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. need continuous monitoring to avoid the complication of diabetes. There is
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(NIR) light sensor. A prototype is developed using a finger sensor based on
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. circuit to preprocess PPG signals is realized, which includes an amplifier and
Near.-lnfrgred spectroscopy analog filter circuits, an Arduino UNO is used to analog-to-digital
Noninvasive method conversion. A digital Butterworth filterer is used to remove PPG signal
trends, then detect the PPG data peaks to determine the relationship between
the PPG signal and (BCG) and use it as input parameters to build
the calibration model based on linear regression. Experiments show that
the Root Mean Squares Error (RMSE) of the prediction is between
8.264mg/dL and 13.166 mg/dL, the average of RMSE is about 10.44mg/dL
with a correlation coefficient (R*2) of 0.839, it is observed that the prediction
of glucose concentration is in the clinically acceptable region of the standard
Clark Error Grid (CEG).
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1. INTRODUCTION

Diabetes has become a common disease in modern society. It is a chronic disease in which blood
glucose concentration fluctuates from its normal range (90-140mg/dl) causing a significant impact on
health [1-2]. According to a study made by the International Diabetes Federation (IDF) in 2014, 387 million
people had diabetes; by 2035 this will rise to 600 million [3]. Long-term diabetes is dangerous as it can lead
to serious health problems such as cardiovascular diseases, damage of blood vessels, stroke, blindness,
chronic kidney failure, nervous system diseases, amputation of a foot due to ulceration and early death [4].
Diabetes complications can be prevented by regular blood glucose monitoring and adhering to the doctor's
guidance regarding diet, medication, and exercise. Currently, most of commercially available glucose
measurement devices are invasive that require finger pricking to extracting the blood from forearm and doing
chemical analysis using a test strip which is inserted into an electronic glucometer to determine the level of
blood glucose, these procedures for this invasive method are considered as disadvantages because it is
painful, uncomfortable, and expensive in the long term.
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Latterly, a biosensor has been developed to determine the glucose concentration in a liquid
specimen [5-6]. This biosensor is low-cost, portable, and friendly to the environment. The main disadvantage
of this biosensor is that needs a liquid specimen and a lot of effort is required to extract the liquid from
the body that rests inconvenient. Non-invasive methods are more desirable and excellent alternatives to these
invasive methods because it is more convenient and comfortable for patients and less expensive. There are
a number of techniques employed for blood glucose noninvasive measurement that has been proposed [7].
Optical methods are one of the most promising methods that can be used for non-invasive blood glucose
measurement. This technique has been applied to various body parts: finger, palm, arm, forearm, earlobe,
check, etc. The concept is to irradiate a particular wavelength range of optical radiation on the avascular
region of the body and obtain the transmission Photoplethysmography signal (PPG). Near-infrared (NIR)
spectroscopy which uses light in (750-2500 nm) wavelength range is one of the most widely recommended
optical technique because of its high penetration in skins, very simple and affordable equipment as compared
to other optical methods [7-9] different bands in these regions are combination overtone band
(2000-2500 nm), first overtone band (1400-2050 nm) and second overtone absorption bands
(750-1550 nm) [10]. The absorbance of the glucose bonds (C-H, O-H) is strong in combination and first
overtone regions but there are some disadvantages in these regions due to three causes. Firstly, the drastic
increase in the cost of components and secondly the strong absorption due to other components like water
and lastly the scattering in fatty tissue. in the second overtone region which is used in the present work,
the components are less affordable, tissue absorption is lower and light penetration is higher, but glucose has
weaker absorption and it needs the electronic noise in the analog sensing circuit to be suppressed much
below the signal from the sensor output [11, 12].

The key to use NIR spectroscopy for developing glucose measurement sensor is to model
the relationship between the PPG signal and BGC. As the PPG is more susceptible for the motion artifact
induced errors, it is necessary that this noise has to be filtered before giving it to the regression model for
estimating glucose levels. In this work, the development of a non-invasive blood glucose measuring
prototype is performed using the optical techniques based on NIR light source (940 nm) where glucose has
an acceptable absorption as compared to other chromophores of blood. The output of the detector is
preprocessing with analog circuit and Butterworth is used for smoothing the PPG signal. The method uses
peaks of the PPG and a private individual calibration model for each subject is built between PPG and
the blood glucose concentration used linear regression. The experiments in this work were carried out with
10 healthy volunteers without any history of hypertension in the age group of 20-36 years (including both
male and female volunteers). The private individual calibration model has been built for each subject
separately from each other to avoid the influence due to the difference in the properties between persons such
as the circumference of a subject's finger, the different body fluid concentration, and the roughness of
the skin that can cause the scattering of light, etc. These different properties could influence PPG reading.
Moreover, the calibration models have been built in comfortable conditions of measurement during the PPG
reading to improve accuracy and repeatability.

