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Abstract

As society grapples with the rising prevalence of diet-related diseases such as type 2
diabetes and coronary heart disease, the need for effective dietary monitoring becomes
increasingly critical. Traditional self-reporting approaches such as 24-hour dietary
recalls and food frequency questionnaires, while considered gold standard approaches,
are plagued by high costs, significant memory demands on users, and inaccuracies,
rendering them less than ideal for addressing the current health crisis. This reality
has spurred the development of innovative dietary monitoring techniques, resulting
in the advent of Automatic Dietary Monitoring (ADM) systems. These systems are
designed to automatically track critical aspects of food intake, including the timing
and duration of meals, the quantity of food consumed, and its nutritional content.

This dissertation investigates the development of a real-time, high-performance,
and generalizable eating detection platform using heart rate data from non-invasive
wearables to detect eating episodes when an individual is sitting down. Additionally,
it delves into the development of algorithms capable of classifying the carbohydrate
content in foods using heart rate data from medical-grade, non-invasive wearables.

We developed timeStampr—an iOS application for collecting timestamps essential
for data labeling and ground truth establishment. We collected heart rate data from
23 participants in a controlled yet naturalistic laboratory setting using an Empatica
E4 worn on the upper arm while individuals were eating. From the initial cohort,
we excluded data from three participants due to sensor irregularities with dark skin
tones and failure to meet the study’s health criteria.

Our classifiers exhibited robust performance within a 90-second window, with the
eating detection model achieving at least 87% in accuracy, precision, recall, and AUC-

ROC, while the carbohydrate content model attained a minimum of 84% across these

v



same metrics, all utilizing heart rate data from an Empatica E4. Additionally, this
work demonstrates real-time testing of predictive models through RESTful APIs.
Overall, the results of this dissertation demonstrate the potential of heart rate in

eating detection and carbohydrate content classification.
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Chapter 1

Introduction

1.1 Motivation

In recent years, there has been a signi cant increase in the prevalence of diet-related diseases
such as obesity, coronary heart disease, and type 2 diabetes worldwide [1, 2]. As society
grapples with the urgent need for e ective solutions to combat these ailments, dietary mon-
itoring emerges as a promising approach. By fostering mindfulness and awareness of one’s
eating habits [3], dietary monitoring holds substantial promise in alleviating diet-related
diseases. It empowers individuals to not only understand the composition of their diet but
also recognize crucial aspects such as meal timing, food intolerances, positive and negative
dietary patterns, and potentially accelerate weight-loss e orts [4]. Through the comprehen-
sive insights it provides, dietary monitoring has the potential to contribute signi cantly to
improving overall health outcomes. Gold standard dietary monitoring approaches primarily
involve manual self-reporting methods, such as food diaries, 24-hour dietary recall, and food
frequency questionnaires, which are costly, demanding for the user, and often ridden with
inaccuracies [5, 6]. The heavy reliance of these conventional methods on an individual’s
memory not only imposes a substantial memory burden on users but also ampli es the
potential for recall bias, thereby leading to either underreporting [7, 8, 9] or overreporting
[10, 11, 12] of dietary intake. In light of the shortcomings of conventional methods, there
has been growing interest in Automatic Dietary Monitoring (ADM) [5, 6, 13]. ADM sys-
tems leverage technology to monitor relevant aspects of food intake such as the timing and
duration of meals, the amount of food consumed, and the food’s nutritional content. There
are several ongoing e orts to design and develop algorithms to detect eating episodes, such

as using consumer Bluetooth headsets to detect chewing sounds [14], using wrist-worn wear-



ables with inertial measurement unit (IMU) sensors such as accelerometers and gyroscopes
[15, 16], or using head or chest-mounted cameras to take rst-person point-of-view images
throughout the day and later Iter them to detect eating moments [13, 17]. Though notable
advances have been made, several obstacles need to be overcome before fully automated

ADM systems can be successfully deployed in free-living environments:

e Most existing technologies [17, 18, 19, 20] use custom-made wearables with user-
unfriendly form factors or privacy concerns, making them di cult to adopt in real-life

situations (e.g., dental implants [19] or on-body cameras [17]).

