource utilization and less intuitive design implementations.
Fixed-point numbers can be represented as unsigned integers or signed magnitude
values. The two most popular signed representations are two's complement and one's
complement. Two's complement is the more popular of the two formats, due to its
simplified implementation when considering arithmetic overflow conditions. One's
complement has the characteristic that negative and positive numbers have identical bit
patterns, with the exception of the leading sign bit.
There are also more advanced numeric representations and modified
implementations of existing standards. Where possible, it is desirable to implement designs
based on existing defined standards. This supports simplified design comprehension for
engineers, new to a project and simplified modification for future modifications or
enhancements.
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2.7.4.3 DSP-Oriented Architectural Features
The architecture of FPGA fabric is inherently suited to implementation of parallel
structures. The capability to support very wide buses and implement multiple instantiations
of complex structures is a key feature of FPGA technology. There are generally multiple
options for implementing individual DSP-related operations within an FPGA. The
structures which manufacturers continue to optimize for DSP performance include:
Clock management and distribution
Distributed and block memory within the FPGA
Access to memory external to the FPGA
Implementation of low-overhead shift registers
Embedded wide hardware multiplier blocks
Advance hardware multiplier blocks with associated accumulator functionality
For an example consider the implementation of the primary DSP algorithm
structure; the Multiply Accumulate (MAC) function. A MAC structure can be implemented
in one of several different configurations: Both the Multiplier and the Accumulator can be
implemented within the logic fabric of the FPGA taking advantage of dedicated structures
such as dedicated high-speed carry chains . The Multiplier can be implemented in an
optimized multiplier block which does not require the use of FPGA logic, and the
Accumulator implemented within the logic fabric of the FPGA. Both the Multiplier and
Accumulator can be implemented within an advanced Multiplier block requiring the use of
no FPGA logic. Each of these approaches has its own characteristics. Depending on the
architecture there may be a limit on the number of available optimized hard multiplier
blocks. There can be speed advantages for logic level or hard multiplier block
implementations, in addition to using more or less of the available FPGA logic matrix
respectively.
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NON-INVASIVE
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3.1 Objectives
Routine pathological test required for blood glucose analysis has to be simplified
considering its test time, trauma, infection, side effect and recurring cost. Also the
technology trend is from In-vivo to In-vitro to In-silo wherein attempts are to embed signalprocessing & data acquisition in the programmable devices. Within the available techniques
as discussed in Section 2.3 like diffuse reflectance/scattering, Photo-acoustic and
fluorescence, Raman Scattering, NIR and Time/frequency domains, the complexity
increases down the order. Among the different technique stated above, near IR spectroscopy
technique can easily be realized b using the new generation programmable devices and is
does not require costly resources. Therefore the said area was taken up for investigation
with following objective as
1.

Quantifying the glucose concentration in the whole blood based on PLS
regression.

2.

Testing of model with standard data available in literature and crosschecking the
results with third party software.

3.

Design of soft-core processor based embedded hardware for the digital signal
processing for glucose estimation.

3.2 Diagram of proposed system
In the proposed design QTH source is of 600Watts (Which can be modified for the
1000Watts by selecting the filament type from the table 3.1) output power. The output is
guided through the fiber bundle for efficient coupling. The monochromator can be designed
for the resolution of required resolution (proposed 10 nm) wavelength. The monochromatic
light output from the monochromator is then coupled to the sample via a fiber bundle and to
the human tissue such as pinnae, index finger etc and the transmitted light is coupled back
to the dual channel photometer. The InGaAs thermal cooled sensor photometer should have
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broad wavelength range and the sensitivity of watts to Pico-watts (such dual channel meter
are available).
Table 3.1: Various sources and their characteristics spectral irradiance. (Source: Newport)
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Also the reasons for proposing such a setup (fig. 3.1 & 3.2) were obvious from the
fact that it is very difficult to carryout the infrared spectroscopy experiments for the
hygroscopic sample due to the unavailability of the sample holders. The sample holder like
KBr , NaCl and CaF2 ( As given in the table 2.6) are soluble in water and cannot be used to
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perform the experiments of the laboratory sample (except the skin tissue). Secondly the
available ZnSe holders are very costly and are not available easily. Also the interface with
the human tissue i.e. sample coupling required different coupling tissue compatibility and
ambient light correction. Hence here dual channel photometer with the fiber coupler for
coupling the light to tissue and then transmitted light back to detector.

QTH Light Source

Monochromator (NIR)
Wavelen

at 600 Watts (320nm-2500nm)

Signal processing (PLS) &
Display

Power meter interface and
synchronization to
monochromator

Fig. 3.1: Block diagram of proposed Glucometer model.

Fig. 3.2: Diagram specifying the detailed components.
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Pico watts power meter
(400 nm — 2500nm)
—1

Table 3.2: Table indicating the various components of non-invasive instrumentation.
2. Condensing lens

1. QTH 600watts light source
(Outer-Dia-4.2cm; Length=11.5)
3. Fiber coupler

4. Fiber bundle

5. Output coupler

6. Input slit of monochromator

7. Monochromator

8. Control circuit

9. Output slit of monochromator

10. Fiber coupler

11. Fiber bundle

12. Fiber coupler with sample holder

13. Condensing lens

14. Detector

15. Power meter.

16. Multivariate processing.

Flow chart as shown in the Fig 3.3 can be used to control the Czemy-Turner
configuration monochromator. To start with user has to enter the 'Xini' and `Xfin'
wavelength value which lie in the spectral range of the monochromator defined by boundary
values 9,0' and `XF'. Also the resolution and the number of scan times can be entered which
can be read from the input device like keypad matrix. Then monochromator control takes
charge and reset the monochromator for the initial position to minimize the lag error to
improve the repeatability. If the said range is within the spectral range then motor can be
driven to `kini' from the 91/4.0' position. Then the driving system to driven till 9,,Fin' from
`Rini' with the increment value of `r' the resolution. The return path can be driven at high
speed by inserting low delay in the path. The care is taken in the program to reset the
position of the motor to the initial position every time the monochromator is turned ON.
This is a reset position of the monochromator. The Reset position is guaranteed for the
POWER failure during the working of the monochromator.
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Enter wavelength range `Rini' within 1.0 - XI' , resolution 'r'

`,fin'

Repeat

Enter No of spectra=M

Reset monochromator to initial position

+

Access bit pattern in forward direction to the stepper

Low delay
Access pattern in forward
direction & send it to the stepper.

+
High delay

Low delay

Access bit pattern in reverse direction to reset
back to original position

•

Fig. 3.3: Suggested flowchart of the control circuit of monochromator with range 20002500nm.
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3.3 Evaluation Techniques
The emphasis in this thesis is laid on the quantification of glucose by multivariate
analysis technique based on PLS regression. For the simulation of the model, a typical
spectrum of whole blood with limited variations was taken as the input to block 15 of fig.
3.2. The simulation block has been designed with the understanding that the whole blood
spectrum is the sum of the individual spectrum of all 118 constituents (table 1.2 & 1.3). For
this approach to work, the spectral signature of glucose must be unique relative to those of
all other chemical components within the human body and this glucose specific information
must be obtained with sufficiently high SNR to permit reliable differentiation between
glucose dependent signals and signals generated by other matrix components.
Although the standard data processing is capable of enhancing the SNR of NIR
spectroscopic signal, it is not enough to quantify the constituents with good accuracy and
hence sophisticated multivariate data processing algorithms (i.e., partial least squares (PLS)
regression and/or artificial neural networks (ANN)) are necessary to selectively extract the
glucose-dependent spectral information. The quality of the raw spectral information drives
the ultimate analytical performance and the successful implementation of this noninvasive
approach.

3.3.1: Partial Regression Analysis

-

Basic Idea

Partial least squares regression is an extension of the multiple linear regression
models. In its simplest form, a linear model specifies the relationship between a dependent
(response) variable Y', and a set of predictor variables, the 'Xs', so that
Y = bo + biX i + b2X2 + + bpXp

3.1

In this equation 'bo, is the intercept and the `b, , values are the regression coefficients

(for variables 'XI' to `Xp') computed from the data sets with known constant
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concentrations. The equation 3.1 is comparable with 2.12 (With the assumption that 'bo' is
zero and 'I' is constant). So for example, one could estimate (i.e. predict) a person's weight
as a function of the person's height and gender. You could use linear regression to estimate
the respective regression coefficients from a sample of data, measuring height, weight, and
observing the subject's gender. For many data analysis problems, estimates of the linear
relationships between variables are adequate to describe the observed data, and to make
reasonable predictions for new observations (Multiple Regression or General Stepwise
Regression). The multiple linear regression models have been extended in a number of ways
to address more sophisticated data analysis problems. The multiple linear regression model
serves as the basis for a number of multivariate methods such as discriminant analysis (i.e.,
the prediction of group membership from the levels of continuous predictor variables),
principal components regression (i.e., the prediction of responses on the dependent
variables from factors underlying the levels of the predictor variables), and canonical
correlation (i.e., the prediction of factors contributing responses of the dependent variables
from factors underlying the levels of the predictor variables). These multivariate methods all
have two important properties in common. These methods impose restrictions such that (1)
factors underlying the X and Y variables are extracted from the X'X and Y'Y matrices,
respectively ( Where X' is a transpose of X and Y' is a transpose of Y) , and never from
cross-product matrices involving both the X and Y variables, and (2) the number of
prediction functions can never exceed the minimum of the number of X variables and Y
variable s 134.
Partial least squares regression extends multiple linear regressions without imposing
the restrictions imposes by discriminant analysis, principal components regression, and
canonical correlation. In partial least squares regression, prediction functions are
represented by factors extracted from the Y'XX'Y matrix. The number of such prediction
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functions that can be extracted typically will exceed the maximum of the number of X and Y
variables.
In short, partial least squares regression (PLSR) is probably the least restrictive of
the various multivariate extensions of the multiple linear regression models. This flexibility
allows it to be used in situations where the use of traditional multivariate methods is
severely limited, when there are fewer observations than predictor variables. Furthermore,
PLSR can be used as an exploratory analysis tool to select suitable predictor variables and
to identify outliers before classical linear regression.
PLSR has been used in various disciplines such as chemistry, economics, medicine,
psychology, pharmaceutical, medical science where predictive linear modeling, especially
with a large number of predictors, is necessary. Especially in chemometrics, partial least
squares regression has become a standard tool for modeling linear relations between
multivariate measurements (de Jong, 1993).

