






Figure 5.18: Estimated blood glucose levels during human trials on healthy vol-
unteers using the semi-flexible antenna. (A), for each of the 63 experiments we
achieved a MARD below that 12% with a MARD of 5.304% averaged over all
the 63 experiments. (B), CEG for all the OGTT conducted by the 21 volunteers
showing the averaged estimations of 1427 data point. All the estimated values
are in the acceptable zones A and B with the majority in zone A (96.77%). (C),
93.48% of estimated values are within the 15% MARD error, 96.78% are within
20% MARD error, 99.09% are within 30% MARD error and 99.65% are within
40% MARD error. (D), blood glucose estimation using the GP model. Actual
glucose levels (red) compared with the estimated glucose levels over time (green
dots shows the estimations resulting from the 10 random repetitions in most cases
closely overlapping and the blue curve shows the mean estimation) for 12 repre-
sentative OGTTs chosen from a total of 63 OGTTs. The predicted blood glucose
levels match well the reference blood glucose levels, and follow successfully the
upward and downward trends of the reference blood glucose levels.
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Figure 5.19: Feature selection and glucose estimation using the flexible glove
sensor tested on volunteer #7. The data collected during the 3 OGTTs completed
by volunteer #7 are added together and used for both the feature selection and
the model building. (A),The mean percentage error as a function of the number
of features in the model using the wrapper feature selection technique. We can
notice that the rational quadratic is providing the lowest mean percentage error.
(B),The predicted glucose levels obtained by the proposed sensing system versus
the reference blood glucose levels (in red), using GP. The data is randomly divided
into two sets: 2/3 to build the model and 1/3 to test its performance. Because of
the limited number of observation in the datasets, this process is repeated 10 times
.The green filled circles represent the predicted glucose levels obtained during the
10 repetition of process and the blue dotted curve is the mean predicted value.
Using the wrapper for the feature and the kernel selection, rational quadratic as
kernel function along with the first 9 features are utilized to build the model.
(C),The bar chart shows the percentage error of each observation. The error
ranged between 0.01% and 18.26% with a mean percentage error of 3.83%.

5.3.4 Gender based analysis

To assess if there is a sensitivity difference detected by the proposed sensor be-
tween male/female volunteers we relied on unpaired Student’s t-tests/ Welch’s
t-test. A P value higher than 0.05 is considered statistically not significant and
hence no significant difference is reported between the two groups. We found that
both genders provided very similar sensitivity towards the glucose variations with
no significant difference in terms of mean correlation and MARD (Male, n = 30;
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Figure 5.20: Estimated blood glucose levels during human trials on healthy volun-
teers using the flexible antenna. (A), for each of the 62 experiments we achieved
a MARD below that 15% with a MARD of 4.7% averaged over all the 62 ex-
periments. (B), CEG for all the OGTT conducted by the 21 volunteers showing
the averaged estimations of 1399 data point. All the estimated values are in the
acceptable zones A and B with the majority in zone A (97.9%). (C), 95% of es-
timated values are within the 15% MARD error, 97.93% are within 20% MARD
error, 99.43% are within 30% MARD error and 99.79% are within 40% MARD
error. (D), blood glucose estimation using the GP model. Actual glucose levels
(red) compared with the estimated glucose levels over time for 12 representative
OGTTs chosen from a total of 62 OGTTs. CEG for all the OGTT conducted by
the 21 volunteers.

Female, n = 32). This was performed on the antenna data collected from the 21
volunteers (including 10 male and 11 female volunteers), using the glove sensors,
where each one was subject to three OGTTs. Additionally, no significant gender-
based shift in the correlated frequencies is observed (Male, n = 30; Female, n =
32) as shown in Figure 5.21.
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Figure 5.21: Gender-Based analysis for the flexiblle and semi-felxible glove sensor.
The averaged means ± SD of frequency, correlation and MARD for both antennas
are shown obtained from ∼ 63 experiments (30 male and 33 female). *P value as
calculated by Student t-test.

5.4 Discussion

In this chapter we evaluated the performance of the designed glove antennas in
different experimental setups. The in-vitro experiments demonstrated the ability
of the proposed sensors to detect very small glucose variations over the diabetic
range. We were also able to verify the importance of concentrating EM waves into
the vessels’ network. The ex-vivo experiments, on the other hand, demonstrated
the ability of the proposed system to provide good sensitivity towards the glucose
variations when placed in proximity to a lossy medium such as the mammalian
skin, fat and muscle layers. During this experiment the flexible antenna demon-
strated better sensitivity, which is explained by its superior on-body matching
response.
The proposed sensing system satisfies all the following requirements: its ability
(1) to detect very small glucose glycemic variations (10 mg/dl) over the hypo-
to hyper glycemic range, demonstrated during in-vivo experiments, and (2) to
maintain a good sensitivity in the presence of a lossy medium, verified during
ex-vivo experiments.
In this chapter, the sensors were tested separately. In chapter 7, we added mul-
tiple sensors to the system and we combined the antennas into a multi-location,
multi-sensing system to calibrate out some perturbing factors.
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Chapter 6

Experimental measurements and
results for the sock sensor design

This chapter presents the performance of the proposed sock sensors in different
experimental setups. We started with in-vitro experiments, where we proved the
capability of the proposed designs to monitor small variations of glucose levels.
After that we validated the performance of the proposed system when tested on
healthy and diabetic human volunteers.

