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ABSTRACT

Accurate measurement and estimation of energy intake (EI) are important for the
understanding of energy balance and body weight dynamics. Food is the primary source of
energy in the body. Therefore, the objective monitoring of food intake patterns and eating
behavior is necessary, as excessive EI leads to medical conditions such as obesity and
overweight. Traditionally, self-report methods (e.g. food records, 24-hour recall) have been
used for EI measurement. Most of these methods rely on a participant’s own declaration in
one form or another and suffer from misreporting of EI. To lessen the misreporting problems,
various methods have been proposed ranging from image-assisted estimation to wearable on-
body sensors, each with its own strengths and limitations. While some of the methods show
great promise under certain circumstances, objective, accurate and cost-efficient methods for
estimating of EI are yet to be developed. Towards automatic food intake detection, this
dissertation first explores the desired time resolution of sensor-based food intake detection to
characterize meal microstructure. This dissertation then investigates a wearable sensor system
for automatic food intake detection, microstructure parameter estimation, passive image
capture, and EI estimation. The automatic food intake detection with this system is developed
by monitoring chewing activity associated with ingestion. Along with an accelerometer
sensor, a novel chewing sensor is introduced to capture chewing information and detect food
intake events. A wearable camera, capturing passive images in 15sec intervals, is used to
acquire food and non-food images. A visual review of the food intake images is performed to

identify food items, estimate portion size and validate that food was consumed. A study was

il



performed with participants wearing the wearable sensor system (Automatic Ingestion
Monitor, AIM-2) for 24h in pseudo-free-living and 24h in a free-living environment.
Classification models were developed for automatic food intake detection. The estimation of
chew counts was obtained using the new chewing sensor which was not adhesively attached
to the body. The dissertation further presents an EI estimation method using both sensor-
extracted features and image estimated portion size. Results suggest the potential of the

wearable system to estimate EI in a free-living environment.
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CHAPTER 1
INTRODUCTION

1.1 Motivation and Goals

An important factor in maintaining a balanced diet and healthy lifestyle is the balance
between the Energy Intake (EI) and Energy Expenditure (EE). Irregularities in energy
balance can lead to problems towards the development of chronic diseases such as obesity,
overweight, diabetes, high blood pressure and heart diseases. Humans need energy in the
body for basic metabolic processes, physical activity, physiological functions, heat
production of new tissues, and maintenance of good health [1]. Food is the source of EI and
the main source of nutrients necessary to maintain daily life. After ingestion, food energy is
converted into different energy forms including thermic and mechanical energy. Thus, the
body energy is derived from all foods and caloric beverages by oxidation. On the other hand,
EE, a measure of energy burnt by the body, comprises of resting metabolic rate (the amount
of energy expended while at rest), the thermic effect of food (required to digest and absorb
foods and assimilate the energy derived from foods), and physical activity thermogenesis.
When EI is higher than EE, the result is positive energy balance and storage of the excess
energy as fats. A sustained fat accumulation can potentially lead to chronic conditions like
obesity and overweight. Therefore, it is critical to accurately measure EI and EE patterns to
gain insights to reveal important information about obesity and overweight-related disease.

The monitoring of EI includes detection of eating episodes, food items consumed, and
eating patterns, and computing EI. To date, the most precise way of estimating EI is to use an

indirect measurement through the use of doubly-labeled water (DLW). However, this method



is expensive for regular use and cannot identify individual food intake events. Traditionally,
El is assessed by means of self-report methods such as food records, food frequency
questionnaires and 24-hr dietary recall [2]-[4]. The food record methods rely on subject’s
declaration about the time, type and amount of food items consumed, as well as details about
the food item such as serving size, amount of serving actually consumed, any condiments
used, container type (for beverages) etc. The 24hr dietary recall method requires the subject
to recall the food items they consumed in the last 24hrs, therefore highly dependent on the
subject's memory. Due to the direct involvement of subject, several studies suggest that
during self-report, subjects are prone to error in reporting and tend to misreport, particularly
underreport their intake where the error may reach up to 50% [5]. With the advent of
technology, the limitations of self-report methods led many investigators to take advantage of
technological innovations to develop new methods to improve the accuracy of EI monitoring
and assessment. The easy use of the internet and available smartphones has allowed for the
collection of detailed food intake information with lower costs and burden, and facilitating
timely approaches to EI analysis [6], [7]. Many new methods have been proposed ranging
from image-assisted estimation to wearable on-body sensors. EI estimation through food
imagery utilizes both manual review of images and automatic image processing techniques.
In the manual review, the food images are analyzed by an expert nutritionist to identify
different types of foods, their portion size, and energy content. Automatic image recognition
and processing relies on computer algorithms to segment food images, recognize foods,
estimate portion size/volume and compute energy value [8]. Both approaches have their own
limitations. Manual review of a large number of images in a dataset may not be feasible. On
the other hand, an automatic food recognition algorithm that requires a fiducial marker

(known as dimensional and color references) in images may not be readily available. To offer



another domain of EI estimation, various wearable sensors have been proposed to detect
different stages of eating i.e. bites, chewing and swallowing of food and thus providing an
understanding of the microstructure of eating [9]. The microstructure information can then be
utilized to estimate EI. However, wearable sensors typically do not provide explicit
information about the foods being eaten.

Our research group previously proposed a piezoelectric strain gauge based chewing
sensor system “Automatic Ingestion Monitor (AIM)” for monitoring food intake and
estimating EI [10]. In the study [11], EI was estimated using chewing and swallowing
parameters and compared with weighed food records and self-report. In laboratory settings,
participants were asked to consume their meals wearing the sensor systems. The participants’
eating behavior was recorded through a video monitoring system. Features extracted from
sensors and video annotation were used to build EI models. The EI was obtained by
multiplying the mass intake with an energy density of the food item. The reporting error (%)
of the best EI (kcal) model based on chews counts was 30.42 + 23.08 (mean + standard

deviation).

1.2 The Big Picture

Several methods based on images and wearable sensors have demonstrated the
potential for detecting food intake events, classifying food types and estimating EI. Some of
the wearable sensor-based methods also extract microstructure parameters to further
characterize food intake events. To improve dietary assessment, few proposed works utilize a
wearable camera-based sensor system. Nevertheless, for these systems to be reliably usable in
free-living conditions, there is a need for methods that offer automatic detection of food

intake, recognition of food items in images, microstructure information, a way to alleviate



privacy concerns, and EI estimation. Automatic detection of food intake can be achieved by
monitoring chewing during food intake. To approach this problem, this dissertation proposes
an algorithm for detection of chewing using a new chewing sensor. Classification models are
proposed to classify segments of the sensor signals either as eating or non-eating. To
accurately detect meal microstructure, the desired time resolution of sensors for food intake
detection is investigated. For reducing the burden of reviewing a large number of images
dataset, the number of images is significantly reduced by considering only the images that
depict food intake. To estimate EI, a novel method is proposed that utilizes sensor features to
estimate portion size and images to estimate both portion size and energy density of food

items. Figure 1-1 shows an overview of the proposed system.

. Subject Wearing Feature computation ! Classification of 5131131 Characterize food
! Semsors from sensor signals : segments as food intake intake in-terms of
s and no-mtake. chew counts.
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Figure 1-1. Overview of the proposed system. Wearable sensors are used to monitor the
ingestive behavior of the subject. Features extracted from the sensor signals are used to train
classifiers to identify between segments as food intake or non-intake. Chew count estimation
is done using chewing sensor. Wearable camera capturing passive images in 15sec intervals
are manually reviewed to recognize food items and portion size. Food preference
questionnaire helps to identify unknown food items. Sensor-extracted features are used to



build a model that provides an estimation of ingested mass. Both images and sensor predicted
portion size are used to estimate Energy Intake (EI).

Chapter 2 presents a systematic review which examines emerging technology-driven
methodologies that cover the estimation of EI in humans. Chapter 3 details the desired time-
resolution for sensor-based food intake detection required to detect meal microstructure.
Chapter 4 describes a methodology developed to separate food images from non-food images
using a clustering algorithm. Chapter 5 describes a novel wearable system and method to
accurately detect food intake, estimate chew counts and provide passive images of foods
being consumed in a free-living environment. Chapter 6 describes a method to estimate EI in
free-living utilizing wearable sensor and passive images. Chapter 7 concludes the dissertation

and gives future directions.



CHAPTER 2
A SYSTEMATIC REVIEW OF TECHNOLOGY-DRIVEN METHODOLOGIES FOR
ESTIMATION OF ENERGY INTAKE

This work is submitted to the IEEE Access and is under review.

Abstract

Accurate measurement and estimation of Energy Intake (EI) are important for the
understanding of energy balance and body weight dynamics. Traditional measurements of EI
rely on self-report, which may be inaccurate and underestimate EI. The imperfections in
traditional methodologies such as food recall, food diaries, and food frequency questionnaires
stipulate development of technology-driven methods that rely on wearable sensors, food
images, biomarkers, mathematical modeling and other ways to provide an objective and
accurate assessment of EI. The aim of this research was to systematically review and
examine peer-reviewed papers that cover the estimation of EI in humans, with the focus on
emerging technology-driven methodologies. Five major electronic databases were searched
for articles published from January 2005 to August 2017: Pubmed, Science Direct, [IEEE
Xplore, ACM library, and Google Scholar. Twenty-nine eligible studies were retrieved that
met the inclusion criteria. The review identified that while the current methods of estimating
EI show promise, accurate estimation of EI in free-living individuals presents many
challenges and opportunities. So far, the best result for EI (kcal) estimation had an average
accuracy of 94%. However, results were obtained from limited food items, in a limited

number of participants, sample sizes, and in controlled laboratory conditions. Therefore, new



methods that accurately estimate EI over long time periods in free-living conditions are

urgently needed.