3.3.2: Computational Approach For Basic Model
As in multiple linear regression, the main purpose of PLSR is to build a linear
model, Y=XB+E, where Y is an n cases by m variables response matrix, X is an n cases by p
variables

Y=XB+E,

3.2

predictor matrix, B is a p by m regression coefficient matrix, and E is a noise term
for the model which has the same dimensions as that of Y. Usually, the variables in X and Y
are centered by subtracting their means and scaled by dividing by their standard deviations.
For more information about centering and scaling in partial least squares regression, you
can refer to Geladi and Kowalsky(1986).
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Both principal components regression (PCR) and PLSR produce factor scores as
linear combinations of the original predictor variables, so that there is no correlation
between the factors score variables used in the predictive regression model. Let us assume
we have a data set with response variables Y (in matrix form) and a large number of
predictor variables X (in matrix form), and some of which are highly correlated. A
regression using factor extraction method for this type of data, generates the factor score
matrix T=.,CW , where W is a weight matrix with p by c weight.
T=XW

3.3

For regression technique it can be proved that B has the from of
B = WQ

3.4

Where Q is a matrix of regression coefficient for T of n by c . Substituting eq. 3.4 & 3.3 in
eq. 3.2, we get
Y = TQ + E

3.5

PCR and PLSR differ in the methods used in extracting factor scores. In short, PCR
produces the weight matrix W reflecting the covariance structure between the predictor
variables, while PLSR produces the weight matrix W, reflecting the covariance structure
between the predictor and response variables.
One additional matrix which is necessary for a complete description of PLSR
procedures is the p by c factor loading matrix P, which gives a factor model
X=TP +F,

3.6

where F is the unexplained part of the X scores. We can now describe the algorithms for
computing PLSR as given below.

3.3.2.1: SIMPLE Algorithm
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The standard algorithm for computing PLSR components (i.e., factors) is nonlinear
iterative partial least squares (NIPALS). There are many variants of the NIPALS algorithm
which normalize or do not normalize certain vectors. If we assume that the X and Y variable
have been transformed to have zero mean value, then the NIPALS algorithm can be written
as follows.
1. For each h=1 , . . , c , where A 0=X'Y, M0=XFX, Co=/, and c given,
2. compute qh, the dominant eigenvector of AhAh
3.

wh=GhAhqh,

wh=whdlwhil, and store wh into Was a column

4. ph=Mhwh, ch=wh'illhwh, ph=ph/ch, and store ph into P as a column
5. qh=Ah'whkh,
6. Ah+1-7,4h
7.

and store qh into Q as a column

- ChPhqh F and Bh+1Mh

ChPhPh

Ch+I=Ch - whPh

An alternative estimation method for partial least squares regression components is
the SIMPLS algorithm (de Jong, 1993), which can be described as follows. We have used
the SIMPLE algorithm for the purpose of Multivariate analysis.
For each h=1, ,c , where Ao=XT, Mo=X'X, C0=1, and c given,
1. compute qh, the dominant eigenvector of AhAh
2.

Wh =Ahqh, CII =Wh FilfhWh, Wh'Wh/Sqrt(Ch),

3. Ph=Mhwh,

and store wh into Was a column

and store ph into P as a column

4. qh=Ah'wh, and store qh into Q as a column
5. vh=Chph, and vh=vhdivhil
6.

Ch+1 =Ch VhVh'

and Mh-F]=Mh -PhPh

7. Ah-F]=ChAh

Where Q' is transpose of Q unlike in NIPALS algorithm.
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3.4 Multivariate Model Of The Human Whole Blood Tissue
Multivariate model of the human whole blood tissue was simulated for the major
constituents. These seven constituents are serum cholesterol , serum urea, serum
triglycerides, HDL Cholesterol , LDL cholesterol and LDL interfere with the whole blood
glucose( Seventh constituents) to generate a complex signature in the spectrum region of
2000-2500nm. Also from the literature it is found that tissue temperature and skin
complexion due to pigment variation over the globe has influenced on the transmission
characteristics. There are many other factor deciding the signature of a spectrum, but the
analysis becomes complex as the physiology of the body is very sensitive & dynamic over
the catabolic process. It is decided to simulate this complex matrix over seven chemical
constituents and two physical components namely skin complexion and the tissue
temperature. This can be achieved using Lorentz Oscillator model (Simple spectra example
is given in Annexure I).
Initially the system was designed based on Equation 3.1, here the regression
coefficients were generated using regions of windows over the total spectral range as shown
in Annexure II (Windows of spectrum were selected to define the various strength for the
oscillator , but the same can not be generalized for number of oscillators and samples). It
has been observed that the model is not efficient to generate or replicate the non-linear
behaviors of the practical spectra. The generated spectra's for three oscillators are shown in
the Fig. 3.4.

3.4.1 Lorentz Oscillator model
3.4.1.1 Calibration model
The template spectrums were generated using Lorentz Oscillator 135, with respective
oscillator strength, width and frequency as given in the equation 3.2
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1/2

(n +
3.2

Fig: 3.4: Spectral of the Simulated spectra of glucose from linear equation.

where vj, Tj and Sj are centre frequency expressed in wavenumber (cm-1), line-width
(cm-1)[ Care s taken in the MATLAB program to convert cm-1 unit of wavelength into
run] and oscillator strength, respectively, and c represents the electronic contribution to the
complex dielectric constant. From equation 3.2 collect only the real part of the frequency
components from RHS influenced by the parameters of the oscillators and generated spectra
over the region of interest. Annexure III illustrates the MATLAB code for the eight
Oscillator system spectra for the equation 3.2. The simulated spectrums were generated for
the practical ensemble consists of above seven chemical constituent. The flow chart of the
same is given in fig. 3.5.
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Define the oscillator for the
range of spectra

Define the line width for the
corresponding oscillators.

Generate the set of random regression coefficients
(Strength of oscillator's peaks) for the defined line
width.

Generate the set of combination of concentration for the
variants selected for 'n' number of samples.
Generate the spectra for the various
combination of concentration for the variants
using Lorentz oscillators technique.

End

Fig: 3.5: Flow chart of the simulated spectra generated by Lorentz oscillator model.

135

Waveleneth in 'nm' v/s Absnmtinn en-efficient

Fig 3.6: Spectra generated using Lorentz oscillator model (a non linear behavior).
The Lorentz model spectrums for various concentrations of the variants were generated as
shown in Fig. 3.6. The model considered the following values of concentration for the
chemometrics system well within the pathological range. The concentrations of the seven
constituents were as follows. cl = Glucose(70-110 mgm/dl); c2= Serum Cholesterol(130220 mgm/dl); c3=Serum Urea(10-45 mgm/dl), c4=serum triglycerides(65-160 mom/di),
c5=HDL cholesterol(35-60 mgm/dl), c6=LDL Cholesterol(130-150),

c7=LDL(130-

150mgm/d1) and lambda= 2000 to 2500nm, Temperature t=25-40 degrees, Skin complexion
s = 0.2 - 0.4 . The Lorentz model is so flexible that just by varying the strength, line width
and natural frequency any practical spectrum can be generated with highly non-linear
behavior. The MATLAB code of above model is given in the
3.4.1.2 Prediction spectra
The unknown spectrum within the confidence interval of the calibrated spectra can be
generated adopting same principle that of calibration spectral as shown in flow chart (Fig.
3.7). The generated single spectrum is shown in Fig. 3.8.

136

•
Define the oscillator value as same as
the calibration spectra value

•
Define the line width value as same as the
calibration spectra value.

•
Generate a set of random regression coefficients
(Strength of oscillator's peaks) for the defined line
width.

1
Generate a set of combination of concentration for the
variants selected for one unknown samples.
Generate the spectrum for the above unknown
variants concentrations using Lorentz
oscillators technique.

Fig. 3.7: Flow chart of the simulated spectra generated for unknown spectrum.
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Fig 3.8: Spectrum generated using Lorentz technique.
The spectrum ( Fig. 3.8) was generated for the concentration of the variants of
values as follows. c 1= Glucose(95mgm/d1); c2= Serum Cholesterol(170 mgm/dl);
c3=Serum Urea(35 mgm/dl), c4=serum triglycerides(80 mgm/dl), c5=HDL cholesterol(47
mom/di), c6=LDL Cholesterol(145 mgm/dl), c7=LDL(147 mgm/dl) and lambda= 2.0 to
2.5, Temperature t=25 degrees, Skin complexion s = 0.2. The spectrum is within the
confidence interval of the calibration spectra generated in the Fig.3.6. The MATLAB code
can be obtained from the Annexure III by customizing the concentration structure.