6.1 In-vitro measurements

6.1.1 Scattering parameters versus glucose levels

The sock sensor’s S11 magnitude and phase at different glucose levels are shown
in Figure 6.1 and Figure 6.2 respectively. Around 35 measurements are taken
from each antenna design. Glucose concentration of the FBS solution is varied
with small steps from 50 mg/dl to 500 mg/dl. Good correlation between the S11
parameters and the glucose levels is achieved. The S11 magnitudes of the differ-
ent antenna designs at different glucose levels versus the frequency are shown in
Figure 6.1 left. The S11 magnitude versus the reference glucose levels obtained
by the commercial invasive glucometer is shown in the right plots of Figure 6.1.
The straight cyan line is the S11 fitted curve showing the trend of the antenna’s
response when the glucose levels increase.
High correlation coefficient values were obtained for the three different designs
indicating a strong linear relationship between the antenna’s response and the
glucose variation. We can notice that the three proposed designs were capable
of achieving very good sensitivity towards the glucose variations. Both S11 mag-
nitude and phase provided very good sensitivity towards the glucose variations
capturing the hypo-to hyper glycemic variations with high sensitivity.
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Figure 6.1: Sock sensor’s magnitude response to glucose variation during in-vitro
experiments. (A), Design #1. (B), Design#2. (C), Design #3.

6.1.2 Regression modeling prediction results

Figure 6.3 shows the prediction results for the three sock sensor designs during in-
vitro experiments. Figure 6.3 (A) shows the mean percentage error in function of
the number of features entered to the model for the different kernel functions using
wrapper as a feature selection technique. It’s clear that, for the three designs, the
mean percentage error, or cross validation error, decreases when more features are
added to the model until it reaches a minimum value and then it starts to increase
again. For antenna design #1 and #3, the wrapper technique resulted in a mean
percentage error which dropped from 9% to around 4% for the best number of
features and kernel function. For the antenna design #2, the mean percentage
error dropped from 5% to around 2%. Figure 6.3 (B) presents reference glucose
levels Vs the estimated glucose levels using GP regression models for the three
sock sensor designs. In the left plot, the results for design #1. Using the rational
quadratic as kernel function along with 8 features to build the model, a MARD
of 5.37% is achieved. As for design #2, Matern 32 is utilized as kernel function
along with 13 features to build the model achieving a MARD of 7.38%. The
squared exponential provided the lowest mean percentage error using 15 features
for design #3 achieving a MARD of 8.25%.
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Figure 6.2: Sock sensor’s phase response to glucose variation during in-vitro
experiments.(A), Design #1. (B), Design#2. (C), Design #3.

6.1.3 Response to common interferants

To evaluate the effect of some common interferants, including metformin, oleic
acid, panadol and fructose, on the proposed sensor’s response, glucose and these
interferants were added to the FBS solution in concentrations much higher than
their physiological ranges. We added successively 50 mg/dl of MET, OA, PAN,
FRU and GLU to the same FBS solution. The S11 parameters showed minimal
to no shift when the interferants were added for the three designs as shown in
Figure 6.4. In contrast, a significant shift of S11 parameters is produced when
the same amount of glucose is added to the solution, resulting in a correlation
with the glucose levels of R > 0.9 for the three proposed antennas.

The three proposed designs provided high sensitivity and high selectivity towards
the glucose variations with very similar correlations between the S parameters and
glucose levels. In the following experiments we used antenna design #3, corre-
sponding to the quasi-array antenna composed of 4 elements with non-identical
slots.
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Figure 6.3: Feature selection and glucose levels estimation using sock sensor,
tested during in-vitro experiment. (A), Features and kernel selections. The mean
percentage error as a function of the number of features in the model using Left:
Using the rational quadratic as kernel function along with 8 features sock sensor
design #1 achieved a the lowest percentage error. Middle: for sock sensor design
#2, Matern 32 kernel function achieved the lowest mean percentage error with
13 features to build the model. Right: The squared exponential kernel function
provided the lowest mean percentage error using 15 features for design #3. (B),
Glucose levels estimation and model performance. The estimated glucose levels
obtained by the proposed sensing system versus the reference glucose levels in the
FBS solution (in red), using GP. The green filled circles represent the predicted
glucose levels obtained during the 10 repetition of process and the blue dotted
curve is the mean predicted value. Left: sock sensor design #1 prediction results
with a MARD of 5.37%. Middle: sock sensor design #2 achieved a MARD of
7.38. Right: The mean percentage error between the reference and the predicted
glucose levels using antenna design #3 is 8.25%.

6.2 Clinical Trials

We evaluated the sock sensor design #3 on healthy and diabetic subjects to
demonstrate its ability to monitor the blood glucose levels in real-time settings
during OGTTs. A total of 28 volunteers were included in this experiment, 10
healthy and 18 diabetic, where each one underwent one OGTT.

Experimental setup

A total of 28 volunteers (10 healthy and 18 diabetic) were recruited in this study.
The IRB approved the experiments and all volunteers signed a consent form.
Subjects were considered eligible for the study if they were between 18 and 70
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Figure 6.4: Selective response of the sock sensors to glucose (Glu).(A), antenna
design #1 S11 response to different interferants. (B), antenna design #2 S11
response to common interferants and (C), antenna design # 3 S11 response to
the different interferants.

years of age and able to provide informed consent. There were no restrictions on
either race, sex or ethnicity. Substance abuse, lactation, pregnancy, and being
part of an interventional trial were the exclusive criteria. Each volunteer partic-
ipated in one OGTT experiment. The proposed sock sensor was placed on the
corresponding sensing location and fixed for the entire OGTT 2-hour time span
as shown in Figure 6.5 (A).

