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Abstract: In this article, a novel sensing approach is presented for glucose level monitoring where
a robust low-power millimeter(mm)-wave radar system is used to differentiate between blood
samples of disparate glucose concentrations in the range 0.5 to 3.5 mg/mL. The proposed radar
sensing mechanism shows greater capabilities for remote detection of blood glucose inside test tubes
through detecting minute changes in their dielectric properties. In particular, the reflected mm-waves
that represent unique signatures for the internal synthesis and composition of the tested blood
samples, are collected from the multi-channels of the radar and analyzed using signal processing
techniques to identify different glucose concentrations and correlate them to the reflected mm-wave
readings. The mm-wave spectrum is chosen for glucose sensing in this study after a set of preliminary
experiments that investigated the dielectric permittivity behavior of glucose-loaded solutions across
different frequency bands. In this regard, a newly-developed commercial coaxial probe kit (DAK-TL)
is used to characterize the electromagnetic properties of glucose-loaded samples in a broad range
of frequencies from 300 MHz to 67 GHz using two different 50 Ω open-coaxial probes. This would
help to determine the portion of the frequency spectrum that is more sensitive to slight variations in
glucose concentrations as indicated by the amount of change in the dielectric constant and loss tangent
parameters due to the different concentrations under test. The mm-wave frequency range 50 to
67 GHz has shown to be promising for acquiring both high sensitivity and sufficient penetration depth
for the most interaction between the glucose molecules and electromagnetic waves. The processed
results have indicated the reliability of using mm-wave radars in identifying changes in blood glucose
levels while monitoring trends among those variations. Particularly, blood samples of higher glucose
concentrations are correlated with reflected mm-wave signals of greater energy. The proposed system
could likely be adapted in the future as a portable non-invasive continuous blood glucose level
monitoring for daily use by diabetics.

Keywords: microwave/millimeter-wave sensors; 60-GHz mm-wave radar; electromagnetic scattering;
non-invasive glucose detection; signal processing; Debye model

1. Introduction

Humankind is suffering from a lot of illnesses and epidemics. One of the most common diseases
increasingly prevalent among human beings is diabetes. Over 400 million people worldwide suffer

Remote Sens. 2020, 12, 385; doi:10.3390/rs12030385 www.mdpi.com/journal/remotesensing

http://www.mdpi.com/journal/remotesensing
http://www.mdpi.com
https://orcid.org/0000-0002-1450-2138
http://dx.doi.org/10.3390/rs12030385
http://www.mdpi.com/journal/remotesensing
https://www.mdpi.com/2072-4292/12/3/385?type=check_update&version=2


Remote Sens. 2020, 12, 385 2 of 25

from diabetes and the number is growing rapidly at an unpredictable rate year-by-year according to
the International Diabetes Federation (IDF) report [1]. A considerable 8.5% of the world population
in 2014 lived with diabetes according to the World Health Organization (WHO) report [2]. While in
Canada, for instance, 5 million people are expected to be with diabetes by 2025 (about 15% of the
population). Diabetes is directly caused by the malfunction of proper hormone insulin production by
the pancreas, thereby affecting the body-cells absorbance of glucose from the bloodstream as caloric
energy due to insulin shortage and resistance. Generally, diabetes is classified into two categories:
Type-1 (insulin-dependent), where the insulin excreted by the pancreas is not enough, and Type-2
(noninsulin-dependent), where the produced hormone insulin is not properly utilized by the biological
system of the body. Diabetes generally happens due to some genetic factors or excessive eating habits.
It is detected based on the glucose level that cannot be physiologically controlled within the natural
range for a diabetic patient and therefore call for regular inspections. Typical glucose levels in humans’
blood for Type-2 diabetes widespread among 90% of infected diabetics normally vary in the range from
72 to 140 mg/dL before having a meal and should be less than 180 mg/dL within 1–2 h after a meal [3].
With a frequent check of blood glucose levels, diabetics could prematurely meet their glycemic targets
and therefore avert being susceptible to any serious health complications like heart disease, stroke,
coma, kidney failure, blindness, etc. [4]. Furthermore, hyperglycemia (>230 mg/dL) or hypoglycemia
(<65 mg/dL) become avoidable situations if the glucose level is continuously monitored and controlled
as necessary through remedies [5,6]. This is also reflected by the WHO 2016 report that counts the
promoted monitoring of diabetes, by continuous glucose monitoring (CGM), amongst the very limited
avenues to protect diabetics beside the scaled-up prevention and strengthened care [2]. To meet the
glycemic targets, patients of Type-1 should check up their blood glucose level in accordance with the
insulin intake (four times a day), while Type-2 patients should check twice a day as recommended by
the Canadian Diabetes Association [6].

Since the last decade, diabetics have been enormously dependent on point-of-care self-monitoring
devices (POCD) such as glucometers, to roughly check their blood glucose levels. These devices
are classified as invasive or sometimes minimally-invasive methods that estimate the glucose from
an extracted blood sample from the fingertip then analyze it on a strip of test paper. The glucose
concentration is then induced by an electrical signal after a set of chemical reactions where different
principles are applied such as enzymatic glucose-oxidase, glucose-molecules binding, glucose spectral
properties, color reflectance, etc. Apparently, such a finger-pricking procedure is painful, invasive,
risky for infection, and costly to the users. Therefore, a clear demand for a non-invasive pain-free
biosensor for glucose monitoring is established [7]. To meet that demand and cope with these
discomforts and limitations, researchers have conducted thorough investigations over the last decade
on alternative, non-invasive glucose detection (NGD) methods that are employed by the medical
equipment manufacturing companies to develop a variety of noninvasive blood glucose monitoring
devices. Table 1 summarizes some of these devices alongside their respective manufacturers, merits,
and demerits. NGD devices are developed using various techniques including the optical techniques
that use the light at different wavelengths to identify glucose concentrations through some optical
parameters, such as optical coherence tomography (OCT), light scattering, fluorescence measurements,
photoplethysmography (PPG) near-infrared (NIR), photoacoustic and Raman spectroscopy [8–10].
However, the optical measurements at short wavelengths commonly require bulky and costly
instruments with the tendency to have large errors in the skin or interstitial fluids that are not compliant.
The absorbance spectroscopy techniques, such as red/near-infrared [11–13] and mid-infrared [14]
spectroscopy, use the scattering of light on biological tissue to detect optical signatures of glucose
in blood. These techniques also have some shortages of being expensive to implement, sensitive
to changes in physiological parameters such as body temperature and blood pressure, and to the
environmental variations in pressure, temperature, and humidity. The electrochemical methods have
also been proposed [15,16] for sensing the glucose level obliquely by measuring external bodily fluids
such as breath condensation [17], saliva [18], sweat [19], and tears [20] and correlating their content
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to glucose in the bloodstream. Improved sensitivity is scored, yet these non-invasive methods are
criticized for being too susceptible to metabolic changes, low-correlated with blood glucose levels due
to the lag between the physical glucose changes in sweat, ISF, and blood. Seemingly, the proposed
designs are still in their infancy to judge their applicability.