3.4.2 Multivariate SIMPLE Algorithm
The SIMPLE algorithm is described in the form of flowchart as given in Fig. 3.9.
Initially the 'X' and 'Y' predictor & response variable matrix is generated for those many
numbers of solutions. Further the data structures are created as required in the SIMPLE
algorithm. After transforming the data in this spatial distribution, the correlations matrix
like 'W' called weight matrix , `P' called factor loading matrix and 'T' called regression
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coefficient matrix are generated to complete the computation model. So the desired solution
concentration can be computed for unknown variants with the help of 'W', `P' & 'T'
matrices.
The computation of unknown variants is demonstrated in the Fig. 3.8 for the
solution having c31=95, c2= 175, c3=35, c4=80, c5=47, c6=145, c7=144. The MATLAB
program of SIMPLE algorithm & the computation of concentration of unknown variants is
given in Annexure IV.
Further to validate this simulation model it was compared with ParLes-V2.1.9.vi
software obtained from Sydney University, Australia. The results were encouraging and
confirmed the simulated multivariate human whole model. The value of R 2=0.99, which
indicates that regression model is good. The screenshots of the processing over ParLes
software are shown in Fig. 3.11 to 3.16. Also the Standard Error of Calibration (SEC) and
Standard Error of Prediction (SEP) as shown below were computed from the expression
given in Eq. 3.3.
Pic

— co, )2 / (Nc — )

SEC =
=t
SEP =

— 7b,) 2 /(Nr — 1)
i=i

3.3

Where `Ci ' & `Coi' are predicted and true concentration of the Tth sample; and
`Ti' & `Tor are the predicted and true concentration of the Tth test sample set. Also `1•1c'
and `1•It' are the total of calibration sample and test sample.
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START

•
Define the spectral region

Define the set of combination of concentration for the variants selected for
calibration spectra value.

Define the number of variants, number of wavelength
points, principal components , Identity, Weight, factor
loading matrix and regression coefficient matrix .

Compute the column vector weight matrix 'W'.

Compute the column vector of factor loading matrix
4p9 .

Compute the column matrix of regression coefficient
for factor score matrix 'T'.

Is no of principal
components over?

Fig. 3.9: Flow chart of the SIMPLE algorithm.
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Fig: 3.10: Prediction graph for unknown variants (For cl= 95; c2=170; c3=35, c4=80,
c5=47, c6=145, c7=147).

3.4.3 Comparative Study With The Panes PLS Software
The stage I screen shows how the data is imported for modeling and predicting.
There are nine variable i.e. Seven constituents and two physical parameters. The box below
the variable is constituent's concentration. The screenshot shows that third variable (i.e.
glucose having concentration 90; here the first two parameters are physical parameter i.e.
temperature and skin complexion) is selected for computation the variable range.
The stage II screen shot shows the technique to apply pre processing such as
transforming data, baseline correction, noise filtering etc.
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Fig. 3.11: Importing of data files into the software- Stage I
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Fig. 3.12 : Preprocessing the datasets for calibration- Stage II
Stage III , IV and V screen shots are the computing stages to generate W, Q, T matrix as
explain in section 3.3.2.
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Stage VI gives the final concentration for the selected variable in Stage I, i.e. Glucose. The
computed value is 97.5 and is very close to the observed value of 95.

3.5 Validation Approach For The Multivariate Model
Once the multivariate model is tested for the SEP & SEC, the issues like, effect of
dynamic physiology due to signal in the catabolism, tissue temperature, skin complexion for
tissue compatibility, ethnic and multicultural blood composition etc, demands the
incorporation of a few more variants in the multivariate analysis for improving the SEC &
SEP. Following section describes in detail popular calibration techniques.

3.5.1: Correlation
The statistical techniques generally operate on the assumption that all the error in the
measurement is from the device, and that none is from the reference measurement. In fact,
there often is an error in the reference measurement, and this further complicates the
analysis. Many such tests are done using a traditional glucose meter and strips, with
interferences from drugs and components of blood that may not be well understood by the
investigators. The "gold standard" of the industry is a series of instruments produced by
Yellow Springs Instruments (YSI Inc. in Yellow Springs, Ohio), collectively known as "the
YSI." Based on an electrochemical technique pioneered by Dr. Leland Clark in the early
1970s. The reasonably-priced lab instruments made by YSI are respected for their accuracy,
their freedom from chemical interferences in blood and their reliability when properly
maintained' 36 . Unless a comparative study of the differences between two devices is being
performed, investigators are always encouraged to make reference measurements with the
YSI. This issue is also important when considering calibration of a proposed noninvasive
glucometer. If the device needs to be calibrated frequently, the only way patients can do so
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is to obtain a value with their "fingerstick" meter, and enter it into the noninvasive device.
In addition to the potential errors from drugs, haemoglobin and oxygen saturation that affect
many meters, there is also a possibility that the glucose level measured in blood from the
fingertip does not correlate well with the glucose being sensed in tissue (usually interstitial
fluid) by the noninvasive meter. This could lead to a serious calibration error. To see if there
is a relationship between the effect being studied and a variation in glucose, the two results
are plotted against each other as shown in Fig. 3.17, in what's termed a correlation plot, or
more commonly, a "scatterplot." i.e. variation for the parameter value under study reference
concentration.

Scatterplot
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R 2 = 0.8039

2.0

.•
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0.5
0
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50

100

150
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Reference glucose value in mg /dl
Fig. 3.17: Correlation between reference and parameter value for non-invasive study.
A calculation of the best straight line among the points ("linear regression,"
sometimes called a "linear trendline") shows how well they line up with each other, and a
"correlation coefficient" (technically called Pearson's Product Moment Correlation) that
expresses the degree of agreement between the points is also calculated. When this value is
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squared (R2), it is a measure of the amount of agreement between the points (If R 2= 1.0,
there is perfect agreement, and if R 2 = 0, there is no agreement whatsoever). The one great
flaw of this type of analysis is that it places more emphasis on the results with the largest
numerical value, and more than one experimenter has taken advantage of this by finding a
few well-agreeing points at the extreme right-hand side of the graph, where the accuracy is
much more critical as average concentration of variants belongs.
Generally speaking, an R2 value of 0.9 for a noninvasive test (compared to a good
reference, such as the YSI) would be considered acceptable to bring a device to market,
with 0.85 being about the lowest value that should be interpreted as showing promise.

3.5.2 Clarke Error Grid
Because diabetes places individuals at difference levels of risk depending on the
concentration and duration of glucose values (low levels for any length of time are
"acutely" dangerous, while high levels have more of a "chronic" impact over days or years),
different levels of hazard are assigned to errors of different kinds, and simple correlation
does not tell the whole story. One common way of expressing this is the use of an "error
grid" published by W.L. Clarke, et al. in 1987, and known universally in the industry as the
"Clarke Error Grid." It has been widely adopted for use in the evaluation of blood glucose
monitoring systems (a revised and more detailed version, called the "Consensus Error Grid,
has not yet been widely accepted).
The grid plot divides up the possible errors into groups as shown in Fig 3.18. For
instance, if the patient's blood glucose is low, and the device being used to test says that it's
high, the patient might take more insulin, loose consciousness, and place his life in
jeopardy. On the other hand, if the true glucose value is high, and the device reads low, the
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patient might eat some food or drink orange juice, but it's not likely that immediate harm
will result. The Clark Error Grid as shown in Fig. 3.18.
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Fig. 3.18: Error grid indicating group over distribution.

The regions of the chart have been designated as shown, with mnemonics to help
recall how the regions should be interpreted. As valuable as this presentation is, it can make
data that are truly not very good but seems acceptable, and vice versa. The goal of a
traditional meter would be to have 98% of the values in the A and B regions, with less than
0.1% in E. For noninvasive devices, generally there are no accepted standards, and each
group tries to define what they think will be found "acceptable" by the FDA.
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Fig. 3.19: Error grid indicating acceptability for device (i.e. 97.3%).
The collection of results shown (Fig. 3.19) is an example of the optimistic slant that
an error grid plot can place on a data set. While over 97% of the results are in the A and B
region, the overall correlation as measured by R 2 is only 0.66—this would not be good
enough for home use by patients.
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EMBEDDED SYSTEM
SOLUTION FOR
MULTIVARIATE
SYSTEM ESTIMATION

4.1 Processing Of Whole Blood Tissue Matrix
Digital Signal Processing is one of the most powerful technology that shape science
and engineering. Applying of DS tools has revolutionized various fields: communications,
medical imaging, radar & sonar, high fidelity music reproduction, oil prospecting, etc. Each
of these areas have developed an indepth DSP technology, with its own algorithms,
mathematics, and specialized techniques. DSP education involves two tasks: learning
general concepts that apply to the field as a whole, and learning specialized techniques for
your particular area of interest. In this chapter DSP tools are applied to the multivariate
analysis using state of art technology with IP cores and programmable devices (FPGA).
ALTERA & Xilinx are major players in FPGA device based total solutions. Both company
Electronics Design Automaton (EDA) tools were explored for DSP implementation,
wherein ALTERA soft-core processor based approach found more suitable for the model
implementation.

DSP is distinguished from other areas in electronics science by the unique type of
data it uses (i.e. signals). In most cases (Fig. 4.1), these signals originate as sensory data
from the real world: seismic vibrations, visual images, sound waves, etc. DSP involves
mathematics, the algorithms, and the techniques used to manipulate these signals after they
have been converted into a digital form. This includes a wide variety of goals, such as:
enhancement of visual images, analysis and synthesis of speech, compression of data for
storage and transmission, etc.
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Figure 4.1(a): Illustrates a few of DSP varied applications.