- Many studies [18, 19, 20] collect data in controlled laboratory environments or semi-
controlled eld settings. However, when deployed in free-living environments, many
algorithms fail [6, 14, 21] due to the complex nature of daily activities and situations

that are not typically encountered in controlled or semi-controlled settings.

« While some studies [17, 18, 19, 20] have been successful in accurately detecting eating
episodes, many have not yet demonstrated the feasibility of their systems in real-
time [21], making it unclear whether such systems can be adopted for use in free-
living environments. Additionally, real-time computation requires high-performance
computing platforms with long battery life, which remains a signi cant challenge for

many of the proposed methods.

« Detecting eating episodes while engaged in other activities such as walking [22, 23]
remains a signi cant challenge. Algorithms need to be improved to accurately detect

eating instances that occur while engaged in other activities.

« Most of the proposed systems rely on a single sensor [6, 13], without any provisions
for when the sensor fails or underperforms. Moreover, each sensing modality in a
multimodal system (a system that simultaneously uses di erent sensors on one or
more devices) can provide unique information that is not available in single-modality
systems [6]. Accordingly, using multimodal sensing at higher sampling rates can

enhance the performance and reliability of eating detection platforms [23, 24].
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1.2 Research Questions

In light of the prevailing challenges in state-of-the-art ADM systems, | seek to address two

main questions:

1. Can we design a

< real-time (capable of detecting an eating episode within 120 seconds)

< high-performance (achieving a minimum of 85% in accuracy, precision, recall,

and AUC-ROC)

= generalizable (capable of attaining high performance in new settings)

eating episode detection platform using heart rate data from non-invasive wearables

when an individual is stationary (not in motion, such as when seated)?

2. Can we use heart rate data from non-invasive wearables to develop algorithms that
classify whether an individual is consuming carbohydrate-rich foods (high-carb) or

not?

1.3 Dissertation Contributions

In this dissertation, | present base2Diet, a multimodal and context-aware eating detection
platform. Base2Diet utilizes heart rate data from an Empatica E4 wristband when a person
is stationary (not in motion, e.g., when seated) and leverages accelerometer and gyroscope
data from consumer wearables, such as the Apple Watch, to detect eating episodes when a
person is walking. Since heart rate can be in uenced by physical activity, context-awareness
(a system’s ability to perceive its surroundings and utilize inferred information to make
informed decisions) allows base2Diet to interpret its environment and select the optimal
sensor based on whether the user is walking or sitting. | de ne an eating episode as a
period when an individual is actively consuming food or beverages. Actions accompanying

individuals during this period include lifting food, chewing, and taking pauses for no more
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than 15 seconds. Although the Empatica E4 device was originally designed to be worn on
the wrist, to minimize motion artifacts, we had participants wear it on the upper arm of
their non-dominant hand. The device was rmly secured using two strings. While base2Diet
employs accelerometer and gyroscope data to detect eating episodes during walking, the use
of IMU sensors in eating detection has been extensively studied. In this dissertation, | focus
on investigating heart rate as a potential biomarker for eating detection and carbohydrate

content classi cation. The primary contributions of this dissertation include:

1. Investigating the current landscape of eating detection platforms and serving as the
primary author for a systematic review entitled "Central Hemodynamic and Ther-
moregulatory Responses to Food Intake as Potential Biomarkers for Eating Detection:

A Systematic Review," which is currently under review at a medical journal.

2. Serving as the primary author of a systematic review, which explored the re-identi cation
risks associated with data generated from wearables and was published in Lancet Dig-
ital Health: \Does deidenti cation of data from wearable devices give us a false sense

of security? A systematic review."

