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Abstract

Much like wearable devices today, ingestible devices have emerged as a promising plat-
form for continuous health monitoring, and potentially even intervention. Recent research
has demonstrated the feasibility of ingestible devices with a retention mechanism, enabling
them to remain in the stomach for weeks. Equipping these devices with sensors capable of
measuring complex biomarkers, would open up an entirely new era of continuous health
monitoring.

This research focuses on the design of a gas sensor array for a retentive ingestible device,
targeting the measurement of volatile organic compounds in the gastrointestinal tract. The
research specifically addresses the outpatient treatment of alcoholism, in collaboration with
the emergency medicine department at Brigham and Women’s Hospital, Harvard Medical
School. Current treatment relies on manual registration of drinking behavior, and the in-
corporation of an ingestible device that is able to continuously monitor drinking behavior
enables more accurate behavioral assessment, and more targeted support and treatment.

Given the novelty of this approach, a sensor array capable of assessing ethanol concentra-
tions in the air was gradually subjected to more complex tasks. Furthermore, a key aspect of
the research was the design of an artificial gastric environment, that replicates the conditions
and challenges that the sensor array would encounter within the human body. This exper-
imental environment played a crucial role by providing a realistic testing platform without
the need for a fully functional ingestible device, which can be incredibly challenging and
resource-intensive to manufacture.

To ensure functionality in humid conditions, the sensors are encapsulated using parylene
C and polycaprolactone (PCL) - biocompatible materials commonly used in the design of
biomedical devices. The impact of these encapsulation methods on the sensors is thoroughly
assessed, to determine their viability for in-vivo applications.

The findings of this study reveal that employing a convolutional neural network can enable
the accurate measurement of ethanol in air, using off-the-shelf air quality sensors and algo-
rithms with low computational complexity. It is worth highlighting that the neural network
is capable of performing inference directly on the ingestible device. Furthermore, initial
results show that a combination of parylene C and PCL, achieved through dip-coating in a
PCL-dichloromethane solvent, yields a sensor capable of reliably distinguishing ethanol per-
centages from 4 to 11 volume percentages, while continually submerged in a self-designed
artificial gastric environment.

Overall, this research contributes to the advancement of ingestible sensors and their potential
for continuous health monitoring, with a use case in alcoholism treatment. The outcomes
show the potential to produce a sensor array encapsulated in biocompatible materials, with
a data-driven sensor fusion algorithm that is deployable on-device, which brings us closer to
practical in-vivo applications. Additionally, the design and utilization of an artificial gastric
environment establishes a solid foundation for future studies and the data generation that
is vital for this technology.
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1. Introduction

The gastrointestinal (GI) tract offers the opportunity to detect and monitor physiological sig-
nals in the human body in a minimally invasive way. Examples include the Food and Drug
Administration (FDA)-approved MedTech PillCam, which introduced camera technology
that replaces complex endoscopic procedures, such as double-balloon enteroscopy [2, 3].

The development of ingestible electronics is not exactly new. Its first recorded innovation
dates back to the 1950s, when Mackay et al. proposed a Radiosonde [4, 5]. Over the years,
subsequent studies have shown that pressure [6], pH [7], temperature [8] and GI motility [9]
can be monitored throughout the GI tract.

More recently, breakthroughs in sensor fabrication, low-powered electronics [10], and ma-
terial science [11, 12] have enabled the monitoring of more complex biomarkers, such as
gaseous molecules. Steiger et al. confirmed in 2021 that 94% out of 125 small molecule
analytes in blood can also be detected in the gastric fluid [13]. Monitoring these biomark-
ers through the gastric fluid would open up alternatives to more invasive, discontinuous
methods of monitoring.

Volatile organic compounds (VOCs) are an important class of molecules that can be used as
biomarkers for a variety of diseases. Measuring VOCs in exhaled breath is already a non-
invasive and cost-effective way to diagnose and monitor diseases, and has been the subject
of much research in recent years. Measuring the presence of VOCs in breath has already en-
abled the long-term monitoring and diagnosis of inflammatory gastrointestinal diseases [14],
colon and gastric cancer [15], asthma [16] and obesity [17]. Moreover, a combination of VOC
sensors with machine learning (ML) methods has been shown to offer a huge potential in the
monitoring and detection of diseases, such as multiple sclerosis [18], breast cancer [19] and
lung cancer [20, 21].

Traditional methods can however only provide information of VOC levels at a specific time.
This is where electronic pills, otherwise known as smart pills, show a lot of promise. By
continuously monitoring VOCs in the digestive tract, and transmitting the data wirelessly,
electronic pills offer a more convenient, and possibly more accurate way to diagnose and
monitor diseases [22].

A promising use case is the outpatient treatment of alcohol abuse disorders. Alcohol abuse
accounts for 20% of all deaths in the United States among adults aged 20 to 49 years old [23].
As with the management of many substance abuse disorders, treatment relies on long-term
monitoring of alcohol intake. The current standard of care often requires self-report by
patients, which can be unreliable, and therefore limits opportunities for intervention and
treatment [24].

A main challenge for continuous monitoring in the GI tract is that the current solutions are
either tethered or have a low retention time within the gastric environment. Very recently, re-
searchers at Massachusetts Institute of Technology (MIT) and Harvard Medical School (HMS)
have developed smart pills that can stay in the gastrointestinal tract for a longer duration,



1. Introduction

by leveraging gastric resident structures [8, 25]. These pills could be equipped with sensors
that can measure various physiological and pathological indicators, and transmit the data to
an external device.

In this master’s thesis, we will present the design of a sensor array that can continuously
monitor VOCs in the GI tract. The array is deployed on an ingestible device, which is de-
scribed in Section 1.1. The clinical relevance of this project will be discussed in Section 1.2.
The design requirements of the ingestible device are discussed in Section 1.3 after which the
research question is summarized in Section 1.4. The structure of the thesis is subsequently
laid out in Section 1.5.

1.1. Sensor Platform

A group of researchers at MIT and HMS have been developing a gastric residence electronic
(GRE) device, with a unique mechanical structure that allows for entry into the stomach but
prevents egress. This allows the sensor to effectively monitor stomach conditions long-term.
The device fits in a 000 capsule, which is the largest standardized FDA-approved capsule
size, with a length of 26.1 millimeters and a diameter of 9.9 millimeters. This device has the
capability to support a gas sensor array, which could measure VOCs.

1.1.1. Mechanical design

A computer-aided design (CAD) of the sensor platform can be seen in Figure 1.1a. It exists
of a battery pack with six electronic arms that are connected to a flexible printed circuit
board (PCB). The flexible PCB allows the electronic arms to fold into a triple 0 capsule.
Once the capsule dissolves, three of the six arms will unfold, while the other three stay
attached to the battery pack. Its expansion makes it impossible for the device to pass through
the pylorus, until the arms separate from the main body. This happens naturally, as the
elastomer that keeps the arms together breaks down over time. The three stages of the
sensor’s deployment mechanism are shown in Figure 1.1b. The residence mechanism was
tested in-vivo, on a pill without electronics. The pill remained resident until the terminal
study of this individual animal model, which was after 35 days.

1.1.2. Electrical design

The sensor platform exists of four different components, which are purposefully isolated by
respective PCB arms. The microcontroller unit (MCU) arm exists of an nRF52832 microcon-
troller. Three arms are dedicated to power management, which includes the use of 8 super
capacitors. One arm is dedicated to Bluetooth Low Energy (BLE) communication, and one
arm is reserved for the sensor array. A schematic overview of the system, including power
management, can be seen in Figure A.1.
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Figure 1.1.: (a) CAD design of the sensor platform’s electronics and (b) graphic of the pill’s
deployment in the stomach

1.2. Clinical Context

In clinical practice, analysis of VOCs is commonly done with the use of electronic noses,
which provide so-called ”breath prints”. Research has shown that these individual finger-
prints of the VOCs in breath are related to a variety of pathological states [26].

However, breath analysis has its limitations. It usually requires a patient to blow into a
breath analyzer, which is not suitable for continuous monitoring. This is where ingestible
devices could open up a new paradigm for VOC monitoring. Through the utilization of
gastroretentive devices, continuous real-time ”stomach prints” can be obtained without any
action needed from the patients (see Figure 1.2).

One prospective use case for continuous VOC detection in the stomach is the detection of
alcohol consumption. This use case is specifically suitable for the early development of an
ingestible gas sensor platform since we hypothesize that the high ethanol concentrations in
the stomach are relatively easy to detect and distinguish, in comparison to complex and
subtle VOC footprints that are related to other diseases. In the field of alcoholism treatment,
ingestible electronics could be used to monitor a patient’s drinking behavior in real-time, and
potentially with much greater accuracy than current state-of-the-art technology. Currently,
most registration of alcohol consumption is still done manually, by the patient itself. state-
of-the-art measurement techniques rely on secondary biomarkers that are directly related
to a person’s blood alcohol level but do not actually provide any direct indication of a
patient’s consumption. Moreover, most of these techniques do not offer a method to monitor
continuously.

In this research, we collaborate with Peter R Chai, MD, MMS, Associate Professor of Emer-
gency Medicine at HMS, and a trained toxicologist. We expect to prescribe the ingestible
sensor to outpatients, who are treated for alcoholism. During a period of 7 days, the sensor
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will gather information, which will be communicated to the healthcare professional during
a weekly check-up.
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Figure 1.2.: The future of VOC monitoring: breathalyzers are replaced by gastric resident
electronics. Unique prints from the gas sensor arrays will enable the diagnosis and moni-
toring of diseases.

1.3. Design Requirements

For the design of the gastric residence device with a gas sensor array, the following limita-
tions need to be taken into account:

1.

Size: The PCB sensor arm has a surface of 18.5 x 3.3 millimeters. This is all the space
that is available for gas sensors.

Energy Capacity: The sensor’s battery pack consists of six Renata 376 batteries, with
a capacity of 27 mAh at 1.55 V. The total capacity is therefore 0.2511 Wh.

. Computational: The sensor fusion algorithms should either be done off-the-chip or be

runnable on an nRF52832 processor.

. Sensitivity: The sensor should at least be able to sense the intake of ethanol equivalent

to a beer. Preferably, it can distinguish different ethanol concentrations and different
volumes of drinks.

. Economical: The device should be translational, meaning that it is made of off-the-

shelf electronics and is economically viable. Similar products on the market include
the Medtronic PillCam, which costs about $500, replacing a $4000 procedure [27]. In
the context of alcohol monitoring, a standard breathalyzer costs at most $130 [28].
Although breathalyzers are more durable, a GRE device would offer more information.

. Mechanical: The sensor should ideally be built using biocompatible, FDA-approved

materials. This means that there is a limitation to the materials that can be used to
encapsulate the electronics.



1.4. Contribution

Given the design limitations, we can establish the following requirements list:

® The sensor array should fit within the 18.5 x 3.3 millimeter dimensions of the PCB
sSensor arm.

¢ The battery should last at least 7 days with the sensors running.
— The average power consumption cannot exceed 1.5 mW.
— The electronics should not break.

¢ The system needs to run on an nRF52832 processor, with 512 kB flash memory and
64 kB random-access memory (RAM).

¢ The materials used to protect the sensors should preferably be FDA-approved and bio-
compatible.

e The total cost of the device should not exceed $130.

1.4. Contribution

Although the foundations of a sensor platform have been laid, numerous obstacles still
need to be addressed before it can be used as a VOC monitoring platform as envisioned
in Figure 1.2. Conventional sensors have difficulty surviving in the harsh environment of
the GI tract, which includes low pH levels, being fully immersed in liquid, and continuous
collisions with food and the stomach lining. Protecting the sensors and electronics from this
harsh environment often impacts the sensor’s performance, as it will limit the diffusion of
analytes through the protective layers.

Furthermore, research and development are heavily stagnated by the lack of realistic exper-
imental environments, which makes it challenging to iterate over design cycles and identify
causes of failures. Building and validating a sensor array with as many design variables as
in this problem requires an experimental environment with as few unknowns as possible,
in which data sets can be created without building a full device as in Figure 1.1a, as the
production of such a device is incredibly labor intensive and often prone to manufacturing
variations and errors. This brings us to the following problem statement:

Problem Statement

How can we build a sensor array that is capable of continuous VOC monitoring in the
stomach, considering the harsh environment in the GI tract and the lack of realistic
experimental environments?

This master’s thesis will address this problem by adopting the following approach:

1. Designing and evaluating a sensor array capable of detecting volatile organic com-
pounds (VOCs) in the gastric environment for an extended time period.

2. Developing an experimental environment that facilitates efficient design cycles and
generates significant ex-vivo data.
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1.5. Methodology

An overview of previous research can be found in Chapter 2. In this review, we can conclude
that the idea of building a gas sensor for continuous VOC monitoring in the stomach is so
novel, that it is vital to start designing from first principles. First, a sensor array that works
with the hardware available for an ingestible device is designed to perform VOC detection
tasks in the air. This is detailed in Chapter 3. This is a critical milestone in determining the
feasibility of this project, and narrowing down on the design variables.

Subsequently, in Chapter 4, initial steps are taken to make a sensor array that works in
a liquid environment, by experimenting with different sensor encapsulations in water for
short periods.

The final step in this thesis is to evaluate an encapsulated sensor’s long-term performance
in a clinical setting. To this end, an artificial gastric environment is made, emulating many
of the conditions in the human body, including body temperature and constant humidity.
The design of this environment and experimental results are discussed in Chapter 5.



2. Literature Review

This literature review aims to provide a comprehensive overview of the scientific literature
related to sensors used for measurement of VOCs, electronic pills, gastric resident devices,
and materials for permeable membranes.

2.1. Measurement of Volatile Organic Compounds

2.1.1. Sensors

There are a large variety of sensing techniques for the detection of VOCs. gas chromatogra-
phy-mass spectrometry (GC-Ms), for example, is acclaimed for its extremely precise detec-
tion [29, 30]. Performance on a micro scale has yet to be achieved, however, and therefore
this technology is not yet deployable on an ingestible device. Advances in nanotechnology
have allowed for miniaturization and commercialization of chemiresistive, optical and elec-
trochemical sensors [31]. This section will focus on these three types, and shortly touch upon
some other state-of-the-art technologies available. The working principles of each sensor is
visualized in Figure 2.1.

Chemiresistive Sensors

Chemiresistors are materials that change in resistance, given a particular chemical environ-
ment [32]. The most commonly used chemiresistive VOC sensors use metal oxide semicon-
ductor technology to detect and quantify gaseous molecules in the air. These sensors are
popular for their relatively small size, their low-power requirements and their price [33].

Within this category, there are a variety of companies that supply gas sensors that fit the
requirements of the sensor platform, including those of manufacturers such as Bosch [34],
Sensirion [35] and Sciosense [36]. All of these sensors are used in research on VOC mon-
itoring in air, and have showed promising results. Sciosense’s CCS811 was used to detect
Parkinson’s disease [37], while Bosch’s BME680 was shown to be able to detect ketoacidosis
through a nasogastric (NG) tube in the stomach [13].

Optical sensors

Compared to chemiresistive and electrochemical gas sensors, optical sensors are usually
highly selective in nature [31]. Although some optical sensors can be made using micro-
fabrication techniques, the light source and optical pathlength are much harder to miniatur-
ize [38]. Because of this the minitiurization of state of the art optical sensors is often limited
to handheld devices [39]. One of the smallest commercially available optical sensors in the
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PMSAO003I, which has a size of 38 by 35 millimeter [40]. This sensor is used as an air quality
sensor, but unlike its indoor air quality counterparts, this one is only responsive to particles
that are 10 ym or less in width, and cannot measure VOCs.

Electrochemical Sensors

Electrochemical sensors detect gaseous molecules by measuring changes in electric proper-
ties due to adsorption or chemical reactions between the VOCs and a gas-sensitive material.
Sensors such as these are commonly used in breathalyzers and have also been used to mea-
sure blood alcohol levels through skin perspiration [41, 42].