Out of the many investigated non-invasive methods, the radiofrequency (RF)/microwave sensing
techniques have shown to be promising due to the ability of intact penetration of electromagnetic
(EM) waves in biological tissues. Such techniques rely on the fact that the glucose level in a person’s
blood affects the EM properties of the blood (dielectric constant and loss tangent) [21], and therefore
seek for a promising correlation between the measured electromagnetic (EM) properties of blood
and its glucose content. In this context, a variety of methods have been developed to measure the
dielectric properties of blood glucose in superficial vessels using split-ring resonators [22], microstrip
patch antennas [23], vector network analyzers (PNA) [24], and waveguides [25]. A popular method
for measuring the complex permittivity for liquids is through using an open-ended coaxial probe
as a near-field sensor by placing the material under test (MUT) right at the opening and measuring
the reflection coefficient S11 which is then related to the dielectric properties through a complex
mathematical model [26,27]. Such probes can be used for measurements in a convenient laboratory
setup but are not suitable candidates for non-invasive sensing due to their high cost, massive bulky
nature, and limited penetration depth that depends on the probe diameter [28]. They also become
quite inaccurate in measurements for any asymmetries in the MUT surface [26,29]. The most accurate
and precise methods among those dielectric characterization techniques are the resonant methods
that employ various type of microwave resonators including the classical box, transmission-line,
circular/ring, etc. [30,31]. Nevertheless, this method is found to be more suitable for characterizing
the materials of low loss over a narrowband, yet the harmonic resonance frequencies could be of a
great use for wideband characterization. All these RF systems have demonstrated success in glucose
detection, but they are not immediately viable for at-home use by diabetic patients due to restrictions
on these systems that rely on expensive RF tools. This makes the systems impractical for large-scale
deployment. Some state-of-the-art techniques recently proposed for NGD are listed in Table 2.
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Table 1. In market devices for non-invasive blood glucose monitoring.

Device/Company Technique Placement Needs Attributes

NovioSense
(Noviosense BV) [32]

Electrochemical
enzymatic-based tear analysis

Lower eye lid (inferior
conjunctival fornix)

Continuous monitoring
provided a sample

Compact, painless, flexible, wireless power,
smartphone connected for data analysis

Smart Contact Lens
(Novartis & Google) [33]

Electrochemical
enzymatic-based tear analysis Eye Continuous monitoring

provided a sample

Painless, power efficient, portable, low relief,
hazardous when overheated, withdrawn

from market!

iQuicklt Saliva Analyzer
(Quick LLC) [34] Saliva analysis Saliva of the mouth Intermittent monitoring

provided a sample

Portable, convenient to use, accurate, time efficient
(real-time readings), under development and

clinical trials

TensorTip Combo Glucometer
(Cnoga Medical) [35]

Photometric and
photography-based techniques Fingertip Intermittent monitoring

without a sample

Convenient to use, accurate when calibrated on
individual-basis, smartphone compatible, battery
operated (rechargeable), cost-effective, certified!

Glucosense
(Glucosense Diagnostic

Ltd.) [36]

Low-powered laser sensors that
use photonic technology

(infrared light)
Fingertip Intermittent monitoring

without a sample

Convenient to use, portable, affordable,
power-efficient, time efficient (30 s),

under development!

Groves’s Device
(Groves Instrument Inc) [37] NIR spectroscopy Fingertip or earlobe Intermittent monitoring

without a sample

Fast processed readings, time-efficient (20 s),
compact, portable, uses capillary-level blood, less

accurate due lacking subjective calibration

GlucoTrack
(Integrity Applications) [38]

Thermal, ultrasonic, and
microwave EM technology Earlobe Intermittent monitoring

without a sample

Affordable, convenient to use, high accuracy due
earlobe placement, unit-connected for results

processing/display, complex processing,
FDA approved!

GlucoWise
(MediWise) [39,40] RF/Microwave Amid fingers (thumb and

forefinger)
Intermittent monitoring

without a sample

Convenient to use, affordable, accurate,
Bluetooth-based data transmission, compact,

integrable with insulin pumps, uses capillary-level
blood, time-efficient, fast readings (10 s), hurtful
due localized energy usage, under development!
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Table 2. Some state-of-the-art techniques for non-invasive glucose detection.

Ref Technique Main Items Sensing Parameter Pros Cons

[41] OCT Light source + coupler
+ interferometer OCT slope - Good resolution images with

high SNR

- Affected by pressure and temperature
- Compromise between resolution and penetration depth

-Time consuming for glucose estimation

[42]
Optical/thermal
spectroscopy +
photoacoustic

Microphone + laser diode Change in optical absorption
coefficient and pressure

- Compact size
- Improved sensitivity - Affected by pressure and temperature

[43] NIR + PPG + ANN Photo diode + LED Difference in optical density
- Reduced cost

- Fast FPGA implementation
-Good accuracy

- PPG is affected by noise, motion, fatty tissues
- Increased complex processing

-Time consuming
-Filtering overhead

[44] Photoacoustic + NIR
+ MEMS

IR + ultrasonic
micro-electro-micro mechanical

(MEMS) sensors

Acoustic pressure and
absorption

- Compact size
- Efficient power

- Accurate and sensitive
- Deep penetration in ear lobe area

- Affected by pressure, temperature, and humidity
- Performance dependency on surface

[45] NIR + photoacoustic Piezoelectric sensor + pulsed
laser diode (PLD)

Change in pressure
(Photoacoustic amplitude)

- Good sensitivity
- Limited scattering

- User friendly

- Nonuniform absorption
Affected by pressure and temperature

-Time consuming
-Power inefficient

[46] NIR Thermal/laser sensors +
spectroscope

Change in power output of
the transmitted light beam

- Not expensive
- Harmless

- Data limitation
- Less accurate

[47] ECG + ML Compumedics ECG leads Heart rate and QT interval

- Fast processing
- Converged computation
- Detecting hypoglycemia

and hyperglycemia

- ECG signal parameters possibly affected by abnormal heart
condition (e.g., arrhythmia)

[48] RF/Microwave Microstrip patch
antenna (spiral) Shift in resonance frequency

- Compact size
- Affordable cost
- High Q-factor

- Affected by noises in atmosphere
- Not validated for glucose sensing using real measurements

- Loss parameters not considered in simulation

[49] RF/Microwave PNA + antenna
+ Cole-Cole model Shift in resonant frequency - Good correlation with glucometer

when calibrated

- Affected by environmental changes (sweat, temperature,
pressure, etc.)