3. Developing a real-time, high-performance, and generalizable eating episode detection
algorithm capable of achieving a minimum of 87% in accuracy, precision, recall, and

AUC-ROC within 90 seconds using heart rate data from an Empatica E4.

4. Developing the rst carbohydrate content classi cation algorithms that can achieve
a minimum of 84% in accuracy, precision, recall, and AUC-ROC within 90 seconds,

using heart rate data from an Empatica E4.

5. Demonstrating real-time testing of predictive models through RESTful APIs (Rep-

resentational State Transfer Application Programming Interfaces).

6. Developing timeStampr ] an iOS application that allows researchers to automatically

capture timestamps during any data acquisition process.

7. Creating datasets to improve eating detection using heart rate while stationary.

4



Overall, this dissertation advances real-time eating detection and postprandial carbohydrate
content classi cation techniques, emphasizing context awareness. It o ers an alternative
approach for the community to consider in their quest to successfully deploy an eating

detection platform.

1.4 Dissertation Organization

The remainder of the dissertation is organized as follows: Chapter 2 presents our compre-
hensive literature review, introducing the concepts of eating detection and nutrient content
classi cation, and underscores their signi cance. Eating detection methods are classi ed
into ve categories: computer vision-based, acoustic-based, motion-based, multimodal sys-
tems, and other methods. The chapter explores the advantages, disadvantages, and ethical
implications of each method. It also addresses the advantages, disadvantages, and ethi-
cal considerations of nutrient content classi cation using postprandial heart rate changes.
Chapter 3 introduces the system architecture of the base2Diet framework, elaborating on
heart rate-based eating detection. It details the processes of data collection, feature engi-
neering, and classi cation. The chapter concludes by discussing evaluation metrics, pre-
senting experimental results, and contrasting these ndings with those of existing systems.
Chapter 4 delves into carbohydrate content classi cation, outlining the processes of data
collection, feature engineering, and classi cation. Similar to Chapter 3, it concludes by dis-
cussing evaluation metrics, presenting experimental results, and contrasting these ndings
with those of existing systems. Chapter 5 proposes an architecture for real-time testing of
predictive models through RESTful APIs. Finally, Chapter 6 summarizes the dissertation’s

ndings and provides de nitive recommendations for future research.



Chapter 2

Background and Related Work

My contributions for this chapter are as follows:
< | investigated the current landscape of eating detection platforms.

e | served as the primary author for a systematic review entitled "Central Hemody-
namic and Thermoregulatory Responses to Food Intake as Potential Biomarkers for
Eating Detection: A Systematic Review,” currently under review at a medical jour-

nal.

e | served as the primary author for a systematic review published in Lancet Digital
Health, exploring re-identi cation risks associated with data generated from wear-
ables: \Does deidenti cation of data from wearable devices give us a false sense of

security? A systematic review."

2.1 Eating Detection

2.1.1 Overview and Signi cance

The proliferation of diet-related diseases, such as obesity, type 2 diabetes, and coronary
heart disease, has reached alarming levels worldwide [1, 2]. According to the Interna-
tional Diabetes Federation, every ve seconds, someone dies of diabetes [25]. Similarly, the
United States Centers for Disease Control and Prevention (CDC) reports that cardiovas-
cular disease claims a life every 33 seconds [26]. Global obesity prevalence, as reported
by the World Health Organization, has tripled since 1975 [27], with 39% of the world’s
adult population being overweight, and within that group, 33.3% (equivalent to 13% of