The smallest electrochemical sensor that is currently available on the market is 11 by 11 mil-
limeters [43], and is therefore not suitable for the design requirements laid out in Section 1.3.
Since its working principle relies on a chemical reaction that produces a current, its energy
consumption is literally zero, which makes it a promising sensor type for this use case in
the future.

Promising technologies

This review prioritizes commercialized VOC gas sensor technologies with miniaturization
potential, and cannot provide an exhaustive analysis of all technologies. One example of a
technology that is not covered is heat conductivity-based gas sensors. Although they have
reached commercialization and sufficient miniaturization [44], they are currently deemed
unsuitable for medical VOC detection, because of their low sensitivity. In breath prints for
disease diagnosis, for example, VOCs present themselves in parts per billion or parts per
trillion [45, 46]. However, when presented in volume percentages, such as in alcoholic bev-
erages, these sensors could possibly be very useful. Moreover, unlike MOX sensors, these
sensors do not require oxygen to work, hence are less vulnerable to losing sensitivity in
relatively low oxygen environments, such as the GI tract [47].

Other state-of-the-art solutions have often only proven to work in laboratories. An example
is a hydrogel-based sensor by Erfkamp et al. [48]. This sensor relies on the swelling of
hydrogel upon contact with VOCs, and the measurement of pressure build-up due to this.
Furthermore, there are numerous acoustic [49] and carbon nanotube [50, 51] gas sensors that
have shown interesting developments in recent years.

2.2. Electronic Pills for Biosensing

The GI tract is still a relatively unexplored medium of long-term physiological sensing, de-
spite offering the opportunity to detect and monitor physiological signals in a minimally
invasive way [22]. The first ingestible device dates back to the 1950s when Mackay and Ja-
cobson proposed a Radio Pill in Nature [4, 5]. Fifty years later, in the early 2000s, technology
had finally matured enough to use ingestible electronic devices in practice. In 2001, the FDA
approved the SmartPill, which could measure pH, pressure and temperature to diagnose
slow gastric emptying [52]. That same year, the FDA also approved the first version of the
Medtronic PillCam, which introduced camera technology that replaced complex endoscopic
procedures, such as double-balloon enteroscopy [2, 53].
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Figure 2.1.: Sensor mechanics. a) MOX sensors rely on a thin metal-oxide sheet, which has a
high resistance when oxygen reacts with the sheet’s surface. vOCs react with this oxygen,
hence lowering the resistance. b) optical sensors consist of a light source and detector.
Gas molecules absorb some of the light frequencies, which is picked up by the detector.
¢) electrochemical sensors depend on two electrodes with an electrolyte in between. Upon
contact with VOCs, a chemical reaction with the electrolyte will create free electrons to
move between the electrodes.

Over the next years, breakthroughs in low-powered electronics [10] and materials science [11,
12] have enabled the monitoring of increasingly complex biomarkers. A large number of
biomarkers, such as small molecules, electrolytes, gases, proteins, and DNA can all be lever-
aged to monitor a patient’s wellbeing in real-time. Steiger et al. confirmed in 2021 that 94%
out of 125 small molecule analytes in the blood can also be detected in the gastric fluid [13].
Monitoring these biomarkers through the gastric fluid would open up alternatives to more
invasive, discontinuous methods of monitoring.

Monitoring some of these molecules in a gaseous state has already been proven to be pos-
sible in humans and pigs [54, 55, 56]. In these experiments, capsules with a gas-permeable
membrane were swallowed, which shield the sensitive gas sensors from the harsh GI envi-
ronment. These ingestible sensors have no way of retaining in the GI tract, however, and will
usually leave the body within 48 hours. An overview of the state-of-the-art, non-retentive
ingestible capsules for biosensing can be found in Table 2.1.

2.2.1. Gastric Residence

A major limiting factor in achieving the continuous monitoring of biomarkers in the CI tract
is the short residency period of the devices mentioned in Table 2.1. The median transit time
of a Medtronic Pillcam through the stomach is typically around 25 minutes, although it can
range from 1 minute to 3 hours [71]. As for the gas-sensing electronic capsule, it resided in
the stomach for 4.5 to 12 hours, depending on the patient’s diet [54]. This is significantly
higher than that of the PillCam, despite its similar size, but no explanation is given.
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Biomarkers Measured Development Stage Note Reference
Gas (Oy, Hy, CO;y), Temperature In-Vivo (Human) MOX gas sensor [54, 57]
Endoscopy In-Vivo (Human) - [2]
pH, Temperature, Pressure (GI Motility) ~ In-Vivo (Human) - [58]
Location (Medicine Adherence) In-Vivo (Human) - [59, 60]
Gas (NOy, H»S, TT! and ROS?) In-Vivo (Porcine) Bacterial gas sensor [55]
Gas (NO) In-Vivo (Porcine) Electrochemical Gas Sensor [56]
Gastric Bleeding In-Vivo (Porcine) Bacterial sensor [61]
Glucose In-Vivo (Porcine) Battery-free [62]
Sound (Heart Rate) In-Vivo (Porcine) - [63]
pH In-Vivo (Porcine) - [64]
Location (GI Dynamics) In-Vivo (Porcine) - [65]
Gastric Bleeding In-Vitro Optical sensor [66]
Enzymes (Lipase) In-Vitro - [67]
Endoscopy In-Vitro X-ray [68]
Endoscopy In-Vitro Ultrasound [69]
Molecules (not specified) In-Vitro E-tongue (Electrochemical Sensor) [70]

Table 2.1.: Non-retentive ingestible capsules for biosensing in the GI tract: state-of-the-art.

1 tetrathionate
2 reactive oxygen species

Researchers have developed a number of ingestible electronic devices that prolong the gastric
residency periods of ingestible capsules to over 24 hours, with the goals of drug delivery,
biosensing, and treatment of obesity. There are only a few devices in the literature that have
managed to achieve continuous monitoring of biomarkers in the stomach. An overview of
these devices, including their residence mechanism can be seen in Table 2.2.

Residence Mechanism Biomarkers Measured Development Stage Reference
Hydrogel Temperature In-Vivo (Porcine) [25]
Unfolding structure Temperature In-Vivo (Porcine) [8]
Inflatable system Not specified In-Vitro [72]

Table 2.2.: Retentive ingestible (GRE) devices for continuous biosensing: state-of-the-art.

2.2.2. Biomaterials for Permeable Membrane

While gas sensing in the GI tract has been achieved and even commercialized, none of these
sensors focused on detecting VOCs [54, 55, 56, 57]. One specific reason is that it is hard to
allow these molecules access to the sensing element while protecting the element from the
harsh environment of the GI tract. Separation often relies on leveraging the difference in
chemical properties between molecules, but VOCs have a lot of properties in common with
the water and hydrochloric acid that is damaging to the sensing element.

VOCs such as methanol, ethanol and acetone contain an -OH bond, making them polar. Hy-
drophobic membranes would therefore be ineffective in separating these molecules from
water. Since both HCl and H,O are smaller in size, it is also easier for these molecules to
permeate through small pores or gaps in materials.

10
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Pervaporation fundamentals

Pervaporation is a membrane-based separation process that could be used to isolate volatile
organic compounds from gastric fluid. This method is mainly used in industrial processes,
such as the production of alcohol-based biofuels. Other processes, such as distillation, ad-
sorption, and liquid extraction are not applicable to sensing VOCs in the GI tract.

Any membrane without pervaporation characteristics will separate ethanol and the harmful
liquids in the GI tract according to the Vapor-Liquid Equilibrium (VLE), plotted in Figure 2.2b.
This means that for low ethanol concentrations in the gastric fluid, the ethanol concentration
on the sensor side will be relatively high. However, the amount of water and hydrochloric
acid molecules that wil permeate through the membrane would likely still influence the
sensor in a harmful way. Especially during a sudden change of temperature, due to drinking
cold fluids, the water vapor on the sensor side could condensate and cause electrical short-
circuits.

The mechanism of pervaporation is visualized in Figure 2.2a. The pervaporation membrane
exploits different affinities towards the membrane and diffusion rates through the membrane
to enhance the concentration of a certain component in comparison to the VLE. There are
two driving forces that make this happen: the flux and separation factor of the membrane.
The flux is how fast different liquids permeate through the membrane, in kilogram per
meter square per hour [kg- m~2h~!]. The separation factor is defined as the ratios of the
molecules in liquid in comparison to that in vapor (see Equation 2.1, where C} and C! are
the concentrations of molecule i in vapor and liquid respectively). An ideal pervaporation
membrane would allow for a high flux of ethanol through the membrane, which would
allow a fast response time for the sensors while having an infinitely high separation factor.
An infinitely high separation factor would mean that it would not allow through any water
and HCI but does let through ethanol.

_avy
- ch/ch

A1 (21)

Materials

Although it is much easier to find membranes that are selective for H,O, there are materials
that preferentially let ethanol pass through, while blocking water and hydrochloric acid. One
polymer that has been used in gastric resident electronics and has shown these properties
is PDMS [8]. PDMS has shown to have separation factors up to 14 [73], and fluxes of 5.4
kg: m~2h~1 [74].

Another commonly used polymer that could be used is PTFE. PTFE has shown to be able to
reach a separation factor of 8.63 with a flux of 24.145 kg- m~2h~!, given specific formula-
tions [75]. In literature, there has been only one example of a VOC membrane being used
in the stomach, through a NG tube [13]. This was a JO50A025A Advantec PTFE membrane,
which was able to detect acetone, and protect the BME680 MOX gas sensor behind it [34]. The
acetone flux of this membrane is 0.00869 kg- m~?h~!, and it claims to block water entirely
until a pressure of 1040 mmHg [76]. This pressure is 10 times higher than the maximum
pressure in the stomach [9].

11
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Figure 2.2.: a) Schematic diagram of pervaporation process: pervaporation = permeation +
Evaporation and b) VLE of ethanol mixed with water (data from [1]).

State-of-the-art research in materials science has shown other materials, such as graphene
and dopamine zeolites to show separation factors and flux that are even higher than the
aforementioned materials [77, 78]. Production and biocompatibility make these materials
however difficult to integrate in a medical device. Furthermore, many of these membranes
lose their separation capabilities over time [77].

It is important to note that the separation factor and flux are dependent on conditions such
as temperature, pressure, and the thickness of the membrane. For this reason, it is vital to
conduct our own experiments.

2.3. Research Gap

Current state-of-the-art shows that although the measurement of VOCs for healthcare pur-
poses has been employed in diagnosis and health monitoring, it has never truly been minia-
turized to fit on a pill, while using off-the-shelf sensors. Developing an affordable vOC
detection system within a pill’s size already surpasses current research limits.

Besides miniaturization, the harsh environment of the stomach requires the creation of a
biocompatible membrane that protects VOC gas sensors while maintaining sensitivity to an-
alytes. This has only been achieved by measuring acetone through a NG tube, and never
through a pill, let alone one that can stay resident in the GI tract. The development of a gas
sensor platform that reliably measures ethanol over extended periods of time in the GI tract
would mark a notable scientific advancement.

12



3. Measuring Volatile Organic Compounds
in Air

Measuring VOCs in the GI tract is an incredibly difficult task with an enormous amount of
design decisions in both hardware and software design. To prove its viability and narrow
down on design choices, a sensor array was created in air first.

Another reason to design a sensor array in air, is that in order to build data-driven detection
models, a large amount of data is required. The sensor dynamics are significantly slowed
once they are encapsulated, because the materials limit the flux of vOCs towards the gas
sensor, and therefore building up a large dataset requires much more time. Furthermore,
doing experiments on a large scale is much harder to realize when each sensor requires
an extensive manufacturing process and must be placed in a more complex experimental
environment.

In this chapter, we discuss the experimental setup in air in Section 3.1. Subsequently, we look
at the qualitative results of the experiments in air in Section 3.2. After this, we discuss the
different types of regression techniques that could be used to determine the percentage of
ethanol in a liquid in Section 3.3, with further elaboration on the methods in Section 3.4. Af-
ter this, the regression techniques are implemented and compared in Section 3.5. Finally, the
resulting implementations are built to fit the hardware of the sensor platform in Section 3.6.
The chapter ends with a discussion of future directions and a conclusion in Section 3.7 and
Section 3.8 respectively.

3.1. Experimental Setup

3.1.1. Gas Sensors

Ten off-the-shelf sensors were chosen based on price, size, and power consumption, and
evaluated on their ability to measure VOCs. Relevant details are summarized in Table 3.1. A
more extensive table can be found in Table B.1. Each sensor, except for the MiCS5524, fits on
a 18.5 by 3.3 millimeter sensor arm. 9 sensors are MOX sensors, except for the STC31, which
is heat conductivity based. 8 sensors are digital, while 2 sensors are analog.

Power consumption

The power consumption at 1 Hertz for each sensor’s standard settings was measured using
a Nordic Semiconductor Power Profiler Kit II (PPK2). 1 Hertz was used in some datasheets,
and the measured power consumption could therefore be validated. As can be seen in
Table 3.1, none of these sensors can run at 1 Hertz, given the energy requirements given in

13
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Section 1.3. The average power consumption should not exceed 1.5 mW if the battery should

last for 7 days.

For this reason, all sensors should eventually be optimized for power consumption, by re-
ducing the sampling frequency and putting the sensors in sleep mode in between samples.
This however is only of later concern, as we analyze the sensor’s performance under optimal

conditions first.

parameters

digital gas temperature humidity pressure area [mm x mm)]

powerl [mW]

BME688 [79] v v v v v 3.00 x 3.00
BME680 [34] v v v v v 3.00 x 3.00
SGP40 [35] v v X X X 2.40 x 2.40
SGP30 [80] v v X X X 2.45 x 2.45
CCS811 [36] v v X X X 2.70 x 4.00
ZMOD4410 [81] v v X X X 3.00 x 3.00
ENS160 [82] v v X X X 3.00 x 3.00
STC31 [44] v v v X X 3.00 x 3.50
CCS801 [83] X v X X X 2.70 x 4.00
MiCS5524 [84] X v X X X 5.00 x 7.00

10.89
9.70
10.76
165.99
62.24
5.95
96.00
6.11
46.20
163.40

Table 3.1.: Details of the gas sensors used in the experiments.

! Measured using Nordic Power Profiler Kit IT (PPK2) at 1 Hz sampling rate, no sleep mode.

3.1.2. Protocol

The experimental protocol is summarized in Figure 3.1. A group of sensors was held for 5
minutes in the open air. Subsequently, it would be exposed to 25 mL of a given fluid in a
600 mL beaker. Each sensor would be held approximately at the 300 mL line. An overview

of all fluids tested can be found in Table 3.2.

N

[ ] [ ]
5 min 5 min 5 min
Air VOC Air

@ (b) (©

Figure 3.1.: Experimental protocol for gas sensors in air.
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3.2. Data Collection and Analysis

Fluid Concentration [% vol.]
Ethanol (pure) 10, 20, 40, 60, 80, 100
Acetone (pure) 0.2, 100
Methanol (pure) 100

Vodka 40

Gin 40

Irish Cream 17

Wine 12

Water 0

Table 3.2.: Fluids used and their volume percentage of vOC. Pure VOCs were diluted using
tap water.

3.1.3. Hardware setup

The overall system has a computer as the main station, which is connected to a microcon-
troller unit (MCU). The MCU is connected to the sensors through an Inter-Integrated Cir-
cuit (2C) multiplexer (MUX). The MUX allows multiple sensors with the same 1?C address to
be connected to the 1°C bus of the MCU at the same time. The computer requests the data from
the sensors every sampling time, which is set to be five seconds, as it takes time to sample
one sensor, and lower sampling times cannot be satisfied when 8 sensors are connected.