- Subject-based calibration

[50] RF/Microwave Microstrip patch
antenna (triangular) Shift in resonance frequency

- Cost effective
- Miniaturized size

- Linear
- Not demonstrated for different glucose levels detection

[51] RF/Microwave Patch resonator Changes in input impedance

- Miniaturized size
- Good sensitivity

- Tested on wideband tissue
mimicking phantom

- Large error margin
- Phantom simulated with non-dispersive dielectric properties

[39] Millimeter-wave Antenna Two patch antennas
(Glucowise)

Changes in transmission
coefficient S21

- Portable
- Less susceptible by interference - Possible harmful effects due localized energy

[52] RF/Microwave Planar ring resonator Shift in resonant frequency - Compact size
- Accurate (Resonant-based)

- Affected by environment status
- Low sensitivity

- Tested on impractical glucose ranges
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Radar systems have been increasingly used over recent years for a variety of applications.
For instance, radars for automotive, ground, and weather applications are commonly employed
at different scales with variable lighting, peripheral, and environmental conditions. The low-cost
hardware items of small-size modules have recently become available have been allowed for some
introductory explorations in [53–56]. Human computer interface (HCI) has also shown to be a potential
area for radars to detect the human’s hand gesture at a micro-scale (finger motion recognition) [57,58],
enhance reality interactions [59], activity discernment [60], liquid identification [61] and to distinguish
between various materials and objects by analyzing the characteristics of the reflected radio waves [62].
Smart lighting products that detect incoming motions for automatic lighting have recently replaced the
conventional passive infrared sensors (PIR) with radar systems that are cost-effective, highly sensitive,
and of better sensing resolution with a wider range. Radars have also demonstrated success in the
health scope for a variety of applications such as sleep monitoring [63], sensing the respiratory and
heart rates [64], emotion tracking [65], gas detection [66], and many other aspects of radar capabilities
are still under exploration.

Continuing these efforts in radars health applications, a compact low-cost integrated sensing
system that utilizes mm-wave radars is proposed to remotely detect glucose concentration levels for
diabetes patients. In particular, motivated by the results of our prior study in [67] that succeeded in
differentiating the amount of sugar in three different drinks (coke, diet coke, and zero coke) using the
reflection data from one channel of a 4-port microwave network analyzer N5227A PNA-67GHz from
Keysight technologies; in this study, radar sensing and signal processing were employed for the purpose
of identifying the glucose levels in synthetic blood samples of various glucose concentrations typical to
the diabetes condition. An integrated mm-wave radar system is used as a sensing platform for tracking
different glucose concentration levels in “fake blood” samples. In this system, a two-transmitter (Tx)
and four-receiver (Rx) high-resolution radar working in the 57 to 64 GHz frequency range (bandwidth
of 7 GHz and center frequency of 60 GHz) [57], is utilized to experiment the detection of glucose levels
in blood-mimicking material “fake blood” samples [68] by analyzing the raw data of the reflected radio
waves. To do so, synthetic “fake blood” samples were first prepared at assorted glucose concentrations
from 0.5 to 3.5 mg/mL at 0.5 mg/mL increment. The prepared blood samples were loaded at a specific
volume inside clinical test tubes, then placed onto a 3D printed fixture device that is particularly
developed to retain the sample tube position at a consistent distance relative to the radar sensor.
The blood samples under test were illuminated with frequency-modulated continuous electromagnetic
waves at very high frequencies and the raw data of reflected mm-waves were collected simultaneously
from the four radar channels. The collected raw data is then analyzed using conventional signal
processing techniques to identify the corresponding glucose concentrations in blood.

The next sections in this paper are organized as follows: Section 2 discusses the investigative
experiments that motivate the use of the mm-wave spectrum for glucose sensing. Section 3 presents
the proposed low-cost glucose sensor, its principle of work and the in-lab experimental approach for
radar sensing. The measurement results of the different radar experiments are presented in Section 4
alongside the signal processing analysis. Section 5 presents a comprehensive discussion for the research
findings, while Section 6 concludes the paper and outlines the future work.

2. Why mm-Wave Sensing?

Prior to exploring the radar usage for detecting glucose and identifying its level of concentration, we
first answer a fundamental question, why the choice of using an mm-wave system is favored for glucose
detection? To answer this question, we first aimed at studying the dielectric complex permittivity
behavior of glucose-loaded samples across the microwave spectrum from 300 KHz to 67 GHz using a
dielectric assessment kit (DAK-TL) that features the open-ended coaxial probe technique for dielectric
characterization. This is done to suggest the portion of the spectrum where the glucose-loaded
specimens could be detected at high sensitivity. To do this, the dielectric properties (dielectric constant
and loss tangent) of assorted glucose-water solutions prepared at similar concentrations to normal
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diabetics (70–120 mg/dl, in steps of 10 mg/dL) were measured over the frequency spectrum from
300 MHz up to 67 GHz using a commercial coaxial probe kit (DAK-TL) connected to a Keysight PNA
instrument. The objective was to determine whether varying the amount of dissolved glucose in
the liquid solution (e.g., aqueous solutions) affects their dielectric EM properties, and to what extent.
Furthermore, we aimed at determining the portion of the frequency spectrum that is most responsive to
slight variations in glucose concentrations, and to identify the amount of change in dielectric constant
and loss tangent due to different concentrations of interest. Another factor that advocates the use of
mm-wave radar for glucose detection in this study is the outcome of a recent clinical experiment where
clinical blood samples drawn from seven distinct participants before and after consuming 75mg of
glucose (i.e., 14 samples in total) were analyzed using a PNA in the frequency range (50–67 GHz) [67].
These motivational studies are explained in detail in the following subsections.

2.1. Spectroscopy Dielectric Measurements of Glucose Using DAK-TL

Generally speaking, liquids of high-water contents (e.g., blood, aqueous solutions, etc.) are
dispersive media whose electromagnetic properties depend on frequency. Therefore, providing an
accurate mathematical model is necessary to describe this frequency dependency. The dielectric
constant of tissues having high water content as a function of frequency can be characterized by
the Debye relaxation model [69], which describes the reorientation of molecules that could involve
translational and rotational diffusion, hydrogen bond arrangement, and structural rearrangement.

A few research studies have focused on extracting the permittivity measurements for liquid
samples of relatively high glucose concentrations at higher frequency ranges. In [24] a waveguide
transmission probe was clamped onto the ear of a live anesthetic rat in order to observe the EM
properties continuously on PNA. The authors noted a correlation between blood glucose concentrations
and the properties the mm-wave transmitted in the Ka band (27–40 GHz) as demonstrated by the
considerable changes in the absorption and reflection properties during the 0.5 mL intraperitoneal
(IP) injection of glucose and insulin into the rat under experiment. Different sensing techniques of
both reflection and transmission modes were used in [70] to collect the permittivity measurements
for aqueous glucose solutions in a frequency range up to 40 GHz for higher glucose concentrations
from 0.15 wt% up to 0.5 wt%. The study in [71] considered the 50–75 GHz band for measurements of
reflection coefficients using saline solutions of high concentrations (0.5 wt% and 3 wt%). A correlation
between these concentrations and reflected coefficients is not sufficiently strong even for the high
glucose concentrations. Another study [72] over the frequency range (28–93 GHz) used the mm-wave
spectroscopy in reflection mode to detect sugar in watery solutions, blood imitators (physiological
solution: 0.9% NaCl in water), and blood while checking the sensitivity of their dielectric properties
to glucose content at concentration levels ranging from 0.5 to 5% wt. The authors in [3] were able
to demonstrate a clear linear correlation between transmitted EM energy in the mm-wave band
(50–75 GHz) and the glucose concentrations in watery and salty solutions. Two open-ended V-band
waveguides (WR-15) connected to a PNA were used to measure the dielectric properties, reflection (S11)
and transmission (S21) coefficients. The tested samples have different types of glucose concentrations
in a clinically relevant range between 0.025 wt% and 5 wt%. Transmission data achieved better results
compared to reflection one especially in the 59–64 GHz and 69–73 GHz frequency ranges. A recent
study in [73] proposed an mm-wave sensing system that consists of a pair of 60 GHz microstrip patch
antennas placed across the interrogated blood sample. Measurements of the transmission coefficients
were shown to be highly affected by changes in the permittivity along the signal path due to variations
in glucose concentrations.