Figure 4.1(b): Shows a block diagram of a DSP system
DSP is carried out by mathematical operations. In comparison, word processing and
similar programs merely rearrange the stored data (Fig. 4.2). This means that computers
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designed for business and other general applications are not optimized for algorithms such
as digital filtering and Transformation of data. DSP are microprocessors specifically
designed to handle Multiply and Accumulate (MAC) tasks. These devices have seen
tremendous growth in the last decade, finding use in everything from cellular telephones to
advanced scientific instruments. In fact, hardware engineers use "DSP" to mean Digital
Signal Processor, just as algorithm developers use "DSP" to mean Digital Signal
Processing. This chapter looks at how DSPs are different from other types of
microprocessors, how to decide if a DSP is right for your application, and how to get started
in this exciting field.

4.2 Soft Core Processors And IP Soft Cores
DSP design approach was explored for the multivariate analysis. Attempts were
made to exploits the IP core of Xilinx and ALETRA DSP tools library for graphical
approach. Section 4.2.2 illustrates one such example of audio synthesis to generate Echo
using Xilinx SysGen toolset. Also textual base solutions were implemented using the
ALTERA soft-core processor NIOS-II for multivariate analysis as illustrated in 4.2.3.
4.2.1

DSP Intellectual Property (IP)

Intellectual Property (IP) provides access to pre-verified and often optimized DSP
functionality. IP can be obtained from multiple sources including manufacturer, third party,
open access, and university web sites. In general the IP which has been optimized for a
particular FPGA architecture can be found on the manufacturer's web site. There are
multiple categories of IP to take advantage of modular approach (divided into two groups;
lower-level operational implementations and higher-level functional implementations). A
few categories and examples are shown in Table 4.1.
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Table 4.1: DSP FP soft cores categories.

Category

Examples

DSP Function

Viterbi Decoder, FFT, MAC, FIR, Discrete Cosine Transform

Math Function

CORDIC, Parallel Multiplier , Pipelined Divider

Ease Function

Shift Register, Accumulator, Comparator, Adder

Memory Function

Block Memory Module, Distributed Module

Image Processing

Colour Space Converter, JPEG Motion Encoders

Communication

AES Encryption, Reed-Solemon Encoder, Turbo Decoder

4.2.2 Spartan III Based Signal Processing Design

For a non-invasive glucometer, it is sufficient to collect data with time intervals of
milliseconds. Therefore an audio echo signal was taken as the test case to verify the
performance of DSP processor to be used later for multivariate system. The echo can be
easily produced using a DSP processor as given in fig. 4.2. Though the work here highlights
a new approach for design of embedded system i.e. Text based programming. The thesis
also includes a Graphical base implementation on DSP board using Xilitvc ISE platform
along with Matlab R13 Simulink & SysGen (Software for converting the DSP Blocks into
respective Hardware descriptive Language) on the Spartan III target FPGA development
board for Audio Signal processing as shown in Fig. 4.3 (The block of the same target board
is shown in Fig. 4.4 and implementation in Fig. 4.5). Echo has 20 KHz maximum
frequency, compared to 1KHz of expected signal from multivariate system, the working of
system at 20KHz will guarantee satisfactory & reliable performance at 1KHz.
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Fig. 4.3: Xilinx Spartan III development board for the Graphical DSP design.
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For the above experiment Xilinx Spartan III development board was used at it was having
onboard A/D and D/A converter and also has research to accommodate the specified design
without requiring any other external support.
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4.2.3 Cyclone II Based Signal Processing Design
With increasing complexities of systems and varied levels of expertise in embedded
designing, there is an increasing need for tools that provide a higher level of abstraction —
empowering the domain experts to use DSPs in building embedded systems rather than
spending precious time at the prototyping stage, learning tedious tool chains. Completely
graphical programming environments such as Ptolemy from University of California,
Berkeley and National Instruments LabVIEW have evolved to encompass different
application domains. System generator (Xilinx) or DSP generator (ALTERA) provides IP
core libraries customized for respective vendor targets for MATLAB Simulink to generate
the HDL code for a variety of designs. It was found that the utility of the said approach is
limited due to non-availability of the soft IP core from the manufacturers for PLS regression
techniques. Therefore the total design was shifted to ALTERA domain for the text based
DSP using IP soft-core processors as shown in Fig. 4.6.
The development boards of ALTERA like DE2 , UP3 and similar developmental
board having Cyclone II and above target support the 32 bit NIOS — II softcore processor
SOC designs were used for the implementation. The NIOS-II has its own small entities like
ROM, TIMER, SDRAM, SRAM, FLASH support as shown in Fig. 4.6(development board
shown in Fig. 4.7 and the System On Chip ( SOC) building implementation of the resources
shown in table 4.2). The multivariate program can be easily programmed on to the
programmable device Cyclone II with the help of NIOS-IDE for C++ compiler support.
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Fig. 4.7: ALTERA development Cyclone II board for the Graphical and Textual DSP
implementation.
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Table 4.2: Resource selection chart in SOPC builder of ALTERA QUARTUS.

'-Mollie Name

B cpue
instruction master

C
F
ro
F
F
F
F
F
rj
P

F
F
i-.7
F

data master
iteLdebug_module
II
a tri_state bridge)
a cfi flask.
11 a sdram_O
,

m a epcs_controller
a jtag uartO
a uart0
a timer 0
a timer1
a lcd 16207 0
a led red
a ledjreen
a button_pio
a switch_pio
a SEG7_Display

P°

a 11189000A

F

a sram_11

,

Nos 1 Process
Master part

Descriptitri

-

=trout Mak

Altera Corm/ion

IRO 0
IRO 31
Ox084800011 Ox01341307FF

Mester port
Slave port
Avalon Tristate Bridge

ti Ox0000130.1 11303I-1-H-F
Oat
Ii 13x0OFFFFFF

Flash Memory (Common Flash Interface)
SDRAM Controller
EPCS Serial Flash Controller
JTAG !ART
UART (RS-232 serial port)
Interval firer
Interval timer
Character LCD (16xZ Optrex 16207)
PIO (Paralle1110)
PIO (Parallel 110)
PIO (Pastel In)

F
cic

•
.
FI

Ox004800 Ox004130FFF
00411l1130 0xO04131007
004810001 Ox0048101F
Oat ON MOODY
001481040 0k0046105F
0x00481060 04046106F
I
00481070 0xC046107F
0x014111080 Dx0048106F
8414810103
D9F i

1

PO (Paralel 1,0)
SE-GT_LUT_B
DM9000A
SRAM_16Bis_5121(

clk

080114810A0 004810AF
Ox00481000 Dx00481X3

M

040481060 0x00481 Ot3F
Ox08400000, DxDD47FFFF

The acquired data can be processed using PLS algorithm in 'C language' for
computing the unknown concentration of the variants. The Fig. 6.7 DSP development kit
shows the embedded system environment using NIOS-II softcore System-On-Chip (SOC)
from ALTERA technologies. To test usability of multivariate analysis SIMPLE algorithm
for the glucose analysis over matrix data type, few manipulation like adding, transpose,
inverse operations were performed using the designed SOC. The said system can be used to
incorporate Chemometrics analysis in IR spectroscopy. Thus the entire operation of data
analysis of glucose estimation can be embedded on to SOC.
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5.1 Results
In this thesis a model has been built to estimate the blood glucose in human body
non-invasively by using NIR radiations. The suggested model incorporates the signal
obtained from power meter from the system design as proposed in fig. 3.1 & 3.2. This
signal is conditioned by PLS regression technique using `MATLAB' tools. For this
`MATLAB 7.0' Version with toolboxes namely `SIMULINK' with `DSP Generator' from
ALTERA Inc. The model was tested for seven body variants and two physical parameters
like temperature and skin complexion. The results obtained from the above model for actual
glucose concentration of 95 was close to 97.5, thus an error observed was within the ±2.6
%. Normally as per YSI standard for an instrument to be viable in market the correlation
value should be above 90% i.e. 10 % error is admissible for non-critical applications. Our
model generates error much less then a stated error and hence has a potential to be
integrated into a portable device for medical applications.
We have suggested in chapter 4 an embedded solution to miniaturize an entire signal
processing system in a FPGA Cyclone II from ALTERA. The said design has been tested
for text based approached for matrix manipulations, which forms bases for multivariate
analysis. Here, we have assumed that the expected signal from the proposed design is of
similar nature to that of audio signal with base band of 20 KHz. Of course, the actual signal
from the power meter will have different set of peaks as compared to audio signal. As long
as the system has requisite bandwidth required for processing power meter signal, the
testing will not have any discrepancy when used for proposed model.
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5.2 Discussions
The problem is multidisciplinary in nature in the domains of Chemistry, Physics,
Statistics and Engineering. Most of the models of non-invasive glucose instrumentation
have difficulty in satisfying the Clarke Error Grid calibration. This could be due to poor
multivariate model. The fine tuning of the same multivariate model is required by
incorporating the parameters influencing glucose. With proper understanding of the
dynamics of the physiology of the human body and the catabolic processes triggering by
signal for the alternative path depending on the situation therein the cell, a closer estimate of
glucose is possible as described below.

I.

In general, there are three basic types of absorption processes: 1) electronic, 2)

vibrational, and 3) rotational. Electronic transition occurs in both atoms and molecules,
whereas vibrational and rotational transitions occur only in molecules. The probability of
transition between different states or energy levels is governed by complex quantum
mechanical rules that depend on the chemical structures, size and symmetry of the
molecule. Some transitions are "allowed" and some are "forbidden". Also its known fact
that cell changes its catabolic pathways depends on the constituents present or physiology at
that instance and various signal generated by the body. Hence it is possible that constituents
change their concentrations giving scope for variation in probability of transition states as
mentioned above over a time. These inter transition probability variations makes it very
difficult to quantify the transition states thus complicating the modeling of whole blood
tissue matrix.