3.2. Data Collection and Analysis

In total, 1001 individual sensor experiments were performed. Some of the sensors used
had more than one data stream. For example, the BME680 and BME688 measured a gas
resistance value, temperature, pressure, and humidity. The SGP30 measured both an ethanol
and H, value. An overview of all these data streams can be found in Table B.2. Given the
multiplicity of data streams, there is a total 2510 data points, each structured as a time series
with 15 minutes of data. An example of such a data point can be seen in Figure 3.2. The
sensor response is instant: within one sample (5 seconds), the sensor reaches 90% of its
steady-state value. Generally, the response is analyzed by taking the average sensor value
during the time of exposure to the vapor.

In this section, we will discuss the qualitative performance of gas sensors across four differ-
ent experiments. First, we will investigate the ability to detect and classify ethanol, methanol,
and acetone - three molecules that can all be present in the body, through for example
methanol poisoning and ketoacidosis. Secondly, we will assess the sensor’s capability to
distinguish water from 0.2% acetone, a concentration that approaches a realistic ketoacido-
sis scenario. Further elaboration on ketoacidosis will be given in that section. Thirdly, we
will delve into the sensor’s effectiveness in classifying different alcoholic drinks. Finally, we
will examine the sensor’s performance in classifying ethanol-water mixtures over a wider
volume percentage range - which is the type of experiment that will be used in developing
a regression algorithm.
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3. Measuring Volatile Organic Compounds in Air

SGP40 (ID: S034) Exposed to Ethanol Vapor (Concentration: 100%), Repetition 2
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Figure 3.2.: Plot of the SGP40 MOX gas sensor response during the experiment visualized in
Figure 3.1. The beginning and end of exposure to ethanol are denoted by vertical lines.

3.2.1. Classification of Acetone, Ethanol, and Methanol

Based on the average sensor value during vapor exposure, certain sensors can effectively
classify pure acetone, ethanol, and methanol. However, unidimensional data could be of
concern - a lower concentration of one compound could be identified as the other compound.
Sensor confusion offers the solution. A great illustration is the SGP30s mean sensor values of
the SGP30s data streams in Figure 3.3. In a multidimensional space, compounds are covered
by distinct areas, preventing overlap that occurs when projected to one dimension.

SGP30 Measurements for
Pure Acetone, Ethanol and Methanol

Acetone
10 Ethanol
Methanol

H2 Sensor Value
[{e]

10 11 12 13 14 15 16
x1000
Ethanol Sensor Value

Figure 3.3.: 5-minute average sensor values (H; and ethanol) of a collection of 71 experiments
with 5 different SGP30 MOX gas sensors upon exposure to acetone, ethanol, and methanol.
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3.2. Data Collection and Analysis

3.2.2. Water and 0.2% Acetone

Acetone in the blood is correlated to a condition known as ketoacidosis. Ketoacidosis is a
serious medical condition that occurs when the body produces high levels of ketones, includ-
ing acetone, as a result of insufficient insulin and increased fat metabolism. It commonly
affects individuals with uncontrolled diabetes, particularly type 1 diabetes. Ketoacidosis
can lead to an accumulation of acidic ketone bodies in the bloodstream, causing symptoms
such as excessive thirst, frequent urination, abdominal pain, nausea, and even potentially
life-threatening complications if left untreated.

The levels of acetone in the blood that correlate with ketoacidosis are however extremely
low: 3 mmol per liter [85], which corresponds with 0.022 volume percentage. Steiger et al.
already showed that these levels can be measured in the stomach using the BME680 in an
NG tube [13].

Since one drop of acetone in 25 mL of water already corresponds to 0.2% of ethanol, we
performed an experiment that checked if one drop of acetone was detectable in 25 mL of
water, in comparison to 25 mL of pure water. The results can be seen in Figure 3.4. As can
be seen, a simple threshold is enough to decide with 100% accuracy whether 25 mL contains
a drop of acetone, when considering the SGP40 sensor alone.

SGP40 Average Sensor Values when
Exposed to 0.2% Acetone or Water
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0.2% Acetone Water

Figure 3.4.: The average sensor value when the SGP40 MOX gas sensors are exposed to 0.2%
Acetone and Water over a 5-minute period.

3.2.3. Alcoholic Drinks

In this experiment, we exposed the gas sensors to water, wine, Irish cream, and gin. The
results can be seen in Figure 3.5, where the average sensor value of the SGP40 during ex-
posure is plotted. A median line is drawn through the individual experimental results. We
can observe that the results do align with both the VLE curve and the calibration curve in
Figure 3.6. We can also see that with the SGP40 alone, these drinks could be distinguished
with a 100% accuracy.
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3. Measuring Volatile Organic Compounds in Air

SGP40 Average Sensor Values when Exposed
to Water, Wine, Irish Cream, or Gin
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Figure 3.5.: Average sensor values when the SGP40 MOX gas sensors are exposed to water,
wine, Irish cream, or gin for 5 minutes. A line is drawn through the median data point at
every alcohol type.

3.2.4. Ethanol Regression

The sensors were exposed to ethanol at 10, 20, 40, 60, 80, and 100 percent respectively. Not
all sensors were exposed to 10 percent ethanol. The individual average sensor values of
the BME680 are plotted in Figure 3.6, with a line drawn through the median result at each
ethanol percentage. It can be observed that the line follows the VLE plotted at Figure 2.2b.
The response is steep around 0 to 20 percent. It flattens out between 20 and 60, and then
starts to decrease again. At the 100% line, the sensor starts to reach its minimum value for a
number of repetitions.

Calibration Curve for BME680 (Median Line)
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Figure 3.6.: The ethanol calibration curve of an individual BME680 MOX gas sensor. Individ-
ual data points are added as scatter, with a line through the median data point at every
measured ethanol concentration.
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3.3. Regression Algorithm

3.3. Regression Algorithm

In developing a regression and detection algorithm for measuring VOCs using off-the-shelf
gas sensors, three distinct approaches were considered for feature extraction. Feature extrac-
tion plays a crucial role in transforming raw sensor data into meaningful representations that
can be used for accurate analysis and prediction. The three options explored in this study in-
clude: (1) feature extraction from the entire 15-minute experiment, (2) window-based slicing
of the raw data, and (3) feature extraction from the sliced raw data.

3.3.1. Feature Extraction from Entire Experiment

This approach involves extracting features directly from the entire duration of each experi-
ment. By considering the complete experiment as a single data instance, this method cap-
tures the overall behavior and trends of the gas sensors over time. The features extracted
from this approach provide a holistic representation of the sensor response, encompassing
any variations or patterns that may arise throughout the entire 15-minute period.

A total of four different features were chosen. Two features capture the steady-state behav-
ior of the sensor, as it is exposed to the gas. The other two encompass transient behavior.
The formulas of these features can be found in Section B.3. Although extensive regression
experiments were done with these features, they were left out of the results because the
data as presented by an entire experiment does not represent a realistic medical scenario.
Furthermore, the dataset was too small. Some notable results were that, as Figure 3.5 sug-
gests, wine, Irish cream, and gin can be distinguished with 100% accuracy, using the SGP40
alone, in combination with a simple decision tree. Feature importance showed that the mean
sensor value over the 15-minute period was by far the most important feature.

3.3.2. Window-Based Slicing of the Raw Data

A main concern of considering the entire experiment is that the dataset size is way too
small. When considering all sensors, and a regression problem, there are often only 2 or
3 data points per class. A solution for this is to slice up the data into windows that are
of a shorter duration. Each window represents a snapshot of the sensor readings within a
specific time interval.

This is also a more realistic approach when looking at implementation because, in real life,
there will not be exact 15-minute windows, with a dramatic switch between “no vocCs” and
"“presence of VOCs” at the 5 and 10-minute mark.

3.3.3. Feature Extraction from the Sliced Raw Data

Building upon the window-based slicing approach, this option involves extracting features
from the sliced raw data within each window. By focusing on the segmented portions of
the experiment, this method aims to capture the specific characteristics of the sensor re-
sponse during shorter intervals. The extracted features from the sliced raw data can uncover
nuanced details and dynamics within each window, potentially enhancing the algorithm'’s
ability to detect and predict VOC concentrations accurately.
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We extracted a total of 22 features, which were divided into 6 different categories. The
details for each feature along with their equations are provided in Section B.3.2.

1. Statistical: Statistical features are derived from analyzing the statistical properties of
a signal. Some commonly used statistical features include mean, variance, skewness,
and kurtosis. These features provide information about the distribution and shape of
the signal and are commonly used for gas sensor applications [86, 87].

2. Spectral: Spectral features involve analyzing the frequency content of a signal using
the Fourier transform. These features provide insights into the energy distribution
across different frequencies and have been for example used alongside wavelet features
to detect common pathogens on wounds, using a MOX gas sensor array [88].

3. Peak-based: Peak-based features focus on identifying prominent peaks or local max-
ima in a signal. These features are often used in applications related to audio or
vibration analysis.

4. Time Domain: Time domain features are computed directly from the raw signal or
a segment of it. These features capture various characteristics of the signal in the
time domain. Time domain features such as the autocorrelation have been shown to
even enable the classification of three different beers, using 8 MOX gas sensors and a
Raspberry Pi [89].

5. Wavelet: Wavelet features involve decomposing a signal using wavelet transforms and
analyzing the resulting wavelet coefficients. Wavelet analysis provides information
about the signal at different scales and resolutions.

3.3.4. Dummy Models

For both regression and classification, the performance of models is always compared with
a random classifier. For regression, this is the median regressor (see Equation B.20), while
for classification, it is the most frequent class classifier (see Equation B.21).

3.4. Methods

The experiments were performed on the MIT engaging open on-demand cluster. Data points,
including windows and extracted features, were processed and labeled beforehand, as this
was a computationally heavy task. In order to keep the computation time under the max-
imum of 12 hours, the feature extraction process had to be split into one sensor and one
experiment per node. The features and labels would later then be merged into comma-
separated value files that were between 0.5 and 1 GB in size. Each line of this file consists of
a sensor, experiment number, label, and features.

Datasets were made by overlaying the data of several sensors together, in order to create
experiments that replicate a sensor array. The data was then split into a train, test, and
validation set, using leave-one-out cross-validation. Each evaluation was repeated at least 8
times to rule out randomness in the results, which were analyzed using analysis of variance
(ANOVA).
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3.5. Results and Discussion

Performance Metrics

In this study, we employed both root mean square error (RMSE) and mean average error (MAE)
as evaluation metrics for the regression algorithm. RMSE measures the average magnitude
of the errors, giving more weight to larger deviations. It provides a robust assessment of
the typical magnitude of the errors, making it sensitive to outliers. MAE, on the other hand,
calculates the average absolute difference between the predicted and actual values, disre-
garding their direction. It provides a straightforward measure of how close the predictions
are to the actual values, without penalizing large errors as heavily as RMSE.

Both metrics are easily interpretable, as their units are the same as the actual predicted
unit. By using both MAE and RMSE, you can gain a more comprehensive understanding of
the algorithm’s performance. If the MAE and RMSE values are similar, it suggests that the
errors are evenly distributed and not skewed by outliers. However, if there is a significant
difference between the two metrics, it indicates the presence of outliers or a skewed error
distribution.

3.5. Results and Discussion

3.5.1. Window-Based Slicing of the Raw Data

For the window-based slicing of the raw data, there was chosen for 2 different CNN models,
for which the hyperparameters were first optimized to the settings found in Table B.5. Model
A had layers with a kernel size of 2, allowing for the capturing of more global details in the
data. Model B had layers with a kernel size of 1, meaning that it considers one data point at
a time, without its relation to data points close to it. Due to its kernel size, Model A requires
time series with a length of more than 8 data points.

The outcomes for different window sizes and sampling times can be seen in Table 3.3, Ta-
ble 3.4,Table 3.5, and Table 3.6. The approach involved taking the average error values (in
volume percentage) of repeated leave-one-out cross-validation.

Sampling Time [s] Window Size [s] Sampling Time [s] Window Size [s]
60 120 240 480 60 120 240 480
5 11.64 1233 1361 16.74 5 12.80 13.18 1443 14.82
10 - 13.02 1212 1541 10 1144 1334 15.04 13.72
15 - - 1298 1577 15 11.86 1298 13.80 1547
30 - - - 17.79 30 11.02 1255 1245 1534
Table 3.3.: Average RMSE of model A (in Table 3.4.: Average RMSE of model B (in
volume percentage), for different win- volume percentage), for different win-
dow sizes and sampling times, using dow sizes and sampling times, using
all 10 sensors. all 10 sensors.

As can be observed from the results, a lower window time is more beneficial for both model
A and model B. This could be explained by the fact that there would be more windows in
which the gas sensor data is stable, instead of windows where there is both a fragment of
where the gas sensor is still in air and a fragment of where the data is exposed to the vOC.
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Sampling Time [s] Window Size [s] Sampling Time [s] Window Size [s]
60 120 240 480 60 120 240 480
5 1037 1121 1277 16.63 5 11.50 12.03 1327 14.67
10 - 11.70  11.37 15.30 10 1023 1220 1377 13.59
15 - - 12.04 15.64 15 1038 11.66 1271 15.36
30 - - - 17.62 30 945 1133 1140 1521
Table 3.5.: Average MAE of model A (in Table 3.6.: Average MAE of model B (in
volume percentage), for different win- volume percentage), for different win-
dow sizes and sampling times, using dow sizes and sampling times, using
all 10 sensors. all 10 sensors.

For model A, some of the window size and sampling time combinations were not compatible
with the kernel size of the model. In model B, there was no statistically significant difference
between the results of a window time of 60 seconds and a sampling time of 10, 15, and 30
seconds when using ANOVA (p > 0.05). This shows that the information in the data likely
comes from the combination of the information in a combination of different sensors, but
not from the sensor values over time. Choosing a model that samples the least is preferable
because a low sampling rate will save energy in a practical application.
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Figure 3.7.: Prediction versus actual ethanol percentage when a sensor array is exposed
to an (a) 60 and (b) 80 percent ethanol mixture (RMSE is (a) 3.14% vol. and (b) 8.83%
vol. respectively). Model B, with a 60-second window and 30-second sampling time.

Further Optimization
After choosing for model B with a window size of 60 and sampling time of 30 seconds,
further optimization was done. If we limit ourselves to all combinations of the 10 sensors

from Table 3.1, with no possibility for duplicate sensors in the array, we still have options
according to the combinatorics equation in Equation 3.1, which is 210-1 = 1023.

f <Z> —2" 1 (3.1)
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3.5. Results and Discussion

Sensor Array RMSE [% vol] MAE [% vol]
BME®688 || SGP40 11.61 8.36
BME®688 || SGP40 || CCS801 16.54 13.65
BME®688 || SGP40 || CCS811 17.85 14.58
BME®688 || SGP40 || STC31 16.85 14.44
BME680 || BME688 || SGP30 || SGP40 9.77 6.78
Median Classifer 28.09 28.50

Table 3.7.: The RMSE for model B, at a time window of 60 seconds and sampling time of 30
seconds for different combinations of sensors.

Realistically, using 10 sensors will not be possible, as there is limited area to place the
sensors on the ingestible device, and because there are power consumption limitations. In
the current design as proposed in Section 1.1, the SGP40 and BME688 are deployed on the
pill. Using model B for a 60-second window with 30-second sample time, we find an average
RMSE of 11.61% and an MAE of 8.36%. Comparing this with Table 3.4 and Table 3.6, we can
see that the difference between the RMSE and MAE is much higher when using fewer sensors.
This indicates that there are still outliers that perform badly on the regression task, but that
the regression of tasks that were already relatively close to the real value performed even
better, even though most sensors are removed from the regression task.

A few tested combinations can be found in Table 3.7. It shows that choosing the right sen-
sors is a non-trivial task. It is proven that a variable (in this case a sensor) that is completely
useless by itself, can improve the model’s performance when taken with others [90]. Fur-
thermore, the experiments in Table 3.7 show that adding extra information can result in
confusing the model, hence decreasing its prediction accuracy.

A combination of BME680, BME688, SGP30, and the SGP40 was found to be better perform-
ing than when using the current setup or all the sensors (p<0.05), while still fitting on an 18
by 3.3 millimeters sensor arm.