the world’s adult population) classi ed as obese [27]. This epidemic can be attributed to
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modern-day environments that facilitate easy access to processed and calorie-dense foods,
sedentary lifestyles, and changing dietary patterns [1, 2, 28]. Unfortunately, the impact of
diet-related diseases extends beyond a ected individuals, placing a signi cant burden on
healthcare systems worldwide. Thus, there is an urgent need for proactive measures to
reduce the prevalence of diet-related diseases. Incentivizing the adoption of a healthy diet
can play a vital role in achieving positive outcomes [29, 30, 31]. By encouraging individ-
uals to make healthier food choices, society can make signi cant progress in reducing the
prevalence of diet-related diseases. However, to e ectively combat these diseases and pro-
mote healthier lifestyles, it is essential to comprehensively monitor and understand eating
behaviors. This has spurred the development of Automatic Dietary Monitoring (ADM)
systems, which utilize technology to monitor relevant aspects of food intake such as the
timing and duration of meals, the amount of food consumed, and the food’s nutritional
content [6]. By leveraging technology, ADM systems provide a more accurate and objective
means of monitoring eating behaviors, enabling individuals to gain valuable insights into

their dietary habits and make informed decisions about their nutrition and overall health.

Eating detection plays a crucial role in ADM (Automatic Dietary Monitoring) systems
as it involves identifying the timing and duration of eating behavior [6]. Accurately de-
tecting when and how long individuals eat provides valuable insights into their dietary
patterns, meal regularity, and portion sizes. This information is essential for promoting
healthy eating habits, developing personalized interventions tailored to individual needs,
and assisting in the management of conditions such as obesity, type 2 diabetes, and eat-
ing and mental disorders, including anorexia nervosa, bulimia nervosa, and binge eating
disorder. By harnessing the power of eating detection, ADM systems contribute to a com-
prehensive understanding of individuals’ eating behaviors and pave the way for e ective
interventions and improved health outcomes.

Because eating detection supports dietary monitoring, it can play a crucial role in weight
management [4]. By monitoring eating behaviors such as frequency, duration, and speed,

individuals can identify patterns of overeating, emotional eating, or unhealthy snacking.



This knowledge empowers them to make informed decisions and take corrective measures

to maintain a healthy weight.

Generally, eating detection can be classi ed into two main categories: passive methods
and active methods [6, 32, 33, 34]. Passive methods primarily involve analyzing existing
data without active user participation. These approaches often rely on external sensors,
such as cameras or wearable devices, to capture and analyze relevant data pertaining to
eating behaviors. The objective is to seamlessly incorporate these platforms into the user’s

daily routine, making them less intrusive and requiring minimal e ort from the user.

In contrast, active methods involve active user involvement during the monitoring pro-
cess [6, 32]. These approaches often require users to provide explicit information or interact
with the system to track and analyze their eating behaviors. User engagement may include
manually inputting meal information or interacting with a mobile application to record and
track eating episodes. Active methods leverage user input to enhance accuracy and provide
more personalized insights or interventions.

Overall, eating detection is of paramount importance due to its potential to transform
health management, alleviate diet-related diseases, and advance scienti ¢ understanding in
nutrition and behavioral research. By accurately monitoring and analyzing eating behav-
ior, individuals, healthcare providers, and researchers can collaborate to create personalized
interventions that enhance health outcomes and promote a healthier society. In this dis-
sertation, we classify eating detection into four primary categories: computer vision-based
methods, acoustic-based methods, motion-based methods, and multimodal systems, along
with any other remaining approaches. These classi cations provide a comprehensive frame-
work for understanding the diverse techniques employed in eating detection and open up

doors for further advancements in dietary monitoring and intervention strategies.

2.1.2 Computer Vision-based Methods

Computer vision-based eating detection methods leverage advanced image processing al-

gorithms and machine learning techniques to automatically detect and analyze eating be-
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Figure 2.1: Platform for retrospective eating detection using first-person images
captured by an iPhone camera: Adapted from Thomaz et al. [17].