2.1 Introduction

Energy intake (EI) is an important component of energy balance affecting the
regulation of body weight. Objective assessment of EI is needed to understand body weight
dynamics associated with underweight, overweight, and obesity in humans [1]. Underweight
generally results from an inadequate EI compared with, or energy expenditure, energy
utilization in the body. Being underweight increases health risks such as malnutrition, bone
fractures, heart irregularities, inability to fight infection, and even premature death [2]. Over
815 million people in developing countries are affected by the burden of underweight [3].
According to the National Health and Nutrition Examination Survey (NHANES) 2011-2012,
approximately 1.7% of US adults are underweight [4].

On the other hand, overweight and obesity are primarily associated with excessive EI
and low energy expenditure. These health conditions present a growing global epidemic with
substantial individual and public health consequences. The World Health Organization in
2016, estimated that more than 1.9 billion adults (nearly 39% of the world's population) were
overweight and over 650 million of those adults were obese [5]. Obesity and overweight are
major contributors to chronic diseases such as type 2 diabetes, asthma, cardiovascular
diseases, cancers, and musculoskeletal disorders, and caused 3.4 million deaths in 2016 [6].
Obesity imposes a considerable economic impact on individuals. Obese individuals spend
30% more per capita on medical costs than healthy individuals [7]. Apart from direct costs,
obesity also results in indirect costs due to a work productivity losses, disability, and

premature mortality [8]. In the United States, such productivity losses cost an estimated



30.15 billion USD at the national level. Due to obesity-related absence from work alone, the
nationwide productivity costs range between $3.38 billion and $6.38 billion [9]. Several
approaches have been tried to combat the obesity epidemic; however, a significant linear
trend still exists in obesity prevalence [10]. Along with eating disorders, overweight and
obesity are health conditions highly resistant to active medical treatment [11].

Based on the energy balance, the association between EI and energy expenditure are
important for understanding both underweight and obesity [12]. With the advent of micro-
electronic accelerometers, there has been rapid progress in the methods for assessing free-
living energy expenditure [13]. However, the tools for monitoring of EI are far less
developed. Accurate measurement of EI and characterization of related eating behaviors are
one of the biggest challenges in nutrition research.

A range of EI assessment methods, including food frequency questionnaires (FFQs),
24 h dietary recalls, weighed food records (WFRs), and short assessment screens, have
historically been used for EI measurement, each with its own strengths and limitations [14],
[15]. Most of these methods rely on participants own recollection and declaration (self-
report) in one form or another and suffer from underreporting, misreporting, and not-
reporting of EI [16].

From the perspective of accurate evaluation of EI, energy expenditure measured by
lithium and b-carotene have been investigated. These suffer from the limitation that one must
consume enough foods containing these markers, either in pre-dosed foods or exogenously
from the foods already eaten, relatively, and they require biological samples at specific times
for accuracy which limits their use in truly free-living situations. Doubly Labeled Water
(DLW) method has been identified as the gold standard for providing an estimate of true

energy expenditure over 10 days. If a person is dosed with DLW and remains weight stable



(i.e. is in energy balance), it is assumed that EI is equivalent to EE. This method is accurate
assuming that the person is in energy balance but EE and EI fluctuate from day to day so this
method gives a broad, undefined view of EI only and cannot be used to assess eating
behavior of specific nutrient intake as it can only estimate overall energy. Eating behavior
and nutrient density are important factors that affect chronic health and need to be considered
when assessing EI. In addition, this method cannot be used in situations where energy
balance does not hold true such as growing children or during active weight loss or weight
gain. In addition, the dosing and timing of the samples required for this method is difficult to
employ in free-living situations. Similarly, all biomarkers require biological samples at
specific times, expensive measurement instruments, and procedural requirements. Thus, there
is still a need for the development of lower-cost techniques for assessment of energy
expenditure as a biomarker which can be employed to measure EI.

The limitations of existing methods led to attempts to utilize technological
innovations to improve the accuracy of EI assessment. In particular, the use of the internet
and smartphones has resulted in the improvement of traditional methods, allowing the
collection of detailed nutritional information with lower costs and burden, and facilitating
timely approaches to EI estimation [17], [18]. To lessen the problems associated with self-
reported EI, various methods have been proposed ranging from image-assisted reporting to
wearable on-body sensors. The development of technology-driven, quantitative methods of
EI estimation has received significant attention as an active area of discovery. In this article,
we provide a systematic review of methodologies used to estimate EI in humans, with the

focus on recent technology-based developments.



2.2 A Brief Overview of Concepts Related to Energy Intake
2.2.1 Energy Balance

Energy balance is the difference between EI and energy expenditure. The first law of
thermodynamics is the law of conservation of mass and energy, which states that energy can
be transferred from one form to another, but it cannot be created or destroyed. In the context

of human physiology, this is expressed as:

ES = El — EE (2.1)

where ES = rate of energy stored in kilocalories (or kJ) per day, EI = rate of energy
intake in kilocalories per day, and EE = rate of energy expended in kilocalories per day [12].
It is to be noted that the variables are time-dependent and therefore energy balance depends
on the time domain during which they are measured [19]. At any given time, the human body
is considered an open system in which energy can be added by intake of foods or subtracted
by expending energy through basal metabolism, exercise or physical activity related
thermogenesis, non-exercise or physical activity thermogenesis, and dietary-induced
thermogenesis [20]. The energy balance equation describes what occurs to ES when EI and
EE are in balance or imbalance over a given period of time (Figure 1) [12]. In balance, the EI
equals energy expenditure. An imbalance of energy implies a change in the energy content of

the body [1] which consequently changes energy expenditure due to a change in body weight.

2.2.2 Energy Intake, Calorie and Energy Density

Humans need energy in the body for basic metabolic processes, physical activity,
physiological functions, generation of new tissues, and maintenance of good health. EI

represents the energy content (expressed as kilocalories/kcals or kJ) derived from all foods

10



and beverages by oxidation. The energy is released after ingestion of foods and converted

into different forms including thermal and mechanical energy.

Energy balance

Weight gain

™ .
~ Weight loss

Energy expanded for basal
metabolism, physical activity,
digestion and absorption of foods

Energy consumed in foods
and beverages

Figure 2-1. Representation of the energy balance paradigm.

A kilocalorie (kcal, or Calorie) is defined as the amount of heat needed to raise the
temperature of 1kg of water 1° Celsius and also represents a metric unit of energy
measurement [21].

Energy density is defined as the amount of energy per unit weight of food and is
usually expressed in kcal/g or kJ/g [22]. The main sources of energy are provided by the three
macronutrients: carbohydrates, protein, and fat. The average values of macronutrients that are
4 kcals per gram for carbohydrate and protein, and 9 kcals per gram for fat [23]. So, the
macronutrient composition of foods is primary determinants of energy density [24]. Another
primary determinant of energy density is the water content of food, as it adds weight but no
energy [24], [25]. The fiber content of foods also acts as a determinant of energy density.
Non-digestible or low-digestible compounds such as dietary fiber reduce the energy density
of foods because they contain fewer than 4 kcals/g [26]. For example, the energy derived

from the fiber is estimated as 2 kcal/g [27].
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2.3 Methods

This was a systemic review study and the study protocol was developed in accordance
with the Preferred Reporting Items for Systematic Reviews (PRISMA) statement [28] and

agreed to by all authors.

2.3.1 Search Strategy and Data Sources

Given the research topic of finding available technology-driven methods for EI
estimation, the most frequently used keywords related to EI were first identified. These
keywords were then searched in five databases (Pubmed, Science Direct, IEEE Xplore, ACM
library, and Google Scholar) from January 2005 to August 2017. The final list of keywords
that were used to conduct the full search to get the primary selected papers is in Table I. A
total of 482 articles was identified for complete screening. Based on the title and abstract, the
articles were checked and screened. The primary selected articles were further screened based
on the inclusion and exclusion criteria discussed in the following subsections. Cross-
references were screened for additional eligible articles. The final selection of articles was

decided after reading the full articles.

2.3.2 Inclusion and Exclusion Criteria

All primary selected articles were checked for eligibility and acceptability by
adhering to the following inclusion criteria: 1) study participants were 18 years or older; 2)
study participants had a Body Mass Index (BMI) over 18 kg/m?; 3) studies aimed at
estimating/predicting EI in humans (i.e. in kcal or kJ per day/meal/food item) ; 4) studies

aimed at estimating El-related measures such as amount consumed, energy density, food
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recognition; and 5) studies which proposing approaches that utilize technology for EI
estimation. The aspects of technology for EI estimation encompass methods that rely on
image analysis and/or analysis of physiological signals obtained from wearable sensors. Full
texts of the articles that met the inclusion criteria were obtained for review.

In the field of dietary assessment, most research considers two major aspects: 1) Food
intake detection that deals with identification of all eating episodes, measurement of duration
and microstructure parameters of each eating episode etc., and 2) Characterization of food
intake which deals with estimation of food items, mass, volume, energy, and nutrients
consumed during each eating episodes. In this systematic review, the studies which purely
dealt with the food intake detection were excluded. A good review of food intake detection
and existing methods can be found in [29]. Since the focus of the present study was to review
methodologies related to EI estimation, the studies that were solely concerned with the
validation of an existing method of EI estimation were also excluded. The excluded
validation studies were primarily focused on comparing the performance of self-reported EI
against 1) estimated EI required during weight maintenance; 2) estimated EI measured from
EE and, 3) presumed energy requirements estimated from basal metabolic rate (BMR). All

duplicate papers were also excluded from the analysis.