3.5.2. Feature Extraction from Sliced Raw Data

With respect to the features extracted from sliced raw data, a naive regression approach was
implemented first. Model B was trained on all features for all 10 sensors. Model A was not
used this time, as using kernel sizes of higher order are used to blend information of nearby
features. This makes sense when using spatial data, such as a picture or time series, but not
when features are already extracted from the time series.

The results can be seen in Table 3.8 and Table 3.9. We can conclude that also for this sensor,
increasing the window size does not seem to have a significant influence on the regression
capabilities. Both for a window size of 60 and 240 seconds, the model performed better than
using the raw data.

The trade-off is however that extracting features from the raw data is computationally heavy.
Furthermore, it results in a significantly larger amount of features than when using the raw
data. Where the raw data required only 2 data points per window per data stream, the
feature data required 22.
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Window Size [s]
60 120 240
9.76* 11.00 9.02*

Sampling Time [s]

5

Table 3.8.: Average RMSE of model B (in
volume percentage), for features ex-
tracted from all 10 sensors.

Sampling Time [s] Window Size [s]
60 120 240

9.00* 10.25 8.51*

5

Table 3.9.: Average MAE of model B (in
volume percentage), for features ex-
tracted from all 10 sensors.

" The difference is not statistically significant, when analyzed using ANOVA.

Further Optimization

Just as with the models trained on raw data, we can reduce the dimensionality of the data by
reducing the number of sensors used in training. Another way to reduce dimensionality is
by eliminating features. A popular method for accomplishing this is through the use of en-
semble models, with random forests (RFs) standing out as particularly effective in achieving
this goal [91].

For this reason, a RF Regressor1 was trained for using leave-one-out cross-validation, using

the sensor array obtained in Table 3.7, and the accumulative feature importance was plotted
in Figure 3.8. Cutting off at 10 features, we can find that the BME680 is actually not storing
important feature information, and all information is stored in statistical and peak-based
features.

Cutoff

10'4 X

BME680
BME688
SGP30
SGP40

[gas] gas delta
[raw] average
[gas] average

[gas] gas median
[raw] raw median
[gas] TMI max
[corrected] median
[raw] skewness

[gas] peak amplitude
[gas] peak amplitude

[corrected] average

[corrected] peak prominence
[raw] peak amplitude
[corrected] peak amplitude
[ethanol] peak amplitude

[H2] peak amplitude

[gas] peak prominence
[ethanol] ethanol median
[raw] low frequency PSD
[raw] peak prominence

[gas] low frequency PSD
[corrected] low frequency PSD
[raw] mid frequency PSD
[ethanol] high frequency PSD
[corrected] skewness

Figure 3.8.: Relative feature importance for a RF regressor trained on all extracted features of
the BME680, BME688, SGP30, and SGP40 sensors, for a window size of 60 seconds. The
sensors are color coded, while the features are denoted by “[datastream] feature”.

Inumber of estimators: 2000, maximum depth: 7.
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3.6. Hardware Implementation

As seen in Table 3.10, using only the BME688, SGP30, and SGP40 to train the RF improves
the model’s performance. Eliminating the features below the cut-off improves the model’s
performance even more. The difference is statistically significant, using ANOVA (p < 0.05).
Retraining the CNN on the reduced features gives an RMSE of 10.14% vol. and MAE of 9.57%
vol. We can see that this is worse than the results of Table 3.8, but it comes with an enormous
reduction of complexity.

It can also be concluded that a RF is a better-performing model than a CNN when using
feature extraction. This might be partially because the RF gives a stable prediction, that is
similar to the volume percentages in the training set. In some of its predictions during the
cross-validation, it would have an error of 0% vol. It is not sure if this model will still predict
better for volume percentages that are not part of the training set.

Finally, it can be seen that even with optimizations, the model trained on features does not
outperform the models trained on raw data based on the MAE. This suggests that feature
extraction improves the performance of outliers in specific.

Features RMSE [% vol] MAE [% vol]
All 9.15 8.09
Sensor selection 8.40 7.96
Sensor and feature selection 7.50 7.13
Median Classifer 28.09 28.50

Table 3.10.: The RMSE for model B, at a time window of 60 seconds and sampling time of 30
seconds for different combinations of sensors.

3.6. Hardware Implementation

Given the datasheets of all the components on the sensor platform, a back-of-the-envelope
estimation of the sensor platform’s lifetime could be made, assuming on and off times. The
calculations can be found in Section B.6.1. We can find that the RF implementation has an
estimated lifetime of 6.3 days, while the CNN with a sampling time of 30 seconds has a
lifetime of 25.3 days. The major difference is due to the higher sampling rate. This can be
solved by:

® Only measuring the temperature, and activating the gas sensors once a change in
temperature is detected.

¢ Sampling the gas sensors at a lower frequency until a significant and sudden change
is detected.

3.6.1. Edge Implementation

A large bottleneck in the implementation of the sensor platform is communication with the
outside world. Bluetooth signals have a significant attenuation through tissue, and therefore,
a patient would have to hold a receiver close to their body continuously [92]. A possible
solution would be to run the detection algorithm on the pill and only send out the processed
data with a receiver at a doctor’s visit.
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To test this possibility, the CNN and RF were both converted to models deployable on an MCU,
using the Tensorflow Lite Micro [93] and Python’s micromlgen library [94] respectively. With
full quantization, the model’s 18,145 parameters are all converted from 32-bit floating point
numbers to 8-bit integers. Using the edge impulse EON optimizer [95], a model of 48.9 KB
was left, including all library functions. The RF had a size of 5MB, which is way too large
for implementation on the MCU, which only has 512 KB flash memory. For this reason, the
parameters were tuned down to 100 estimators with a maximum depth of 7, resulting in a
model of 271 KB. This had little effect on the performance of the model, which is a common
occurrence for RFs, which are relatively insensitive to hyperparameter tuning [96]. The RAM
consumption was measured by Edge Impulse [97], and was found to be 3.3 KB - well below
the 64 KB available. The RAM requirements for a RF are essentially 0.

Microcontroller Deployment

The model was deployed on an Arduino Nano 33 BLE, which has an nRF52840, which is
from the same product family as the chip currently used on the sensor platform, but has
slightly more memory. A test set was stored on the microcontroller, and inference was
performed on each data point. The inference time for the CNN was 6 ms.

Previous research by ETH Ziirich has found that the nRF52832’s power consumption is
14.94 mW during inference [98]. Given a 6-millisecond inference time, we can add the local
inference to the energy consumption model of Table B.6, and find that this would only
contribute as 1.4% of the total power consumption, with most (91.4%) still coming from the
gas sensors.

A comparison between the two implementations can be seen in Table 3.11. The CNN imple-
mentation has a higher lifetime and significantly lower flash memory footprint. It has to
be taken into account that while the inference time of the random forest is lower than that
of the convolutional neural network, the RF requires feature extraction, which will take a
significant amount of processing time.

An analysis was done to find other possible MCUs that could deploy neural networks, which
fit the requirements of the pill. This would possibly reduce the energy consumption and
latency of running the algorithms locally if more complex networks are deployed. An
overview of this analysis can be found in Figure B.1, which is dated from early 2022.

CNN RF
Sampling Time [s] 30 5
Lifetime [days] 253 6.3
Flash [KB] 49 271
RAM [KB] 3.3 0
Inference Time [ms] 6 1

Table 3.11.: Comparison between the edge implementation of the convolutional neural net-
work on raw data, and ensemble model on feature extracted data. Although the inference
time of the ensemble method is lower, it does not include the processing of the feature
extraction.
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3.7. Limitations and Future Direction
3.7. Limitations and Future Direction

Although the results in Table 3.4 show that the sampling time of the sensors could possibly
be lowered, sampling time could influence on MOX gas sensor’s performance characteristics,
such as response time and sensitivity. Metal-oxide sensors rely on periodic heating of the
sensor material, which causes gas adsorption and desorption, as explained in Chapter 2.
A lower sampling rate might influence these dynamics, and the effects of switching to a
30-second sampling time should therefore be researched further.

The protocol in Figure 3.1 also has an important flaw. Because the air above the beaker is
not closed off, there will never really be a full equilibrium between the ethanol in liquid and
in vapor, as described by the VLE curve of Figure 2.2b. The noise introduced will inevitably
influence the results of the regression models.

3.8. Conclusion

In this chapter, we looked at the development of a VOC gas sensor array in air. We first
selected 10 different gas sensors and gathered a total of 2510 15-minute time series from
these sensors. Then we analyzed the data qualitatively and constructed a CNN that could
predict the ethanol percentage that a sensor array was exposed to. After optimization, we
can conclude that using the BME680, BME688, SGP30, and SGP40 with a sampling time of 30
seconds, over a window of 60 seconds is the most optimal configuration when considering
the RMSE, MAE, and design constraints laid out in Section 1.3. The RMSE of this design is 9.77,
and its footprint fits on an 18.5 by 3.3 millimeters sensor arm. When sampling only once
every 30 seconds, its expected lifetime is approximately 25 days.

The network was successfully deployed and tested on an embedded system. Deploying
and continuously running this network on an nRF52832 only takes up 1% of the power
consumption, and fits well within the flash memory and RAM requirements.

Sampling every 5 seconds over a 60-second window, and extracting features from this win-
dow to a RMSE of 7.50%, when training an RF, but does not improve the MAE. Furthermore,
it reduces the lifetime to 6.3 days, which is below the design requirements.

Hereby, a fully functional ethanol detection system using off-the-shelf MOX gas sensors are
built, with a footprint small enough to fit on the sensor platform described in Section 1.1. We
have shown that we can identify different ethanol-water mixtures from 0 to 100% ethanol,
and even distinguish water, wine, Irish cream, and gin with 100% accuracy in air using
just the SGP40. Achieving this using edge machine learning, such a small footprint and
off-the-shelf electronics already exceeds state-of-the-art research [99, 100, 101].

The next step is to transfer these findings to a gas sensor array that works in the GI tract.
This requires an encapsulation that protects the sensors but does not compromise their
sensitivity to ethanol. The design and effects on sensor sensitivity of such an encapsulation
will be explored in the next chapters.
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in Liquid

In order to effectively sense gaseous biomarkers in the GI tract, the electronics must survive
in its harsh environment, which is highly acidic and humid. While resident in the stomach,
the ingestible device will be exposed to chemical corrosion, the risk of short-circuits due
to the humidity, and chemical collisions with food and the stomach lining. At the same
time, the gas sensors must be sufficiently exposed to the environment, to allow the inflow
of VOCs.

In the literature review, we have shown a number of research efforts that prove that sensing
gaseous molecules in the stomach is possible, yet none have shown any long-term capacity,
since without a gastric residence mechanism, these devices pass through the stomach rela-
tively quickly. Furthermore, sensing VOCs is especially difficult, since it is hard to separate
from molecules such as H,O and HCI, which are damaging to the sensors and electronics.

In this chapter, we explore a number of encapsulation techniques and their effect on the sen-
sor response. This is done by dipping the encapsulated sensors into water-ethanol mixtures
at 37 degrees Celsius for periods of 30 minutes and evaluating their response. An initial
assessment will be made, whether the gas sensors discussed in Chapter 3 can be deployed
in a humid environment and still be functional.

In Section 4.1, we will discuss the possible encapsulation materials that could be used to
protect the sensors. Subsequently, we will discuss the setup of the experiments in Section 4.2.
This section includes an overview of the production methods of different encapsulation
layers, followed by the experimental protocols. The results are discussed in Section 4.3,
followed by a discussion and conclusion in Section 4.4 and Section 4.5 respectively.

4.1. Encapsulation Materials

As discussed in Chapter 2, there is a variety of materials that potentially could be used
to protect electronics from the harsh environment of the GI tract, such as PDMS, PTFE or
graphene. In previous experiments, PDMS, PTFE, and PVDF membranes were tested on an
SGPC3 MOX gas sensor, in 37 degrees water. In these experiments, the sensor was first
coated with fast-curing silicon (Elite® Double 22 [102]), on which a hole was made for the
permeable membrane (see Section C.1 for the experimental summary). All coating methods
showed a relatively fast response for ethanol (100-200 seconds), but their lifetime was be-
tween half and two and a half days. This is why a novel method with a longer lifetime is
needed.

Parylene C and polycaprolactone (PCL) are two commonly used materials for encapsulating
electronics [103, 104, 105], offering unique properties and benefits. Parylene C, a conformal
polymer coating, is highly regarded for its exceptional barrier properties, biocompatibility,
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and resistance to chemicals. Its ultra-thin coating provides excellent protection against mois-
ture, acids, and other environmental factors, making it ideal for encapsulating electronics in
harsh conditions, and a popular choice in medical device development. On the other hand,
PCL, a biodegradable polyester, offers ease of manufacturing due to its low melting point (60
degrees Celsius), thicker layer of mechanical protection, and controlled degradation prop-
erties. It could allow for a more robust physical barrier, which is relatively porous to the
molecules in the stomach environment. Additionally, the gradual degradation of PCL over
time presents an advantageous feature, enabling the controlled detachment of the sensor
arms and natural disposal of the pill once its intended purpose has been fulfilled.

4.2. Experimental Approach

In this section, the experimental approach of this chapter is laid out. The first subsection
will focus on the production methods of the sensors, including their encapsulations in pary-
lene C and PCL. Subsequently, the exact experimental protocol is discussed, including the
combinations of encapsulations that were tested.

4.2.1. Production Methods

A large number of sensor breakout boards were first carefully soldered using flexible wires.
Subsequently, the contact points of the solder were protected with a thin layer of UV-curing
epoxy, which is used for extra protection of this vulnerable region. Since there are small
spaces where the wires are stripped, and these wires move as you carry the sensor breakout
boards, the epoxy can make sure that the ultra-thin layer of parylene C does not easily break
in this region.

Epoxy (No Coating)

We also tested whether a sensor could survive with no coating at all, given that the rest of
the electronics would be protected with epoxy. A highly viscous epoxy from McMaster [106]
was applied carefully around the sensor using a needle. Subsequently, the epoxy was cured
under a constantly running ventilator, as the gases that are released during the curing, were
found to be damaging to the MOX gas sensor. The application process and resulting breakout
board can be seen in Figure C.3.

Parylene C Conformal Coating

Sensors were loaded into a SCS Labcoter® 2 Parylene Deposition System [107]. An alu-
minum foil structure was used to expose the breakout board from all directions within the
vacuum chamber during the deposition process. This ensured that the parylene C covers all
the electrical areas of the breakout board uniformly.

Parylene C dimer was loaded into the SCS Labcoter’s furnace, with the assumption that one
gram of parylene C dimer would result in 2 ym of deposition, in accordance with previous
calibration. In order to achieve a near-perfect vacuum, the deposition chamber can host up
to approximately 5 sensors. One deposition run, including cleaning and maintenance of the
machine, takes about one full workday.
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Heat-treated PCL

Custom 3D-printed molds were utilized for the encapsulation of the sensors with PCL by use
of heat. These molds were based on molds used for the arms of the sensor platform design
laid out in Section 1.1, and customized to fit PCB breakout boards of the different sensors.

PCL pellets (M,,'=50,000) were placed into the mold cavity. The mold with the PCL pellets
was subsequently placed in an oven set to a temperature of 60 degrees Celsius, which cor-
responded to the melting point of PCL. During the heating process, the PCL pellets liquefied,
eliminating any air gaps within the mold. Subsequently, a PCB containing the sensors was
carefully pressed into the molten PCL within the mold cavity, and both sides of the mold
were pressed together. Due to the variable sizes of the sensors along the z-axis, the resulting
PCL thickness between the mold and the sensor membrane exhibited significant variability
(see Table 4.1).

Sensor Thickness [ym]

SGP40 521
BME688 355
CCS811 213

Table 4.1.: The thickness of heat-treated PCL after 3D molding, measured from the top of the
sensor’s membrane until the surface of the coating.

(a) Without sensor (b) With sensor

Figure 4.1.: The 3D-printed mold for heat-treated PCL encapsulation.