haviors from visual data, including images and videos [17, 35, 36]. These methods have
gained signi cant attention due to their potential applications in dietary analysis, nutrition
monitoring, and behavioral research. By extracting and analyzing visual cues associated
with eating, such as hand movements, food presence, and chewing actions, these methods
0 er a non-intrusive and objective way to monitor individuals’ eating habits. Generally,
computer vision-based methods can be categorized into retrospective analysis and real-time
analysis [17, 35]. Retrospective analysis involves analyzing pre-recorded or publicly avail-
able visual content, such as surveillance footage or online videos [17]. By examining the
captured visual information, retrospective methods can identify instances of eating and
provide insights into eating patterns and behaviors. On the other hand, real-time analysis
utilizes computer vision algorithms to process live image and video streams, enabling the
detection of eating episodes as they occur [35]. The following text examines the advantages
and disadvantages of computer vision-based eating detection methods, explores the ethical
considerations linked to their utilization, and o ers an overview of some systems in this

domain.



Advantages of computer vision-based methods

e Automated and real-time monitoring: Computer vision-based methods provide
automated and real-time monitoring of eating behaviors, eliminating the need for
manual annotation and saving time and e ort. They also enable continuous and con-
sistent monitoring, facilitating a more comprehensive analysis of individuals’ dietary

patterns while eliminating potential biases associated with human observers.

* Non-invasive monitoring: Computer vision-based methods provide an objective
and non-invasive approach to monitoring eating behaviors. By analyzing visual cues,
such as hand-to-mouth gestures or the presence of food items, these methods ac-
curately detect and quantify eating episodes without requiring any direct physical

contact with individuals.

« Real-time feedback and timely intervention: Computer vision-based systems
can o er real-time feedback and timely intervention to users, promoting healthier eat-
ing behaviors. For example, they can detect and warn against excessive portion sizes

or unhealthy eating habits, assisting individuals in making more informed decisions.

Disadvantages of computer vision-based methods

e Limited accuracy: Although computer vision-based methods have advanced signif-
icantly, achieving high accuracy in detecting and recognizing eating behavior remains
a challenge [17, 36]. Variations in lighting conditions, camera angles, occlusions, and
diverse eating scenarios make it di cult to develop robust and reliable models. Oc-
casionally, systems may generate false positives by mistaking non-eating activities
for eating events. This can result in inaccurate data analysis and potentially lead to

unjusti ed interventions.

e Environmental constraints: Computer vision-based methods are heavily reliant
on environmental factors, including lighting conditions, camera angles, and occlu-

sions. Variations in these factors can impact the accuracy and reliability of the

10



system, thereby limiting its performance in real-world scenarios where lighting and

visibility conditions may be suboptimal.

e Limited generalizability: Many existing systems are trained on speci ¢ datasets
[17, 35, 37], which can limit their ability to generalize to diverse populations, cultural
contexts, or di erent types of food. Building robust models that can e ectively
handle various eating scenarios and adapt to individual preferences continues to be

a challenging task.

e Privacy concerns: Utilizing computer vision techniques for continuous monitoring
raises privacy concerns since it involves analyzing individuals’ video or image data
to identify eating behaviors [6, 33, 38]. Proper consent, data anonymization, and
stringent privacy policies are necessary to address these concerns and ensure ethical

use of the technology.

Ethical implications of computer vision-based methods

Computer vision-based methods for detecting eating behaviors raise signi cant ethical con-
siderations that demand scrutiny. Privacy emerges as a primary concern since continuous
monitoring of individuals’ eating habits through cameras can infringe upon their rights
and a ect those around them [6, 33, 38]. Striking a balance between system bene ts and
privacy is crucial, necessitating clear consent mechanisms and robust privacy protection
measures. There is also a risk of misinterpretation of false positives, which may result in
unjusti ed interventions or potential embarrassment for individuals. Incorrectly identifying
actions such as hand gestures or wiping one’s face as eating can lead to others perceiving
the person as constantly eating or having unusual eating habits. This misperception can
potentially expose the individual to social stigma or judgment.