6.2.1 Scattering parameters Versus glucose levels

Figure 6.5 (B) left shows the S11 phase variation with time at 3.35 GHz during one
OGTT for a healthy volunteer. We notice that the S11 phase (blue curve) follows
the trend of blood glucose profile (red curve), achieving a very good correlation
of 0.93. Figure 6.5 (B) Right shows the S11 magnitude variation with time at
2.74 GHz for a diabetic volunteer showing a high correlation of 0.98 between the
actual glucose levels and the antenna’s S-parameters. The correlation between
the S-parameters and the glucose levels for the 28 OGTTs are shown in Figure 6.5
(C). We can see that out of the 28 OGGTs, 16 had a correlation higher than 0.8.
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Figure 6.6 show sock sensor’s response during representative 11 samples chosen
from the 28 OGTTs experiments.

Figure 6.5: Human trials on healthy and diabetic volunteers using the sock sensor
design #3. Real-time, continuous glucose monitoring on healthy and diabetic
volunteers. (A), The experimental setup; the antenna is placed on the volunteer’s
leg. (B), Antenna’s response during OGTT. Left: S11 phase variation with time
at 3.35 GHz during one OGTT for a healthy volunteer. We notice that the
S11 phase (blue curve) follows the trend of blood glucose profile (red curve).
This curve follows well the blood glucose profile curve shown in red, achieving a
high correlation of 0.93 between the two measurements. Right: S11 magnitude
variation with time at 2.74 GHz for a diabetic volunteer showing a high correlation
of 0.98 between the actual glucose levels and the antenna’s S-parameters. (c), The
correlation between the S-parameters and the glucose levels for the 28 OGTTs.
We can see that out of the 28 OGGTs, 16 had a correlation higher than 0.8.

6.2.2 Regression modeling results

The flexible sock sensor design #3 is fixed on the volunteers’ leg as shown in Fig-
ure 6.5. The non-invasively estimated blood glucose levels obtained by the GP
model for a one OGTT of a healthy volunteer, shown in Figure 6.7 (A), match
well the upward and downward trends of the reference blood glucose levels achiev-
ing a MARD of 0.926%. For this experiment, we relied on 16 features selected
by the wrapper feature selection technique along with the rational quadratic as
kernel for the GP, which provides the lowest mean percentage error as shown in
Figure 6.7 (A) top. Figure 6.7 (B), shows the results for a diabetic volunteer,
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Figure 6.6: Sock sensor response during OGTTs on healthy and diabetic volun-
teers. Sock sensor’s response during representative 11 samples chosen from the
28 OGTTs experiments.

where we achieved a MARD of only 0.62%. For this experiment, we relied on
only 10 features selected by the wrapper feature selection technique along with
the rational quadratic as kernel for the GP.
The leg sensing system achieves an overall MARD of 3.48% across all the volun-
teers, 3.57% for the diabetic and 3.31% for the control. To prove repeatability,
the CEG analysis for all 28 OGTTs is shown in Figure 6.8 (B). The mean es-
timated glucose levels fall 100% into the clinically acceptable zones (97.85% in
Zone A and 2.15% in B) for the sock sensor prototype. Moreover, 96.20% of the
estimated values are within 15% error, 97.85% are within 20% error, 99.17% are
within 30% and 99.50% are within 40% error. More results are shown in Fig-
ure 6.8 (D), showing the results for 8 healthy and diabetic volunteers obtained
using the flexible sock sensor.
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Figure 6.7: Feature selection and glucose estimation using the flexible sock sensor
(design #3). (A), the sock sensor tested on healthy volunteer. (B), sock sensor
tested on a diabetic volunteer.

6.3 Discussion

We are able to achieve very good matching between the estimated blood glucose
levels by the proposed system in comparison to the reference blood glucose levels
with a very low percentage error. In addition, our system is able to successfully
follow the increase and decrease of these levels. More importantly, the obtained
results show no delay between the estimated and the reference blood glucose
values. This observation indicates that our proposed system is monitoring the
glucose present in the blood, hence verifies one of our main design characteris-
tics which is the choice of the frequency range. The antenna’s waves at these
frequencies infiltrate sufficiently into the underlying tissues, reaching the blood
layers and hence providing direct information about the changes in the “blood”
dielectric properties.
The proposed sensors, tested separately, achieved very good matching between
the raw S11 data collected from the EM-sensors and the reference glucose levels,
providing confidence in the potential of the proposed non-invasive when tested in
controlled environments. The sensors provided also very high selectivity toward
glucose compared with other interferants and very good glucose prediction accu-
racy. We also noticed that the response of the antennas varied from one volunteer
to another while maintaining the multi-band, on-body matching characteristics.
This is mainly attributed to the difference of the underlying tissue compositions
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Figure 6.8: Estimated blood glucose levels during human trials on healthy and
diabetic volunteers using the sock sensor. (A), for each of the 28 experiments we
achieved a MARD below that 20% with a MARD of 3.48% averaged over all the 28
experiments. (B), CEG for all the OGTT conducted by the 28 volunteers showing
the averaged estimations of 605 data point. All the estimated values are in the
acceptable zones A and B with the majority in zone A (97.85%). (C), 96.20% of
the estimated values are within 15% error, 97.85% are within 20% error, 99.17%
are within 30% and 99.50% are within 40% MARD error. (D), blood glucose
estimation using the GP model. Actual glucose levels (red) compared with the
estimated glucose levels over time for 8 representative OGTTs chosen from a
total of 28 OGTTs.

between one person and the other, and more precisely, to the difference in terms
of: skin thickness, skin color, hydration level, sweat and hair density. In chapter
7, we added multiple sensors to the system and we combined the antennas into
a multi-location system to calibrate out these perturbing factors.
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Chapter 7

Calibration using environmental
and physiological sensors

In this chapter we evaluated the proposed sensors in different experimental setups.
First, we tested the performance of the proposed system when we collected data
simultaneously from two different locations. After that we added multiple sensors
to the system to take into consideration different environmental factors such as
temperature, humidity, sweat and movement. Finally, we provide, in this chapter,
a comparison between the different testing scenarios.