! Average molecular weight [gram/mol]
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Dip-coated PCL

The coating process involved dissolving PCL pellets in dichloromethane (DCM). To ensure
safety, the process was carried out in a well-ventilated hood with safety equipment. PCL
pellets were added to a beaker containing DCM and a magnetic stirrer. The PCL is evenly
dissolved in the solvent, forming a homogenous PCL-DCM solution. The sensors were then
dipped in the solution where a thin layer of the solution adhered to their surfaces. After
leaving the coated sensors to dry, the DCM evaporated and a thin layer of PCL covered the
sensor breakout boards. The dip-coated PCL had visibly different properties than the heat-
treated PCL. Whereas the heat-treated PCL is white in color, the dip-coated PCL was clearly
more transparent (see Figure 4.2).

Experimentally, it was found that using 1 gram of PCL pellets per 100 mL DCM created a
conformal layer of 100 um after two dipping cycles. 10 grams per 100 mL resulted in a more
gel-like solution. Two dipping cycles here resulted in a thickness of approximately 300 ym.
A more extensive evaluation needs to be done to create a precise protocol.

(@) (b) (c)

Figure 4.2.: The SGP40 MOX gas sensor with a) parylene C, b) dip-coated PCL and c) heat-
molded PCL as outer layer.

4.2.2. Experimental Protocol

It was chosen to test the CCS811, BME688, and SGP40 sensors with different encapsulation
methods, as they cover the three different packaging methods that were observed in the 10
sensors (see Figure C.2). The sensors were each coated in 5 different ways:

. 20 ym Parylene C

. Heat-treated rCL

1
2
3. Dip-coated PCL
4. 20 ym Parylene C + 300 ym Dip-coated PCL
5

. 20 um Parylene C + Heat-treated PCL
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The epoxy coating is initially only tested for the SGP40 MOX gas sensor since we know that
this sensor already has an intrinsic membrane. Pictures of the outer layers of the coated
sensors can be seen in Figure 4.2.

A single experiment was set to take 1 hour, where the sensor would hang in the air for 15
minutes. After 15 minutes, the sensors would be submerged into a 6.67% ethanol solution,
consisting of 250 mL Water and 50 mL Whiskey (40% vol) at 37 degrees Celsius. The beaker
would be covered to minimize ethanol evaporation. The sensors would stay there for 30
minutes and then would be left out for 15 minutes again.

4.3. Analysis of Sensor Response

In this section, the experimental results are analyzed in Section 4.3.1. First, a qualitative
analysis of the sensor’s coating is done. Subsequently, the sensor response of the different
gas sensors is assessed in Section 4.3.2. Finally, an explanation of why the sensors capsulated
with parylene C and heat-treated PCL were non-functional is given in Section 4.3.3.

4.3.1. Microscopic Analysis

The different encapsulations were studied using a scanning electron microscope (SEM). Since
the SGP40 gas sensor has an intrinsic sensor membrane, the layers of each material, including
the intrinsic membrane can be seen in Figure 4.3. Larger SEM images, including that of heat-
treated PCL can be seen in Figure C.4. In this figure, dip-coated PCL and heat-treated PCL
have a totally different structure. The dip-coated PCL has visible pores at a scale of 200 ym,
while heat-treated PCL has none, even at a scale of 50 ym.

4.3.2. Sensor Response
Parylene Coating and Epoxy (No Coating)

First, it was tested if the SGP40 sensors could survive with no coating over the sensor mem-
brane at all. The experiment according to Section 4.2.2 was repeated three times for a pary-
lene C coated sensor and a sensor without any coating, for a submersion in water and in a
6.67% vol. ethanol solution. Table 4.2 shows the sensor value before the exposure (Ry), the
steady-state sensor value (Rgs), and the time to reach 90% of the steady-state value (tggo,).

Water Ethanol (6.67% vol)
Encapsulation Ry Rss  toge, [s] Rg Rss  toge, [s]
No Coating (Epoxy) 36,169 32,607 14 32,181 18,241 18
20 ym Parylene C 30,733 29,146 199 32,000 27,745 125

Table 4.2.: The sensor response of the SGP40 MOX gas sensor when exposed to water and
a 6.67% vol. ethanol solution, for a sensor only protected by the SGP40s inherent sensor
membrane, and encapsulated by 20 ym parylene C (see Figure 4.3 for a breakdown of the
layers).
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Dip-coated PCL.

FlexXSEM1000 3.00kV 4.8mm %200 SE 06/01/2022

Parylene C

P

FloxSEM1008 5.00kV 5.6fm x370 SE 06/01/2022

“Sensor Membrane

FIaXSEM1000;5,00kV 8.4frin x1.00K SE 06/16/2022° "

Figure 4.3.: Different layers of the SGP40 sensor, visualized using the FlexSEM1000 scanning
electron microscope. A larger close-up, including that of heat-molded PCL can be found
in Figure C.4

Interestingly enough, the sensor without encapsulation had no problem surviving in the
solution for periods of 30 minutes. In comparison, the parylene C coated sensor stopped
communicating halfway through one of the experiments, most likely due to an electrical
short-circuit.

One can also observe that the range of the sensor values between 0 and 6.67% vol. is heavily
impacted by the sensor coating. It was expected that coatings would impact the transient
response of the sensor, as it limits the flow of gaseous molecules towards the gas sensor, and
therefore it takes longer for the sensor to reach a steady-state value. A different steady-state
value was however somewhat surprising. There could be two possible reasons for this:

1. Barrier effect: parylene C creates a significant barrier, which physically impedes the
interaction between VOCs and the MOX gas sensor, and thus leads to a difference in the
steady-state sensor reading.

2. Chemical interaction: the SGP40 has its own proprietary surface membrane. An inter-
action between parylene C could alter this membrane’s affinity to VOCs, hence leading
to a different resistance value.

These effects have not earlier been described in scientific literature, so further investigation
is necessary. If the barrier effect hypothesis holds true, the parylene C coating should affect
other MOX gas sensors in a similar way. Furthermore, a thinner layer of parylene C should
result in a higher sensitivity of the sensor. If the chemical interaction hypothesis holds true,
the parylene C coating could impact the SGP40 sensor’s sensitivity significantly more than
that of other sensors.

33



4. Measuring Volatile Organic Compounds in Liquid

Other encapsulation methods

The experiment laid out in Section 4.2.2 was performed for all sensors. The raw experimental
data of such an experiment for the SGP40 MOX gas sensor can be seen in Figure 4.4. All
figures of these experiments, including ones that compare the same experiment at different
repetitions, can be seen in Section C.5.

For all sensors, the sensors solely coated with DCM-PCL instantly broke upon contact with
liquid. This means, that such a protective layer is not enough. Furthermore, the heat-PCL
coated sensors experienced a low yield rate. The ones that still functioned after the manu-
facturing process often did not function well. For all three sensors solely encapsulated with
heat-treated PCL, the sensors broke did not properly recover (see Figure C.10, Figure C.9b
and Figure C.7). A combination of heat-treated PCL and parylene C did not break the sensors
electrically, but made them entirely insensitive to ethanol. This was not immediately visible
for the SGP40 and BMEG688, for which a signal response seemed present. An explanation of
that is given in Section 4.3.3.

SGP40 with Different Encapsulations
in a 6.67% Ethanol Solution at 37 Degrees Celsius

—— Parylene C and Dip-coated PCL
Parylene C and Heat-treated PCL

—— Heat-treated PCL

—— Parylene C
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Figure 4.4.: SGP40 with 4 different encapsulations exposed to a mixture of 50 mL Whiskey
and 250 mL water (6.67% vol. ethanol) at a temperature of 37 degrees Celsius. The sensors
are fully submerged in between the 15 and 45 minute marks.

As one can see from the figures, different coatings do seem to influence the MOX gas sensor
response. For the SGP40 and BME688 gas sensors, the response time (tgge,) and absolute
value before (Rp) and after exposure (Rgss) were analyzed. Their results are laid out in
Table 4.3. One thing that can be observed is the enormous fluctuation in baseline sensor
values. The BME688 coated with parylene C alone and the one with parylene C and dip-
coated PCL both dropped to their saturated Rgs (5.7), but their Ry was massively different.
We can also observe that for the BME688 and CCS811, the dip-coated PCL does not seem
to influence the flux of the ethanol through the protective layers, whereas, for the SGP40, it
does.
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BME688 SGP40
Encapsulation Ryp Rgs  togy [s] Ry Rss  togo, [s]
20pm Parylene C 31.0 5.7 14.0 32,068 27,745 125.0
Heat-treated PCL 291.0 58.0 291.0 35,797 32,470 465.0
20um Parylene C and Heat-treated PCL  1163.0 75.1 333.5 32,523 30,124 65.0
20um Parylene C and Dip-coated PCL 549.4 5.7 7.5 32,902 30,729 369.0

Table 4.3.: The sensor response of the BME688 and SGP40 when being immersed in a 6.67%
vol. ethanol solution. The sensor value before ethanol exposure (Ry), the steady-state value
after exposure ( Rgg), and the time it takes to reach 90% of the steady-state value (tggq,).
Average taken of 1 to 3 experiments.

4.3.3. Temperature Sensitivity: Why the Parylene C with Heat-treated
PCL Sensors Did Actually Not Sense VOCs.

After the submersion experiments laid out in Section 4.2.2, the sensors were placed in a
long-term experimental environment. In these experiments, it became clear that the SGP40
and BME688 with parylene C with Heat-treated PCL as encapsulation seemed to be solely
dependent on the temperature fluctuations of the experiment, with a correlation coefficient
of -0.87 and -0.95 respectively. In Figure 4.5, it is clear that the sensor with heat-treated PCL
solely responds to the temperature difference, causing an upward peak in the signal. The
sensor encapsulated in dip-coated PCL has a significant dip in its response instead. Similar
response can be seen for the SGP40 in Figure C.11. In Figure C.12 and Figure C.13, the data
points of the entire experiment are plotted against the temperature at that exact point. The
red scatter indicates the time when ethanol was present in the experimental setup. It shows
clearly how the dip-coated PCL causes outliers, whereas the sensors coated with heat-treated
PCL do not respond differently to water and ethanol.

Water Ethanol Empty Water
100 T k
—— Parylene C and Dip-Coated PCL

N
\

Parylene C and Heat-Treated PCL
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Figure 4.5.: BME688 with 2 different encapsulations exposed to a mixture of 50 mL Whiskey
and 250 mL water (6.67% vol. ethanol) between the “Ethanol” and “Empty” mark. As
can be seen. the sensor coated with parylene C and dip-coated PCL has a strong and
immediate response to ethanol. The sensor coated with parylene C and heat-treated PCL
has an exactly opposite response to the temperature.
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4. Measuring Volatile Organic Compounds in Liquid
4.4. Limitations and Future Direction

Although some of the results of the experiments were surprising, one cannot draw definite
conclusions from them yet. Due to the significant amount of resources it costs to produce
these sensors, including the fact that there is not a perfect yield rate in the production
methods, it was only possible to do these experiments for one sensor per coating method,
and for 1 to 3 repetitions. More experiments would need to be done to get conclusive data.

Furthermore, it is common practice in manufacturing to evaluate each sample after every
step in the manufacturing process. That means, that a sensor is extensively tested before a
parylene C coating, and subsequently after, before adding an extra layer, such as parylene C
on top of the sensor. In that way, it is easier to understand where in the design process certain
failures and changes happen. This should be taken into account in further experiments.

One should also take into account that the actual thicknesses of the PCL and parylene C are
actually not as certain as is projected in this research. First of all, the 3D-printed mold is
produced using a Prusa I3 Mk3 printer, which has a resolution of 50 microns [108]. Errors on
both sides of the cavities could easily result in a 100-micron difference in coating thickness.
That would not include the fact that the molds are not pressed very tightly during the
molding process.

The parylene C thickness should be taken into question because the deposition machine
needs maintenance and calibration to maintain its performance, which was not ensured. An
attempt was done to assess the real thickness of the parylene C coating, after loading in 10
grams of the dimer, using a light microscope. The results were however inconclusive, as the
SEM relies on light, and parylene C is transparent.

4.5. Conclusions

In this chapter, we analyzed how the response of three different gas sensors change, based
on their encapsulation. These gas sensors were chosen based on their different gas inlet
architecture, namely the SGP40’s membrane, the BME688’s metal casing, and the CCS811’s
air gap (see Figure C.2).

The results have shown that even without coating and just protection of the electronics, the
SGP40 MOX gas sensor can survive in an ethanol-water mixture at 37 degrees Celsius, and
remains highly sensitive to ethanol.

Coating the sensors through molding PCL at 60 degrees Celsius turned out to be destructive
to all three of the sensors and their sensing mechanisms, regardless of whether a layer of
parylene C was deposited first. Furthermore, a PCL encapsulation through dipping the
sensor in a PCL-DCM solution seemed to be not sufficient to protect the sensor breakout
boards from immediate short-circuits in water.

The sensors encapsulated with either parylene C alone, or parylene C with dip-coated PCL
were both still sensitive to the ethanol solution. For the CCS811 and BME688, the sensitivity
did not seem to be impacted by the DCM-PCL or parylene C, as their sensing values both
saturated upon exposure to the vOC solution. For the SGP40, however, the sensing range was
10 times smaller than that of uncoated sensors. In the next chapter, we will do experiments
to see if this decrease is detrimental to its performance.
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5. Measuring Volatile Organic Compounds
in an Artificial Gastric Environment

After showing that MOX gas sensors can survive and measure VOCs when dipped into an
ethanol-water mixture in Chapter 4, it is vital to show that they will still perform well in long-
term experiments, which are more representative of the real use case. Switching immediately
to in-vivo experiments is challenging at this stage since a lot of design parameters are not
decided on yet. Producing sensors that work in an in-vivo experiment is much more resource
intensive, and generating sufficient data to build models as were built in Chapter 3 will be
almost impossible in that environment. Furthermore, the large amount of noise will make it
hard to trace cause and effect in animal studies.

For the reasons mentioned above, a realistic experimental environment is designed for long-
term studies of the encapsulated gas sensors. The design of this environment is discussed
in Section 5.1. Then, we will discuss the experiments that were done in this environment
in Section 5.1. The chapter closes with a discussion and conclusion in Section 5.3 and Sec-
tion 5.4.

5.1. Experimental Environment

To study the behaviour of gas sensors and their electronics in an experimental environment,
it was vital to make a design out of the following principle: the experimental model is
supposed to be as simple as possible, but at the same time provide all information that is
relevant to a real-life environment. It was, therefore, important to consider the factors that
were most likely to influence the gas sensors, and only include these in the experiments.

Relevant literature describes numerous examples of experimental environments that simu-
late the GI tract [109, 110, 111, 112, 113]. Generally, these can be divided into two categories:
static and dynamic models [114]. In the context of studying gas sensors in the GI tract, a
dynamic model, which simulates inflow and outflow of fluids is most relevant.

Although the existing models can serve as an inspiration, there are important limitations for
the sake of this thesis:

1. The dynamic models mostly aim to understand digestion. It is heavily focused on the
chemical components of the simulated gastric fluids, which is not relevant to sensing
volatile organic compounds unless these interfere with the signal.

2. The dynamic models use the gastric emptying times relevant to food (more than 2
hours [115]), whereas fluids have been shown to pass through the stomach much faster
(approximately 30 minutes for clear liquids [116]).
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Figure 5.1.: Drawing of the experimental environment.

Looking at the different experimental environments and the possible environmental factors
which impact the gas sensors, the following design parameters were proposed.

¢ Fully autonomous experimentation, minimizing the impact of human-introduced noise.
* Maintenance of 100 percent humidity and body temperature (37 °C).

* Dynamics simulating GI tract characteristics.

The final design of the experimental setup is visualized in Figure 5.1. It consists of a 600-
milliliter beaker on a heating plate. The heating plate ensures a 37 degrees Celsius environ-
ment throughout the experiment. The beaker is closed with a custom-designed silicone lid,
which keeps the environment at a constant humidity, and does not allow for evaporation of
the chemicals that enter the environment. How the lid is made is shown in Section D.1. A
magnetic stirrer enables quick diffusion of ethanol when pumped into the beaker.