Following up on the aforementioned efforts, in this study, we investigated which frequency band
could be of the most sensitivity to glucose level changes in the tested specimens while understanding
their dielectric behavior as reflected by the corresponding spectroscopy measurements. For this
purpose, the updated software version of the DAK-TL (2.4.1.144) system was used to measure the
EM dielectric properties of water-based glucose-loaded samples of concentrations (70–120 mg/dL) in



Remote Sens. 2020, 12, 385 8 of 25

four distinct frequency bands. These concentrations of interest are related to the clinical relevance of
Type-2 diabetes. Aqueous glucose solutions were utilized to approximate the actual blood samples
at disparate glucose concentrations while ensuring the stability and repeatability of the dielectric
measurements. This approximation is valid since water contributes a high percentage (≈50%) of the
entire volume of human blood that contains other vital constituent components at different proportions
(e.g., glucose, Na, Ca, K, Cl, etc.) [74].

First, aqueous glucose solutions were prepared precisely using a micropipette device in a laboratory
with disparate glucose content at the following concentrations: 0.7, 0.8, 0.9, 1.0, 1.1, and 1.2 mg/mL.
The dilution equation C1V1 = C2V2 is used to calculate the volume V1 added from the stock/standard
glucose solution of C1 = 10 mg/mL, to achieve the desired concentrations for the prepared samples of
volume V2 = 20 mL. The basic system setup that interconnects the DAK-TL, PNA and PC is shown in
Figure 1. After matching the Probe beam to the physical setup of the frequency of interest, the DAK-TL
base system is connected to one port of the PNA via coaxial cable, while connected to the PC via
USB. This testing fixture is fully automated and software controlled. The PNA is connected to a PC
using LAN/Ethernet cable. PNA intermediate frequency (IF) Bandwidth is set to 100 Hz to achieve
measurements at a convenient speed with reduced noise, PNA output source power (O/P) = 0 dBm for
both probes DAK 3.5/1.2E, and the averaging reset is for 3 PNA traces to reduce the noise in and the
error of the reported result. To achieve precise reproducible measurements, the DAK-TL system was
calibrated by the standard Open-Short-Load method using distilled water at 20 ◦C before starting the
liquid measurements. Liquid calibration should be handled carefully because it is sensitive to cable
movement and temperature where the dielectric parameters of liquids can vary up to 2% per 1 ◦C
temperature change. Therefore, MUT temperature was measured and entered into the software, then
a precise volume of 10 mL was poured on a metallic petri-dish and placed on the sample platform
which brings it in touch with the probe for measurement. The probe is perfectly immersed inside the
MUT at a depth of 4 mm to have good contact with no bubble underneath. These settings for the
sample volume and probe depth were decided upon studying the DAK-TL accuracy in measurements
at different volumes of a tested liquid sample to conclude the lowest volume of liquid that can be used
for stable precise measurements. In particular, the dielectric properties of standard distilled water
were measured in different frequency bands at different volumes of 10, 5, 2, and 1 mL. By comparing
the collected measurements at each volume against the reference target data provided in the DAK-TL
database, it is noticed that the 10 mL volume is relatively very close in measurement to the exact data
of distilled water while other volumes are slightly off. Similarly, the influence of the exact touching
point between the sensing probe and the tested sample was investigated. Considering that the probe
can go to different distances between 0 to 10 mm (at zero distance the probe becomes in touch with
the sample platform while at 10 mm distance the probe is fully off), measurements have shown that
more accurate results would be achieved if a sample of volume 10 mL, for example, is tested at a probe
distant of 4 mm that would yield a sufficient contact compared to the 3 mm case where the probe
immerses deeper inside the liquid.
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Figure 1. DAK-TL system setup for dielectric measurements of glucose solutions.

The dielectric measurements were performed on four distinct frequency intervals:
300 MHz–10 GHz using the DAK 3.5-TL probe beam at 50 MHz resolution (195 points) while the
DAK 1.2E-TL was used for measurements at the other three intervals 6–30 GHz (200 MHz resolution,
121 points), 30–50 GHz (200 MHz resolution, 101 points), and 50–67 GHz (200 MHz resolution,
85 points). Calibration was performed and repeated multiple times until a good match was achieved
between the measured and target data for di-ionized water. In each experiment, a 10 mL volume from
each glucose concentration sample is placed into the petri-dish and tested in each frequency band.
The extracted dielectric values from measurements in the first three spectrums (300 MHz–10 GHz),
(6–30 GHz), and (30–50 GHz) shown in Figure 2a–c, respectively, have shown some variations that
are not entirely linear. Clearly, as the frequency increases the dielectric constant decreases while the
loss tangent increases. However, their trend with varying glucose levels is very hard to trace and
sometimes this trend is missing. Obviously, neither of these spectrums are adequate to differentiate
between the glucose concentrations of interest. Measurements in the high-frequency band (50–67 GHz)
were collected using an alternative long coaxial cable to achieve stable and repeatable measurements.
A twenty-minute period is allowed for cable stabilization then the Open-Short-Load calibration
was performed while activating the noise filter in the software to achieve smooth measurements.
The extracted dielectric constant and loss tangent measurements of the glucose-water solutions of
0.7–1.2 mg/mL concentrations are plotted in Figure 2d. The collected measurements show that the
concentrations of interest are better distinguishable in this high-frequency range [29]. As the frequency
increases in this interval εr

’ of glucose samples gradually decrease while the loss tangent tends to
increase in a nearly linear pattern before starting to decay after 60 GHz. Interestingly, with an increased
level of glucose content in water, the real part of the relative permittivity slightly increases while
the loss tangent decreases accordingly (implicit decrease of the imaginary part of permittivity and
conductivity).
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Figure 2. Dielectric measurements (dielectric constant and loss tangent) of glucose-loaded solutions at
different frequency bands: (a) 300 MHz–10 GHz; (b) 6–30 GHz; (c) 30–50 GHz; (d) 50–67 GHz.

Following this study, the mm-wave frequency range has shown to be promising for glucose
sensing where higher sensitivity to the dielectric constant and loss tangents of glucose samples can
be obtained as a result of the stronger interaction between the glucose molecules and EM waves in
this spectrum. Therefore, the question becomes whether the radar sensing approach might be able to
differentiate between these minute changes in dielectric properties of different glucose concentrations.