H.

For quantification of glucose concentration for diagnosis and control of human

diseases, wide range of parameters, like glucose concentration range available across. The
glucose concentration for an in-situ cell culture system is in milligrams per deciliter range.
The optical path lengths for in vivo control are typically millimeter to centimeters. Also the
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environmental challenges associated with in-vivo monitoring make quantifying problem
more difficult because of a range of potential confounders that cannot be controlled like
temperature and pH variation, confounding chemical species , hydration, blood flow, light
scattering ( optical pathlengths) , overlapping absorption of non-glucose metabolites , ethnic
and racial blood, pressure changes and correlated physiological changes. It may be noted
that even a slight change in temperature, the absorption of the background water spectrum
will shift, severely impacting measurement of the glucose signal.

III

The physiological ranges of glucose values seen in the normal human body range is

from 80 to 120 mg/dl and should ideally remain around 100 mg/dl (5.5mH). Required
accuracy of a useful glucometer is 10mg/d1 (0.55mM). For the most identifiable MR
glucose peak at approximately 2.27gm, molar absorptivity is roughly 0.25 M -1 c -1 The
molar absorptivity of water is 0.41 M -1 cm-1 and the concentration of the water in typical
body tissue is approximately 39M . Considering transmission measurement made through
lmm of body tissue. The background absorption due to water will be about 1.6 and that due
to glucose will be about 1.26 x 104. Further for the accuracy requirement, we must be able
to discern an absorption change of about 1.26 x 10 4 on a background of 1.6 and it is a
evident that even a change in tissue hydration of 1/1000 of a percent would result in a larger
signal change than would a 10mg/d1 change in glucose concentration. For this reason, highorder multivariate models that incorporate analysis must use entire spectra to extract NIR
glucose information 137, 138

IV.

Calibration of the model and validation of the result by incorporating the samples

obtained from different patients population, i.e. different ages, sex type, ethnic and racial
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origins , blood group, cultural variation, daily diet habits, skin complexion corrections etc.
The model then should be calibrated to individual user.

The nine variable simulated systems as describe in thesis can be extended for more
parameters, the same system can be properly modeled with the proper confidence interval of
the variable associated to generate the required Clerk Error Grid. Once the system is
modeled to the satisfaction the same can be extended over the Global population to
accommodate the variations as described.

5.3 Scope For Future Work
The table 3.1 described the characteristics of various light sources used in
spectroscopy technique. It may be noted that out of the four spectrums seen therein the
Tungsten Halogen power source is having the continuous homogenous spectrums compared
to Xeon, Globar and Deuterium. As discussed earlier in section 2.5.1, the tissue under
investigation has a window in the NIR region of 2000-2500nm and signature of glucose are
available upto 2400 nm. Tungsten-Halogen lamp spectra gives a stable , continuous and
output with high intensity irradiance in this region, it is proposed to use the lamp with
operating power 250 Watts and above for the instrumentation design. With these
requirements in mind Tungsten-Halogen lamp is a good option for invasive glucometer
system with design flexibility for the up-gradation of power. Here few modules designs will
be discussed towards the proposed design of NI glucometer as given in Fig. 3.2.

5.3.1 Proposed Hardware Model
The radiation used in NIR Spectroscopy is safe as long as the intensity employed is
below the tissue damage value due to thermal heating. The average optical power reported
in these early clinical measurements was of the order of 10 mW at the skin surface at an
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irradiance of approximately 50 mWcm-2. This is below the safety levels set by the British
Standards Institute for skin exposure to laser radiation, and are similar to the intensity of the
sun on a sunny day.
Also instruments manufactured for use in a patient environment (defined as being within
2.5 m of a patient) must comply with a number of British (BS5724) and International safety
standards (IEC 601-1) on electrical and mechanical safety. A medical instrument must not pose
a danger to the patient or operator either from an electrical or mechanical viewpoint.

5.3.1.1 Quart Tungsten Halogen Source Module
Air cooled QTH source designed can be established keeping in mind the available
design of the 1,000 watts Oriel Quartz Tungsten Halogen Research Source. The provision
for the 250, 600 Watts and 1000 Watts Lamps may be kept in the housing assembly. As
seen from the table 2.5, it may be noted that the filaments of the 600 watts and 1000 watts(
250 and 600 Watts lamp has same dimension) has two different dimensions and voltage
rating, hence to accommodate these filaments in the housing, the provision for the filaments
couplers assembly can be taken into consideration for the housing assembly.

Graph indicates at Fig. 5.1 & 5.2 indicates that the spectral irradiance of the 1000
Watts at the 0.5 meter over 250 nm to 2400 nm spectral range and comparison of 600 Watts
and 1000Watts respectively. It may be noted that the differences in the spectral irradiance of
the 600 & 1000 Watts lamps were found to be in the range of 50 average magnitudes which
is a substantial value for the experimentation in the spectral range of 1,000- 2,500 nm, if
input power is required to be enhanced.
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Fig. 5.1: Spectral irradiance at 0.5 m from the NEWPORT 6315 1000W QTH Lamp.

tOCOW
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410CIV<
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Fig 5.2: Graph of spectral irradiance of 600 and 1000 watts (Source: Newport).
Fig. 5.1 shows the spectral distribution of the irradiance from the 1000(NEWPORT
6315) Watts Lamp at its rated voltage. The location and height of the peak emission depend
on the model of lamp and operating conditions. The filament temperature, emissivity and
transmission of the envelope determine the radiated energy and its spectral distribution.
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The luminous output can be measured ( measured using different physical quantities
as mentioned in table 2.5(b)), is particularly sensitive to the filament temperature, and the
shape of the filament is important in the directional distribution of the radiation. It may be
noted that the total irradiance at 50 cm, from the 1000 Watts 6315 Lamp, is proportionately
much less than ten times that of the 6333 100 W lamp. This is because of differences in
filament temperature and shape.

5.3.1.2 Power Supply Module
Spectral irradiance as shown in the Fig. 5.3 from 250 to 500 nm for the 100 W
lamp (NETPORT 6333) at different voltages (the filament plane is kept parallel to the slit of
the radiometer for maximum irradiance) indicate that as voltage is reduced, total output is
reduced and the peak wavelength shifts only slightly towards the red. Also the output is
quite stable over the wavelength as shown in Fig. 5.1. The output at blue wavelength can
change significantly with a slight change in voltage. Also the graph (Fig. 5.4) indicates that
the variation in the rated voltage of the lamp decreases the life span. Newport also
guarantees the output power of the calibrated lamps highly stable as compared to the
incandescence lamps as shown in Fig 5.5.
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Fig. 5.3: Spectral irradiance at 0.5 m from the 6333 100 W QTH Lamp at different voltages.
The lamp is rated for 100 W at 12 V (Newport).
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Fig. 5.4 : A average life of lamps and variation in operating voltage( Newport).

Fig. 5.5: Running time and the luminous output as compared to conventional lamps
(Source: Newport).
To minimize the shift of the wavelength, the supply voltage should be highly
regulated and thus the high performance line regulated constant voltage power supply is
needed to avoid the wavelength shift and keep constant spectral irradiance (The minor
deviation in the voltage is taken care by selecting the dual channel power meter). Also the
input power proposed in experimentation is from 250 — 1,000 watts at difference voltages as
desired by lamp to get the variable spectral irradiance in the range of 75 — 200 magnitude.
Stabilizing the power supply at such high wattages is in itself a great challenge. To keep the
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noise level low, it is suggested to use Linear Power Supply (LPS) over Switch Mode Power
Supply (SMPS).
The LPS circuit design as shown in the Fig. 5.6 is a simple, based on 7812 series
regulator. The bank of transistors with the proper sink for the current amplification required
to be connected in parallel for the required load currents. The heavy capacitors must be used
with value in the range of 30,000- 40,000 [IF for the storage and the high surge current
requirements.

R1

6x 0.1R
5watt

6x TIP2955

Secondary :
24V 35A
Mains 0
Input

30 Amp

LM7812C,

10u =

Fig. 5.6: Linear power supply circuit for 600 Watts @ 12 Volts with reconfigurable
winding.
5.2.13 Suggested monochromator design
Entrance Slit
mirror

Focusing
mirror
Exit Slit
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load

Fig 5.7: Suggested Czerny-Turner configuration of a grating monochromator.

The following specifications of the monochromator are optimum keeping in mind
the requirement of covering from Near IR to MIR region for proposed experimentation. The
spectral range required is from 1,000-2,500nm for the monochromator design. This can be
attained by the choice of the grating could be (50mm x 50mm (or 64mm x 64mm, clear
aperture) ruled grating, 300 1/mm, blazed @2000nm, maximum efficiency 75% in the
region 1333nm — 3000nm. Resolution of around 10nm is enough for the multivariate
analysis keeping in mind, the line width of the oscillator of the spectrum of the variants of
the human whole blood. The configuration of Czerny-Turner (Fig. 5.7) is will give the
required specification. The control is single level as described in section 3.2.

5.4 Conclusions
The Proteomics is an emerging science involving the identification of proteins in the
body and the determination of their role in physiological and pathophysiological functions.
Whole numbers of proteins generated during the catabolic pathways are complex in nature
and yet to be explored by researcher community. This proteomics research will able to
answer the question expressed by the multivariate modeling to decide the influencing
variants involved in stabilizing the ensemble in mind. Though the glucometer matrix model
has less then ±5 % error, this error can be minimized if the pathways are well defined for
the catabolism of glucose.