2.3.3 Data Extraction

The full text of each selected article was thoroughly reviewed to extract relevant data
using a standardized data extraction procedure. The data extraction included information on
the following domains: study design, study characteristics, method/algorithm used, data

analyses, and significant findings.
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2.4 Results
2.4.1 Study Selection

Table 1 summarizes the article selection for the review. After the primary selection,
Figure 2 illustrates the PRISMA diagram and finally selected articles for the review. We
identified 6029 articles include 1402 from Pubmed, 521 from Google Scholar, 1556 from
IEEE Xplore, 1198 from Science Direct, 1352 from ACM library. Of the 6029 papers, 1,943
were duplicates and removed from the searches. After title and abstract review of primary
selected articles, 448 articles were excluded leaving 29 eligible studies. The last search for
the study was conducted on 12 August 2017. The study analyzed and tabulated the important
data from eligible studies: lead author’s name, publication year, gender and sample size,

mean age of subjects, study design, EI estimation in each method.

Table 2-1. Keywords Used to Obtain Candidate Articles

Databases Full-text article,
Total Peer-reviewed
Primary
Keywords publication  Journal articles, .
Google  IEEE Science ACM . . selection
identified Conference
Pubmed  gcholar Xplore  Direct Library .
proceedings
Energy intake estimation 656 119 1044 755 863 3437 410 227
Nutrient intake estimation 164 99 184 265 78 790 85 62
Food amount consumed 144 88 95 45 98 470 65 48
estimation
Energy intake model 233 201 185 65 217 901 105 95
Mathematical modelling 205 14 48 68 96 431 288 50
Energy intake
Total 1402 521 1556 1198 1352 6029 953 482
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Articles identified through databases searching
(n=6029)

I

Articles remaining after duplicates removed
(n=4086)

Records excluded (n = 1025)

Recor({s screened L, Not related: studies (n = 893)
(n =4086) Review articles (n = 25)

|

Full-text articles assessed for

Identification

Screening

Full-text articles excluded. (n = 453)
e Did not predict the energy intake (n = 317)
eligibility |  Did not predict the amount consumed,
(n=482) food types recognition (n = 72)

Others (n = 64)

Studies included in systematic
review
(n=29)

Eligibility

Included

Figure 2-2. Flowchart of the systematic review outlining the study selection process.

2.4.2 Methodologies to Estimate EI and Associated Parameters

Based on the review of the selected articles, the methodologies for estimating EI and
related metrics (i.e. amount consumed, food type recognition, portion size estimation) were
divided into five main groups based on methods: traditional self-report, DLW, image-

assisted, mathematical modeling of the intake/balance equations, and wearable sensor.

2.4.2.1 Food Diary, Recall, and Web-Based Methods

Traditionally, the estimation of EI in humans, especially in free-living conditions, is
done by means of self-reporting. Various self-reporting methods such as food diaries, 24-hour
dietary recalls, and food frequency questionnaires have been developed and widely used to
estimate EI [14], [15], [30]. With food diaries, participants are asked to report all food items
consumed during each eating occasion with the amount consumed (portion size) and other
details such as if the food was regular or low-fat, how it was cooked, and additions such as
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condiments. To estimate EI, the recorded information is reviewed by an expert nutritionist
and entered into a software program containing a food dataset that contains the energy
density of thousands of individual foods and performs the nutritional analysis. However, the
estimation of EI from food diaries may be inaccurate due to several factors one being lack of
sufficient detail for the nutritionist to perform an accurate estimate. For example, in one
study, [31] about 47% of food diaries didn’t contain sufficient information for accurate EI
estimation. These errors can result in underreporting of EI when compared with expected
energy requirement. Unlike food diaries, 24-hour dietary recalls require participants to recall
all foods and beverages consumed in the past 24 hours and has the advantage that this is often
obtained via phone directly with the help of a nutritionist so more complete data can be
gleaned. 24-hour recall also results in underreporting error. Despite lowering the burden of
recording information after each occasion, individuals may have difficulty remembering, or
not want to reveal, all items consumed in the amounts consumed. With food frequency
questionnaires (FFQ), participants are provided a finite list of foods or groups of foods and
asked to report how frequent they consumed each food over a defined period of time such as
the past 1 year or 1 month. Semi-quantitative FFQs also include an estimate of portion
consumed, either as a standard portion or participants select from given portion sizes. EI can
be estimated from semi-quantitative FFQs by incorporation of frequency portion consumed,
and known energy content of a given portion. However, this assessment involves difficult,
abstract concepts and math. If the time frame of the questionnaire, for example, 6 months,
crosses seasons, say summer to fall, the participant must compute how often over both
seasons they ate seasonal items such fruit. Similar to food diaries and 24-hour recall, FFQ

also includes participants own declaration and therefore produce a large error in the
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estimation of EI. FFQs typically result in greater underestimates of EI than 24h recalls or
food diaries due to the finite list of foods provided.

During behavioral interventions aimed at weight loss/gain, the self-report based
methods can provide important information about EI. With the advent of technology, web-
based 24-hour recall software programs have been developed. For example, the Automated
Self-Administered 24- hour Dietary Assessment Tool (ASA24) developed by the National
Cancer Institute has freely available and increased access to 24h recall software over other
software with 24h recall capability but that has a cost associated with it. The ASA24 allows
participants to enter dietary intake during the past 24 hours and portion size estimation is
assisted by images of typical portion sizes [32]. Alternately, the researcher may use the
ASA24 to conduct an interview-assisted 24h recall. The ASA24 has been shown to provide
comparable Els with its predecessor, the USDA multiple pass method whose software was
previously only accessible to the USDA [33]. Several smartphone applications have been
developed in recent years. These are not considered research-quality and are meant for
consumers to track their own dietary intake [34], [35].

Despite these advantages, due to a variety of factors, self-report methods grossly
underestimate EI [36]-[41]. These factors include lack of knowledge about portion size, and
unintentional (due to forgetting) and intentional misreporting. Weighed food intake records
may also result in undereating (not eating as much as usual) and appear as underreporting.
The authors in [42] demonstrated that the degree of misreporting, including undereating and
under recording, may range from 20% to 50% for individuals in the normal to overweight

range.
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The authors of [36] comprehensively reviewed the effect of underreporting and the
biases in estimating EI from self-reported methods. The review also explored the

interpretation of data produced by the underreporting of participants.

2.4.2.2 Doubly Labeled Water (DLW)

The DLW technique is considered the gold standard for measuring EE under free-
living conditions over a specified time period [36]. If a person is in energy balance, the EI
can be regarded equal to measured EE by DLW. With this technique, a dose of water
enriched with the stable isotopes deuterium (*H) and oxygen 18 ('®0) is consumed. Over
time, the 2H and 30 mix with water in the body (including the more abundant 'H and 'O in
the body, but also basal amounts of 2H and '*O which are present in our everyday water
supply), and several biological samples of fluid are collected over the next several days. The
fluid sampled is, typically urine, as it is the least invasive, but the fluid sampled could also be
blood, saliva, or breast milk. Fluids are collected over a defined period of time. Typically, this
technique involves collecting 7 urine samples over two weeks although other dosing,
sampling, and timeframes have been validated ranging from 7 to 21 days [43]. Urine samples
are typically analyzed by mass spectrometry to determine the isotopic elimination from the
body. Deuterium is lost in water only, whereas oxygen 18 is lost in both water and carbon
dioxide. The rates of disappearance measure the body's water and water-plus-carbon dioxide
turnover rates, from which carbon dioxide production can be calculated by difference. Total
Energy Expenditure (EE) is calculated from carbon dioxide production by applying classical
indirect calorimetric equations [44].

The estimation of EI from the measured EE involves the usage of the fundamental

physiological equation of energy balance. For individuals in energy balance, when the body
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weight is constant the EI equals the EE. DLW has been shown to estimate EI (kcal) within
2% to 8% in inpatient clinical studies and within 8% to 15% in field studies [45]. Because of
its high degree of accuracy, the DLW method is often used as an EI benchmark to measure
total EI in free-living [36], [45], [46]. However, because of the high cost associated with
obtaining the isotopes, the DLW method is only available to the most well-funded and
equipped laboratories and clinics. Many researchers fall back on the use of various methods
of self-monitoring to obtain estimates of free-living EI such as food diaries. One of the major
benefits of the DLW method is that despite its cost and effort, it can be used to validate the

performance of novel methods that estimate EI[36].