2.2. PNA Scattering Analysis for Clinical Blood Samples in the Frequency Range (50–67 GHz)

In this study, we used the 75 mg glucose consumption standard adopted by the diabetes check
tests [75] to analyze the blood samples of the respective participants using a Keysight N5227A
PNA-67GHz fitted with two V-band adapters connected to WR-15 waveguides. The blood samples
were first tested using a standard glucometer device to use its readings as a reference for comparison.
The glucometer measurements for all participants are shown in Figure 3a pre and postprandial tests
with a one-hour time gap. Various behavioral responses to glucose consumption (i.e., rising and
dropping variations in glucose level) are attributed to physiological differences amongst the participants.
Next, blood samples of all subjects were tested in the PNA configuration setup by sweeping across the
frequencies 50–67 GHz and the corresponding transmission scattering coefficients (S21) were recorded
as shown in Figure 3b. The PNA transmission results were observed to be reliably consistent and
aligned with the glucometer readings for glucose level variations in certain frequency bands 55–57 GHz
and 59–61 GHz that are highlighted in light green and red rectangles, respectively, as depicted in
Figure 3b. For instance, the pre-prandial glucometer reading for subject 3 of about 0.99 mg/mL has
descended to 0.90 mg/mL after consuming the glucose dosage. However, a totally different behavior
was noticed in the glucose level variations of subject 6 whose pre-prandial measured glucometer
reading of about 0.87 mg/mL jumped to 1.2 mg/mL post the glucose consumption. These trends in
glucose levels variations for subjects 3 and 6 were plainly exhibited in the PNA transmission responses
in the 55–57 GHz frequency band as shown in Figure 3b. All the participants in this experiment gave
their informed consent for inclusion before they participated in the study. The study was conducted in
accordance with the Declaration of Helsinki, and the protocol was approved by the Clinical Research
Ethics Committee of project number 31235 on 27 August 2018.
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Figure 3. Comparative analysis for the clinical blood samples using PNA and glucometer:
(a) Glucometer readings for the seven participants pre and post glucose consumption; (b) PNA
measurements of the transmission coefficients for pre and post blood samples of two patients. Shaded
windows show the frequency regions where both the PNA and glucometer patterns are consistent.

In view of the above experiments, it is noted that the blood glucose samples of various
concentrations are better distinguishable across some frequencies in the mm-wave band. Therefore,
the use of a wideband mm-wave multi-channel radar system would probably be promising for
identifying the glucose concentrations present in the blood samples under test.

3. Proposed Low-Cost Sensor

3.1. Working Principle of the Proposed Radar System

In radar systems, a transmitting antenna sends an electromagnetic-wave signal towards a target
of certain properties. Parts of the transmitted signal are absorbed, scattered and reflected back towards
the radar receiver, which receives a tiny portion of the transmitted signal for further analysis and
estimation of the target location, speed, as well as other properties. Among the different kinds of radars
such as Doppler, impulse, etc., Frequency-Modulated Continuous-Wave (FMCW) type has shown to be
promising for materials and objects recognition and characterization [62]. In FMCW radars, the signal
is transmitted continuously. This signal, called “chirp”, has a frequency which varies linearly from a
minimum up to a maximum frequency over the duration of one chirp. These chirps are continuously
transmitted. The received signal is then amplified, filtered to reduce noise, and then correlated with
the transmitted signal to generate what is called a beat signal that contains all necessary information
about the target. The time delay between the transmitted and received chirps results in a frequency
difference between the two signals. The resultant beat signal can be spectrally analyzed to extract the
range and velocity of the target. Generally, the range resolution for FMCW radars is given by c/2BW,
where c is the speed of light and BW is the transmitted signal bandwidth.

In view of the above information, the proposed sensing system in this study utilizes a mono-static,
multi-channel FMCW radar chip operating in the 57–64 GHz frequency range (center frequency of
60 GHz) [54,57]. The radar has two transmitters and four receivers (2-Tx/4-Rx) enclosed in a compact
(8 × 11 mm) hardware chip as shown in Figure 4. The four receivers are arranged in a 2 × 2 matrix
pattern as depicted in Figure 4c. This multi-channel configuration will enable greater capabilities
for sensing minute changes in target’s attributes, for example, detection of movement changes in
gesture recognition applications [57,58]. The transceiver chip is co-developed by Infineon using
Silicon-Germanium (SiGe) process technology that realizes a high level of physical miniaturization
by direct placement of patch array antenna into package (AiP). More details about the hardware
architecture of the radar chip can be found in [76].
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(c) The radar chip with antennas-in-chip, Tx/Rx positions and hardware architecture (adapted from [57]).

One interesting property of this mm-wave radar is the high-resolution capability that enables
resolving the illuminated target, of relatively greater thickness than the radar range resolution, into more
than a single range bin at a frequency peak. Consequently, the resultant beat signal becomes quite
sensitive to any tiny changes in the characteristics of the detected target such as physical state, thickness,
height, material properties, radar-cross section, etc. Such enriched information in the beat signal can
be used as remarkable signatures to recognize and classify the surrounding objects and materials,
whereas here in this study this feature is exploited to enable novel glucose levels detection.

The framework of the mm-wave radar employed in this study uses a high temporal resolution
rather than the conventional high spatial resolution adopted by the classical radars. In this technique,
the radar measures the target responses to the FMCW signals radiated periodically at extremely high
frame rates. In particular, a synthesizer generates a modulated electromagnetic wave STx, as defined
in Equation (1), whose frequency sweeps linearly from 57 to 64 GHz. This FMCW chirp is radiated
periodically at a high frequency denoted as RRF (radar repetition frequency) that varies between
(1–10 KHz) toward a target of certain properties

STx(t, T) = u(t− T)e− j2π( fmin + kt/2) t, T = 0, RRI, 2RRI, . . . (1)

where fmin is the start frequency, k is the chirp slope, u(t) is the complex envelope over one period of the
modulation scheme, and RRI is the radar repetition interval that defines the chirp duration between
the starting point of each modulated waveform to the next. With part of the transmitted energy being
scattered by the target, a reflected signal SRx, defined in (2), is received by the radar receiving antennas
during each RRI at frequency RRF = 1/RRI, then filtered and sampled using a 12-bit analog-to-digital
converter (ADC) at 1.79 Msamples/s [57].

SRx(t, T) = u(t− τ− T)σe− j2π( fmin+ kt/2) (t−τ), T = 0, RRI, 2RRI, . . . (2)

where σ represents the combined effects of radar cross section and propagation loss, τ is the round-trip
time for the transmitted EM signal (τ = 2D/c), where D is the distance to the target, and c is the speed of
light in vacuum (3 × 108 m/s).

These reflected responses are analyzed to extract fine variations in the temporal signal that are
attributed to the target adaptive status such as orientation, motion, composition, etc. In this regard, two
distinct time scales are used to analyze the reflected mm-wave signals, one is the slow time Tslow = t
defined by the repetition interval of the radar (i.e., chirp duration) and used to collect the reflected
signals at the corresponding radar repetition frequency RRF that varies in the range 1 to 10 KHz as
mentioned earlier. The second time scale is the fast time Tfast = T by which the transmitted signal is
varying over one RRI or modulation period, and that will be used for sampling the corresponding
received signal at the ADC. Given the considerably high radar repetition frequency RRF, the properties
of a moving target can be assumed to be constant over one RRI. Therefore, the reflected signals
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collected every Tslow would represent the instantaneous features of the target such as range, orientation,
and reflectivity, that can be elicited by processing SRx(t, T) as function of the fast time t. However,
the dynamic features of the target (e.g., velocity, change in physical state, or geometry) can be extracted
by looking into the collection of the reflected signals over multiple RRIs and analyzing SRx(t, T) as
function of the slow time T.