The subsequent sections are organized as follows: the principle of glucose measurement using
the NIR method is given in Section 2. Material and methods including the selection of wavelengths, analog
sensing circuit, experimental protocols, and data treatment are described in section 3. Results and discussion
are presented in section 4 and Section 5 concludes the paper.

2. PRINCIPLE OF BLOOD GLUCOSE MEASUREMENT

The NIR region of the electromagnetic spectrum is normally understood to range (from 780 nm to
2500 nm). As shown in Figure 1 the molecular formula for glucose molecule is C6H1206, which consists of
C-H, O-H and C=0 bonds [11]. The presence of these bonds causes the absorption of NIR light in blood or
other human blood components. The NIR transmittance spectroscopy can be used for earlobes and fingertips
but for forearms and cheeks, reflective spectroscopy is used because of the very low penetration of NIR [13].
When a beam of near-infrared light is focused on the human fingertip and reaches the corresponding detector
sensor, the absorption of skin tissue and blood will weaken the beam, thus the photoelectric signal of detector
sensors will be attenuated.

The absorption is described by the Beer-Lambert law:
I = Ije Herrt 1)

Where I,: Incident light intensity .
I: Transmitted light intensity.
L: Light path Length through the solution.
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Uess: The effective attenuation coefficient, defined in (2)

terr = [3a(iq + nH]H? @)

Light transport in tissue is expressed in terms of the absorption coefficient p,and reduced scattering
coefficient pg.The pa is related to the tissue chromophores concentration and is given by (3).

Uy, =2.303eCcem 2 3)

Where €: Extinction coefficient.
C: Liquid concentration that means blood glucose concentration in our work.
Value of u,changes with variation in glucose concentration. The reduced scattering coefficient (pg) is given

by (4).
ws = pus[1—g] (4)

Where g is the anisotropy factor and ug is the scattering coefficient. As shown in Figure 2.
The variation in blood glucose concentration causes a change in the intensity of light scattered from
the tissue. The glucose concentration of extracellular fluid( ECF) increases when it increases in blood while
that of tissue cells remains constant and the refractive index of ECF(nECF) approaches that of tissue cells
(approximately 1.350-1.460) hence leading to the decrease in the properties of scattering [10, 14, 15] .
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Figure 1. Molecular structure of glucose
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Figure 2. Schematic decription of effect of glucose on light path

3. MATERIAL AND METHODS
3.1. The selection of wavelengths

A study has been conducted to determine the glucose absorption spectrum in order to choose
the corresponding wavelengths. In the wave ranges of [900 — 980] nm exists the near-infrared spectrums
absorption of glucose as shown in Figure 3 the glucose molecule exhibits peak absorption at 939 nm which is
very close to 940 nm[10]. Moreover, this wavelength is selected in this rang to utilize the advantage of
therapeutic “therapeutic window” where tissue absorption is low and light penetration is high. Although
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glucose has less absorption in this range, it requires a depth of penetration which can be realized in this
wavelength due to the minimum attenuation of the optical signal by other constituents of the blood like water,
platelets, red blood cells, etc., in addition, the electronic noise in the analog sensing circuit has been realized
to be suppressed much below the signal from the sensor output [10, 11, 16]
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Figure 3. Glucose absorption spectra between 900 and 980 nm

3.2. Photoplethysmography (PPG)

The variations in the volume of blood flow can be detected optically by the PPG sensors, which is
a low cost and non-invasive technique that makes measurements at the skin surface. As shown in Figure 4
the PPG signal is composed of two parts: 1) Direct current (DC) component: it corresponds to the transmitted
optical signal of the near-infrared light absorption of fingertip skin, muscle, bone, and venous blood. The DC
component essentially in a short time remains constant. 2) Alternating current (AC) component:
it corresponds to the transmitted optical signal of the near-infrared light absorption fingertip arterial blood.
The AC component will change periodically with the heart rate [17, 18, 19]. Although the origins of
the components of the PPG signal are not fully understood, it is generally accepted that they can provide
valuable information about the cardiovascular system. It can monitor the heartbeat by means of differences in
light absorption during systole and diastole of blood circulating. An experimental setup has been developed
for non-invasive measurement of blood glucose levels based on PPG signal with some modifications during
heart rate variability.
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Figure 4. Principle of the PPG signal. A: Variable light absorption by reason of the change in arterial blood
volume. B: constant due to the light absorption part of the non-pulsatile arterial blood. C: constant light
absorption related to venous blood. D: constant light absorption associated with the tissue, bones.