Additionally, there is a risk of bias and discrimination inherent in computer vision
algorithms, as they may not accurately account for diverse dietary preferences, cultural
practices, or medical conditions. Rigorous testing, validation, and ongoing monitoring are

essential to address these biases and ensure fair and inclusive outcomes. Furthermore,
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speci ¢ contexts, including clinical or eating disorder treatment, must be meticulously ex-
amined to ensure responsible and supportive deployment of the technology, with a focus
on prioritizing the well-being and autonomy of individuals. Finally, the development, de-
ployment, and regulation of computer vision-based eating detection methods necessitate
a comprehensive ethical framework that e ectively balances potential bene ts with the

protection of individual rights, privacy, and societal values.

Table 2.1: Examples of computer vision-based eating detection platforms

Ref | Year | Device Data Outcomes Performance
[35] | 2012 | proprietary 37 videos at 24 | chewing Accuracy:
smart fps; frame detection 93%
home-based resolution: 640
health x 480
platform
[17] | 2013 | iPhone camera | 17,575 images | eating moment | Accuracy:
taken every 30 | recognition 89.68%
seconds for 3
days as part of
a study
involving 5
participants
[39] | 2019 | Samsung 85 side view bite detection Precision:
digital videos at 1.5m 91.75%
camcorder away from Recall:
subject 91.71%
F1-Score:
91.73%

12
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Ref | Year | Device Data Outcomes Performance
[36] | 2020 | SICAM 84 side view bite and chew | Accuracy:
SJ4000 Action | videos; 1080p counts chews: 88.9%
Camera video at 30 fps, 7.4%; bites:
3 feet away 85.4% 6.3%
from
participants
[37] | 2020 | 360 y-4 K 102 videos at food intake F1-Score:
camera 24 fps gesture 85.8%
detection

2.1.3 Acoustic-based Methods

Recent advancements in audio processing algorithms and the proliferation of smart devices
equipped with microphones have paved the way for the development of acoustic-based
eating detection methods [14, 40, 41, 42, 43]. These methods make use of audio signals,
advanced signal processing techniques, and machine learning algorithms to automatically
detect, analyze, and gain insights into individuals’ eating activities. By harnessing the
distinctive acoustic characteristics of eating sounds, including chewing, swallowing, and

cutlery clinking, these methods can e ectively identify and monitor eating behaviors.

Acoustic-based eating detection systems capture and analyze audio data in real-time or
retrospectively using pre-recorded samples. This non-intrusive and objective approach of-
fers several bene ts, including tracking dietary patterns, promoting healthier eating habits,
and facilitating personalized nutritional analysis.

To accurately capture eating sounds, high-quality microphones are employed in these
platforms. Typically, omnidirectional or directional (e.g., bidirectional or unidirectional)
microphones are used, depending on the speci ¢ requirements of the system [14, 40, 41, 42,

43]. Omnidirectional microphones are designed to capture sound from all directions, while
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directional microphones focus on speci ¢ sound sources.

When it comes to recording, these platforms often employ single or multiple channels
to capture audio data [14, 40, 41, 42, 43]. Multiple-channel systems o er the advantage
of capturing a richer soundscape and providing more detailed information for analysis [6].
However, this comes at the cost of increased power consumption for the wearable device
[6]. The speci ¢ number of channels used for recording can vary depending on the imple-
mentation and the desired level of audio detail.

To e ectively capture eating sounds, microphones are strategically positioned on the
human body. Typical positions include placing the microphones near the ear or throat, close
to the mouth, or in the vicinity of the eating area [14, 40, 41, 42, 43]. By positioning the
microphones in close proximity to the sound source, the platforms can capture the distinct
acoustic characteristics of chewing, swallowing, and the clinking of cutlery. Several form
factors have been explored, including the Bluetooth headset, ear pad, hearing aid, and a
3D-printed behind-the-head custom-made framework based on bone conduction technology
[14, 40, 41, 42, 43].

In this section, we will explore the advantages, disadvantages, ethical implications, and

performance of representative acoustic-based eating detection systems.