7.1 Introduction

Previous clinical trial’s results showed good correlation between the dielectric
signal and the actual blood glucose levels with very promising accuracy. How-
ever, in daily-life situations, the dielectric spectroscopy could be affected by a
variety of environmental and physiological factors. These perturbing factors in-
clude ambient temperature and humidity, skin temperature, skin conductance
which is mainly affected by the sweat, and motion which could affect the sensor-
skin contact. As a result, any noninvasive glucose monitoring system based on
EM technology must also take into consideration the different perturbing factors.
Hence, we introduce a strategy for fully noninvasive glucose monitoring system
that allows the proposed EM technology to be integrated in a multi-sensing wear-
able format. The system is composed of two flexible EM- Vessels-like sensors
and multiple environmental and physiological sensors. The EM- based sensors
are designed to monitor the glucose variations from different body locations si-
multaneously, integrated inside wearable apparels, and continuously monitor the
glucose levels of deep vasculatures without the operational difficulties or insta-
bilities encountered by other conventional approaches. Additional environmental
and physiological sensors are also incorporated inside the apparels as shown in
Figure 7.1. Each sensor provides non-invasive and continuous monitoring of the
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different perturbing factors.

Figure 7.1: Illustration of the multi-location multi-sensing system. The system
is composed of EM sensors for glucose measurements targeting the hand, leg and
arm along with the environmental and physiological sensors for skin temperature,
sweat, ambient temperature, ambient humidity and movement measurement sen-
sors.

7.2 One system multiple locations

To overcome the technical difficulties introduced by some environmental factors
and to improve the sensitivity of the device, first we joined the proposed sensors
into a multi-location system. In one experiment, we joined a filter designed to
target the arm vessels [78] along with the hand flexible antenna. In another
experiment, we joined the flexible hand antenna with the leg antenna.

7.2.1 Glove antenna and armband filter joined system

The glove antenna and the filter are joined into a multi-location system targeting
the hand and the arm. The system is tested on six healthy volunteers recruited for
this experiment. Each volunteer underwent one OGTT resulting in six OGTTs
in total. During each OGTT, around 23 measurements are recorded. The same
procedure as before is adopted and each OGTT is processed separately. The
respective responses, towards the variation of glucose levels, of both the antenna
and filter are obtained from a portable VNA as shown in Figure 7.2. The VNA is
connected to the sensors, while uniformly sweeping the frequencies over the 0.5-3
GHz range.
Figure 7.2 displays the antenna’s and the filter’s individual S parameters versus
glucose levels for one volunteer. For this volunteer, the filter’s third configuration
provided the highest correlation between the S parameters and the glucose levels.
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By combining the responses of both sensors and relying on the wrapper technique
to select the most important features, we are able to reduce the MARD from
2.84% for the antenna alone to 0.91% for the combined system.

Figure 7.2: Multi-location system with the hand antenna and the arm filter
response during one OGTT. The antenna and the filter are simultaneously tested
on six healthy volunteers. We first evaluated the response of each sensor. (A)
Top: Antenna’s response for one volunteer. Bottom: Blood glucose estimation
using the GP model. (B) Filter’s response using three different tuning states.
(C) Multisystem setup. (D) Multisystem blood glucose estimation.

We notice during the initial set of human trials that the response of the proposed
sensors varied between patients (Figure 7.3). Hence, by monitoring the glucose
levels using both the antenna and the tunable filter, we are able to tailor the
proposed sensing system to better capture the specific individuals’ characteristics.
The wrapper feature selection technique helped us capture or identify the best
combinations of features obtained from the different tunings of the filter and the
antenna device. The arrows in Figure 7.3 are intended to indicate that each
person may interact with each tuning differently; however, it emphasizes that the
best set features obtained from the different sensors’ settings indeed provide the
best predictions.
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Figure 7.3: Multi-location system with the hand antenna and the arm filter.
(A), Personalized monitoring. For each volunteer, the antenna and the filter re-
sponded differently, as shown in the bar plot, depending of the subject’s physical
characteristics. The red arrow indicate the sensor achieving the highest corre-
lation between the senor’s response and the actual glucose level. By combining
the responses of both sensors, we relied on the wrapper technique to select the
most significant features for each volunteer among the features obtained from the
different configurations and sensing devices. (B), blood glucose estimation using
the GP model. Actual glucose levels (red) compared with the estimated glucose
levels over time (green dots shows the estimations resulting from the 10 random
repetitions in most cases closely overlapping and the blue curve shows the mean
estimation) for 4 representative OGTTs chosen from a total of 6 OGTTs. The re-
sults show very good agreement between the estimated and the reference glucose
levels. CEG for all the OGTT conducted by the 6 volunteers.

7.2.2 Glove antenna and sock antenna joined system

The glove antenna and the sock antenna are joined into a multi-location system.
The system is tested on 10 healthy volunteers and 18 diabetic patients recruited
for this experiment. Each volunteer underwent one OGTT resulting in a total
of 28 OGTTs. During each OGTT, around 23 measurements are recorded. The
same procedure as before is adopted and each OGTT is processed separately. The
respective responses, towards the variation of glucose levels, of both the Hand
antenna and Leg antenna that are integrated respectively within the glove and
the sock for one volunteer are shown in Figure 7.4. For this volunteer, the leg
antenna provided lower prediction error of only 0.6% compared with the hand
antenna, which achieved a MARD of 2.85%. By combining the responses of both
sensors and relying on the wrapper technique to select the most important fea-
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tures, we are able to reduce the MARD from 2.85% for the hand antenna alone
to 0.4% for the combined system.