3.3. Analog sensing circuit

The block diagram of the noninvasive blood glucose measurement system is shown in Figure 5.
It consists of two parts: 1) The module to collect and preprocess the PPG signal. 2) The module to construct
the calibration model, the Butterworth filter and linear regression are applied to develop the model,
as discussed in the following section. In the module to collect and preprocess the PPG signal, it consists of an
optical Sensor with LED as the light source and photodiode as the detector to detect the attenuation of NIR
light, which passes through the fingertip with the change of blood glucose concentration. The detector
converts this light into an equivalent current and a high pass filter of cutoff frequency 0.8Hz is realized to
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remove baseline drift or low-frequency signals. Twin-T notch filter with a potentiometer is realized to detect
and remove 50Hz power line interference. Then the LM324 amplifier is used for amplification of the signal.
After necessary amplification, a low pass filter of cutoff frequency 8Hz is realized to remove high-frequency
components. The Analog circuit is represented in Figure 6. The analog signal is converted into digital with
the help of Arduino-UNO connected to a PC to acquire the signal and send the signal to the PC to be
processed by MATLAB [20, 21]. Figure 7 shows the PPG waveform.
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Figure 5. Block diagram of the proposed noninvasive blood glucose measurement system

Figure 6. Analog circuit for preprocess of PPG signal
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Figure 7. The PPG waveform
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3.4. Experimental protocol

In this work, a series of experiments were carried out to build the calibration model and prediction
of glucose concentrations using a noninvasive glucose sensor. Ten healthy volunteers were recruited for these
experiments in the age group of 20-36 year (including both male and female volunteers) without any history
of hypertension. Blood glucose measurements were made at different times during several days before and
after several meals which produce different amounts of glucose levels in the blood in order to test the ability
of our prototype to determine the blood glucose levels during these different levels. The experiment was
conducted using a commercial invasive glucometer"Glucoleader Check 3" with our prototype to build
the calibration model and benchmark the performance of our developed system. During the PPG reading used
our prototype, subjects are asked to sit comfortably on a chair and not allowed to move and the indoor
temperature and humidity were maintained at comfortable levels for getting a stable and accurate PPG signal.
The sensor is placed on the finger as shown in Figure 8 for collecting PPG single. Fifteen measurements have
been made for each subject before and after several meals, 15 stable PPG signals were collected and
the invasive blood glucose reading was performed immediately with each reading of the PPG signal for
getting the reference values of blood glucose concentration, including ten sets of PPG signals and ten
invasive values reading have been used to construct the private individual calibration model using
the regression analysis model for each volunteer, while those in last PPG signals and invasive values reading
have been treated as validation data set to test the performance of the measurement model.

Figure 8. The experimental setup of the sensing prototype

3.5. Data treatment

There are some properties that vary from person to person which could influence the PPG reading
such as the circumference of a subject's finger, the different body fluid concentration, and the roughness of
the skin that can cause the scattering of light, etc. In order to avoid this influence and improve the system
performance, each person is required to perform ten measurements in order to construct his private individual
calibration model, the blood glucose concentration of each person is then predicted based on his private
individual calibration model. After smoothing the PPG signal using the Butterworth filter [22, 23],
the calibration model between the PPG data and reference values of BGC was built as shown in Figure 9.
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Figure 9. Construction procedure of calibration model using linear regression
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The mean value of voltage is calculated from the peaks of PPG data obtained, as there exists
a functional relationship between the PPG signal and blood glucose level [24], the voltage intensity of PPG
signal changes with variation in glucose concentration. Ten means voltage is calculated from ten PPG
readings for the same subject and put into a vector and put the ten reals GCB readings for the same subject
into a vector, then used the two vectors as input data for constructing the regression model.

Xv=[X(1).. X(10)] ®)
Yv=[Y(1).... Y (10)] (6)

Where Xv: Vector voltages PPG readings.
Yv: Vector reals GCB readings.

To construct the regression model, the regression line must be calculated. The general linear regression
model is given by:

Y=mX +b ()

Where Y: The predict blood glucose concentration.
X: The voltage of the PPG signal.

The (m) and (b) are the regression coefficients which is given by:

X’lev - (XVYV) !
_ 8
X - A ©

b=mXy+Y, )

Where X',: the mean of vector voltages PPG readings.
Y',: the mean of vector reals GCB readings.