3.2. Radar Experimental Approach for Glucose Detection

The glucose detection approach investigated in this study exploits the SOLI radar sensor capabilities
whereby the characteristics of the object(s) placed in the vicinity of the sensor, right on top or at
a definite distance, can be explored by looking into the reflected signals as collected by the radar
receiving antennas. These signals represent a rich store of information that describe various attributes
(thickness, volume, range, density, surface properties, internal synthesis, etc.) respecting the object(s)
on target of the radar transmitted EM waves. In the case under study, there are liquid samples of the
homogenous composition of synthetic blood but with different amounts of dissolved glucose. In other
words, all the samples have a similar shape, volume, placement, and almost the same composition
except for the concentrations of the dissolved glucose that have tiny variations from one sample to
another. This variation in glucose levels modifies the dielectric properties of the sample in place,
thereby making it possible for the radar signals to capture the unique signature of each blood sample
of respective glucose concentration. By recording the multi-channel raw radar signals that are unique
to various glucose samples, and analyzing them using signal processing algorithms we were able
to differentiate between the blood samples of 0.5, 1.0, 1.5, 2.0, 2.5, 3.0, and 3.5 mg/mL. No feature
extraction or machine learning module is applied in this analysis, however, the supervised learning
approach inherent in SOLI could also be used to train, classify, and accurately correlate the collected
raw signals to their respective level of glucose concentrations.

A set of seven samples of synthetic blood at different glucose concentrations 0.5, 1.0, 1.5, 2.0, 2.5,
3.0, and 3.5 mg/mL, were prepared in the test tubes and labelled accordingly. This is done by mixing
the synthetic blood samples with different proportions of the glucose standard solution (CAROLINA)
of 10 mg/mL as determined by the dilution equation while using a micropipette device for harvesting
the exact volume precisely. All the prepared blood glucose samples were measured using a commercial
glucometer device to ensure the accuracy of the prepared glucose concentrations as shown in Table 3.

Table 3. Concentration verification of the prepared synthetic blood samples using a glucometer device.

Targeted concentration for the
prepared sample (mg/mL) 0.5 1.0 1.5 2.0 2.5 3.0 3.5

Measured concentration using
glucometer (mg/mL) 0.5 1.06 1.63 2.16 2.79 3.15 3.32

The experimental setup for testing the blood glucose samples is shown in Figure 5 where the Soli
radar and tested sample tube were placed at their respective locations in the designed fixture that would
help to mitigate any placement error in the sample tube position during the experiment. The fixture
will also enable the sample tube to be in perpendicular alignment with the incoming mm-wave, thereby
avoiding any complex bending of the mm-wave signal due to oblique incidence. Note that in this
setup, all the transmitting and receiving antennas (2-Tx and 4-Rx) were placed on one side facing the
blood sample under test as shown in Figure 5b. A metallic plate was used to improve the quality of
the collected measurements by excluding the noisy reflections from the surrounding environment.
The radar system was connected to the PC interface whereby the radiation operation was controlled for
starting and ending each measurement trial, and further to gather and process the raw data reflected
by the blood glucose sample under test. In each trial, the radar shined an mm-wave signal from one
side in the designed fixture towards a blood sample and received the reflected backscattered signal.
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A signal processing module is applied in the connected PC to analyze the characteristics of the received
signals to identify the glucose level of concentration in the specific blood sample on target.Remote Sens. 2019, 11, x FOR PEER REVIEW 14 of 24 
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4. Results 

As mentioned earlier, the glucose-loaded blood samples in test tubes were tested in the 3D 
fixture setup that was developed to mitigate any placement errors. Each blood sample of a specific 
concentration was tested three times in order to prove the repeatability of the radar measurements. 
In this repeatability routine, all the measurements were completed once for all different 
concentrations 0.5–3.5 mg/ml in one round then repeated twice following the same course. This was 
done to compensate for the uncertainty which occurs due to the position change in test tubes when 
they were replaced in the consecutive measurements for each glucose concentration. This position 
change becomes quite sensitive in such an mm-wave regime, and therefore, we need to ensure that 
only the glucose concentrations have a substantial impact and dependency on the millimeter-
wavelength of the radar. In each trial of this repeatability routine, the raw data of the reflected signals 
were collected and measured by the radar antennas on all four receiving channels. Each channel has 
a total of 64 samples (bins) of the raw data of the reflected signal amplitudes that would be analyzed 
and processed to extract the glucose concentration in each tested blood sample. It is worth mentioning 
that, the phase responses in this radar sensing experiment were not directly useful due to wrapping 
multiple times (around 2 π) inside the blood sample, thereby the measured values carry no unique 
information about the blood sample under test. A glucometer device was used as a reference to 
ensure the accuracy of the collected measurements, and the magnitudes of the radar reflected signals 
were shown to have a similar tendency to the reference glucometer readings. Figure 6 shows the raw 
measured data for each glucose concentration sample as collected in channel 1. The same 
measurements are plotted in Figure 7 when channel 2 was used. These visuals clearly confirm the 
very good repeatability of all concentration measurements tested on channels 1 and 2 as 
demonstrated by the three repetitive trials. Repeatability measurements of relatively higher 
variations in comparison, e.g., 2.5 mg/ml in channel 1 and 3.5 mg/ml in channel 2, might be attributed 
to minor shifts in positioning the test tubes inside the 3D sample holder. In addition, the labels of the 
test tubes might also contribute to these variations when these labels were directly facing the radar 
mm-wave radiations of very fine resolution.  

Next, we calculated the averages of the absolute reflected magnitudes for each glucose sample 
in each of the three trials collected in channels 1 and 2. Figure 8 depicts the variations in the averages 
of the absolute reflected magnitudes of each of the three repeated tests and the corresponding error 
in each concentration readings. The reflected signals in channel 1 were of relatively higher 
magnitudes than their peers collected in channel 2 especially for the smaller concentrations 0.5, 1.0, 
and 1.5 mg/ml. The repeatability error in each glucose readings was in the range of ±1.18 unit/sample 
point max. A reasonable level of repeatability was also achieved on the readings of the other two 
channels (channels 3 and 4). 

Figure 5. The radar experimental setup for glucose detection in blood test tubes: (a) Soli connection
to PC; (b) The experiments setup showing the integrated system that employed mm-wave radar to
detect changes in dielectric properties of samples with different glucose levels. PC interface where the
collected raw data were monitored and processed using DSP algorithms for accurate identification.