The multivariate analysis has good number of application in smart sensors designs.
The industry is interested in the chemical sensors for on-line chemical control of batch and
continuous reactors. There are innumerable applications of sensors for biomedical
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monitoring of individuals health. Environmental scientists are developing sensors to
monitor the fate and distribution of benign and malign chemicals in ecosystems. These
diverse applications have following things in common like Sensors should function in
multivariate environment, Sensor required being reliable and able to correct for change in
operating conditions, Sensor should be autonomous for decision making capability and low
power consumption. Novel instrumentations utilizing multivariate analysis to name few are
Optical computation, Agricultural Science for mapping soil, Hyperspectral imaging, Surface
plasmon resonance analysis etc.

We feel that the research work has good potential and has opened the door for
exploring research in the areas of smart sensor designs exploiting the capabilities of
programmable microelectronics devices.
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Annexure I: Eight Oscillator system MATLAB code.
clear
4500; 4900; 5800;];
fre= [100;
450; 1200; 1400; 1900; 2500; 3900;
line= [80.1; 150.8; 180.3; 280.5; 250.3; 150.8; 350.3; 650.8; 500.0; 300.0;];
o_str4110.314 110.314; 4.0193 4.0193; 3.119 3.119; 5.517 5.517; 5.955 5.955; 8.590 8.590; 7.159
7.159; 15.500 15.500; 12.300 12.300; 15.0 15.0 ; ];
Epsilon=1;
k=1;
fre_line=0;
n=0;
for 1=1:1:1
for j=100:5:6000
sum=0;
for i=1:1:10
sum= sum + ((o_str(41)*fre(41)^2)/((fre(41)^2)-(j^2)-(sqrt(-1)*j*line(41))));
end
sum = sqrt(Epsilon + sum);
.1;
fre_line(k,1)=j;
n(k,I)=sum/15;
k=k+1;
end
end
n
fre_line
plot (fre_line,n);

Annexure II: Linear stectras generation uing eq. 3.1 approach ( Only windowing code is

shown).

if a<2.05
z1=a*((0.009*c1+0.0067*c1^2)+(0.003*c2+0.006*c2^2+0.004*c2^3)+(5.004*c3+0.0055*c3^2)+(0.004*c4+
0.0055*c4^2)±(0.004*c5+0.0055*c5^2)+(0.004*c6+0.0055*c6^2)+(0.004*c7+0.0055*c7 ^2));
elseif ((a>=2.05)&&(a<2.115))
z1=a*((0.09*c1+0.067*c1^2)+(0.03*c2+1.06*c2^2+0.04*c2^3)+(5.04*c3+0.055*c3^2)+(0.04*c4+0.055*c4 ^
2)+(0.04*c5+0.055*c5^2)±(0.04*c6+0.055*c6^2)+(0.04*c7+0.055*c7^2));
elseif ((a>=2.115)&8(a<2.125))
z 1 =a*((100.09*c1+10.067*c 1 ^2)+(10.03*c2+11.06*c2^2+0.04*c2^3)+(5.04*c3+0.055*c3^2)+(0.04*c4+0.05
5*c4^2)±(0.04*c5+0.055*c5^2)+(0.04*c6+0.055*c6^2)+(0.04*c7+0.055*c7^2));
elseif ((a>=2.125)&&(a<2.25))
z1=a*((0.09*c1+0.067*c1^2)+(0.03*c2+1.06*c2^2+0.04*c2^3)+(5.04*c3+0.055*c3^2)+(0.04*c4+0.055*c4 ^
2)+(0.04*c5+0.055*c5^2)±(0.04*c6+0.055*c6^2)+(0.04*c7+0.055*c7^2));
elseif ((a>=2.25)&&(a<2.26))
z1=a*((0.09*c1+0.067*c1^2)+(0.03*c2+1.06*c2^2+0.04*c2^3)+(5.04*c3+0.055*c3^2)+(0.04*c4+0.055*c4^
2)+(0.04*c5+0.055*c5^2)+(0.04*c6+0.055*c6^2)+(0.04*c7+0.055*c7^2));
elseif ((a>=2.26)&&(a<2.27))
z1=a*((10.09*c1+10.067*c1^2)+(10.09*c2+10.067*c2^2)+(15.09*c3+10.067*c3^2)+(10.09*c4+0.067*c4 ^2)
+(0.09*c5+0.067*c5^2)±(0.09*c6+0.067*c6^2)+(0.09*c7+0.067*c7^2));
elseif ((a>=2.27)&&(a<2.295))
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z1=a*((5.99*c1+2.967*clA2)+(4.9*c2+5.967*c2A2)+(5.9*c3+0.67*c3A2)+(0.09*c4+0.067*c4A2)+(0.09*c5+
0.067*c5A2)+(0.09*c6+ 0.067*c6A2)+(0.09*c7+ 0.067*c7A2));
elseif ((a>=2.295)&&(a<2.32))
z1=0((10.09*c1+10.067*c1A2)+(10.09*c2+10.067*c2A2)+(6.09*c3+0.067*c3A2)+(0.09*c4+
0.067*c4A2)+(0.09*c5+ 0.067*c5A2)+(0.09*c6+ 0.067*c6A2)+(0.09*c7+ 0.067*c7A2));
elseif ((a>=2.32)&&(a<2.40))
z1=a*((10.09*c1+10.067*c 1 A2)+(0.09*c2+0.067*c2A2)±(5.09*c3+0.067*c3A2)±(0.09*c4+
0.067*c4A2)+(0.09*c5+ 0.067*c5A2)+(0.09*c6+ 0.067*c6A2)+(0.09*c7+ 0.067*c7A2));
else ((a>=2.40)&&(a<2.50))
zl=
a*((0.09*c1+
0.067*c1A2)+(0.09*c2+
0.067*c2A2)+(5.09*c3+
0.067*c3A2)+(0.09*c4+
0.067*c4A2)+(0.09*c5+ 0.067*c5A2)+(0.09*c6+ 0.067*c6A2)+(0.09*c7+ 0.067*c7A2));
end

Annexure III: Lorentz oscillator modeling for eight oscillators for spectra's for
samples.
2050; 2150; 2200; 2280; 2300; 2320;
2400; 2430; 2500;];
fre= [2000;
line= [20.1; 10.8; 30.3; 20.5; 50.3; 10.8; 30.3;
15.8; 15.0; 30.0;];
fid = fopen(lortzpls_cali.txtVwf) ;
fid = fopen(tortzpls_cali.txtVat');
countl = fprintf (fid,'%s\t','Tem');
countl = fprintf (fid,'%s\t','SColx');
countl = fprintf(fid,'%s \t', 1c1');
countl = fprintf(fid,'%s\t',Ic2');
countl = fprintf(fid,'%s\t','c3');
countl = fprintf(fid,'%s\t','c4');
countl = fprintf(fid,'%s\t','c5');
countl = fprintf(fid,'%s\t', 1c6');
countl = fprintf(fid,'%s\tVc7');
%countl = fprintf(fid,'%s\t';c8');
for j=2000:2:2500
fid = fopen('Lortzpls_cali.txt','at');
count = fprintf(fid,'%d ',j);
count3= fprintf(fid,'%s\t', ");
end
count3 = fprintf(fid,'\n')
initialwave=2000;
finalwave=2500;
resolution=(finalwave-initialwave)/50;
%resolution=30;
o str1=0;o str2=0;o str3=0;o str4=0;o str5=0;o str6=0;
a = 10; b = 50;
x = a + (b-a) * rand(5)
%o_strl=a+ (b-a)*rand(1,resolution);
%o_str2=a+ (b-a)*rand(1,resolution);
%o_str3=a+ (b-a)*rand(1,resolution);
%o_str4=a+ (b-a)*rand(1,resolution);
%o_str5=a+ (b-a)*rand(1,resolution);
%o_str6=a+ (b-a)*rand(1,resolution);
%o_str7=a+ (b-a)*rand(1,resolution);
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o_strl=rand(1,resolution);
o_str2=rand(1,resolution);
o_str3=rand(1,resolution);
o_str4=rand(1,resolution);
o_str5=rand( Lresolution);
o_str6=rand( Lresolution);
o_str7=rand(1,resolution);
fid = fopen('Lortzpls_cali.txt', 1ar);
1=1;
freline=0;
n1=0;
% cl= Glucose(70-110 mgm/dl); c2= Serum Cholesterol(130-220 mgm/dl);
%c3=Serum Urea(10-45 mgm/dl), c4=serum triglycerides(65-160 mgm/dl),
%c5=HDL cholesterol(35-60 mgm/dl), c6=LDL Cholesterol(130-150),
%c7=LDL(130-150mgm/d1) and lambda-- 0.4 to 0.7
%Temperature t---25-40 degrees, Skin complexion s = 0.2 - 0.4 .
for t=0.25:0.05:0.25
for s=0.2:0.1:0.2
for cl =90:10:100
for c2 =145:30:180
for c3 =30:5:40
for c4 =70:20:100
for c5 =45:5:50
for c6 =140:10:150
for c7 =145:5:150
count3 = fprintf(fid,'%d',t);
count3 = fprintf(fid, 1\t%cics);
count3 = fprintf(fid,'\t%d',c1);
count3 = fprintf(fid,'\t%cr,c2);
count3 = fprintf(fid,'\t%clf,c3);
count3 = fprintf(fid, 1\t%ct,c4);
count3 = fprintf(fid,'\t%d',c5);
count3 = fprintf(fid,'\t%d',c6);
count3 = fprintf(fid,'\t%dt,c7);
count3 = fprintf(fid,'\t%d',");
o_strl=t*s*cl*o_str1/10;
o_str2=t*s*c2*o_str2/10;
o_str3=t*s*c3*o_str3/10;
o_str4=t*s*c4*o_str4/10;
o_str5=-t*s*c5*o_str5/10;
o_str6=t*s*c6*o_str6/10;
o_str7=t*s*c7*o_str7/10;
Epsilon=1;
1c=1;
for j=2000:2:2500
sum1=0;sum2=0;sum3=0;sum4=0;sum5=0;sum6=0;sum7=0;
for i=1:1:10
suml = suml + ((o_str1(1,i)*fre(i,1)^2)/((fre(i,1)^2)-(j^2)-(sqrt(-1)*j*line(i,1))));
sum2 = sum2 + ((o_str2(1,i)*fre(i,1)^2)/((fre(i,1)^2)-(j^2)-(sqrt(-1)*j*line(i,1))));
sum3 = sum3 + ((o_str3(1,i)*fre(i,1)^2)/((fre(41)^2)-(j^2)-(sqrt(-1)*j*Iine(i,1))));
sum4 = sum4 + ((o_str4(1,i)*fre(i,1)^2)/((fre(41)A2)-(j^2)-(sqrt(-1)*j*line(i,1))));
sums = sum5 + ((o_str5(1,i)* fre(i,1)^2)/((fre(i,1)^2)-(j^2)-(sqrt(-1)*j*Iine(i,1))));
sum6 = sum6 + ((o_str6(1,i)*fre(i,1)^2)/((fre(i,1)^2)-(j^2)-(sqrt(-1)*j*line(i,1))));
sum7 = sum7 + ((o_str7(1,0*fre(i,1)^2)/((fre(i,1)^2)-(j^2)-(sqrt(-1)*j*line(i,1))));
end
suml = scirt(Epsilon + sum1);%n1(1,k)=sum 1/15;
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sum2 = sqrt(Epsilon + sum2);%n2(1,k)=sum2/15;
sum3 = sqrt(Epsilon + sum3);%n3(1,k)=sum3/15;
sum4 = sqrt(Epsilon + sum4);%n4(1 ,k)=sum4/ 1 5 ;
sum5 = sqrt(Epsilon + sum5);%n5(1,k)=sum5/1 5;
sum6 = sqrt(Epsilon + sum6);%n6(1,k)=sum6/15;
sum? = sqrt(Epsilon + sum7);%n7(1,k)=sum7/15;
%fid = fopen('specLortzdata4.txt','at');
%countl = fprintf(fid,'\t%d ',sum);
%sum = suml;
%w = conv(u,v)
%sum=sum 1
sum=suml+sum2+sum3+sum4+sum5+sum6+sum7;
%fid = fopen('specLortzdatal.txtVat');
n 1 (k,1)=sum/500;
fre_line(k,1)=j;
count3 = fprintf(fid, 1\t%d',sum);
%count3= fprintf(fid,'%s\t',sum);
1c=k+1;
end
1=1+1;
%plotyy(fre_line,n1,fre_line,n2,fre_line,n3,fre_line,n4,fre_line,n5,fre_line,n6freline,n7)
%plot(fre_line,n1,n2,n3,n4,n5,n6,n7);
count3 = fprintf(fid,'\n');