Figure 7.4: Multi-location system with the hand antenna and the leg antenna.
The hand antenna and the leg antenna are simultaneously tested on 8 healthy and
8 diabetic volunteers. We first evaluated the response of each sensor alone. (A)
Left: Hand Antenna’s glucose prediction for one volunteer using the GP model.
Right: Leg Antenna’s glucose prediction for one volunteer using the GP model.
(B) Left: Multi-location system blood glucose estimation. (C) Comparison be-
tween the standalone and combined system in terms of mean percentage error of
the glucose levels prediction. The bar plot, shows that the multi- location system
provided lower prediction error compared with the standalone system. By com-
bining the responses of both sensors, we relied on the wrapper technique to select
the most significant features for each volunteer among the features obtained from
the two sensing devices.

Figure 7.5 shows a comparison between prediction errors for hand antenna used
alone, leg antenna used alone and the combined system for all the experiments.
As we can see, the combined multi-location system provided the lowest MARD
(Figure 7.5 (A) and (B)). We believe that the multi-location system reduces the
impact of interfering factors in real-life condition such as surface temperature,
humidity, and movement by monitoring the glucose levels from two different lo-
cations. However we also noticed that each sensor could be used alone, providing
predictions in the clinically acceptable zones, as shown in the CEG in Figure 7.5
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(C).

Figure 7.5: Comparison between the standalone and combined multi-location
system. (A), for the 28 experiments we achieved a MARD below that 4% with a
MARD of 3.58% averaged over all the 28 experiments for the hand antenna alone,
3.48% for the leg antenna alone and 2.73% for the combined system. (B), For the
hand antenna alone: 96.4% of estimated values are within the 15% MARD error,
98% are within 20% MARD error, 99.2% are within 30% MARD error and 99.70%
are within 40% MARD error. For the Leg antenna alone: 96.2% of estimated
values are within the 15% MARD error, 97.85% are within 20% MARD error,
99.17% are within 30% MARD error and 99.5% are within 40% MARD error. For
the combined multi-location system: 97.55% of estimated values are within the
15% MARD error, 98.04% are within 20% MARD error, 99.51% are within 30%
MARD error and 99.84% are within 40%MARD error. The multi-location system
shows superior performance compared with the standalone systems. (C), CEG
for all the OGTT conducted by the 28 volunteers for the standalone systems and
the combined system. Left: CEG analysis when using the hand antenna alone.
Middle: CEG analysis when using the leg antenna alone. Right: CEG analysis
when using the combined system.All the estimated values are in the acceptable
zones A and B with the majority in zone A.
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7.3 One System with multiple environmental/

physiological sensors

In the previous experiments we found that dielectric spectroscopy allows contin-
uous, noninvasive glucose monitoring through skin and underlying tissues. The
results in controlled clinical trials showed good correlation between the dielectric
signal and the actual blood glucose levels with very promising accuracy. How-
ever, in daily-life situations, the dielectric spectroscopy could be affected by a
variety of environmental and physiological factors. These perturbing factors in-
clude ambient temperature, humidity, skin temperature, skin conductance which
is mainly affected by the sweat, and motion which could affect the sensor-skin
contact.
To test and compensate for the possible influence of some environmental effects
on the EM sensors readings, we created a sensing array comprising: Skin temper-
ature sensor, sweat sensor, environmental temperature and humidity sensor and
a motion sensor. All these sensors are embedded inside the designed glove and
sock.

7.3.1 Skin Temperature Sensor

Skin temperature can provide clinical information about many aspects of human
physiology including various skin injuries and diseases [79] which could affect
the dielectric properties of the MUT. Additionally, skin temperature monitoring
is needed to take into the account and reduce the temperature variation in the
readings of the EM sensors through a built- in signal processor.
A Philips 21091A skin-surface temperature probe [80] was used for skin tem-
perature monitoring and fixed inside both the glove and the sock as shown in
(Figure 7.6). The accuracy of the probe is ± 0.1 °C for temperatures ranging
between 25°C and 45 °C, and ±0.2 °C otherwise (0-60 °C). The collected data are
sent via Bluetooth to a phone application.

7.3.2 Skin conductance response (SCR) sensor

The SCR known also as galvanic skin response (GSR) measures the variation in
the electrical conductivity of the skin which varies with its moisture level. These
variations are mainly due to the skin sweat generated by the sweat glands and
can be utilized to estimate the sweat rate. The GSR can be measured in terms
of conductance, resistance and electro- physiological potential. The conductivity
of the skin increases when the sweat rate increases [81]. The sensor measures
the electrical conductivity between two electrodes and is considered a type of
ohmmeter.
The GROVE GSR sensor [82] is integrated inside the glove monitoring the skin
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conductivity using two Ag/AgCl electrodes fixed on the skin. A small voltage of
0.5 V is applied between the two electrodes. And by relying on ohm’s law, the
electrical conductivity of the skin is measured using the current flow between the
two electrodes. The GSR sensor is wired to an Arduino to collect and save the
data.

7.3.3 Environmental temperature and humidity sensor

Since the environmental temperature and humidity may affect directly the elec-
trical properties of the tissues under test specifically the dielectrical constant and
the loss tangent, compensation for these two factors is crucial in our application.
In [83] the authors proved that the ambient temperature has a higher effect on
the EM-sensor response than humidity.
To test and compensate for environmental temperature and humidity potential
effects, a CC2650STK, Sensor Tag Development kit [84] is added to the proposed
system to monitor the ambient humidity and temperature of the test environ-
ment. The collected data are sent via Bluetooth to a phone application.

7.3.4 Motion sensor

Motion could affect the EM-sensor to skin contact, hence to take into considera-
tion these movements effect on the S-parameters readings, we added a FLORA
Accelerometer sensor [85] to the proposed system. The sensor is wired to an
Arduino to collect and save the 3-axis accelerometer data.