4. Results

As mentioned earlier, the glucose-loaded blood samples in test tubes were tested in the 3D
fixture setup that was developed to mitigate any placement errors. Each blood sample of a specific
concentration was tested three times in order to prove the repeatability of the radar measurements.
In this repeatability routine, all the measurements were completed once for all different concentrations
0.5–3.5 mg/mL in one round then repeated twice following the same course. This was done to
compensate for the uncertainty which occurs due to the position change in test tubes when they
were replaced in the consecutive measurements for each glucose concentration. This position change
becomes quite sensitive in such an mm-wave regime, and therefore, we need to ensure that only the
glucose concentrations have a substantial impact and dependency on the millimeter-wavelength of the
radar. In each trial of this repeatability routine, the raw data of the reflected signals were collected and
measured by the radar antennas on all four receiving channels. Each channel has a total of 64 samples
(bins) of the raw data of the reflected signal amplitudes that would be analyzed and processed to
extract the glucose concentration in each tested blood sample. It is worth mentioning that, the phase
responses in this radar sensing experiment were not directly useful due to wrapping multiple times
(around 2 π) inside the blood sample, thereby the measured values carry no unique information about
the blood sample under test. A glucometer device was used as a reference to ensure the accuracy of
the collected measurements, and the magnitudes of the radar reflected signals were shown to have
a similar tendency to the reference glucometer readings. Figure 6 shows the raw measured data for
each glucose concentration sample as collected in channel 1. The same measurements are plotted in
Figure 7 when channel 2 was used. These visuals clearly confirm the very good repeatability of all
concentration measurements tested on channels 1 and 2 as demonstrated by the three repetitive trials.
Repeatability measurements of relatively higher variations in comparison, e.g., 2.5 mg/mL in channel 1
and 3.5 mg/mL in channel 2, might be attributed to minor shifts in positioning the test tubes inside the
3D sample holder. In addition, the labels of the test tubes might also contribute to these variations
when these labels were directly facing the radar mm-wave radiations of very fine resolution.
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Figure 7. Raw data collected via radar channel 2 for glucose concentrations 0.5–3.5 mg/mL.
Each subfigure shows the three measurement trials for each blood glucose concentration sample.

Next, we calculated the averages of the absolute reflected magnitudes for each glucose sample in
each of the three trials collected in channels 1 and 2. Figure 8 depicts the variations in the averages of
the absolute reflected magnitudes of each of the three repeated tests and the corresponding error in
each concentration readings. The reflected signals in channel 1 were of relatively higher magnitudes
than their peers collected in channel 2 especially for the smaller concentrations 0.5, 1.0, and 1.5 mg/mL.
The repeatability error in each glucose readings was in the range of ±1.18 unit/sample point max.
A reasonable level of repeatability was also achieved on the readings of the other two channels
(channels 3 and 4).
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In what follows, the raw data collected for each tested blood sample of a specific concentration is
analyzed. In this analysis, we rely on the data collected by channel 1 and 2 only which were shown
to be more stable in terms of the data repeatability and glucose sample distinguishability. For each
channel, the average of the three repeatability data sets of each glucose sample was calculated using

sC
avg =

1
N

N∑
n=1

sC
n , (3)

where sC
avg is the averaged scattering signal for a given blood sample of concentration C, sC

n is the
raw data collected for blood sample of concentration C at trial n, and N is the total number of trial
repetitions that were fixed to three trials in this experimental study. Next, to process the average data
of a given channel we applied the sample gating signal processing to [77] extract the data points of the
respective channel using

sC
ch = sC

avg × H(s), (4)

where sC
ch is the sample gated signal for channel ch, H(s) is the applied gated window of unit values in

the sample range of interest, and zeros otherwise. In this case, H(s) is applied in the range of 1 ≤ s ≤ 64
and 65 ≤ s ≤ 128, for processing the data from channel 1 and 2, respectively. The sample gated signals
sC

1 and sC
2 for the average measured data for each tested concentration C = 0.5, 1.0, 2.0, 2.5, 2.5, 3.0,

and 3.5 mg/mL are plotted in Figure 9a,b, respectively.
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In what follows, signal processing algorithms are applied to analyze the radar measured raw data
in channels 1 and 2. This will allow for identifying the different glucose concentrations and correlate
them to the reflected mm-wave readings. In this regard, the Fourier transform is applied to reveal the
interaction between the amplitudes of the backscattered signals and the glucose concentrations in the
tested blood samples. Specifically, the discrete Fourier transform (DFT) algorithm is applied to each
gated signal sC

ch of 64-radar bin points for ch = 1 and 2, C = 0.5, 1.0, 2.0, 2.5, 2.5, 3.0, and 3.5 mg/mL as
given by Equation (5). Each gated signal of limited data points (i.e., 64) is zero-padded to increase the
length of the gated signal to N = 256 and therefore an improved quality is acquired for the processed
DFT data in the transformed frequency-domain.

SC
ch(k) =

N∑
n=1

sC
ch[n] e(−

j2π(n−1)(k−1)
N ), 1 ≤ k ≤ N, (5)

where N is the total number of points for the processed gated signal sC
ch[n] applied to compute the

DFT using Fast Fourier Transform (FFT) algorithm. The resulted spectrums shown in Figure 10a,b
are symmetric since the input signals sC

ch[n] are real-valued. The double-sided Fourier transform is
rearranged by shifting the zero-frequency component to the center of the spectrum as depicted in the
small plot windows enclosed in Figure 10a,b for channels 1 and 2, respectively. It is observed that the
magnitudes of the Fourier transform of the backscattering signals of the blood glucose samples are
directly proportional to the glucose concentrations dissolved in the respective specimens. In other
words, blood samples of higher glucose concentrations would have a modulus of larger magnitudes
compared to lower levels of glucose concentrations. This is also evident by the average power spectral
density (PSD) that is estimated for each gated signal vector of a particular glucose concentration using
the periodogram figure of merit as given in Equation (6) [78].

P(w) =
1

2πN

∣∣∣∣∣∣∣
N∑

n=1

sC
ch[n]e

− jwn

∣∣∣∣∣∣∣
2

, −π ≤ w ≤ π (6)

where w is the normalized frequencies in the range −π < w < π for a DC-centered PSD estimate.
The units of the PSD estimate are in squared magnitude units of the time series data per unit frequency.
A rectangular window is used to estimate the PSD in decibels for each real-valued sC

ch[n]. Figure 10c,d
show the centered two-sided PSD estimate for each real-valued gated signal that corresponds to each
glucose sample. The PSD has a length of 256 and is computed over the interval (-π, π] rad/sample.
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Lastly, all glucose concentrations in channels 1 and 2 are compared in Figure 10e,f, respectively,
in terms of the energy density that is noticed to be increasing as the glucose concentration levels
increase. In this regard, the finite energy for each glucose-specific gated signal sC

ch is calculated as
in Equation (7) by accumulating over all the N sample points, where SC

ch[k] is the sampled energy
density spectrum for the gated signal sC

ch[n]. The raw data collected in channel 2 has shown to be more
stable compared to those of channel 1. Therefore, the energy densities computed for channel 1 data
are noticed to be nearly saturated towards the higher glucose concentrations with (4.046, 4.075, 4.094)
× 106 Volts2 for the 2.5, 3.0, and 3.5 mg/mL, respectively. This would yield a non-linear correlation
relation between the glucose concentration and the resulted energy density. However, the glucose
concentrations tend to be more distinguishable when the radar raw data from channel 1 is processed
using the DFT as depicted from the transform magnitudes in Figure 10a. The variance of the energy
density from the three measurement trials is also computed and indicated as error bars in Figure 10e,f.