Advantages of acoustic-based methods

< Automated and real-time monitoring: Acoustic-based eating detection methods
0 er automated and real-time monitoring of eating behaviors, providing a convenient
and e cient alternative to manual annotation while saving time and e ort. By lever-
aging sound analysis, these methods enable continuous and consistent monitoring,
allowing for a comprehensive analysis of individuals’ dietary patterns. Furthermore,
acoustic-based methods eliminate potential biases associated with human observers,

ensuring a more objective analysis of eating behaviors.

« Non-invasive monitoring: Acoustic-based eating detection methods provide a con-

venient and unobtrusive means of monitoring eating behavior by utilizing wearable,
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Figure 2.2: Examples of acoustic-based eating detection platforms: Adapted from
(a)[44] (b)[14] (c)[18] (d)[45].

non-invasive microphones to capture and analyze eating sounds. The non-invasive
nature of these methods makes them user-friendly, convenient, and applicable in a
wide range of scenarios, thereby fostering the development of innovative solutions for

monitoring eating behaviors.

« Real-time feedback and timely intervention: By analyzing eating sounds in
real-time, acoustic-based systems can generate immediate alerts or noti cations re-
garding eating behaviors to users. Such timely feedback empowers individuals to
make informed decisions about their dietary habits, facilitating behavior change and

fostering healthier eating practices.

e Food Texture Clustering: Acoustic-based methods o er an additional advantage
of performing food texture clustering based on the distinct sounds generated by

di erent types of foods [46, 47]. A notable study conducted by Amft successfully
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demonstrated food texture clustering for 19 di erent foods, grouping them into three
distinct clusters: wet and loud, soft and loud, and soft and quiet foods [46]. This
highlights the capability of acoustic-based methods to classify foods based on their

texture characteristics.

Disadvantages of acoustic-based methods

e Limited accuracy and noise interference: Acoustic-based methods may en-
counter challenges in accurately distinguishing eating sounds from other ambient
noises. Background sounds, multiple individuals eating together, or unconventional
eating methods can interfere with the system’s accuracy. To address the limitations
posed by noise interference and ensure dependable and precise eating detection, it
is crucial to develop robust signal processing and classi cation algorithms that can

e ectively Iter out noise and improve classi cation accuracy.

e Privacy concerns and user acceptance: The use of audio recordings for eating
detection raises substantial privacy concerns [48, 49]. Acoustic-based eating detection
methods rely on constantly monitoring all user activities to detect eating moments,
which may cause users to feel uneasy about continuous monitoring of themselves
and their surroundings. Additionally, voice data can potentially reveal personal in-
formation, including health status and personality traits, through inference [48, 49].
To maintain user trust and e ectively address privacy concerns, it is imperative to
engage in transparent communication regarding data handling practices and obtain
informed consent from users. These measures are crucial for upholding privacy stan-
dards and ensuring that individuals feel comfortable and secure with the technology’s

usage.

e Cultural Sensitivity: Eating habits and sounds may vary signi cantly across cul-
tures, making it necessary to consider cultural diversity and sensitivity in the design
and implementation of acoustic-based systems. Failure to account for cultural varia-

tions may lead to misclassi cations or biases in eating detection platforms, potentially
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perpetuating stereotypes or creating discriminatory outcomes.