2.4.2.3 Mathematical Modeling and Intake-Balance Method

The intake-balance method of EI estimation utilizes the energy conservation principle:
EI over a given period equals to the sum of the change in EE and the corresponding changes
in body energy stores (ES) [19]. Therefore, EI can be estimated if both EE and ES are
available. The measurement of the change in EE can be obtained using the DLW method over
the period of the experiment. The change in body ES can be estimated from the changes in
body composition. Several methods can be used to measure body composition such as
multiple dual-energy X-ray absorptiometry (DXA) scans, deuterium dilution, underwater
weighing, or air displacement plethysmography [47]. Change in body weight may also be
used, with an assumption about the composition of weight change. Theoretically, the intake-
balance method could provide an accurate estimation of EI over extended time periods if the
measurements of EE and ES are accurate. However, this indirect method typically involves
DLW and DXA methods which are highly expensive (DLW) and requires specialized trained

individuals (DLW and DXA).
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In the recent past, mathematical models of human EI, metabolism, and body dynamics
have been proposed as a relatively inexpensive possible alternative to the intake-balance
method. Mathematical models for cumulative intake curve (CIC) were investigated. In this
systematic review, two studies related to EI modeling and one related to the CIC were
identified. Table 2-2 illustrates the overview of included studies using mathematical

modeling approaches. Table 2-3 illustrated the summary of methods for EI and CIC

estimation.
Table 2-2. Studies Using Mathematical Modelling Approaches
Study Sample  Mean BMI/ | Notes Study Dietary El Primary outcome
size age BW about design estimation measures
range | subjects

Hall 3 NA NA Obese Controlled AET Estimating AET in the

cohort study free-living environment
) L) during the weight-
[19] management program
Thomas 36 NA NA Obese Controlled El Predicts individual
(20112) cohort study (keal) weight changes
[48]
Thomas 22 NA NA Over- Randomized = CIC Estimate the cumulative
(2017) weight to controlled intake curve

obese trial ®

[49]

Table 2-3. Mathematical Modelling Methods for EI and CIC Estimation

Study Equations Dependent variables

Hall _ dBW BW': Body weight (kg)

(2011) AEI = &(BW; — BWo) + p dt p : Effective energy density (kcal/kg)

[19] & : parameter defines how EE depends on
BW (kcal/kg/d)

Thomas dFFM dFM FFM: Fat-free mass (kg)

(2011) El'= ¢ dt to dt +EE FM: Fat mass (kg)

[48] EE = RMR + PA + SPA + DIT c;: energy density of FFM (kcals/kg)

¢y: energy density of FM (kcals/kg)
RMR: Resting metabolic rate (kcals/day)
PA: Physical activity (kcals/day)

SPA: Spontaneous physical activity
(kcals/day)

DIT: Dietary induced thermogenesis
(kcals/day)
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Thomas tEmax+6) I(t): Cumulative food intake (g)

(2017) 1(t) = Emaxb(e Fmex —1) 0: The initial rate of eating (g/min)

[49] HEmaaT+6) Epmax: Maximal food intake (g)
(e Fmax  + EmaxT) r: Eating duration (min)

In [48], the authors presented a computational model using a differential equation of
energy balance for determining individual EI during weight loss. The differential equation
model for EI solved the value of EI through the knowledge of ES and EE. The EI model also
required the use of BW, age, height, and sex. The ES was modeled by summing the changes
in ES from fat-free mass (FFM) and fat mass (FM). The EE was modeled as the sum of
resting metabolic rate (RMR), volitional physical activity (PA), diet induced thermogenesis
(DIT) and spontaneous physical activity (SPA). Finally, the model was tested using data from
a 24-week calorie restriction study. The validity of the EI model was then tested against 1) EI
estimated from provided foods and 2) EI quantified from DLW/DXA.

The authors of the study [19] introduced a method to estimate changes in EI (AEI)
using longitudinal body weight measurements and its 95% confidence interval in individual
participants. To develop the AEI model, the study solved the energy balance equation for
free-living AEI as a function of body weight (BW) and the rate of its change. The study
proposed a low-cost and readily available body weight scale to assess the changes in body
composition (necessitating an assumption about the composition of weight change), avoiding
expensive DXA scans. The performance of AEI method was evaluated both in a controlled
inpatient feeding study and simulated free-living virtual study. In the controlled study, EI
(around 800 kcal/day) was held constant and in the free-living virtual study, significant
variations in day-to-day EI were considered. The authors proposed that daily BW

measurement over at least 28 days is sufficient to estimate AEI in free-living adults. Also by

21



summing the variance of AEI and variance of initial energy-balanced EI, the 95% CI of the
total EI can be estimated.

The cumulative intake curve (CIC) modeling provides a quantitative description of
food intake. In the early 80s, the authors of [50] introduced a quadratic equation y = ax? +
bx + ¢ for modeling CIC, where y was food intake, a was the rate of deceleration, b was the
initial speed of eating and ¢ = initial amount of food. Recently, the study [49] proposed a CIC
model based on a differential equation. To define an individual’s CIC, the proposed model
relied on three key parameters: initial rate of eating (8), eating duration (r) and maximal
food intake or highest amount of food that an individual can eat (E,;,,,). The model exhibited
better CIC than the quadratic model in 94% of the subjects and 43% improved quality of fit.

The summary of selected mathematical model equations of EI estimation and CIC is
provided in Table 2-3. While the mathematically derived estimation models are yet to be
tested as accurate tools for use in real-time settings and clinical conditions, they hold promise
also alternate methods to estimate current EI. Again, these methods cannot measure or
estimate diet quality or eating behavior so their use in clinical interventions or research
settings is very limited. To the best of our knowledge, no studies have used these methods to

objectively estimate EI to date.

2.4.2.4 Image-Based Methods

In the past decades, due to advancement in technology, the availability of image
capturing devices has increased significantly. These personal devices with imaging capability
are available in the form of mobile phones, smartphones, tablets, and wearable devices. By
taking advantage of easy capture, images of food and beverage items consumed can be used

to estimate EI. Typically, image-based methods acquire images of food items before, during,
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and after a consumption using either a mobile device or wearable camera. When an
individual has to perform actions to activate image capture via mobile phone, or digital
camera, the image capturing method is called ‘active’. Alternately, when the image is
automatically acquired using wearable cameras that can capture images continuously or at
pre-determined intervals, the image capturing method is called ‘passive’.

To estimate EI, the analysis of acquired images can be performed in two ways:
manual annotation of the images and automatic image recognition and processing. During
manual annotation, food images are analyzed by an expert nutritionist to identify individual
foods, their portion size, and nutritional content. One potential advantage of this approach
compared with traditional self-report methods is a reduction in participant burden. The
studies of [51]-[53] validated manual annotation for estimating EI. In these studies,
participants captured photos before and after meals and provided short descriptions of
ingredients used if mixed item dishes such as stews were consumed. Then the images were
retrieved and analyzed by the nutritionist using nutritional analysis software interfaced with a
nutrient database. A review of manual review/visual inspection methods is presented in [54].

Automated image recognition and processing relies on computer algorithms to
segment food images, recognize foods, estimate portion size/volume and compute a
nutritional value. Some of the reported methods requested the user to mark foods in the image
before processing, which can be categorized as a semi-automatic approach. After recognition,
based on the type of foods and portion size/volume from imagery, the amount of EI is
estimated using nutritional analysis software interfaced with a nutrient database. For all of
these approaches, to assist the nutritionist or computer, fiducial markers (known dimensional

and color references) are typically placed in the food image.
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In this review, 17 papers were identified that adopted image-assisted approaches (i.e.
manual review, semi-automatic and automatic image analysis). Table IV illustrates the
overview of included studies. Table 2-5 summarizes the methodologies, key details and
reported the accuracy of the reviewed methods.

The study of [55] presented an approach based on manual review named “Remote
Food Photography Method”. Before the study, participants were provided with necessary
training about how to use a smartphone to capture images of their foods before consumption
and any leftovers not consumed. The images were collected in free-living conditions and sent
over a cellular network for review. Expert nutritionists analyzed food images to obtain EI.
Around the same time, the study [56] presented a method for recognizing foods from video
recordings of eating. The videos were captured and recorded by a web camera. A trained
model was developed on restaurant food images and the food recognition on video frames
was then carried out by image matching algorithm. After the food recognition, the method
then estimated EI.

The authors of [17] described a novel mobile food record application that provided an
account of daily food and nutrient intake. The method consisted of the segmentation of food
items in the image, food recognition, automatic portion estimation, and extraction of nutrient
information that was consumed. Two images were obtained during the start and end of each
eating occasion, with a fiducial marker placed next to the food. After segmenting and
recognizing food items, portion size was estimated through 3-D reconstruction. The
estimation of EI was then obtained from the authors’ customized food database. Instead of
direct food recognition, the authors of [57] proposed a system that recognizes the dish

contents from the image and computes energy and nutrients using a food-log system. The
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authors developed a dish segmentation algorithm using a Hough transformation and extracted
rotation invariant features from images.

In [58] the authors proposed a camera phone based automatic food intake monitoring
system (called DietCam). They adopted a Bayesian probabilistic approach to classify food
items. Apart from regular features from images, the authors also utilized statistical features
considering the noise produced by camera sensors. The authors in [59] proposed a system
where the estimation of the volume of food items was done by stereoscopic imaging. A pair
of images was captured from the left and right side of the food item placed on the plate. Next,
feature matching between stereo images was performed. The authors estimated the volume
without manual fitting of 3D models to the food items. Another study [60] proposed a
method to estimate EI in a food’s image by computing the volume of food portions using
image segmentation followed by SVM classification. To measure the food volume, the
authors took two pictures of the food items: one from the top and one from the side. A thumb
beside the dish served as a reference object. To compute the volume of the food portion, the
authors proposed a grid superimposed on the top view of the image. The number of pixels in
the grid was then calculated to compute the food portion area. The side of view of the image
was used to calculate the depth of the food. The volume was computed by multiplying the
area and depth. Once the food types and food volume were obtained, nutrient composition

tables were used to estimate the energy content of food items.
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Table 2-4. Overview of Included Studies Using Image Assisted Approaches

Study

Martin
(2009)
[55]

Wu
(2009)
[56]

Zhu (2010)
[17]

Wazumi
(2011)
[57]

Kong
(2012)
[58]

Rahman
(2012)
[59]

Pouladzadeh
(2014)
[60]

Myers (2015)
[61]

McAllister
(2015)
[62]

Zhang (2015)
[63]

Fang
(2015)
[64]

Sun
(2015)
[65]

Pouladzadeh
(2016)
[66]

System
design

Smartphone
/
PAD

Web cam

Smartphone

-Server

Smartphone

Smartphone
/
video

Smartphone

Smartphone

Smartphone

Smartphone

Smartphone

Smartphone

Wearable

camera

Smartphone

Data
Acquisition

Pre and post
image from
food plate

Video

Pre and post
image of
meal

Single pre-
meal image

3 images
before the
meal, 3
images after
the meal
Pairs of
stereo
images

1 image
before and
after eating

Single pre-
meal image

Single pre-
meal image

Single pre-
meal image

Single pre-
meal image

One image
in every
two
seconds.