7.3.5 Multi-location and multi-sensing system results

To evaluate the performance of the proposed multi-location, multi-sensor system,
clinical trial was carried out on 10 healthy and 18 diabetic subjects. The blood
glucose levels of these volunteers were varied during OGTTs. Signals from the
arm and leg antennas along with the integrated sensors were monitored during
2hours OGTT for each volunteer. One of the study goals is to check the effect of
the temperature, humidity, skin temperature, galvanic skin response and move-
ment on the EM-signal and to compensate for these perturbations.
The responses, towards the variation of glucose levels, during one OGTT using
the multi-sensing, multi-location-system are detailed in Figure 7.6. Normalized
data collected from the environmental/physiological sensors: skin temperature,
humidity, ambient temperature, GSR and motion in terms of X, Y and Z as mea-
sured by sensors integrated in the glove are shown in Figure 7.6 (A). These signals
along with the S parameters collected from the leg and hand antennas are used
to predict the glucose levels. Using the wrapper feature-selection technique, we
are able to identify the most important features for each volunteer by analyzing
their individual data and we are able to compensate for the perturbations caused
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by the different environmental and physiological factors. GP regression model
is adopted as before and each OGTT is processed separately. The comparison
between the standalone and combined system in terms of mean percentage error
of the glucose levels prediction shows that the multi- sensing system provided
lower prediction error compared with the standalone system.
For this volunteer, shown in Figure 7.6 ,the leg antenna provided lower prediction
error of only 0.93% compared with the hand antenna which achieved a MARD of
2.15%. By combining the responses from both sensors along with the signals from
the physiological/environmental sensors we are able to reduce the MARD from
2.15% for the hand antenna alone to 0.61% for the combined system improving
the results by 3.5 folds.

Figure 7.6: On-body real-time analysis during one OGTT experiment. (A),
Normalized data collected from the environmental/physiological sensors: skin
temperature, humidity, ambient temperature, GSR and motion in terms of X, Y
and Z as measured by sensors integrated in the glove. (B), Left: real-time raw
S11 data collected from the hand antenna. Right: Glucose prediction using the
GP model when relying only on the hand antenna data. (C), Left: real-time raw
S11 data collected from the leg antenna. Right: Glucose prediction using the GP
model when relying only on the leg antenna data. (D), Left: Multi-sensing system
blood glucose estimation. E, Comparison between the standalone and combined
system in terms of mean percentage error of the glucose levels prediction. The
bar plot, shows that the multi- sensing system provided lower prediction error
compared with the standalone system. By combining the responses of sensors,
we relied on the wrapper technique to select the most significant features for each
volunteer among the features obtained from the two sensing devices.

Figure 7.7 shows a comparison between prediction errors for the hand antenna
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used alone, the leg antenna used alone and the multi-sensing, multi-location sys-
tem for all the 28 experiments. The CEGs for all the OGTT conducted by the 28
volunteers for the standalone systems and the multi-sensing, multi-location sys-
tem are shown in Figure 7.7 (B). All the estimated values are in the acceptable
zones A and B with the majority in zone A. The multi-sensing system resulted
in 99.01% of the predictions in zone A and the remaining 0.99% predictions in
zone B. It achieved: 98.18% of estimated values, within the 15% MARD error,
98.84% within 20% MARD error, 99.67% within 30% MARD error and 99.83%
within 40% MARD error. The multi-sensing system shows superior performance
compared with the standalone systems. And if we compared the MARD values
obtained by these three setups, the combined multi-location multi-sensing system
provided the lowest MARD of only 2.45%, for the 605 prediction points, as shown
in Figure 7.7 (A).

7.4 Discussion

The multi-location, multi-sensing system reduces the impact of interfering factors
in real-life condition such as surface temperature, humidity, and movement when
monitoring the glucose levels from the EM sensors and compensating for the per-
turbing factors by adding the physiological and environmental sensors. However
we also noticed that each sensor could be used alone, providing predictions in the
clinically acceptable zones, as shown in the CEG in Figure 7.7.
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Figure 7.7: Comparison between the standalone and combined multi-location
system. (A), for the 28 experiments we achieved a MARD below that 4% with a
MARD of 3.58% averaged over all the 28 experiments for the hand antenna alone,
3.48% for the leg antenna alone and 2.45% for the mutli-sensing system. (B), For
the hand antenna alone: 96.4% of estimated values are within the 15% MARD
error, 98% are within 20% MARD error, 99.2% are within 30% MARD error
and 99.70% are within 40% MARD error. For the Leg antenna alone: 96.2%
of estimated values are within the 15% MARD error, 97.85% are within 20%
MARD error, 99.17% are within 30% MARD error and 99.5% are within 40%
MARD error. For the combined multi-sensing multi-location system: 98.18% of
estimated values are within the 15% MARD error, 98.84% are within 20% MARD
error, 99.67% are within 30% MARD error and 99.83% are within 40% MARD
error. The mulit-location system shows superior performance compared with the
standalone systems. (C), CEG for all the OGTT conducted by the 28 volunteers
for the standalone systems and the combined system. Left: CEG analysing when
using the hand antenna alone. Middle: CEG analysis when using the leg antenna
alone. Right: CEG analysis when using the multi-location and multi-sensing
system. All the estimated values are in the acceptable zones A and B with the
majority in zone A.
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Chapter 8