Ethical implications of acoustic-based methods

While o ering potential bene ts in monitoring dietary habits and promoting healthy eat-
ing behaviors, acoustic-based eating detection methods also raise a host of ethical concerns.
These methods often rely on continuous monitoring of all user activities, not only capturing
sounds from the individual wearing the system but also picking up ambient sounds from
the surrounding environment. This raises fundamental questions about the boundaries of
surveillance and the right to privacy. Moreover, the data collected through these systems
could be susceptible to misuse and abuse, with potential implications such as targeted ad-
vertising, insurance discrimination, or even wider surveillance purposes [50]. Furthermore,
the infringement upon personal autonomy and privacy extends beyond users, as third par-
ties who have not consented to the technology may also have their data captured in their
homes or public spaces. Additionally, there is a risk of misinterpretation or misrepresenta-
tion of the data collected by these methods. Similar to computer vision-based platforms,
false positives or misattributions could lead to inaccurate assessments of eating habits,
resulting in unjusti ed interventions, social stigma, and unfair judgments. Consequently,
careful consideration of these ethical issues is crucial to ensure that acoustic-based eating
detection methods are developed and implemented in a manner that respects individuals’
autonomy, privacy, and dignity, as user acceptance will signi cantly in uence the adoption

of acoustic-based eating detection platforms.
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Table 2.2: Examples of acoustics-based eating detection platforms

Ref | Year | Sensor | MIC MIC Outcomes | Performance
Loc Model Type
[40] | 2011 | in-ear Knowles omnidirec- | food intake | Accuracy:
and FG23329- | tional detection 83.3%
outer CO5 (x 2) | electret (chewing Precision:
ear condenser | or swallow- | 91.3% Recall:
canal ing) 81.8%
[41] | 2014 | throat IASUS bidirection- | swallowing | Precision:
NT3 al piezoel- | detection 67.6% Recall:
ectric 79.9%
[42] | 2014 | throat IASUS bidirection- | swallowing | Accuracy:
NT3 al piezoel- | detection >94%
ectric
[14] | 2016 | in-ear Motorola omnidirec- | chewing Accuracy:
Hint and tional detection 94.66%
Jawbone Bluetooth
Era micro-
phones
[43] | 2020 | behind CM-01B PVDF chewing Accuracy:
the piezo Im detection 95.15%
head bone Precision:
conduction 94.68%
micro- Recall:
phone 95.12%

18




2.1.4 Motion-based Methods

Motion-based eating detection methods utilize sensors placed on various parts of the body
to track and analyze speci ¢ movements associated with eating behaviors [51, 52, 53, 19, 54].
These sensors capture motions such as wrist movements during food intake [51], jaw move-
ments while chewing [54], and teeth motions during grinding [19]. By capturing and ana-
lyzing these patterns of motion, motion-based eating detection platforms provide valuable
insights into individuals’ dietary habits, enabling more e ective self-monitoring and inter-

vention strategies to improve eating behaviors and overall well-being.

Several key areas of the body have been identi ed as potential sites for sensor placement
in motion-based eating detection methods. These areas include the throat [55], jaw [54],
wrist [51], teeth [19], head [53], and temporalis muscle [56]. Each of these locations o ers
unique advantages in capturing distinct motion cues related to eating activities. By combin-
ing data from multiple sensors or focusing on speci c areas, these methods can improve the
accuracy and reliability of detecting eating events. Piezoelectric sensors positioned against
the throat have proven useful in detecting subtle movements of the throat muscles during
swallowing [55]. These sensors can identify the speci ¢ motion patterns associated with
eating, distinguishing them from activities such as talking or coughing. By monitoring the
timing and frequency of swallowing events, these sensors also provide valuable insights into
the quantity and speed of food intake. However, it is important to consider that motion
artifacts resulting from head movements may a ect the integrity of the low-energy swallow-
ing signal [6]. Additionally, due to gender-related physiological di erences, such as males
exhibiting more pronounced hyoid and laryngeal elevation during swallowing than females,
using piezoelectric sensors on the throat could introduce gender-based performance bias,
as the signal quality for females may be inherently lower than for males [6].

Furthermore, accelerometers and gyroscopes placed on the hand and wrist have demon-
strated the ability to track the motion patterns associated with picking up, manipulating,
and bringing food to the mouth [51, 53]. These sensors e ectively capture gestures, includ-

ing hand-to-mouth movements, providing valuable data on the frequency and duration of
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