1 image
before and
after eating

Study setting

Both free-
living & Lab

Both free-

living & Lab

Lab

NA

NA

NA

NA

NA

NA

Both lab &

free living

NA

NA

NA

# of
persons

NA*

NA

NA

NA

NA

NA

NA

NA

NA

NA

NA
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# of
days

NA

NA

NA

NA

NA

NA

NA

NA

NA

NA

NA

NA

Food types
included in
study

Full meal

Solid, liquid

Solid, liquid

Full meal

Solid

Solid fruit

Solid, mixed
and non-
mixed

Solid

Solid

Solid, mixed

Meal

Meal

Solid

Total Number of image
included

Z
>

101

3000

350

NA

3000

1200
00

10

2000

45

NA

1000

Food recognition

z
>

Yes

Yes

yes

No

Yes

Volume/ Portion size

estimation

Z
>

No

yes

Mass estimation

Z
>

no

No



Liao
(2016)
[67]

Hippocrate
(2016)
[68]

McClung
(2017)
[69]

Hassannejad

(2017)
[70]

Depth 3 images of
camera food tray:
empty tray,
before
eating and
after eating
Smartphone = Single
/ cutlery image from
the top with
the cutlery
in the
picture
Video Pre and post
camera image from
food plate
Smartphone = Six frames
video from video

*Note: NA: Not available;

NA

Lab

NA

15

Free-living 131

NA

NA

NA

NA

NA

Solid

Meal

Solid, liquid,
mixed, non-
mixed

Meal

NA No

119 No Yes yes

3276  No No No

NA yes yes no

*mixed food: multiple food items mixed together; non-mixed: food items separated on the plate

Table 2-5. Systematic Review of Image Assisted Method Towards EI Estimation

Study

Martin
(2009)
[55]

Wu
(2009)
[56]

Zhu
(2010)
[17]

Wazumi
(2011)
[57]

Kong
(2012)
[58]

Rahman
(2012)
[59]

Data analysis method

Captures images of food

selection, leftovers and a
reference card, nutritionist
analyses images to estimate EI

Recognizes foods in videos of
eating extracting SIFT features
and utilizing pre-trained food
model, predicts energy contents
from standard fast food database

Segments images using
hierarchical segmentation
technique, classifies regions into
food categories using SVM
classifier, estimates portion size
through volume estimation of the
food from which the energy
contents determined

Segments images by Hough
transformation, extracts rotation
invariant SPIN features, records
food info in a food log system

SIFT feature based food
classification, then estimation of
energy content of food items
through 3D model reconstruction
based volume estimation
Captures stereo pairs of images,
create a 3D model of food items
to estimate volume of the food

No of Food items

z
>

101

10

NA

6

Image

analysis* e

Manual

Automatic

Automatic

Manual

Automatic

Automatic

27

Compared against***

WFR

DB

NA

NA

NA

VWDt

Performance
/accuracy

Real-time analysis,
platform

Free-living EI: =152+  Phone
694 kcal/day app
Not reported NA
Food recognition : Phone
95.8% app
Food recognition : NA
78%

Food recognition : Phone
92% app
Volume (ml) error: NA

7.7%



Pouladza
deh
(2014)
[60]

Myers
(2015)
[61]

McAlliste
r (2015)
[62]

Zhang
(2015)
[63]

Fang
(2015)
[64]

Sun
(2015)
[65]

Pouladza
deh
(2016)
[66]

Liao
(2016)
[67]

Hippocrat
e

(2016)
[68]

McClung
(2017)
[69]

Hassanne
jad
(2017)
[70]

Segments images, estimates food
portion from SVM classifier,
measures volume and calculates
nutritional facts from tables.

Detects meal from a single image,
predicts foods, volume, and size
of foods using CNN, estimates
energy content from USDA
dataset

Segments images, estimates area
covered by foods from the
regression model, computes
energy content from the selected
region

Segments images using
hierarchical segmentation
technique, classifies regions into
food categories using SVM
classifier, estimates portion size
of the food to determine caloric
contents

Estimates portion size
automatically using geometric
contextual information from the
scene.

Detects regular shaped utensils,
segments food items based on
color, texture measures, estimates
volume of each food item using a
food-specific shape model,
computes energy contents and
nutrients using the FNDDS
database

Segments images using graph-cut
segmentation technique, classifies
and recognizes food items using
deep learning neural networks,
measures portion size and
calculates nutritional facts from
tables.

Filters noisy depth images,
estimates volume of the foods,
estimates mass of food intake
using specific gravity function

Estimates the diameter and the
height of the food container and
derives the food volume, given
the food type, estimates the mass
of the food in the image

Captures images using camera,
estimates energy content by
visual estimations from two
estimator

Segments images by semi
segmentation method interactive
and user-dependent create a 3D
model of food items to estimate
volume of the food

15

2517

15

19

10

30

15

NA

10

Semi-
automatic

Automatic

Semi-
automatic

Automatic

Automatic

Automatic

Semi-
automatic

Automatic

Automatic

Manual

Semi-
automatic

DB

NA

DB

NA

WFR

VSDt

DB

WFR

WFR

NA

NA

Food recognition :
92.21% (single food),
85% (non-mixed
foods), 35-65%
(mixed foods)
Energy content (kcal)
accuracy: 86%

NA

Energy content (kcal)
of food item portions:
89.12%

Food recognition:
85%

Energy (kcal) error:
6%

Volume (cm?)
estimation error : 30%

Food recognition :
99% (single food)

Energy content (kcal)
estimation : NA

Food intake mass (g)
error : 7.5%

Mass (g) estimation
error : 6.78%

NA

Volume (mm?)
estimation accuracy:
92%

NA

Real-
time,
phone
app

NA

NA

NA

NA

Real
time,
Phone
app

NA

NA

NA

NA

** Note: Manual: Analyzed by trained individual; Semi-Automatic: Foods in the images are marked by the user before

processing; Automatic: Fully automated analysis. NA, not available.

*** WFR: weighed food record; DB: Nutrition database/ Nutritional Fact labels; NA, not applicable.
-|- VWD: measure volume using water displacement; VSD: measure volume using seed displacement
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The study of [61] proposed a system called 'Tm2Calories' that recognizes the contents
of a meal and predicts energy in restaurant meals. The system was validated using food
images from restaurants where food menus were available. The system consisted of multiple
stages: 1) meal detection using GooglLeNet convolutional neural network (CNN) model, 2)
recognizing the restaurant at which the meal was obtained by Google's Places API 3) food
item recognition using GoogLeNet (CNN) model, 4) segmentation of the food image using
"DeepLab" system, 5) volume estimation using the same CNN architecture for depth and
voxel representation of the food analysis 6) EI estimation from U. S. Department of
Agriculture (the USDA) database.

The study of [62] proposed a semi-automatic technique to predict energy content
using regression modeling. A reference block was used in the food image to estimate the food
area. The participants were asked to indicate the food area portion by drawing a polygon in
the image. Based on the food portion area the proposed application trained a linear regression
model to predict energy content. In [63], the author proposed a system (named Snap-n-eat)
that can recognize food items on the plate and automatically estimate energy content. To
identify and classify food items, the system utilized features from the segmented image and
developed model using a linear SVM classifier. The system estimated the portion size of the
food by counting pixels of the food portion and used it to estimate the energy content of
foods from a custom database. Work reported in [64] demonstrated an approach to estimate
food portion size from a single-view image. The method utilized geometric contextual
information to automatically estimate the volume from the image. The study of [65] proposed
the eButton which takes pictures of the food on the table automatically (one picture in every
two seconds). Out of all selected papers, only this study proposed passive capture of images

using the wearable camera. From the image, the volume of food items was estimated in three
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steps: 1) detection of utensils (e. g., circular plates or bowls); 2) segmentation of food items
based on color, texture and a complexity measure; and 3) estimation of volume from food-
specific shape models. The food name and volume information was then used to estimate
energy and nutrient content from the Food and Nutrient Database for Dietary Studies
(FNDDS, a public domain database developed by the USDA).

The same research group as in [60] proposed a combination of graph cut segmentation
and deep learning neural networks to classify and recognize food items in [66]. The authors
further introduced a distance-based food portion estimation in which the distance between the
food image and the smartphone device was calculated using the accelerometer and magnetic
field sensors. To measure the distance, the authors used the reported height of the user. Next,
the energy content of food items was estimated incorporating the food portion information.

In recent years, the volume estimation technique has further improved with the
introduction of depth cameras. In [67] volume estimation of food intake was done by utilizing
a short-range depth camera. The depth image was acquired at the distance of 30 cm. The
depth image typically introduces noise. To solve the noise problem, the author proposed
bandpass filtering. The volume was estimated from the width and height of pixels relating to
camera distance. The estimated volume was then converted to mass using the specific gravity
function of each food item. The specific gravity functions of different food items were
approximated using linear, quadratic, or cubic functions. Next, the estimated mass
information was used to calculate the energy content of food items.

In [68] the authors proposed a method that measures the mass of foods using eating
tools (cutlery) such as a spoon, a fork, or chopsticks. Using the Hough transformation to

isolate features of shapes and canny edge detection, the system estimated the diameter and
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the height of the food container. The user was required to manually enter the food type to get
the mass estimation.