The sensors are lifted into the environment through wires, and the lid has three openings for
tubes that control the inflow and outflow of simulated gastric fluid and the vOCs. Since the
setup was realized on a bench with a drain directly connected to the sink, it was chosen to
use water instead of realistic simulated gastric fluid. It was believed that if a sensor would
break or be unable to sense ethanol in such an environment, it would definitely not be
capable of these things in an environment with a low pH. Experiments with real simulated
gastric fluid could be done once more is known about the sensor’s response in water.

5.1.1. System Overview

The overall system has a computer as the main station, which is connected to the experi-
mental environment through two separate MCUs. An overview can be seen in Figure 5.2.
The first MCU is connected in the same way as in Section 3.1.3, with a sampling time of
five seconds. The second MCU is connected to three pumps, which control the inflow and
outflow of fluids. The exact protocol and electrical system can also be found in Appendix D.
Communication with the MCUs both run as threads in Python 3, while with every sampling
time, data is written to a comma-separated values file.
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Figure 5.2.: Schematic overview of the system.

5.1.2. Sensors

The main environmental parameters that need to be monitored are a measure of VOC output,
temperature, and humidity. MOX gas sensors are highly dependent on temperature and
humidity, and their response to temperature fluctuations which change due to the inflow
and outflow of fluids should be corrected for.

5.1.3. Experimental Protocol

The experimental procedure is outlined in Figure D.7. Initially, the empty beaker would be
filled with 250 mL of fresh water, which made sure the gas sensors were fully submerged and
stayed in a 100% humid environment at all times. The duration of the experiment was set
to 6 hours by default but was an adjustable parameter. After 1.5 hours in water, a specified
volume of VOC was pumped into the environment and diffused quickly and evenly with
the magnetic stirrer. In order to simulate the gastric emptying frequency, the environment
was emptied after 30 minutes of exposure, as 30 minutes is the lower limit of the gastric
emptying time according to the scientific literature [116].

The emptying process involved a series of in and outflow of water, to fully clean out the
gastric environment of any vOC that was left. The experimental environment was then left
empty for 1 hour before being filled again with 250 mL of water.

5.1.4. System Safety and Robustness

Putting electronics in liquids obviously brings risks. This could be seen when the sensors
would break: the MCU would get stuck requesting data from a broken sensor, and the sam-
pling of all 8 sensors connected to the setup would discontinue. To counter this, a system
was put in place where the main station would request the data from a specific sensor,
and wait for the microcontroller to respond back. If there would be no response within a
certain amount of time, it would reset the entire MCU, remember that the sensor is broken
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and would not request data from this sensor again, permanently isolating the broken sensor
from the system. Later, it would only isolate the broken sensor for 15 minutes, after which
another attempt was made to read from the sensor again. The basis of the algorithm for the
Python to Arduino communication thread can be found in Algorithm D.1.

Another hazard was the communication discontinuing between the main station and the
MCU controlling the pumps. If this would happen at the moment that water is being pumped
into the system, it could happen that the entire beaker would overflow, spilling water over all
the electronics. For this reason, safety timers were installed on the MCU, which are visualized
in Figure D.5.

5.1.5. Experiment Queue

The main station of the experimental setup could be remotely accessed using AnyDesk,
and experiments could be added to a queue through the command line. At the end of an
experiment, a new experiment would immediately start if there was an experiment in the
queue.

5.2. Experiments and Results

First, the SGP40 sensor without any coating was tested on its sensitivity, latency, and lifetime.
This experiment would serve as a control group for the encapsulated sensors. Subsequently,
the SGP40 and BME688 sensors were coated in two different thicknesses parylene C, and
tested on their sensitivity, lifetime, and signal latency when continuously performing the
same experiment. This experiment was performed to understand at which thickness the
SGP40 sensors would survive for more than 7 days, and what effect this thickness would
have on the sensor performance. Finally, sensors with parylene C and PCL were exposed to
different volume percentages of ethanol, to see if the proposed encapsulations of Chapter 4
would be able to measure and distinguish ethanol percentages while being constantly sub-
merged. In this way, an initial assessment of their regression capabilities could be done.

5.2.1. Epoxy Study

In this experiment, the sensors that had no coating, except for the protection of the elec-
tronics by viscous epoxy, were tested in the experimental environment. In accordance with
the experimental protocol, the sensors were submerged in 250 mL of water, and exposed
to 25, 50, and 75 mL of Whiskey respectively, with a total experiment time of 6 hours per
experiment.

Results and Discussion

The epoxy-coated sensor was immersed in the gastric environment and performed reliably
for 42 hours. The steady-state sensor values after 30 minutes in different percentages of an
ethanol solution can be seen in Table 5.1.
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5.2. Experiments and Results

It is observable that the SGP40 sensor values already saturate at an ethanol percentage of
7%, hence it would be unable to distinguish between hard liquor and wine on an empty
stomach. Furthermore, the uncoated sensors seemed to be greatly affected by drift, with
a baseline value reaching 38,000 instead of approximately 29,000 for its parylene C-coated
counterparts.

4% 7% 9%
25,590 £ 2,206 20,080 £ 1,321 20,036 + 845

Table 5.1.: Average sensor value of SGP40 gas sensors without coating (electronics protected
with epoxy) after 30 minutes in different volume percentages of a water-ethanol solution.

5.2.2. Lifetime and Consistency Study

The second experiment with encapsulation was focused on looking at the lifetime and con-
sistency of the different sensors. The SGP40 and BME688 were coated with parylene C,
using 5 and 10 grams of dimer respectively, which ought to correspond with a deposition of
2 ym of parylene C per gram of dimer.

Every 12 hours, 50 mL of Whiskey was pumped into the experimental environment, re-
sulting in a 6.67% vol. ethanol solution. This volume percentage is consistent with the
exploratory experiments done in Chapter 4.

For each sensor, the latency (tgg,) and steady state value (Rgg) when exposed to the vOC are
analyzed. The time in fluid up until the sensor started malfunctioning was recorded as well.
There are generally two types of malfunctions that can happen:

1. Sensor Malfunction: The 12C communication with the sensor can still be established,
but the sensor returns unusual values, or is only responsive to temperature changes.

2. Electrical Short Circuit: In this case, the sensor does not respond when the MCU
makes a measurement attempt. This usually causes the entire communication to stop,
and sometimes even the laptop, which powers the MCU to eject the USB serial port.

The lifetime is defined as the time until the sensor experienced one of the malfunctions
above.

Results and Discussion

The effect of parylene C on the dynamic response can be seen in Figure 5.3. This figure shows
the response of the SGP40 and BMEG688 encapsulated in different thicknesses of parylene C.
The vertical lines indicate events within the experimental environment, namely 1) the inflow
of 50 mL of whiskey, 2) the cleaning and emptying of the environment, and 3) the inflow of
250 mL of water.

The results show that the sensitivity is significantly impacted by the parylene C coating. The
sensitivity was impacted so much, that the y-axis in Figure 5.3(c) needed to be rescaled to see
any sensor response at all. For the SGP40 coated with 10 ym of parylene C, the sensor values
dropped nearly 10,000, to a value close to that of the sensor without coating. Meanwhile,
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5. Measuring Volatile Organic Compounds in an Artificial Gastric Environment

the drop for the 20 ym-coated sensors was closer to 1,500. The average sensor drop for the
SGP40 with different coatings was 9,422 and 1,739 respectively.
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Figure 5.3.: The dynamic response of the sensors over 3 hours when (1) a vOC at room
temperature is added to the solution, (2) the gastric environment is emptied and (3) the
gastric environment is filled with fresh water at room temperature. (a) and (c) refer to
the SGP40 raw sensor value response, while (b) and (d) are the BME688 temperature
responses in degrees Celsius.

The effect of coating thickness on lifetime and latency can be seen in Figure 5.4. The average
latency is increased by 38.3%, when comparing 10 and 20 ym encapsulations. The tgge, in
the gastric environment is much higher in comparison to the experiments done in Chapter 4,
rising from 2 to over 20 minutes on average for the sensors with 20 ym coating thickness.
There are two possible reasons for this:

¢ The pumps only pump at 1 mL per second. Therefore, it already takes 50 seconds to
pump in 50 mL of whiskey.

* The response time is impacted by temperature sensitivity. When the temperature goes
down due to an influx of fluids, the sensor value goes up. The thermocouple then
slowly warms up the gastric environment again. For the experiments in Table 4.2,
however, the temperature drop is instant, from room temperature to 37 degrees Cel-
sius. Since the temperature goes up, the sensor response to the temperature is instant
and downwards, which will be taken into account when calculating the tggo,.

The sensor’s lifetime was also investigated, using a minimum of 3 sensors per coating thick-
ness. The results can be seen in Figure 5.4. The BME688’s lifetime is especially impacted by
the coating thickness. For the SGP40, the average lifetime of 2 out of 3 sensors was lower
than that of the uncoated SGP40 gas sensor. In order to reach a required lifetime of 7 days,
as is required for the design of the sensor array, a parylene thickness of 20 ym is needed. At
this thickness, the lifetime is 10.0 and 12.2 days for the SGP40 and BME688 respectively.
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Figure 5.4.: (a) lifetime and (b) latency (toge,) of selected sensors, obtained from at least three
sensors for each coating thickness.

5.2.3. PCL and Parylene C Study

After the experiments laid out in Chapter 4, the SGP40 and BME688 sensors with PCL and
parylene C were analyzed in the experimental environment. The duration of one experiment
was set to 6 hours, and the sensors were exposed to 25, 50, 75, and 100 mL of whiskey, and
25, 50, and 75 mL of pure ethanol. This subsection will first discuss the results of the
sensors coated with heat-treated PCL. Afterward, we will discuss the results of the sensors
encapsulated in dip-coated PCL.

Parylene C and Heat-treated PCL

From the experiments, it was found that the gas sensors that were encapsulated with heat-
treated PCL had a direct correlation with the temperature deviations in the experimental
environment. Most of the analysis regarding this is already discussed in Section 4.3.3 since
this was relevant for the interpretation of the experimental results in this chapter.

After 2 days in the experimental environment, the BME688 sensor experienced a short circuit
right at the point that 250 mL water was added to the environment. The signal flatlined,
meaning that the computer in Figure 5.2 stopped requesting the sensor value after a failed
attempt at communication.

A software update one week later introduced a 15-minute waiting period after a short circuit,
after which data from that same sensor was requested again. The results were astounding.
Upon an influx of 250 mL water or more, which happened 3 times throughout the exper-
iment, the BME688 and SGP40 that were coated with heat-treated PCL would flatline, but
when data was requested 15 minutes later, the sensor would be electrically functional again.
The other sensors in the same setup would not experience this behavior. An example of
this phenomenon can be seen in Figure D.10. A further observation was that, as the short
circuit happened, the main station of the system started receiving indecipherable symbols
over the COM port. A picture of this phenomenon can be seen in Figure D.9. It is clear
from the terminal that the COM port was ejected and reconnected, even though the sen-
sors were powered through an external voltage supply. A possible explanation was that
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5. Measuring Volatile Organic Compounds in an Artificial Gastric Environment

the large temperature difference created by the influx of water at room temperature causes
water molecules behind the encapsulation to condense, creating electrical malfunctions. As
temperature rises again to 37 degrees Celsius, the condensation evaporates again.

For other SGP40 sensors, gas readings showed a value of 0 for one sample around moments
of malfunction. It is unclear if this was due to invalid data over the COM port or electrical
issues caused by the short circuit. Notably, the BME688 sensor encapsulated with dip-coated
PCL continued to function without interruptions throughout these experiments.

Parylene C and Dip-coated PCL

For the sensors with a parylene C and dip-coated PCL layer, the sensor performed reliably for
9 consecutive experiments, which is equal to 2 days and 6 hours. After this, the sensor still
communicated over I°C for 3.5 days, after which a short circuit interrupted communication.

Analysis showed a serious variation in sensor values before the sensors are exposed to vOC
(the Rp) and the steady-state value after 30 minutes (the Rgg). However, when subtracting the
Rss and the Ry, one can find an almost perfect correlation between the amount of ethanol,
and the drop of the sensor. A visualization of this can be seen in Figure 5.5. Interpolating a
linear formula, shows a correlation factor of 0.93 with an almost exact intersection with the
origin, meaning that the sensor drop would be 0 when exposed to 0% ethanol. The linear
relationship could possibly be explained by the fact that the vapor-liquid equilibrium (VLE)
can be estimated as a linear curve between 0 and 11% on this scale.

SGP40 Drop in Sensor Value after 30 Minutes
in Different Ethanol Solutions

12001
y = 104.64x + 0.54 .
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Figure 5.5.: Experimental results of the SGP40 encapsulated with parylene C and dip-coated
PCL in the experimental environment. The graph shows the decrease in sensor value
after 30 minutes of exposure to VOCs as a function of the percentage of ethanol in %
vol. for 9 consecutive experiments. The experiments were not necessarily in increasing or
decreasing order with respect to ethanol percentage.
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5.3. Limitations and Future Directions

For the BME688 with the same coating, there was a drop in the sensor response for 31
experiments over a duration of 11.5 days. After this, experiments stopped, since this sensor
was the only sensor in the setup that was still responsive. When looking at its results,
there seems to be no correlation between the amount of ethanol and any of the indicators
discussed above. An attempt was made to correlate the difference between the Rgs and the
Rp with the ethanol percentage, just as for the SGP40. This however only worked when
done for the first 4 experiments, with a correlation coefficient (linear interpolation) of 0.86
(see Figure D.8). The reason for this is unknown. We know from the first experiment that
the sensor is capable of saturating, yet it never reaches this saturation point again after the
first experiment. It is difficult to infer why this is the case.

5.3. Limitations and Future Directions

The experiments in this chapter were mostly exploratory. To fully understand the dynamics
of the sensors in the long-term gastric environment, more data needs to be generated. This
can easily be done using the experimental environment, as at the end of the research period,
there were three fully functioning environments, each with a capacity of 8 sensors and 4
experiments per day. This would mean that this environment could generate 96 data points
per day. Unfortunately, towards the end of the research period, there were problems with
the parylene C deposition machine, limiting the number of sensors that could be produced
at once, and thus limiting the amount of data that could be gathered. This was especially
a bottleneck in the analysis of sensors coated with a combination of parylene C and PCL in
Section 5.2.3.

Furthermore, as with the results in Chapter 4, the sensors were produced in a way, where
the actual thickness of the parylene C and PCL might differ from what is expected. More
measurements should be done to really ensure the exact coating thicknesses and their vari-
ation.

Another point of attention is that water was used in the experiments, instead of fluids with a
pH that is similar to that in the stomach. This decision was taken such that the experiments
could be done entirely autonomously, with an outlet of the fluids into the sink. The amount
of acid needed to do these experiments would also be very large with the current setup. It
will be important to see if low pH values drastically decrease the lifetime and performance
of the sensors.

Lastly, only a small range of ethanol percentages were tested, because of the 250 mL baseline
of water, which ensured submersion of all the sensors. In a real environment, there will be
only very low amounts of gastric fluids, especially on a fasted stomach. For this reason, if
one drinks a spirit like whiskey, the actual ethanol percentage surrounding the sensors will
be higher than measured in this experiment (close to 40%). A possible solution would be
to use only one sensor in a beaker with a small diameter but a larger height. Adding the
same amount of ethanol in this beaker will have a larger effect on the ethanol percentage
because the baseline of water is smaller. It will however impact the amount of data that can
be gathered at once.
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5.4. Conclusion

In this chapter, an experimental environment was designed, which replicated relevant con-
ditions of long-term in-vivo studies, such as constant 100% humidity at 37 degrees Celsius.
The environment was easily replicable, and could perform multiple experiments a day, with
the capacity to read out 8 sensors at once.