Conclusion and Future Directions

In this thesis, we provide proof of concept for a novel non-invasive, multi-location
glucose monitoring system, based on a multi-sensing array integrated into wear-
able apparel. The concept is founded on EM sensors fabricated on ultrathin,
flexible substrates designed specifically to concentrate the EM waves toward the
targeted veins and arteries. EM-based sensing technologies are ideal for cheap,
miniaturized, portable, and wearable biomarker monitoring solutions. As a first
prototype, we targeted the hand and the leg as sensing locations. A wearable
glove and sock will ensure comfort for the patients in different scenarios (work en-
vironment, physical activities, school). Many other locations could be considered.
EM waves are transmitted into the body reaching the desired veins and arteries
and allowing the extraction of information directly from the blood. To improve
the sensitivity of the EM sensors several factors were considered: (1) they are de-
signed to operate in the UHF and microwave bands allowing enough penetration
depth of the EM waves to reach the blood vessels and hence providing good sen-
sitivity towards glucose variation. (2) The slots are inspired by the blood vessel’s
network. The multiple slots result in a multi-band response allowing the system
to sense the glucose variation at different frequencies with enhanced sensitivity
due to the alignment between the antenna slots and the underlying vasculature
anatomy. This allows focusing the EM waves on the targeted veins and arter-
ies and results in improved sensitivity. (3) They are designed to operate when
loaded with a lossy medium (on-body matching); this is intended to maintain the
multi-band operation of the antenna when loaded with the human hand. These
EM sensors are designed to target simultaneously multiple body locations. To
calibrate out the different perturbing factors affecting the dielectric spectroscopy
multiple environmental and physiological sensors were added to the system.
The system is validated on serum, animal tissues, and in a clinical setting. Serum-
based and ex-vivo experiments demonstrate high precision across the diabetic
glucose range (10mg/dl - 600mg/dl). Human trials exhibit clinical accuracy of
98% on fifty-five healthy and diabetic subjects who underwent around hundred
OGTTs. Results are validated on the sensors (leg and hand sensors) used sep-
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arately and collectively. The multi-sensing, multi-location approach greatly im-
proved the accuracy of the blood glucose level estimation. The system captures
the clinical glycemic variations without any time lag, reporting up to 98% cor-
relation between the system’s physical parameters and blood glucose levels. To
our knowledge, this is one of the rare studies that assess the sensitivity of the
proposed sensors on serum containing several ranges of glucose (10mg/dl to 600
mg/dl), on ex-vivo animal tissues exposed to a wide range of glucose (10 mg/dl
to 600mg/dl) and in a clinical trial.

8.1 Future Directions

In this work, we developed a painless continuous wearable glycemic monitoring
multi-sensor system that could be used by all age groups of diabetic and non-
diabetic people. The fact that the proposed biosensors are streamlined, moving
away from the typical patches/wristbands and more into embedded sensors fixed
inside fashionable accessories and textiles that blend into patient’s daily life is
what makes our solution unique. The patients, of all age groups, could continu-
ously monitor the glucose levels using his/her daily wearable accessories without
the need to wear a specific patch. By adding multiple sensors to the proposed
system and monitoring the blood glucose from different locations, we were able
to further improve the system’s sensitivity. In addition, the multi-sensing system
provided personalized monitoring of the glucose levels, based on the patient’s
characteristics. The obtained results are highly encouraging showing comparable
results with minimally-invasive, FDA-approved systems. Besides improving the
quality of life of diabetic patients, especially children, such non-invasive continu-
ous glucose-monitoring technology could pave the way for the development of a
full closed-loop artificial pancreas system.
Several aspects of this research are still ongoing work in progress targeting to
expedite its deployment for real-world applications. A brief overview of the work
in progress is presented here along with an outlook towards potential future de-
velopments of this technology.

The next steps include:

• Peripheral circuit miniaturization: This encompasses reducing the overall
size of the VNA, which can be used as a back-end circuitry for the system.
This will make our system fully wearable, allowing us to test its performance
on large-scale clinical trials.

• Energy sustainability: There is a need for providing efficient energy har-
vesting approach to sustainably power the proposed wearable system. High-
energy consumption is a crucial challenge in wearable sensors. Energy could
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be harvest from different sources including wearable, portable and sustain-
able sources such as solar light, bio-fluids, human motion, and wifi.

• Large scale clinical trials: We aim at testing the wearable system in large
scale international multi-center multi-phase clinical trials, which will in-
clude diverse volunteers from all around the MENA region, UK and USA.
Such clinical trials will allow us to take into account different age groups and
different skin pigmentation and test the sensitivity of the proposed system
towards different physiological conditions including obesity, cardiovascular
diseases, and other diabetes complications.

• Data analytics: In this thesis, we relied on the Gaussian process regression
technique to relate S11 coefficients to actual blood glucose concentrations
based on the available data sets. With time, calibration is needed to ac-
count for physiological changes. Self-calibration is possible where additional
sensors along with intelligent machine learning techniques are employed.
Large-scale clinical trials will pave the way for a holistic data analytics
framework that enables robust modeling with self-calibration techniques.

• CGM on the cloud: We aim at developing a software that fully automates
data collection and processing from all the integrated sensors inside the pro-
posed multi-sensing system. Similarly, an application could be developed
for computers, tablets, smartphones, and watches to allow the patients to
monitor their glucose levels on their portable devices. Furthermore, con-
necting the system to the cloud allows the patients to share their results
with and follow up closely with physicians who in turn can provide them
with personalized treatment regimens based on their individual glycemic
profiles. This will help in the management of the progression of the disease.
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Appendix A