The authors in [69] proposed the use of digital food photography (DFP) in the
quantification of EI in a field setting. The study installed three DFP stations to capture pre-
and post-tray images. Later, multiple nutritionists estimated EI visually and compared the
estimation with the weighed record and standardized servings.

Most recently, the authors in [70], presented a novel approach to estimate the food
volume using image-based modeling. Six frames from a short video of meal consumption
were selected for analysis. Next, the user manually marked initial segments of food items in
one of the frames. Later, the final segmentation was done using a graph-cut algorithm. The
food model was developed using a point-cloud based image modeling algorithm. A fiducial
marker was used as size/ground reference alongside a 3D food model to estimate the volume
of food items.

Despite the improvement of computer vision systems and sophisticated image
analysis algorithms, an accurate and practical method has yet to be developed. Due to the
diversity of food, it is challenging to recognize every food item present in the image. The
variability of individual consumption leads to further complexity, making it difficult to offer

fully automatic and accurate EI estimation.

2.4.2.5 Wearable Devices - Sensors

Recent advances in wearable sensor technologies have shown great potential for the
estimation of EI. The development of technology has further allowed supplying rich
information about food intake by means of microstructure parameters such as eating episode

duration, rate of ingestion, chewing frequency, chewing rate, bite size and others [71]. These
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parameters can potentially help researchers to better understand eating behaviors which may
be associated with adiposity. The application of wearable sensors further reduces the burden
of self-reporting of EI, alleviating some of the problems of misreporting. It also offers
automatic detection of food intake events with minimal individual's active participation.
Several investigators have attempted to use wearable sensor devices for estimating EI in both
controlled laboratory settings and free-living environments. In this systematic review, nine
studies that estimated EI or El-related measures were thoroughly reviewed. Table 2-6 gives
an overview of the included studies and Table 2-7 a summary of each of the wearable sensor
methods for EI estimation.

The study of [72] demonstrated a method that can accurately detect food intake,
differentiate between liquids and solids, and estimate the amount consumed (ingested mass).
To predict ingested food mass, the investigators proposed separate mass models for solid and
liquid intakes. The mass model for solid foods was developed based on linear regression
against the measured weight of food using the total number of chews and swallows during
ingestion period. The liquid mass model used only swallows as predictor considering the fact

that liquids do not involve chewing.
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Table 2-6. Overview of Included Studies Using Wearable Sensor Based Approaches

Study

Sazonov
(2009)
[72]

Amft
(2009)
[73]

Liu
(2012)
[74]

Fontana
(2015)
[75]

Alshurafa
(2015)
[76]

Salley
(2016)
[77]

Mirtchouk
(2016)
[78]

Hezarjaribi
(2017)
[79]

Thong
(2017)
[80]

Sample
size

20
M: 11
F:9

30

20

280
M:132
F: 148

(total
30
meals)

30

NA

Age
Mean+SD
(range)

NA

20-35
years

NA

29412
(19-58
years)

20-40
years

29.7
years

NA

18-30
years

NA

BMI
Mean£SD

(range)

29.0+6.4
kg/m?

NA

NA

27.945.5

kg/m?

NA

25.36+5.1

8 kg/m?

NA

NA

NA

Notes: BW, body weight; NA, not available

Notes about subjects

Healthy
normal

Healthy
normal

Healthy
normal

Normal,
Overwei
ght
Obese

Healthy
normal

Normal,
Overwei
ght
Obese

NA

Healthy
normal

Healthy
normal

0
R
3
>
g
g
n
Lab
Lab
Lab
Lab
Lab
Lab +

free-living

Lab +
free-living

Lab +
free-living

Lab
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Estimated value

Amount
consumed

(®

Bite
weight (g)

Proportio
n of food
consumed

(%)
EI (kcal)

Food
types

EI per bite
(kcal)

Amount
consumed

(®

Energy
content

(kcal)

Energy
(KJ) and
carbohydr
ate (g)

Primary outcome measures

Detecting periods of food intake and
predicting mass of ingested foods

Bite weight prediction using food type
and chewing recognitions

Estimates the proportion of food
consumed using inter-image colour
histogram distances

Models based on counts of chews and
swallows to estimate EI

Distinguish between food types, such
as liquid and solid, hot and cold
drinks, and hard and soft foods.

Estimating EI in free-living
environment using bite count and
mean EI per bite

Food mass and food type estimation

EI estimation based on voice data

Quantitative prediction on food
nutrient contents, such as energy and
carbohydrate.



Study

Sazonov
(2009)
[72]

Amft
(2009)
[73]

Sensor used/sensor location

Miniature
microphon
c,
Piezoelectri
¢ strain
sensor

Ear-pad
chewing
sound
sensor

Table 2-7. Systematic Review of Wearable Sensor Based Method Towards EI Estimation

-
] <
g o
Q
S > o
e s
° & B 2
Zo & g
23 g
22 | g¢
- —
275 =
2 .5 @
e g
© &
= 5}
~’
Meal, Linear
solid and
liquids
/NA

Solid /3 Multiple
linear

~Z 8
. : 3t :
Estimated equation g E ‘g
°cz &
&} g 7
Mg = 0.5 (M5, X Ny + Mcygy Gr Average mass per swallow,
X Newew) Average mass per chew,
Number of swallows,
M, = Mk, X Ngy Number of chews
Mj : Predicted mass of solid food (g)
M3, : Subject’s average mass per swallow
of solid food (g)
Ngyy @ Total number of swallow for solid or
liquid food intake
Mgy : Average mass per chew (g)
Necygw : Total number of chews
M;, : Predicted mass of liquid food (g)
M, : Subject’s average mass per swallow
of liquid food (g)
Ry Ind Number of chewing event,
W; = ag + Z y Vig Chewing duration

k=1
W; : Bite weight prediction (g)

a : Food-specific coefficients found by a
least-square fit

v : microstructure variables

Ny : Total number of variables
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Mass estimation

N

Energy density estimation

N

Compared against*

WFR

WFR

Accuracy/
performance

Average accuracy of mass (g) model
for solid food intake : 91.79%
Average accuracy of mass (g) model
for liquid food intake: 83.76%

Food classification accuracy : 94%

Lowest mean weight (g) prediction:
19.4%

Largest mean weight (g) prediction:
31%



Liu
(2012)
[74]

Fontana
(2015)
[75]

Miniature
camera and
microphon
e

Throat
microphon
c,
Piezoelectri
¢ strain
sensor

Meal NA
Meal, Linear
solid and

liquids

/45

NA NA Sound features:
Energy entropy,
Short time energy,
Spectral roll-off, spectral
centroid, spectral flux,
spectral average of sub-
bands,
Zero crossing rate,
Peak gaps between energy
peaks.

Total mass ingested Ind Counts of chews and
swallows
Mr = Mg+ M;;

Mg = wy; X MPSwg X Ng, + w,
X (MPChew X cf)
X Nechews

M, = MPSw, .NL,;
N

El = Zmn .CD;
i

M7 : Total mass ingested (g)

M : Mass of solid food ingested (g)

M, : Mass of liquid food ingested (g)

wg : weight parameter for mass prediction
using number of swallows

w, : weight parameter for mass prediction
using number of chews

MPSws : subject's average mass per
swallow of solid food (g)

MPChew : subject's average mass per chew
(&

Ng,, : total number of swallows for solid
food intake

N pew © total number of chews

¢y : correction factor

MPSw, : subject's average mass per
swallow of liquid (g)

N&, : total number of swallows for liquid
intake

35

NA

WFR

Not specified

Best accuracy:

EI (kcal) model based on chews
counts

Reporting error (%):

30.42 +23.08



Alshuraf-

a
(2015)
[76]

Salley
(2016)
[77]

Mirtcho-
uk
(2016)
[78]

Hezarja-
ribi
(2017)
[79]

Thong
(2017)
[80]

piezoelectri
c
sensor

Hand
gesture
sensor

Motion
(head, both
wrists) and
acoustic
sensors
(customize
d earbud)

Audio
recording
in mobile

app

near-
infrared
(NIR)

scanner

Liquid,
solid, hot
and cold
drinks,
hard and
soft foods.
Meal
Solid,
mixed and
non-mixed
/1844

Meal
Solid,
mixed and
non-mixed
/ 1489
food and
285 drink
Intakes

Not
specified

Liquid

NA

Linear

Random
forest
40 trees

NA

Support
vector
And
Partial
least
square

my, : consumed mass for the distinct food
type i (g)

CD; : caloric density associated to the same
food type i (kcals/g)

N : total number of distinct foods types
consumed in the meal

NA

Estimated kilocalories

per bite = —0.128 X age + 6.167
X sex(females
=0) +0.034
X height + 0.035
X weight —12.012
X WHR + 22.294

age : Age in years

height : Height in inches

weight : Weight in Ib.

WHR : Waist-to-hip ratio

NA

NA

E[Y|X] = f(X,B);

E : Energy content (KJ)

X : an n X m matrix; n number of scans; m
number of absorption;

Y : observed values of

NA

NA

NA
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NA N N NA
Age, N N WFR
Sex,

Height,

Weight,

Waist to hip ratio

NA Y N WFR
Frequency domain features N N DB
(energy, fundamental

frequency

NA N N DB

Food type classification F-measure
90%

Mean estimation error:
-71.21+562.14 kcal

Food classes classification accuracy:
82.7%

Amount consumed (g)

estimation error: 35.4%

EI (kcal) accuracy: 92.2%

For energy, the prediction error is less
2 KJ.