The designed environment is subsequently used to test the long-term behavior of different
sensors. First, the long-term behavior of an uncoated SGP40 sensor was tested. The sensor
showed a lifetime of almost 2 days, in constant 100% humidity at 37 degrees Celsius. The
sensor was highly sensitive to ethanol and saturated at a percentage of 7%.

Subsequently, the consistency and lifetime of sensors encapsulated in 10 and 20 ym were
tested in the experimental environment, repeating the same experiment where 50 mL of
whiskey was added to the environment every 12 hours. It was found that doubling the coat-
ing thickness had a significant impact on the sensor lifetime, and a 20 ym coating thickness
is needed to reach the minimum requirements laid out in Section 1.3. Doubling the coating
thickness comes however with a significant cost. For the SGP40, the signal latency (tgge,) was
increased by almost 40%, and the sensitivity was decreased from an average sensor value
drop of approximately 9,500 to a drop of 1,500 after 30 minutes of exposure.

Finally, the coating variations discussed in Chapter 4 were tested in the experimental en-
vironment. We concluded that the sensors coated in heat-treated PCL were not sensitive to
ethanol from the start of the experiment. The sensors coated in parylene C and DCM-PCL
were sensitive to ethanol and also showed to differentiate within a range of 4 and 12% vol.
Experiments with more sensors need to be done to confirm this relationship and see if the
sensor value drop keeps increasing as the percentage of ethanol increases.
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6. Conclusion

This chapter breaks down the core aspects of this research project. It will first summarize
the research questions. Then, a description of the methods used to answer these questions,
followed by a discussion of the results will be given. In the final sections, the limitations of
this research are acknowledged, and future research directions are suggested.

6.1. Research Question

Researchers at MIT and HMS have developed a sensor platform, which folds out in the stom-
ach, and opens up the opportunity for continuous monitoring of specific biomarkers. To-
gether with a toxicologist at HMS, we identified the use case of alcohol intake monitoring,
which could help recovering alcoholics in their treatment. Measuring VOCs such as ethanol
in the stomach is however not a trivial task. The analytes - in this case ethanol - should be
able to reach the sensor, while the rest of the electronics are still protected against the harsh
environment of the GI tract. Furthermore, developing a robust sensor array will cost a large
number of development cycles and a significant amount of data, which is stagnated by the
lack of a realistic and controlled experimental environment.

This resulted in the following research question: how can we build a sensor array that is capable
of continuous VOC monitoring in the stomach, considering the harsh environment in the GI tract
and the lack of realistic experimental environments? The question was broken down into two
individual tasks:

1. Build the initial iteration of a VOC monitoring platform, which can be deployed in the
stomach.

2. Develop a realistic and controlled gastric experimental environment.

6.2. Methods and Results

The research is divided into three separate phases. In the first phase, a sensor array was
developed to measure VOCs in air, taking into account the stringent hardware limitations
of the sensor platform. In the second phase, the sensors were encapsulated in different
FDA-approved materials, and exposed to ethanol-water mixtures for short durations. After
showing that these sensors could detect ethanol in 100% humidity for short durations of
time, a realistic experimental environment for long-term studies was designed in the third
phase, and the sensors with different encapsulations were tested on their performance and
lifetime.
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6. Conclusion
Measuring Volatile Organic Compounds in Air

In the first phase of this research project, a gas sensor array was built, that can detect and
classify alcoholic beverages in the air. This was done to prove that it was viable to build this
technology on the hardware available for the sensor platform of Section 1.1, and to narrow
down the search space of possible sensors, features, and regression models that could be
used in further development.

The research found that a combination of 4 MOX gas sensors - the BME680, BME688, SGP30,
and SGP40 - contained the most valuable information when being used to quantify volume
percentages in ethanol-water mixtures. It was found that the information came mostly from
the combination of different sensor values at one specific point in time, and not from the
information in the time series. With a sampling time of 30 seconds over a window of 60
seconds, a CNN measures ethanol-water mixtures with an RMSE of 9.77% vol. and MAE of
6.78% vol. Deploying this model on a microcontroller unit similar to that of the sensor
platform yielded an expected lifetime of 25.3 days, with only 1% of the power consumption
used for inference. The inference time was 6 ms, and memory footprint was 48.9 KB of flash
memory, and 3.3 KB of RAM. Extracting features from the time series data was considered,
with regression using a RF. It was found that this reduced the lifetime of the platform to 6.3
days due to a higher sampling rate, required significantly more flash memory, and did not
improve the MAE. Furthermore, it would require more processing of the gas sensor data. For
this reason, it is not worth switching to feature extraction.

Measuring Volatile Organic Compounds in Liquid

In the second phase of this research, an attempt was made to make the sensors tested in
air work when submersed in an ethanol-water mixture for short durations of time. It was
chosen to work with the SGP40, BME688, and CCS811 sensors because these covered all the
different packaging variations of the sensors tested in the air. Sensors were encapsulated in
combinations of parylene C and PCL, two FDA-approved polymers that are commonly used
for encapsulating electronics. The SGP40 gas sensor was also tested without any encapsula-
tion, having epoxy as protection for its electronics.

Experiments showed that the SGP40 sensor was functional without any coating on its sensor
membrane at all. Coating sensors with heat-treated PCL showed to be harmful to all sensors,
while a combination of dip-coated PCL and parylene C resulted in functional sensors. With
this coating, the BME688 and CCS811 reached their maximum sensor values when exposed
to a 6.67% vol. ethanol solution. The SGP40, however, showed a reduction in its sensitivity,
with a value drop that was 10 times smaller than the SGP40 without any coating.

Measuring Volatile Organic Compounds in an Artificial Gastric Environment

Finally, a realistic and fully autonomous experimental environment was created to test the
long-term performance of the encapsulated gas sensors. The environment allowed to mea-
sure 8 sensors in the same environment at once, while simultaneously controlling and log-
ging the state of the experiment. The environment was robust against electrical malfunctions
of the sensors, which are caused by the diffusion of water through the encapsulation.
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6.3. Limitations

The uncoated SGP40 sensor survived in this environment for 42 hours and showed to satu-
rate at 7% vol. already, making it too sensitive to measure the entire range of ethanol volume
percentages that could be present in the GI tract. The SGP40 was tested with a 10 and 20
um parylene C coating, and it was found that with 20 ym parylene C, the SGP40 survives
an average of 10 days in the experimental environment, in comparison to approximately 3.5
days for its 10 ym counterpart. The differences for the BME688 were even more apparent.
This comes however with a cost of 40% latency and a sensor value drop that is more than
times smaller. Finally, it was found that a combination of parylene C and dip-coated PCL
does seem to enable the distinction between different ethanol percentages in a range from
beer to wine. More experiments have to be done to confirm this finding.

Research Contributions

As a recap of the design requirements in Section 1.3, we can draw the following conclu-
sions.

We built a sensor array that can:
® Size: fit on a 18.5 x 3.3 millimeters sensor arm
¢ Energy Capacity: has a hypothetical battery life of more than a week (25 days).
* Economical: uses sensors with a combined worth of less than 130 US dollars.
¢ Storage: only uses 48.9 KB of flash memory and 3.3 KB of RAM

* Sensitivity: can estimate ethanol percentages between 0 and 100 percent with up to
6.8% vol. accuracy (MAE).

Subsequently, we were able to encapsulate the SGP40 and BME688 gas sensors - which are
present in the current design of the gas sensor platform - in a combination of parylene C
and dip-coated PCL and showed that:

* Sensitivity: the sensors can potentially distinguish ethanol percentages between 0 and
12 % (e.g. beer and wine) in a long-term experimental environment.

* Lifetime: the sensors have an average lifetime that is higher than 7 days in an experi-
mental environment at 100% humidity and 37 degrees Celsius.

e Mechanical: the sensors show consistent performance while being encapsulated using
only FDA-approved materials.

6.3. Limitations

Some assumptions have been made during this research project which will be addressed
below. The main limitation of this work is that design decisions have been made in air,
which are then assumed to be transferable to the optimal decisions in another medium, i.e.
liquid. It might be that some of the sensors tested in Chapter 3 are actually more suitable
for the alcohol detection task in water, after encapsulation.
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Furthermore, the long-term experimental environment currently exclusively uses water. This
is partially because one experiment requires almost a liter of fluids, to clean out the beaker
of ethanol residual, and to maintain full submersion of the sensors in fluids at all times.
Furthermore, the liquids from the artificial stomach are pumped directly into the sink, which
is acceptable when using fluids like whiskey, but not with strong acids. Smaller beakers and
neutralization of the acid before disposal could be a future design option.

Finally, the encapsulation methods are currently very time-consuming, and not well-calibrated.
This resulted in too little data for the sensors in liquid, and possible variation in results when
the experiments are repeated.

6.4. Future Work

Overall, future research should aim to pursue the following three directions:

Data and Regression Model in Liquid. More data should be gathered on the sensor’s
response when coated in parylene C and dip-coated PCL, especially with a variation of
ethanol percentages. Preferably, these percentages should be in a larger range than what
currently has been done, up to at least 40 or even 60% vol. This data should be used to
verify the results found in this research and to possibly build a robust regression model as
was developed for sensing in air.

Lifetime Improvement and Robustness in Low pH. Verification is needed whether the sug-
gested coating method is robust against low pH. A combination of epoxy coating, parylene
C and dip-coated PCL should be tested, to see whether the epoxy coating can increase the
protection of the electronics in specific, thereby increasing the lifetime of the sensors.

Embedded System Deployment. The algorithms proposed should be deployed on the actual
pill, and validation of the lifetime and sensitivity while on the embedded system needs to
be evaluated.
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A. Introduction

A.1. Overview Sensor System
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Figure A.1.: Block Schematic of the alcohol sensor system. The gas sensors that are consid-
ered in the sensor array in this thesis, but not on the current sensor platform are faded

out.
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Compounds in Air

B.1. Gas Sensor List
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B. Measuring Volatile Organic Compounds in Air

B.2. Data Streams Per Sensor

Sensors Data Streams

BMEG680 Gas, Pressure, Temperature, Humidity
BME688 Gas, Pressure, Temperature, Humidity
SGP30 Ethanol, H2

SGP40 Raw, Temperature Corrected
CCs811 eC02, TVOC

CCSs801 Raw

MiCS5524 Raw

STC31 CcO2

ZMOD4410 rmox0-12 ,iaq, ethanol, TVOC

Table B.2.: Sensors and Data Streams available for Regression

B.3. Features from Time Series

B.3.1. 15 Minute Experiment
Steady-state Features

1. Sensitivity

o Ro — Rgas

S R,

(B.1)

where:

* The sensitivity S quantifies the magnitude of the sensor’s response relative to its base-
line value

* Ry is the baseline value of the sensor in the absence of gas.

* Rgas is the value of the sensor when exposed to a specific gas.

2. Average Sensor Value

. 1Y
Rgas =N Z Rgas,i (B.2)
N i=1

where:
* Rgas represents the steady-state value of the sensor’s resistance when exposed to gas.
* N denotes the total number of measurements or samples taken over time.

* Rgas,i represents the ith measurement or sample of the sensor’s resistance when ex-
posed to gas.
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B.3. Features from Time Series

Transient Features

1. Time to Reach 90% of Final Value
togs, = to +0.9 X (t, —to) (B.3)

where:
® t999, represents the time at which the gas sensor reaches 90% of its final value.
® ty represents the gas sensor value before exposure to the VOC.

e {, represents the final time when exposed to the vOC.

2. 90% Recovery Time

to%%recovery = to + 0.9 X (tpageline — f0) (B:4)
where:
® 190% recovery represents the 90% recovery time of the gas sensor after exposure to a VOC.
* ty denotes the time at which the sensor stops being exposed to the VOC

® Ihaseline denotes the time at which the sensor returns to its baseline reading in the air.

B.3.2. Window-based features

1. Statistical Features

1.1 Mean
1 N
Mean = N 2 X; (B.5)
i=1
where:

e N is the total number of observations in the time window.

® x; represents the value of the i-th observation in the time window.

1.2 Median
XN if N is odd,
Median = 12 ] _ (B.6)
j(x% er%ﬂ) if N is even,
where:

e N is the total number of observations in the time window.
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* xy represents the value of the middle observation when N is odd.

* Xy and x N 41 Tepresent the values of the two middle observations when N is even.

1.3 Variance
N
Variance = —— ) (x; — x)? (B.7)

where:
* N is the total number of observations in the time window.
* x; represents the value of the i-th observation in the time window.

* % is the mean (average) of the observations in the time window.

1.4 Delta
Delta = xy — x1 (B.8)
where:
e xp is the value of the last observation in the time window.

e x is the value of the first observation in the time window.

1.5 Kurtosis

% Y (x — %)t

Kurtosis = 5 (B.9)
(% Y (xi = f)z)
where:
* N is the total number of samples or observations in the time window.
* x; is the value of the i-th sample.
* ¥ is the mean of the samples.
1.6 Skewness
Skewness = % Zf\il(xi i 3 (B.10)
CIRNETEIDN
where:
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e N is the total number of observations in the time window.
* x; represents the value of the i-th observation in the time window.

e 7 is the mean of the observations in the time window.

2. Spectral Features

2.1 Average Power Spectral Density

PSD(f) = % |FET(x)|* (B.11)

where:
* PSD(f) represents the Power Spectral Density at frequency f.
* N is the total number of samples in the time window.

e FFT(x) denotes the Fast Fourier Transform of the time window x, which provides the
complex-valued spectrum.

e |FFT(x)|* calculates the magnitude squared of each spectral component, representing
the power spectrum.

The PSD was divided into three different frequency bands given the sampling frequency.
For each frequency band, the average PSD was used as a feature.

2.2 Spectral Centroid

Yoy f(k) - P(k)

Centroid =
Yieq P(K)

(B.12)

where:
* Centroid represents the spectral centroid value.
¢ N is the total number of frequency bins or spectral components.
e f(k) is the frequency value associated with the k-th frequency bin.
e P(k) is the power or magnitude of the k-th frequency bin.

2.3 Spectral Flatness

exp(y Yily In(P(k)))

Flatness =
N Xty P(k)

(B.13)

where:

57
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¢ Flatness represents the spectral flatness value.
* N is the total number of frequency bins or spectral components.

* P(k) is the power or magnitude of the k-th frequency bin.

3. Peak Based Features

3.1 Peak Amplitude

Peak Amplitude = max(|x1], [x2],...,|xn]) (B.14)

where:

* Peak Amplitude represents the maximum absolute value within the time window.
® X1,X2,...,xN are the samples within the time window.

* N is the total number of samples in the time window.

3.2 Peak Width The peak width is derived from the peak found by calculating the peak
amplitude.

Peak Width = tend — tstart (B15)

where:

* Peak Width represents the duration or width of the peak within the time window.
* fsart is the starting time of the peak (0.5 times the amplitude).

® fend is the ending time of the peak (0.5 times the amplitude).
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B.3. Features from Time Series

4. Time Domain Features

4.1 Hurst Component

o R(n)] . 1
i £ [50] = b s (577 e

where:

® R(n) is the range (maximum minus minimum) of the cumulative sum of deviations
from the mean over n observations.

e S(n) is the standard deviation of the cumulative sum of deviations from the mean over
n observations.

® 5(1) is the standard deviation of the time series.
The Hurst component is a value between 0 and 1, where
e H=0.5 indicates no correlation between current observations and future observations

e H>0.5 indicates that in the short term, the values within the window are following
their existent trend.

e H<0.5 indicates that in the short term, the values will go against their existing trends.

4.2 Time Lagged Mutual Information

p(xfi'ytj) ) (B.17)

[(XYy) = ), plxiyy)log (p(m)p(yt)

th. EX,yt’. 2%
where:

o I(Xy; Yt],) represents the time lagged mutual information between variable X at time ¢;
and variable Y at time #; within the time window.

* X;, denotes the value of variable X at time t; within the window.