4. RESULTS AND DISCUSSION

To obtain the calibration model between reals GCB readings and PPG voltages readings, regression
analysis was done in MATLAB. Figure 10 shows a regression analysis example of a subject which indicates
that voltage PPG reading increases with the increase of real BGC. The regression coefficients were calculated
from (8) and (9) and were substituted in (7) for the prediction of non-invasive glucose concentration.
When the system was fully calibrated, the validation data sets for each subject were used to test
the performance of the measurement model. The measurements presented in Table 1, this table shows some
of the benchmarking test results between commercially invasive glucometer and our proposed non-invasive
NIR sensor. The comparison between the predicted values and the real values of blood glucose concentration
is shown in Figure 11.
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Figure 10. Regression analysis for one subject
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Figure 11. Comparison between the predicted values and the real values of BGC

The performance of our proposed non-invasive glucose sensor prototype is evaluated according to
Root Mean Squares Error (RMSE) and correlation coefficients (R?):

n 2
, iy (Xi—Y)
RMSE = % (10)

R? =1 - ZimXi—VD* (11)
X —Y)?
Where X;: is the predicted blood glucose concentration.
Y;: The real GCB reading .
Y’ :the mean of real GCB reading.

Table 1. Comparison of results between commercially invasive glucometer and
our proposed non-invasive NIR sensor

Subject Non-invasive NIR sensor Invasive glucometer (Mg/dl) RMSE (Mg/dl) R?

168 160
104 102

A 95 96 8.264 0.923
72 70
139 148
134 136

B 9% 90 9.293 0.881
80 70
114 121
105 115

c 92 01 11.217 0.7352
81 73
85 80
99 89

D 106 120 13.166 0.635
131 144

RMSE and R”2 are calculated for each subject calibration model as shown in Table 1, the averages
of root mean square error and correlation coefficients (R"2) were as follows: 10.44mg/dL, 0.8392.
Most researchers and clinicians tend to use Clarke error grid which is a frequently method used for
evaluating the clinical authentication of glucose predictions[25], as shown in Figure 12 all noninvasive
values are within the acceptable range. The results obtained from experimentations were encouraging and
confirmed the correctness of the proposed method. Comparing our results with the previous articles;
the results obtained from the proposed method revealed that the values of performance measures were
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significantly ameliorated as compared to the previous works. Table 2 shows a comparison between
the proposed system and previous articles. The obtained RMSE value is lower than previously and R*2 is
higher which indicates an improvement in the accuracy of the results due to the amelioration achieved by
building a private individual calibration model for each subject separately from each other, then
the prediction of the blood glucose concentration for each subject is performed based on his private
individual calibration model for avoiding the disadvantage of various properties from person to another
which could influence on the PPG reading such as the circumference of a subject's finger, skin roughness
which can cause light scattering and different body fluid concentration, etc., which is difficult to avoid with
universal calibration model. The data collection was carried out in comfortable conditions for getting a stable
and accurate PPG signal using our proposed system which is developed with very low-cost materials. In this
preliminary phase study, 10 persons were selected as subjects. In the near future, we will plan an
experimental procedure for more subjects. In addition, we will use different wavelengths and multiple
regression analyses for further improvement of the proposed system.

Clarke's Error Grid Analysis
E C =

IS
o
(@]

(9]
o
o

-
o
o

Predicted Concentration [mg/d]
[\N)
[=]
(=]

A (o E
0 100 200 300 400
Reference Concentration [mg/dl]

o

Figure 12. Clarke Grid analysis of results

Table 2. Comparisons between the proposed system and previous articles

Reference Method Wavelength (nm) Cost Summary RMSE & R?
J. Yadav [10] Diffuse 940 Low RMSE=14.9248 mg/dl
reflectance R?=0.87
B. Javid [26] Refraction & transmission 940,1550,1650 Low RMSE=18.52 mg/dL
M. ud din Q [27] Transmission 1550 nm Low Not reported
H. Ali [28] Refraction & transmission 650 Low Not reported
S. Haxha [29] Absorption 940 High Not reported
X. Li [30] Transmission 1310 Medium Not reported
Diffuse
reflectance . _
E. Guevara [31] NIRS and 700-1000 nm High RMSE=21.96 mg/dL
impedance
spectroscopy
C. Araujo-Andrade [32] Diffuse _ . RMSE=16 mg/dL
reflectance 900- 1700 High R?=0.74
Diffuse 590, 660, 890 and .
S.J. Yeh [33] reflectance 935 nm High SEP < 27.0273 mg/dI
Our proposed system Transmission 940 Low EZM: ?)ES=3190.44 mg/dl

5. CONCLUSION

In this paper, a non-invasive system is developed using NIR LED sensor which helps for regular
blood glucose monitoring in an economical way. Experiments are performed using our prototype and
commercially glucometer, PPG signals are obtained based on a prototype system and linear regression
method used to model the relationship between PPG signals and BGC. The results show that the NIR system
is an encouraging method for non-invasive estimation of BGC. In the near future, we will plan an
experimental procedure for more subjects. In addition, we will use different wavelength and multiple
regression analyses for further improvement of the proposed system.
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