For carbohydrate, the prediction error
is around 0.12 g.



energy (KJ) , carbohydrates (g) in food
samples;

f : Linear function

B : least square errors;

Notes: WFR: weighed food record; DB: Nutrition database/ Nutritional Fact labels
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The authors in [73] proposed an ear-pad chewing sound sensor to identify chewing
sequences during food intake and utilized microstructure variables extracted from chewing
events to predict bite weight. To develop the model, the method classified foods, detected
chewing events, and extracted microstructure variables (e.g. number of chewing events,
chewing duration, chewing speed). Using both microstructure variables from chewing events
and identified foods, a multiple linear regression model for bite weight was developed against
weighed food record. To select informative variables, stepwise regression was carried out.
Three different foods were selected for the study to evaluate the bite-weight model. The
investigators proposed that the bite-weight prediction may potentially assist in estimating EI
but did not actually provide these data.

In [74], the authors proposed a wearable sensor system consisting of a microphone
and camera. Audio features were extracted in real-time to detect the chewing activity. The
camera captured a video sequence for image analysis. Both time domain and frequency
domain features were extracted from audio signals and applied to an extreme learning
machine (ELM) classifier to classify chewing activity. The system further recognized food
content in the images based on color histogram features. The proportion of histogram
distances was used to estimate the consumed amount. The current version provided
information about the preference of food types and consumption speed.

The Automatic Ingestion Monitor (AIM) combined piezoelectric strain gauge sensors
for monitoring jaw motion, hand-to-mouth motion sensor, and body motion with a
smartphone application [81]. The sensor system has been validated in several conditions and
subject groups (both adults and infants) [82]—[85]. Recent publications suggested that the
sensor system on the eyeglasses can accurately detect the chewing and be used in

microstructure characterization [85], [86]. The study of [75], presented an EI estimation
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model from counts of chews and swallows. In laboratory settings, participants were asked to
consume their meals wearing the sensor system. Participants eating behavior was recorded
through a video monitoring system. Features extracted from sensors and video annotation
were used to build EI models. EI was then obtained by multiplying mass intake by the energy
density of the food item (obtained from food composition tables). The accuracy of EI
estimation was reported for each eating occasion.

The study of [76] demonstrated a necklace-like wearable system which can
potentially be used to monitor food and nutrient intake. The system included an embedded
piezoelectric sensor which can detect skin motion in the lower trachea during chewing. The
investigators proposed an algorithm based on time-frequency decomposition, spectrogram
analysis of piezoelectric sensor signals, to accurately distinguish between food types, such as
liquid and solid, hot and cold drinks, and hard and soft foods. The necklace transmitted data
to a smartphone, which performed the processing of the signals, classified the food type, and
provided visual feedback to the user to assist the user in monitoring their eating habits over
time.

The study of [87] presented the use of wearable sensors to detect hand-to-mouth
gestures and bite events. A wrist-worn “bite counter” device uses a gyroscope to detect hand-
to-mouth motion related to eating. Using the bite counter, in [77], the authors proposed a
multiple regression model to predict an individual’s mean kilocalories per bite using
anthropometric variables such as height, weight, age, sex, and waist-to-hip ratio regressed
against measured kilocalorie intake. The study also compared EI estimation accuracy with the
estimation made by the participants with/without prior knowledge about the energy content of

food items. The accuracy of EI estimation was reported for each eating occasion.
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The study of [78] proposed a multi-modal sensor system comprising of in-ear audio,
head and wrist motion sensors to accurately classify food type and estimate the amount
consumed. The authors applied features from audio and motion sensors to capture eating
activities. The study obtained data from healthy participants wearing audio and motion
sensors and used video observation as ground truth. Based on the features extracted from
audio and motion sensor, chewing and duration of intake were detected. To recognize food
type, the method trained a random forest classifier with 40 trees using all sensors variable. To
estimate the weight of the food, along with sensor features, annotation features were also
incorporated. A random forest regression with 40 trees was used to create the food weight
estimation model. The method achieved 82.7% food classification accuracy and 35.4%
absolute reporting error in mass estimation for 40 unique foods. Finally, the estimated
amount consumed was utilized to estimate energy content from food databases. The accuracy
of ingested mass was reported for each food items.

The study of [79] utilized voice to estimate EI and introduced a system called
‘Speech2Health’. The system included speech processing, natural language processing
(NLP), and text mining techniques. The voice data was first converted into text. By utilizing
standard NLP and pattern mapping algorithm, the text was matched to nutrition-specific data.
Finally, a matching algorithm was proposed to find the food name in the database and
compute the EI values. The accuracy of EI was reported for each food items.

Recently, the authors of the study [80] proposed a method of estimating the energy
and nutrients in food using a near-infrared (NIR) scanner. The scanner provides reflected
spectrum pattern from the scans of liquid beverage samples. Using the NIR spectra features,
support vector regression and partial least square regression models were developed to

predict the energy and carbohydrate contents of food.
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The use of wearable systems in estimating EI are increasing due to their potential for
capturing detailed characteristics of all ingestion events without creating a reporting burden
to the participant. Many of these are accurate in short-term studies in lab settings. However,
further evaluations among large populations in community-dwelling settings are needed

before their full utility and accuracy can be determined.

2.5 Discussion

The major goal of this review was to systematically explore the technology-driven
methodologies that estimate EI or El-related measures in humans. The systematic review
revealed that various technologies were developed for EI estimation. Detailed review of
selected methods revealed that each method has pros and cons and potentially needs further
improvement.

The intake-balance method uses the mathematical models of human EI and
metabolism to estimate EI. The study [19] proposed that the changes in EI over a period of
time in free-living conditions can be estimated with through frequent measurements of daily
BW, thus avoiding the need DLW/DXA scans and reducing the cost. Therefore, the intake-
balance method provides a low-cost EI estimation method. However, a limitation of the
intake-balance method is that the energy content of individual eating episodes, eating
behavior and dietary choices are not measured. On top of that, these methods cannot
objectively measure or estimate diet quality or eating behavior.

Technological advancement and the availability of smartphones made it possible for
the general population to easily capture images of eating episodes. The technology-driven
image-assisted methods further allowed portion size/volume estimation by a manual review

by a trained nutritionist or automatic image recognition algorithm. Food type recognition and
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amount consumed estimation can also be automatically done using image processing
algorithms [17], [56]-[59], [63], [65]-[67]. By utilizing the objective information from
images, several image-assisted methods have shown great promise in EI estimation. Despite
the advantages, the image-assisted methods are not free from issues that affect the
performance. The energy content of a food may be difficult to estimate from an image: the
type of food may be hard to identify, especially in mixed foods; foods of different energy
content may have a similar appearance (e.g. diet vs. regular beverages); foods may be
consumed from containers that obscure the food. A technological issue that affects most of
the image-assisted approaches [17], [56], [58], [59], [63], [66] is that these require a fiducial
marker to be placed in the image. The user has to carry the marker and remember to place it
in the image capture area as they eat, which might not be feasible. Another key challenge for
the implementation of image-based methods is the collection of data and complex analysis of
data. Several methods use computationally complex algorithms to recognize foods and
require high processing resources which are not generally available in clinical, rural, or third
world settings. It is very important to recognize the food items that are actually consumed
during the meal versus accurately estimate the leftover portions in order to measure EI. Apart
from that, uneaten food items should be identified as people may simply be looking at food
rather than eating it (e.g. in a restaurant setting, or eating in a group setting and looking at
other peoples’ food).

Development of wearable sensors for EI estimation has gained substantial attention in
recent years. The wearable sensors are capable of capturing information about eating
microstructure, which, potentially, may improve the accuracy of EI estimation by reducing
the participant burden and need for self-report of every eating episode. Another potential

advantage of wearable sensors is as a lower user burden compared with self-report methods.
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However, the performance of wearable sensors is dependent on user’s compliance with
wearing the device and the social acceptability of the sensor.

Overall, our findings suggest several important aspects for consideration. These
include how the studies reported the measure of accuracy, under what conditions the methods
evaluated the performance, statistical analyses involved in methods, and the use of nutrition
expertise in engineering literature.

We observed that the included studies either estimate EI or El-related measures such
as amount consumed/mass, portion size, volume, cumulative intake and food recognition.
The measures of accuracy for EI estimation in [55], [60], [62], [64], [75], [77], [79], [80], are
presented in terms of daily EI, meal/eating episodes EI and food item EI. On the other hand,
the methods proposed in [17], [57]-[59], [63], [65]-[68], [70], [72], [73], [76], [78] reported
accuracy of the estimation of El-related measures such as amount consumed, volume, energy
density, food recognition. Lastly, the methods presented in [19], [48], [56], [61], [69], [74]
did not specify accuracy. The accuracy of any method is largely dependent on the study
population, size of the dataset, set of foods present in the dataset, the study environment
(laboratory or free-living), and the standard of comparison against which accuracy is
evaluated. The best accuracy for EI estimation was reported in [64] as only 6% reporting
error for food items EI. However, the study only included 19 types of food items in a
controlled setting. Under free-living environment conditions, one can expect a large variety
of foods, so the method needs to be validated under such conditions. Another study in [62]
obtained 89% accuracy in estimating the energy content of just on one food item. The
average accuracy of the method in [79] in energy content estimation for 30 participants was
92 % under lab conditions. However, the food types and number of food items used for the

study were not specified. For food classification, the best accuracy was claimed in [66] where
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the authors obtained 99% accuracy for 30 food items. In the case of volume estimation, the
study [70] obtained the highest accuracy of 92% considering 10 food items. Therefore, it is
imperative to test the robustness of methods using real-life conditions where the system will
encounter a variety of food items presented in different settings and using different
containers/serveware.