. Yt]. denotes the value of variable Y at time t within the window.

o p(xtl.,ytj) is the joint probability mass function (PMF) of X and Y within the time
window, representing the probability of observing the pair (X;, = x, Yy, = yt,).

* p(xy) and p(ytj) are the marginal PMFs of X and Y within the time window, respec-

tively, representing the probabilities of observing X, = x;, and Yy, = yy,.
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From the resulting time series, the mean, maximum, and variance are extracted.

4.3 Autocorrelation

oy YN (% — ©) (xi — %) (B.18)

ZzNzl(xi —%)2

where:
* pi represents the autocorrelation coefficient at lag k.
¢ N is the total number of observations in the time window.
* x; represents the value of the time series at index i within the window.
e ¥ is the mean of the time series values within the window.

From the resulting time series, the mean, maximum, and variance are extracted.

5. Wavelet Features

5.1 Wavelet Entropy

n
H= -} pilog,(p:) (B.19)
i=1

where:
* H represents the wavelet entropy.
* p; is the normalized probability of the i-th wavelet coefficient.

¢ 1 is the total number of wavelet coefficients.

B.4. Dummy Classifiers
1. Median Regressor
7 = median ({y1,y2,- .-, Y& }) (B.20)

where:

* {y1,Y2,...,yx} are the labels of the training set, with § representing the median of this
set.
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B.4. Dummy Classifiers

2. Most Frequent Class Classifier

k
= argmax, .y ooy (Z_Zl I(y; = y)) (B.21)

* {y1,Y2,...,yx} are the set of labels in the training set.
* The indicator function I(y; = y) is equal to 1 if y; is equal to y, and 0 otherwise.

¢ ) represents the value of y that maximizes the expression.

B.4.1. Performance Metrics

1. Root Mean Square Error (RMSE)

1
N :

1

(]/i — 91')2 (BZZ)

M=

RMSE =

I
—_

where:
® N is the total number of samples or observations.
 y; is the true value of the target variable for the i-th sample.

e 7J; is the predicted or estimated value of the target variable for the i-th sample.

2. Mean Absolute Error (MAE)

1N A
MAE = — Y |y; — 7 (B.23)
N i=1

e N is the total number of samples or observations.
e y; is the true value of the target variable for the i-th sample.

® 7J; is the predicted or estimated value of the target variable for the i-th sample.
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B.5. Convolutional Neural Network Architectures

Table B.3.: CNN Model A Architecture

Table B.4.: CNN Model B Architecture

Layer Hyperparameter Value Layer Hyperparameter Value
ConvlD Filters 32 ConvlD Filters 32
Kernel Size 2 Kernel Size 1
Activation ReLu Activation ReLu
MaxPoolinglD  Pool Size 2 Conv1D Filters 128
Dropout Rate 0.1 Kernel Size 1
Conv1D Filters 64 Activation ReLu
Kernel Size 2 MaxPoolinglD  Pool Size 2
Activation ReLu Dropout Rate 0.1
MaxPoolinglD  Pool Size 2 Conv1D Filters 64
Conv1D Filters 64 Kernel Size 1
Kernel Size 2 Activation ReLu
Activation ReLu Flatten - -
Flatten - - Dense Units 64
Dense Units 64 Dense Units 1
Dense Units 1
Total # Params! 18,145
Total # Params! 17,473 ! For the best-performing model (60-second
! For the best performing model (60 second window size, 30-second sampling time)
window size, 5 second sampling time)
Hyperparameter Setting
Number of Epochs 600
Learning Rate 0.0005
B1 0.9
B2 0.999
Batch Size 128
Optimizer Adam
Loss Function Mean Squared Error
Early Stopping Patience = 10, Restore Best Weights = True

Table B.5.: Manually optimized hyperparameters used for training the convolutional neural
network.
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B.6. Edge Implementation

B.6. Edge Implementation

B.6.1. Energy Consumption Calculations
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B. Measuring Volatile Organic Compounds in Air

# Component Description Pon Ps ppp Time On [per 30s] P agergee
6 Renata 376 Battery N/A N/A 30 N/A

6 CPX3225A752D  Super Capacitor 156 nW 156 nW 30 156 nW

1 nRF52832 Microcontroller 783 mW 270 yW 0.11 29.8 yW

1 TPS63900DSKR  Buck-boost converter 2.6V~ 233 nW 233 nW 30 233 nW

1 TPS62840YBGR  Buck-boost converter 1.8V 156 nW 156 nW 30 233 nW

1 BME680! Gas sensor 21.6 mW 270 nW 0.109 78.6 yW

1 BME688! Gas sensor 21.6 mW 270 nW 0.109 78.6 yW

1 SGP30 Gas sensor 864 mW 3.6 yW 0.052 153 yW

1 SGP40 Gas sensor 6.3mW 612 uW 0.052 72.0 yW

Total: 413 yW
Lifetime [Days]: 25.3

Table B.6.: Estimated Power Consumption and Lifetime of the Sensor Platform with a Sampling Time of 30 seconds
! These sensors also measure temperature, humidity and pressure.
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B. Measuring Volatile Organic Compounds in Air

B.6.2. Microcontroller Units

Overview of Different MCUs
Energy and Size

100

(o14] nRF52840 (Arduino e GAP8
= Nano33BLE)  , s1m321496vG
S [ ]
=
O e Perceive Ergo

S ¢ nRF52832
5 ; 10
A=) e ® EFR32MG12 (Thund.
)
Q — o GAP9 sense 2)
E )

(&
= < SparkFun (Apollo3 o HX6537-A
v Q ©
C - Blue)

Q -~ ETA ECM3532
o e 1 °
O ¢
PE— 0.00 10.00 20.00 30.00 40.00 50.00 60.00 70.00
2
g

¢ Syntiant NDP101
H *
0.1 ¢ Syntiant NDP120

Area [mm?]

*The NDP101 is an accelerator only.

Figure B.1.: Power consumption and area of different microcontroller units. The green area
represents the area footprint that fits on the sensor arm. The nRF52832 is the processor
that is currently on the sensor platform.
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C. Measuring Volatile Organic
Compounds in Liquid

C.1. Previous Work

In his previous work, Zhaoyu Gong encapsulated an SGPC3 sensor with PVDF, PTFE, and
PDMS respectively. The process of doing so can be seen in Figure C.1. The sensors were sub-
sequently submersed in 200 mL water, after which 20 mL of vodka (40% vol. ethanol) was
added. The sensor was left in this solution until communication stopped, with no capability
of restarting it. The lifetime of each coated sensor can be seen in Table C.1.

Figure C.1.: The encapsulation process using fast curing silicon around the electronics and
PVDF, PTFE, and PDMS around the sensor membrane.

PVDF PTFE PDMS
Lifetime [Days] 276 177 0.54

Table C.1.: The lifetime of different MOX gas sensor encapsulations, given the process visual-
ized in Figure C.1.
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C. Measuring Volatile Organic Compounds in Liquid

C.2. Sensor Packaging

(a) SGP40 (b) BME68S

(c) CCS811

Figure C.2.: The packaging of the three sensors that were extensively tested in liquid. a)
plastic packaging with large permeable membrane (SGP40, SGP30, STC31), b) metal cas-
ing with pinhole (BME688, BME680, ENS160, MiCS5524, ZMOD4410) and c) plastic pack-
aging with large air inlets (CCS811, CCS801).
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C.3. Epoxy Protection

C.3. Epoxy Protection

(a) Application process of epoxy (b) The sensor breakout board after the epoxy is cured

Figure C.3.: Visualization of the SGP40 sensor breakout board a) during the application of
epoxy, and b) the result after curing.
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C. Measuring Volatile Organic Compounds in Liquid

C.4. Microscope Analysis

‘Parylene C ¢+ Sensor Membrane

o s ' 1
FlexSEM1000 5.00kV 5.6fm x370 SE 06/01/2022 ! foopm | F mxsewooo 500K\ 8.Amin x1.00K SE 061182022 50,00

DCM Solvent PCL. Heat treated PCL

o |||k||n||

FIeXSEM10003.00kV. 4.8mm x200 SE.06/01/2022 S 00um  FlexSEMA000 $R00KV 7.4mm x800/SE 08/06/2022 - ¥~ 50.0um

Figure C.4.: Visualization of the different encapsulation layers, including the intrinsic sensor
membrane of the SGP40.
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C.5. Experimental Results

SGP40 with Different Encapsulations
in a 6.67% Ethanol Solution at 37 Degrees Celsius
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Figure C.5.: SGP40 with 4 different encapsulations submerged in a 6.67% vol. ethanol solu-
tion at 37 degrees Celsius for 30 minutes.
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BME688 with Different Encapsulations
in a 6.67% Ethanol Solution at 37 Degrees Celsius
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Figure C.6.: BME688 with 4 different encapsulations submerged in a 6.67% vol. ethanol
solution at 37 degrees Celsius for 30 minutes.
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CCS811 with Different Encapsulations
in a 6.67% Ethanol Solution at 37 Degrees Celsius
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Figure C.7.: CCS811 with 4 different encapsulations submerged in a 6.67% vol. ethanol solu-
tion at 37 degrees Celsius for 30 minutes.
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Figure C.8.: SGP40 with 4 different encapsulations submerged in a 6.67% vol. ethanol solu-
tion at 37 degrees Celsius for 30 minutes: a comparison of repetitions.
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Figure C.9.: BME688 with 4 different encapsulations submerged in a 6.67% vol. ethanol

BMEG8S encapsulated in 20 um Parylene C
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(b) heat-treated PCL

BME688 encapsulated in 20 um Parylene C and 521 um Heat-treated PCL
in a6.67% Ethanol Solution at 37 Degrees Celsius
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(d) Parylene C and heat-treated PCL

solution at 37 degrees Celsius for 30 minutes: a comparison of repetitions.
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C.5.1. Failed Experiments

SGP40 with Heat-treated PCL
in a 6.67% Ethanol Solution at 37 Degrees Celsius
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Figure C.10.: SGP40 encapsulated with heat-treated PCL submerged in a 6.67% vol. ethanol
solution at 37 degrees Celsius for 30 minutes (see gray areas) over a period of more than
24 hours.
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C.5.2. Temperature Correlation Plots
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Figure C.11.: SGP40 with 2 different encapsulations exposed to a mixture of 50 mL Whiskey
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and 250 mL water (6.67% vol. ethanol) between the “"Ethanol” and “Empty” mark. As
can be seen. the sensor coated with parylene C and dip-coated PCL responds to ethanol,
characterized by a clear dip in the sensor repsonse. The sensor coated with parylene C
and heat-treated PCL has an exactly opposite response to the temperature.



C.5. Experimental Results

Scatter Plot of Temperature and Gas Values for the BME688
Encapsulated in Parylene C and Heat-Treated PCL
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Figure C.12.: Scatter Plot of the BMEG688 in a long-term experiment, encapsulated with a)
parylene C and heat-treated PCL and b) parylene C and dip-coated PCL. The red scatter
are the data points corresponding with the exposure to ethanol. As can be seen, there is
almost a perfect correlation between the sensor values and the temperature (correlation
factor of -0.95).
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Scatter Plot of Temperature and Gas Values for the SGP40
Encapsulated in Parylene C and Heat-Treated PCL

N ) w
o [=] —

Raw Sensor Value (X 1000)

13
oo

e  Experimental Data Points
e  Ethanol Exposure

‘ Correlation Factor = -0.88

W~
o
o

32

27.5 30.0 325 35.0 37.5 40.0 425 45.0
Temperature [Degrees Celsius]

(@)

Scatter Plot of Temperature and Gas Values for the SGP40
Encapsulated in Parylene C and Dip-Coated PCL

31

30

29

Raw Sensor Value (X 1000)

28

e  Experimental Data Points
e  Ethanol Exposure

p

‘ Correlation Factor = -0.29

750

27.5 30.0 325 35.0 37.5 40.0 42.5 45.0
Temperature [Degrees Celsius]

(b)

Figure C.13.: Scatter Plot of the SGP40 in a long-term experiment, encapsulated with a)
parylene C and heat-treated PCL and b) parylene C and dip-coated PCL. The red scatter
are the data points corresponding with the exposure to ethanol.
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D. Artificial Gastric Environment

D.1. Lid Production

To produce the lid of the beaker that sealed the artificial gastric environment, two custom
components were 3D printed. One was a mold for the silicone, and one is a holder for the
beaker. The beaker is held upside down by the holder, and placed hanging into the mold
with liquid silicone (Elite® Double 8 [117]). Once the silicone is cured, the beaker and lid
are pulled out. The lid has holes for the sensor wires and the tubes for liquid inflow and
outflow. The full process is visualized in Figure D.1, and real pictures of the components
can be seen in Figure D.2.

—
_ o o
beaker holder o
Let the Take the lid out

silicone cure of the mold

Lower the top
of the beaker
into the mold

3D-printed mold (with
liquid silicone)

X
il

Figure D.1.: Schematic of the production process.

(b) (©

Figure D.2.: Pictures of a) the beaker with lid with wires and tubes, during a running exper-
iment, b) the 3d-printed beaker holder and c) the 3d-printed mold for silicone.
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D. Artificial Gastric Environment

D.2. Schematics

D.2.1. Sensor Readout
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Figure D.3.: Sensor Readout Circuit Schematic.



D.2.2. Motor Control
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Figure D.4.: Motor Control Circuit Schematic.

Schematics
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Peristaltic Liquid Pump

u9
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Peristaltic Liquid Pump
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D. Artificial Gastric Environment

D.3. Finite State Machines

‘Water Motor ON
Motors OFF < d send Ack
e init Timer

b q Emptying Motor ON
send Ack Timer>400s

Y Y
Alcohol Motor ON - Reset State
send Ack Timer>400s
P Motors OFF
init Timer

Figure D.5.: Motor Control - Arduino side. a,b,c,d and e are commands from the PC over
the serial port.

Off State < Water In State

Alcohol In State Emptying State

Figure D.6.: Motor Control - PC Side
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D.4. Communication Protocol

D.4. Communication Protocol

Algorithm D.1: Data Exchange Between Python and Arduino

1 while Python is connected to Arduino via COM port do

o G ok W N

10

11
12
13

for PortNumber = 0 to 7 do

if PortNumber not on blacklist then

Request a MUX port using the code: "PortNumber”;

RequestMuxPort (PortNumber);

Arduino samples from the sensor at the requested port number, and
sends back a response over the serial port.;

Response <— SampleSensor (PortNumber);

if Response is valid then

Extract the sensor type, data stream, and actual data from the
Response;

Process and log the data;

else
Reset Arduino using watchdog timer;
| Add PortNumber to blacklist for 15 minutes;
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D.5. Experimental Procedure

Input parameters

Idle

Experiment in Queue?

VOC Type <VOC> |
Time of experiment <to, > »  Empty stomach
Volume <V> I
]
[ 0.5 hour wait ]
250 mL SGF in
I
1.5 hour wait
L 4
V mL of VOC in
I
0.5 hour wait
L 4
—>
Empty Stomach
t= t+1
[ 1 hour wait ]
250 mL SGF in

A Y
Time since start > t,,, ?

if t=0:

350 mL SGF in and out
else:

50 mL SGF in and out

Figure D.7.: Experimental Process (SGF = Simulated Gastric Fluid)
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D.6. Experimental Results for Different Volumes of Ethanol

D.6. Experimental Results for Different Volumes of Ethanol

BMEG688 Drop in Sensor Value after 30 Minutes
in Different Ethanol Solutions
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Figure D.8.: Experimental results of the BME688 encapsulated with parylene C and dip-
coated PCL in the experimental environment. The graph shows the decrease in sensor
value after 30 minutes of exposure to VOCs as a function of the percentage of ethanol in %
vol. for 4 experiments.
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D.7. Sensor Failure Analysis
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Figure D.10.: The different datastreams of the BME688 encapsulated in parylene C and heat-
treated PCL during a single experiment. The periods at which more than 250 mL water is
added to the experiment is marked in blue. As can be seen, the sensors break every time
this happens.
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