end
end
end
end
end
end
end
end
end
plogfreline,n1);
status=fclose(fid);
(Note: Single Spectra can be generated just by customizing the concentration control structure. )

Annexure IV: SIMPLE Algorithm MATLAB code.
Note : (Few data format generated for the wavelengths 'A' matrix, Combination of concentrations (Variants)
`X', are also given in italic fonts)
clear
A=[ 2000
2022
2024
2046
2048
2070
2072
2094
2096
2118
2120
2142
2144
2166
2168
2190
2192
2214
2216
2238
2240
2262
2264
2286
2288

2002
2026
2050
2074
2098
2122
2146
2170
2194
2218
2242
2266
2290

2004
2028
2052
2076
2100
2124
2148
2172
2196
2220
2244
2268
2292

2006
2030
2054
2078
2102
2126
2150
2174
2198
2222
2146
2270
2294

2008
2032
2056
2080
2104
2128
2152
2176
2200
2224
2248
2272
2296

2010
2034
2058
2082
2106
2130
2154
2178
2202
2226
2250
1274
1298
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2012
2036
2060
2084
2108
2132
2156
2180
2204
2228
2252
2276
2300

2014
2038
2062
2086
2110
2134
2158
2182
2206
2230
2254
2278
2302

2016
2040
2064
2088
2112
2136
2160
2184
2208
2232
2256
2280
2304

2018
2042
2066
2090
2114
2138
2162
2186
2210
2234
2258
2282
2306

2020
2044
2068
2092
2116
2140
2164
2188
2212
2236
2260
2284
2308

2310
2334
2358
2382
2406
2430
2454
2478
I;
X=1.
2.500000e-001
2.500000e-001
2.500000e-001
2.500000e-001
2.500000e-001
2.500000e-001

2312
2336
2360
1384
2408
2432
2456
2480

2314
2338
2362
2386
2410
2434
2458
2482

2.000000e-001
2.000000e-001
2.000000e-001
2.000000e-001
2.000000e-001
2.000000e-001

2316
2340
2364
2388
2412
2436
2460
2484

2318
2342
2366
2390
2414
2438
1462
2486

2320
2344
2368
2392
2416
2440
2464
2488

2322
2346
2370
2394
2418
2442
2466
2490

2324
2348
2372
2396
2420
2444
2468
2492

2326
2350
2374
2398
2422
2446
2470
2494

2328
2352
2376
2400
2424
2448
2472
2496

90
90
90
100
100
100

145
145
145
175
175
175

30
30
30
40
40
40

70
70
70
90
90
90

45
45
45
50
50
50

140
140
150
140
150
150

145;
150;
145;
150;
145;
150;

2330
2354
2378
2402
2426
2450
2474
2498

2332
2356
2380
2404
2428
2452
1476
2500

%Few sample are given above to indicate the format of data!

Y=[2.311909e+001
1.757335e+001
1.968723e+001
2.475024e+001
3.083434e+001
1.063802e+001
8.892988e+000
1.123592e+001
1.459523e+001
1.711683e+001
1.937333e+001
2.160362e+001
2.259796e+001
1.924111e+001
1.857825e+001
2.210795e+001
2.644231e+001
1.935297e+001
1.154613e+001
1.241261e+001
1.580601e+001
1.925696e+001
2.228762e+001
2.483542e+001
2.935124e+001
3.283730e+001
1.561206e+001
1.274472e+001
7.892643e+000
5.931185e+000
5.918478e+000
8.296460e+000
1.367270e+001
2.017380e+001
1.251711e+001
1.751045e+001
1.730378e+001
5.638135e+000
3.636652e+000
4.086867e+000
6.460398e+000
9.749344e+000

2.171334e+001
1.759267e+001
2.034882e+001
2.593386e+001
2.78013 le+001
9.730052e+000
9.072612e+000
1.185175e+001
1.505752e+001
1.749902e+001
1.974904e+001
2.193859e+001
2.233361e+001
1.870834e+001
1.898555e+001
2.286815e+001
2.666501e+001
1.715568e+001
1.132124e+001
1.290156e+001
1.640443e+001
1.979482e+001
2.273912e+001
2.529404e+001
3.081793e+001
2.734072e+001
1.541593e+00I
1.180860e+001
7.383502e+000
5.809263e+000
6.107776e+000
9.005757e+000
1.481154e+001
2.001266e+001
1.220527e+001
1.924150e+001
1.417185e+00I
5.000391e+000
3.582538e+000
4.345394e+000
7.029186e+000
1.002241e+001

2.030843e+001
1.779223e+001
2.107581e+001
2.725837e+001
2.269931e+001
9.185664e+000
9.330482e+000
1.245961e+001
1.549844e+001
1.787670e+001
2.012588e+001
2.223761e+001
2.189332e+001
1.833864e+001
1.948643e+001
2.365282e+001
2.639757e+001
1.529357e+001
1.128640e+001
1.343929e+001
1.699527e+001
2.032088e+001
2.317369e-F001
2.581672e+001
3.255640e+001
2.221497e+001
1.521422e+001
1.087405e+001
6.958841e+000
5.734069e+000
6.36985 1 e+000
9.797170e+000
1.601706e+001
1.886915e+001
1.246157e+001
2.080958e+00I
1.141862e+001
4.527236e+000
3.581191e+000
4.658969e+000
7.624484e+000
1.010490e+001

1.913200e+001
1.812866e+001
2.186997e+001
2.870864e+001
1.784277e+001
8.894758e+000
9.675287e+000
1.30413 8e+001
1.592169e+001
1.825162e+001
2.050285e+001
2.248103e+001
2.130014e+001
1.814886e+001
2.006184e+001
2.444564e+001
2.547059e+001
1.382959e+001
1.140458e+001
1.401066e+001
1.757665e+001
2.083436e+001
2.359336e+001
2.643939e+001
3.443525e+001
I.881756e+001
1.487567e+001
9.992728e+000
6.609349e+000
5.705066e+000
6.714056e+000
1.066393e+001
1.726746e+001
1.699899e+001
1.321160e+001
2.181984e+001
9.270019e+000
4.177758e+000
3.630667e+000
5.028235e+000
8.226019e+000
9.970441e+000
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1.829059e+001
1.856915e+001
2.273784e+001
3.016468e+001
1.435567e+001
8.781014e+000
1.011510e+001
1.359065e+001
1.633061e+001
1.862528e+001
2.087778e+001
2.264306e+001
2.060893e+001
1.813676e+001
2.069718e+001
2.521680e+001
2.384262e-1-001
1.274885e+001
1.164629e+001
1.460232e+001
1.814763e+001
2.133417e+001
2.400313e+001
2.720452e+001
3 .596545e+001
1.693309e+001
1.434046e+001
9.195250e+000
6.326274e+000
5.723574e+000
7.148036e+000
1.160027e+001
1.849579e+001
1.502221e+001
1.437110e+001
2.171687e+001
7.672686e+000
3.924219e+000
3.730779e+000
5.453166e+000
8.805959e+000
9.620313e+000