εs =
N∑

n=1

∣∣∣sC
ch[n]

∣∣∣2 =
1
N

N−1∑
k=0

∣∣∣SC
ch[k]

∣∣∣2 (7)

5. Discussion

With dielectric permittivity measurements carried out in distinct investigated frequency bands,
the mm-wave range has shown to be promising for sensing the glucose-loaded solutions for many
reasons: non-ionizing nature, good penetration depths inside the liquid tissues, and the good resolution
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feature for their relatively small wavelength compared to EM radiations at lower microwave frequencies.
Though, measurements in such high frequencies are very challenging due to the strict tolerances
in manufacturing the RF measuring devices that often require very high accuracy. In addition,
the literature is not well-established with measurements that address the EM behavior of glucose liquid
materials in much higher frequencies in contrast to the lower frequency range up to 10 GHz [3]. In the
DAK-TL measurements for glucose solutions at the mm-wave high-frequency range, it was noticed
that with an increased concentration of glucose content in watery solutions, the real part of the relative
permittivity (i.e., dielectric constant) slightly increases while the loss tangent decreases accordingly
(implicit decrease of the imaginary part of relative permittivity and conductivity). This outcome
conforms with the results reported in [3,79,80], however, it contradicts the conclusion reported in [70,71]
that studied these measurements using a simple scheme that indicated a decreasing trend among
the dielectric constants extracted from the measured reflection coefficient at the minimum resonant
frequency for the reflected mm-wave signal. On the other hand, by comparing the collected dielectric
measurements at lower frequency bands to those in the literature we find that some researchers were able
to achieve trend among glucose concentrations in such low frequencies but for higher concentrations
than those considered in this study. The study in [81] tested the glucose-water concentrations of
1 mg/mL to 5 mg/mL with 1 mg/mL steps and obtained measurements for real and imaginary parts of
the complex permittivity in the frequency band 1–8 GHz. The variations in the collected data were not
fully linear, however, a trend was observed at some frequencies posing a decrease in the dielectric
constant and increase in the loss factor for an increased glucose level. The same trend was noticed
when applying the parameters proposed by [82] for their Cole–Cole model for glucose-dependent
dielectric properties of blood plasma to the concentrations 1–5 mg/mL of glucose in water, however,
these changes in real and imaginary parts of permittivity between different glucose levels were quite
small in terms of ±0.02. Interestingly, another opposite trend was observed among these concentrations
when applied to the Debye coefficients proposed by the authors in [70,83] resulting in an increased
dielectric constant and decreased loss factor over the frequency spectrum for increasing glucose levels.
When compared against the dielectric properties in lower-frequency bands, it is observed that the
difference in dielectric constant and loss tangent between different glucose concentrations is increasing
beyond 50 GHz. This basically implies that it would be difficult to detect the tiny differences between
the dielectric properties of the respective glucose samples in the lower microwave ranges of frequency.
Seemingly, 50–67 GHz is a promising region of noticeable complex permittivity contrast between
different glucose concentrations.

In view of the above findings, we decided to use a millimeter-wave system operating in the
frequency range 57–64 GHz for the goal of accurate detection of the glucose levels relevant to the
diabetes condition. Since the mm-wave sensor relies on the reflection data from the blood sample in
target, then a small penetration depth of few millimeters would be sufficient to capture the variations
in the dielectric properties of the dissolved blood glucose [84]. This is demonstrated by the radar
measurements that show a correlation between the IF signal amplitude and the loss property of the blood
glucose sample. The theory behind the correlation of the minute changes in the complex permittivity
and the amplitude of the IF signal for material and subject identification were explained in [67,84,85].
These papers detail the methodology for understanding the correlation between the average amplitude
of the output IF signal and the dielectric parameters of the MUT. The radar experiments have also
shown that by adding a 3D printed fixture device, we can greatly expand the interaction between the
lossy glucose samples and the electromagnetic wave which, as a consequence, improves the glucose
sensing accuracy and repeatability. Additionally, the influences of the instrumental and environmental
factors were minimized by holding the glucose-sensing experimentation in a controlled environment
where both the heat and temperature were controlled and monitored. Since the reflected magnitudes
of the mm-waves are enormously dependent on the dielectric properties of the tested glucose samples,
and those properties are known to be a function of the sample temperature, therefore, all the blood
samples were stored in the same temperature condition of 22 ± 1 ◦C. All the radar experiments were
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performed in the same room environment of 22 ± 1 ◦C regulated temperature. A metal sheet is also
installed behind the radar and used as a heat sink to dissipate any overheating might occur for the
radar device. The effectiveness of these applied solutions is reflected in the strong repeatability of
the collected raw data from the radar sensor. In the analysis of the radar raw data, averaging is used
for processing the data sets of the three measurement trials collected for each blood glucose sample.
This would help to increase the strength of the reflected mm-wave signals relative to all sources of
noise in the experiment environment including the minor displacements of the test tubes. Additionally,
the gating is employed to extract the raw data collected in specific radar channels that are shown to be
more stable than others. The radar results are shown to be essentially consistent with the dielectric
spectroscopy collected via the DAK-TL system. It is noticed that in the experimented radar setup
where a high reflecting surface was employed behind the blood samples, the mm-wave signals were
reflected with greater energy for blood samples of higher glucose concentrations, a phenomenon
that can be explained by the fact that incident mm-wave signals encountered less absorption and
attenuation inside higher-concentrated samples compared to the those of lower glucose content. This is
also evident by the DAK-TL mm-wave (50–67 GHz) measurements that showed a decrease in the loss
tangent when the amount of glucose dissolved in the aqueous solution is increased.

This work is an initial step toward the goal of modeling human blood for continuous monitoring
using a wearable radar device. We plan to investigate the suitability of adopting the sensor system
by connecting flexible antennas to measure authentic healthy and diabetic blood samples. This is
done by linking the blood samples to simulated human tissue-equivalent phantoms to explore how
different skin layers and interstitial fluid concentrations will affect the system’s sensitivity to glucose
variations. Such a proposed sensing system, that to our knowledge does not yet exist, will allow
real-time glucose-level monitoring for diabetic patients, thereby leading to better management of
diabetes and earlier warning of adverse events such as strokes, diabetic coma, and heart attacks.
Moreover, integrating machine learning and signal processing in the proposed system will be beneficial
in a critical care situation where the patient’s data can be analyzed in real-time, and hence provide the
physicians greater insights to aid in clinical assessments and diagnoses that are more accurate.

6. Conclusions

Towards the purpose of developing a non-invasive glucose monitoring sensor for diabetics, in this
paper, the dielectric properties of binary glucose-water samples of small concentrations like blood
glucose levels of diabetics were first investigated through measurements using a commercial coaxial
kit in the broad band 300 MHz–67 GHz. The mm-wave range 50–67 GHz has shown to be promising
for differentiating between glucose samples as demonstrated by the noticeable trend among various
concentrations and the amount of change in dielectric constant and loss tangent due to varying glucose
level. Using this finding, an integrated low-cost mm-wave radar is proposed as a sensing platform for
a novel remote glucose level detection. To verify the concept, synthetic blood samples were identified
according to the glucose concentration dissolved in each. The mm-wave radar exhibited a sensitive
detection capability with high sensitivity to the small disparities in blood glucose concentrations as
demonstrated by the scattered raw data collected via the radar receiving channels. Signal processing of
the radar raw data has shown that blood samples of higher glucose concentrations resulted in reflected
signals of greater energy, which allows for the identification of various glucose concentrations via the
correlation with the reflected mm-wave readings. We believe that these preliminary results represent a
fundamental finding that paves the way towards direct sensing of blood inside the human body.
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