Abbreviations

IF Interstitial Fluid
CGM Continuous Glucose Monitoring
EM Electromagnetic
MUT Medium Under Test
SMBG Self Monitoring of Blood Glucose
HbA1c Hemoglobin A1C
OGTT Oral Glucose Tolerance Test
IVGTT Intravenous Glucose Tolerance Test
UHF ultrahigh frequency
FDA Food and Drug Administration
DOP Depth of Penetration
PET Polyethylene terephthalate
AED Electronics Desktop Simulator
CNC Computerized Numerical Control
QWT Quarter-Wave Transformer
SAR Specific Absorption Rate
EU European
FBS Fetal Bovine Serum
VNA Vector Network Analyzer
PBS Phosphate-Buffered Saline
IRB International Review Board
GP Gaussian Process
PLS Partial Least Square
LASSO Least Absolute Shrinkage and Selection Operator
LWPLS Locally Weighted Partial Least Square
PCC Pearson Correlation Coefficient
FFS Forward Feature Selection
MARD Mean Absolute Relative Difference
SEP Standard Error of Prediction
CEG Clarke Error Grid
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SCR Skin Conductance Response
GSR Galvanic Skin Response
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E. Aguilera, C. Ringsell, C. De Block, and C. Irace, “Clinical practice recom-
mendations on the routine use of eversense, the first long-term implantable
continuous glucose monitoring system,” Diabetes technology & therapeutics,
vol. 21, no. 5, pp. 254–264, 2019.

92



[10] S. Sharma, Z. Huang, M. Rogers, M. Boutelle, and A. E. Cass, “Evaluation
of a minimally invasive glucose biosensor for continuous tissue monitoring,”
Analytical and bioanalytical chemistry, vol. 408, no. 29, pp. 8427–8435, 2016.

[11] M. Joubert and Y. Reznik, “Personal continuous glucose monitoring (cgm)
in diabetes management: review of the literature and implementation for
practical use,” Diabetes research and clinical practice, vol. 96, no. 3, pp. 294–
305, 2012.

[12] D. B. Keenan, R. Cartaya, and J. J. Mastrototaro, “Accuracy of a new real-
time continuous glucose monitoring algorithm,” Journal of diabetes science
and technology, vol. 4, no. 1, pp. 111–118, 2010.

[13] A. Sieg, R. H. Guy, and M. B. Delgado-Charro, “Noninvasive glucose moni-
toring by reverse iontophoresis in vivo: application of the internal standard
concept,” Clinical chemistry, vol. 50, no. 8, pp. 1383–1390, 2004.

[14] L. Lipani, B. G. Dupont, F. Doungmene, F. Marken, R. M. Tyrrell, R. H.
Guy, and A. Ilie, “Non-invasive, transdermal, path-selective and specific
glucose monitoring via a graphene-based platform,” Nature nanotechnology,
vol. 13, no. 6, pp. 504–511, 2018.

[15] F. Dewarrat, L. Falco, A. Caduff, M. Talary, Y. Feldman, and A. Puzenko,
“Measurement and simulation of conductive dielectric two-layer materials
with a multiple electrodes sensor,” IEEE Transactions on Dielectrics and
Electrical Insulation, vol. 15, no. 5, pp. 1406–1414, 2008.

[16] A. Caduff, M. S. Talary, M. Mueller, F. Dewarrat, J. Klisic, M. Donath,
L. Heinemann, and W. A. Stahel, “Non-invasive glucose monitoring in pa-
tients with type 1 diabetes: A multisensor system combining sensors for
dielectric and optical characterisation of skin,” Biosensors and Bioelectron-
ics, vol. 24, no. 9, pp. 2778–2784, 2009.

[17] R. Kasahara, S. Kino, S. Soyama, and Y. Matsuura, “Noninvasive glu-
cose monitoring using mid-infrared absorption spectroscopy based on a few
wavenumbers,” Biomedical optics express, vol. 9, no. 1, pp. 289–302, 2018.

[18] S. Lee, V. Nayak, J. Dodds, M. Pishko, and N. B. Smith, “Glucose mea-
surements with sensors and ultrasound,” Ultrasound in medicine & biology,
vol. 31, no. 7, pp. 971–977, 2005.

[19] J. Kost, S. Mitragotri, R. A. Gabbay, M. Pishko, and R. Langer, “Trans-
dermal monitoring of glucose and other analytes using ultrasound,” Nature
medicine, vol. 6, no. 3, pp. 347–350, 2000.

93



[20] S. K. Vashist, “Non-invasive glucose monitoring technology in diabetes man-
agement: A review,” Analytica chimica acta, vol. 750, pp. 16–27, 2012.

[21] H. Choi, “Recent developments in minimally and truly non-invasive blood
glucose monitoring techniques,” 2017.

[22] D. Bruen, C. Delaney, L. Florea, and D. Diamond, “Glucose sensing for
diabetes monitoring: recent developments,” Sensors, vol. 17, no. 8, p. 1866,
2017.

[23] J. Hanna, J. Costantine, R. Kanj, A. Eid, Y. Tawk, and A. Ramadan,
“Electromagnetic based devices for non-invasive glucose monitoring,” in
2018 IEEE Conference on Antenna Measurements & Applications (CAMA),
pp. 1–4, IEEE, 2018.

[24] H. Choi, S. Luzio, J. Beutler, and A. Porch, “Microwave noninvasive blood
glucose monitoring sensor: Human clinical trial results,” in 2017 IEEE
MTT-S International Microwave Symposium (IMS), pp. 876–879, IEEE,
2017.

[25] J. Costantine, R. Kanj, A. Eid, J. Hanna, A. H. Ramadan, and Y. Tawk,
“Antenna design for biomarker monitoring and methods of use,” Dec. 26
2019. US Patent App. 16/453,264.

[26] J. Costantine, R. Kanj, A. Eid, J. Hanna, A. H. Ramadan, and Y. Tawk,
“An antenna array of a group of antenna elements for biomaker monitoring,
nerve stimulations and methods of use.” US Provisional Patent.

[27] J. Costantine, R. Kanj, and A. Eid, “Novel non-invasive biological, chemical
markers and tracers monitoring device in blood including glucose monitoring
using adaptive rf circuits and antenna design,” Apr. 11 2019. US Patent App.
16/152,990.
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