1.778674e+001
1.909242e+001
2.369190e+001
3.121048e+001
1.208453e+001
8.7912 1 1 e+000
1.064427e+001
1.410759e+001
1.672812e+001
1.899889e+001
2.124680e+001
2.269275e+001
1.989616e+001
1.828724e+001
2.138186e+001
2.59127 1 e+001
2.169067e+001
1.200530e+001
1.198856e+001
1.520347e+001
1.870781e+001
2.181901e+001
2.441223e+001
2.815926e+001
3.593444e+001
1.601353e+001
1.361294e+001
8.494767e+000
6.102160e+000
5.792906e+000
7.675727e+000
1.260304e+001
1.955297e+001
1.345846e+001
1.584103e+001
2.011104e+001
6.500335e+000
3.747956e+000
3.882410e+000
5.932108e+000
9.328212e+000

%Only one spectra is given to indicate the format of data!
l;
Corresponding data sets from the spectra generated i.e spectra (As the data sets is large is not included)

1;
%For each h=1,...,c, where AO=X'Y, MO=X'X, CO=1, and c given,
m=9; % number of Variable
n=251; % Number of Lambdas
W=O;
P=0;
Q=0;
CO=0;
A0=0;
MO=0;
AO=X'*Y; %4X7(number of variant X Number of lambda)
MO=X'*X; %4X4 (Number of variants X Number of Variants)
CO=eye(m)
for i=1:1:1
% Computing
value=i
g=A0'*A0;
[V,qh]=eig(g);
V;
qh;
wh=A0*qh
wh_mat=[wh(1,n); wh(2,n); wh(3,n); wh(4,n);wh(5,n); wh(6,n); wh(7,n);wh(8,n); wh(9,n);]
wh=wh_mat
ch=wh'*M0*wh
ch_sq=sqrt(ch)
wh=which_sq
for k=1:1:m
W(lc,i)=wh(lc,1);
end
% Computing W

%Computing P
wh=[W(1,i); W(2,i); W(3,i); W(4,i);W(5,i); W(6,i); W(7,i);W(8,i); W(9,i);];
ph=MO*wh;
for k=1:1:m
P(k,i)=ph(lc,1);
end
%Computing P
P
%Computing Q
%wh=[W(1,i); W(2,i);W(3,i);W(4,i);];
%ch=wh'*M0*wh;
wh=[W(1,i); W(2,i); W(3,i); W(4,i);W(5,i); W(6,i); W(7,i);W(8,i); W(9,i);];
qh=A0'*wh;
for p=1:1:n
Q(p,i)=qh(p,1);
end
Q
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ph=[P(1,i); P(2,i); P(3,i); P(4,i);P(5,i); P(6,i); P(7,i);P(8,i); P(9,i);];
vh=CO*ph
av_vh=[vh(1,i)+ vh(2,i)+ vh(3,i)+ vh(4,i)+vh(5,i)+ vh(6,i)+ vh(7,i)+ vh(8,i)+ vh(9,i)]/m;
vh=vh/av_vh;
C1=CO-vh*vh;
MI=MO-ph*ph';
A1=CO*A0 ;
A0=A1;
CO=C 1;
end
%T=X*W
B=W*Q'
%Y=T*Q'
%ph=[P(1,1) P(2,1) P(3,1) P(4,1) P(5,1) P(6,1) P(7,1)];
2.000000e-001 90
145
Xun=[2.500000e-001

30

70

45

140

150;]

Y=B'*Xun'
%%X = B \ Y solves for X in B*X = Y
%%X = Y/B solves for X in X*B = Y
%Y=X13+E, where B=WQ,
Y=[ 2.311909e+001
1.757335e+001
1.968723e+001
2.475024e+001
3 .083434e+001
1.063802e+001
8.892988e+000
1.123592e+001
1.459523e+001
1.711683e+001
1.937333e+001
2.160362e+001
2.259796e+001
1.924111e+001
1.857825e+001
2.210795e+001
2.644231e+001
1.935297e+001
1.154613e+001
1.241261e+001
1.580601e+001
1.925696e+001
2.228762e+001
2.483542e+001
2.935124e+001
3.283730e+001
1.561206e+001
1.274472e+001
7.892643e+000
5.931185e+000
5.918478e+000
8.296460e+000
1.367270e+001
2.017380e+001
1.251711e+001
1.751045e+001

2.171334e+001
1.759267e+001
2.034882e+001
2.593386e+001
2.780131e+001
9.730052e+000
9.072612e+000
1.185175e+001
1.505752e+001
1.749902e+001
1.974904e+001
2.193859e+001
2.233361e+001
1.870834e+001
1.898555e+001
2.286815e+001
2.666501e+001
1.715568e+001
1.132124e+001
1.290156e+001
1.640443e+001
1.979482e+001
2.273912e+001
2.529404e+001
3.081793e+001
2.734072e+001
1.541593e+001
1.180860e+001
7.383502e+000
5.809263e+000
6.107776e+000
9.005757e+000
1.481154e+001
2.001266e+001
1.220527e+001
1.924150e+001

2.030843e+001 1.913200e+001
1.779223e+001 1.812866e+001
2.107581e+001 2.186997e+001
2.725837e+001 2.870864e+001
2.269931e+001 1.784277e+001
9.185664e+000 8.894758e+000
9.330482e+000 9.675287e+000
1.245961e+001 1.304138e+001
1.549844e+001 1.592169e+001
1.787670e+001 1.825162e+001
2.012588e+001 2.050285e+001
2.223761e+001 2.248103e+001
2.189332e+001 2.130014e+001
1.833864e+001 1.814886e+001
1.948643e+001 2.006184e+001
2.365282e+001 2.444564e+001
2.639757e+001 2.547059e+001
1.529357e+001 1.382959e+001
1.128640e+001 1.140458e+001
1.343929e+001 1.401066e+001
1.699527e+001 1.757665e+001
2.032088e+001 2.083436e+001
2.317369e+001 2.359336e+001
2.581672e+001 2.643939e+001
3.255640e+001 3.443525e+001
2.221497e+001 1.881756e+001
1.521422e+001 1.487567e+001
1.087405e+001 9.992728e+000
6.958841e+000 6.609349e+000
5.734069e+000 5.705066e+000
6.369851e+000 6.714056e+000
9.797170e+000 1.066393e+001
1.601706e+001 1.726746e+001
1.886915e+001 1.699899e+001
1.246157e+001 1.321160e+001
2.080958e+001 2.181984e+001
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1.829059e+001 1.778674e+001
1.856915e+001 1.909242e+001
2.273784e+001 2.369190e+001
3.016468e+001 3.121048e+001
1.435567e+001 1.208453e+001
8.781014e+000 8.791211e+000
1.011510e+001 1.064427e+001
1.359065e+001 1.410759e+001
1.633061e+001 1.672812e+001
1.862528e+001 1.899889e+001
2.087778e+001 2.124680e+001
2.264306e+001 2.269275e+001
2.060893e+001 1.989616e+001
1.813676e+001 1.828724e+001
2.069718e+001 2.138186e+001
2.521680e+001 2.591271e+001
2.384262e+001 2.169067e+001
1.274885e+001 1.200530e+001
1.164629e+001 1.198856e+001
1.460232e+001 1.520347e+001
1.814763e+001 1.870781e+001
2.133417e+001 2.181901e+001
2.400313e+001 2.441223e+001
2.720452e+001 2.815926e+001
3.596545e+001 3.593444e+001
1.693309e+001 1.601353e+001
1.434046e+001 1.361294e+001
9.195250e+000 8.494767e+000
6.326274e+000 6.102160e+000
5.723574e+000 5.792906e+000
7.148036e+000 7.675727e+000
1.160027e+001 1.260304e+001
1.849579e+001 1.955297e+001
1.502221e+001 1.345846e+001
1.437110e+001 1.584103e+001
2.171687e+001 2.011104e+001

1.730378e+001 1.417185e+001
5.638135e+000 5.000391e+000
3.636652e+000 3.582538e+000
4.086867e+000 4.345394e+000
6.460398e+000 7.029186e+000
9.749344e+000 1.002241e+001
X = Y'\B';
X=X*220000
plot(X,'--rs','LineWidth',2,...
'MarkerEdgeColour','k',...
'MarkerFaceColour','g',...
'MarkerSize',10)
xlabel('Variable number');
ylabel('Concentration of glucose in dc-lit');

1.141862e+001
4.527236e+000
3.581191e+000
4.658969e+000
7.624484e+000
1.010490e+001

9.270019e+000
4.177758e+000
3.630667e+000
5.028235e+000
8.226019e+000
9.970441e+000

179

7.672686e+000
3.924219e+000
3.730779e+000
5.453166e+000
8.805959e+000
9.620313e+000

6.500335e+000
3.747956e+000
3.882410e+000
5.932108e+000
9.328212e+000
;];
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