Most of the studies reviewed were restricted to laboratory settings only. However,
ensuring the robustness of the EI estimation method demands consistent performance in the
free-living environment. The laboratory setting often lacks realism due to unnatural eating
behavior [88] or potential behavior change, limited food items, mixed meals, eating in
groups, etc. Depending on the study setting, an individual can consume meals fast/slow, skip
meals, and/or take pauses between different parts of the meal to talk, etc. Therefore,
laboratory experiments might not reflect real life in the free-living environment. Due to the
controlled laboratory setting, many methods obtain a high degree of accuracy. Indeed, if a
study is to be conducted in the laboratory, the gold standard of weighed food records which
are inexpensive should be utilized.

In this review, the methods presented in [55], [56], [63], [77]-[79] conducted their
study both in the laboratory and free-living conditions. In [55], the free-living EI was -152 +
694 kcal/day compared to weighed food record, whereas in [77], the same method estimated -
71.21 £562.14 kcal/meal. The study [64] claimed the best accuracy of EI estimation of 94%,
however, the study setting was not specified. It can be summarized that realistic assessment
needs to be done in the free-living environment.

The use of statistical analysis is also important when reporting accuracy. To realize
the degree of error, the statistical analysis needs to be applied to explore how good the

estimation is compared to relevant reference/gold standard. In a study [55], the validity of the
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method was tested by comparing weighed EI to estimated EI using Bland-Altman analysis.
Similarly, the study [75] analyzed Bland-Altman plots when evaluating the accuracy of the
method with respect to weighed food record. A paired samples t-test was used in the study
[77] to compare mean EI estimation between the proposed method and participants’ self-
report. However, the remainder of the other studies lack or contain only cursory statistical
analysis. In future, authors must substantiate their results using properly designed statistical
analysis.

A common observation is that very few studies list a nutritionist/dietitian as one of the
co-authors. Quite frequently, this leads to using of incorrect terminology, lack of proper
evaluation methods and overstated claims. Of the reviewed studies, only 10 studies [17], [48],
[49], [59], [64], [65], [69], [74], [75], [83] of the 29 (34%) listed had at least one nutritionist
as a co-author. One of the recommendations based on this review is that the authors should
seek collaboration within the community and strive to achieve sound engineering and
nutrition science in publications.

While some of the methods show great promise under certain circumstances,
objective, accurate and cost-efficient methods for estimating EI are yet to be developed. Such
methods must provide 1) good accuracy in free-living conditions with large sample sizes in
multiple studies and populations; 2) accurate recognition of a variety of food items, analysis
of ingested mass, nutrient and energy contents of consumed foods with minimal effort; 3)
characterization of food intake with minimal effort from the user; and 4) appropriate and

rigorous statistical analysis.
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2.6

Conclusions

This systematic review explored the technology-driven EI estimation methodologies

proposed in the past two decades. Currently, there have been a range of methodologies

estimating EI and related aspects such as food type recognition, amount consumed

estimation, and portion size estimation. Each of the methods has its advantages and

disadvantages. Due to the challenges and limitations existent in current methods, new

methods are greatly needed for accurate EI estimation. In addition to developing new

methods, improvement of existing energy estimation methods is also needed. Future works

should be focused on exploring combining different approaches to accurately quantify EI.
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CHAPTER 3
MEAL MICROSTRUCTURE CHARACTERIZATION FROM SENSOR-BASED FOOD
INTAKE DETECTION

Published: A. Doulah, M. Farooq, X. Yang, J. Parton, M. McCrory, J. Higgins, E. Sazonov,
“Meal microstructure characterization from sensor-based food intake detection” Frontiers in
Nutrition, 4, 31.
Abstract

To avoid the pitfalls of self-reported dietary intake, wearable sensors can be used.
Many food ingestion sensors offer the ability to automatically detect food intake using time
resolutions that range from 23 ms to 8 min. There is no defined standard time resolution to
accurately measure ingestive behavior or a meal microstructure. This paper aims to estimate
the time resolution needed to accurately represent the microstructure of meals such as
duration of eating episode, the duration of actual ingestion, and number of eating events.
Twelve participants wore the automatic ingestion monitor (AIM) and kept a standard diet
diary to report their food intake in free-living conditions for 24 h. As a reference, participants
were also asked to mark food intake with a push button sampled every 0.1 s. The duration of
eating episodes, duration of ingestion, and number of eating events were computed from the
food diary, AIM, and the push button resampled at different time resolutions (0.1-30s).
ANOVA and multiple comparison tests showed that the duration of eating episodes estimated
from the diary differed significantly from that estimated by the AIM and the push button (p-
value <0.001). There were no significant differences in the number of eating events for push

button resolutions of 0.1, 1, and 5 s, but there were significant differences in resolutions
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of 10-30s (p-value <0.05). The results suggest that the desired time resolution of sensor-
based food intake detection should be <5 s to accurately detect meal microstructure.
Furthermore, the AIM provides more accurate measurement of the eating episode duration

than the diet diary.

3.1 Introduction

An accurate understanding of dietary habits necessitates tracking of the dynamic
process of each eating episode, known as meal microstructure (1-3). Meal microstructure
includes factors such as eating episode duration (the duration from the start of the meal to the
end including pauses), duration of actual ingestion (time spent eating in a given eating
episode), the number of eating events (a bite, potentially followed by a sequence of chews
and swallows), rate of ingestion, chewing frequency, chewing efficiency and bite size (4).
The meal microstructure is directly related to the ingestive behavior of individuals.
Therefore, the study of meal microstructure may potentially yield new insights in the
treatment of obesity and

comorbid conditions. An accurate method of monitoring food intake is necessary to capture
meal microstructure and provide a better understanding of eating behaviors. Further, such
methods could potentially facilitate novel methods to reduce caloric intake and/or provide
more effective self-assessment and feedback tools for those on a calorie restricted diet (5).

A wealth of preclinical data exists illustrating the importance of meal microstructure
to caloric intake and weight control in animal models [6]-[8] but detailed human studies are
rare. Among the few human studies that do exist, there are demonstrated differences in meal
microstructure in obese versus lean people, men versus women, and among individuals in

various states of health [9]-[11]. Furthermore, larger food portion sizes have been shown to
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increase bite size and eating rate, leading to higher caloric intake in overweight women [12].
In another study, eating the same meal slowly vs quickly increased energy expenditure via
the thermic effect of food (TEF), and improved metabolic parameters [13]. However, there
are currently no free-living data from clinical studies which inform how these changes might
affect caloric intake and weight control.

The scarcity of human data with regard to meal microstructure may be related to the
difficulty of obtaining accurate data, especially in a community-dwelling situation, in which
dietary intake and meal microstructure fluctuate more than in a controlled laboratory setting.
Traditional methods of assessing dietary intake such as food frequency questionnaires, diet
records, and 24-hr dietary recall rely on self-report by participants (14—16). The self-reporting
errors may be up to 50% of estimated intake, resulting in inaccurate assessment which may
impact medical diagnosis or dietary interventions (17). The primary causes for inaccuracy in
self-report include under or over reporting of all food items consumed and poor estimation of
portion consumed. In addition, there is a possibility of a change in the eating behavior of
individuals when they know they are being observed (18). Furthermore, traditional self-report
methods do not provide important information about meal pattern/microstructure such as the
number of bites or eating rate (19).

In an effort to monitor food intake behaviors, wearable sensor systems which
integrate different sensor modalities have been proposed. Most of these methods use sensors
that measure behavioral manifestations of eating, such as hand-to-mouth gestures, bites,
chews, and swallows (20). Various approaches have been used, including an oral strain gauge
sensor to measure tongue pressure and flexing during chewing (21), an ear-pad sound sensor
to capture air-conducted vibrations while chewing (22), miniature microphones in the outer

ear canal to capture chewing (23), an acoustic sensor worn around the neck to detect sounds
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made by the user’s mouth and throat while eating (24), a combination of a 3D gyroscope and

3 proximity sensors worn in an earpiece to measure ear canal deformations (25), a watch-like

sensor (Bite Counter) to track wrist motion during hand-to-mouth gestures (26), a textile

capacitive sensor worn as a neckband which detected swallowing and physical activity (27), a

3-axis accelerometer worn as a smartwatch to detect hand-to-mouth gestures (28), a

piezoelectric sensor-based microphone to assess chewing and swallowing sounds (29) and

others. Signal processing and pattern recognition algorithms interpret the sensor signals to

recognize food intake, often after segmenting the sensor signals into time intervals, or epochs,

of fixed duration. The food intake recognition algorithm processes the fragment of the sensor

signal within a given time interval and assigns it a label “food intake” or “not food intake.”

Thus, the duration with which the sensor signal is segmented in turn determines the time

resolution of food intake detection. Table 3-1 lists the studies mentioned above with

respective time resolutions.

Table 3-1. Overview of Food Intake Detection Related Literature with Sensor Time
Resolution

Study

Pabler et al.[23]
Amft et al.[22]
Yatani et al.[24]
Dong et al.[26]
Rahman et al.[29]
Sazonov et al.[31]

Farooq et al.[35]

Bedri et al.[25]
Stellar et al. [21]

Thomaz et al.[28]

Sensor/Device

Miniature microphone
Acoustic sensor

Acoustic sensor

Inertial sensor
Piezoelectric sensor
Acoustic sensor
Piezoelectric strain sensor
and accelerometer

3D gyroscope, proximity

Oral strain gauge

Inertial sensor
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Signal

Body sound
Chewing sound
Body sound

Arm movement

Chewing, swallowing

Swallowing sounds

Chewing and physical activity

Ear canal deformations

Tongue Pressure and flexing

during chewing

Arm movement

Time
resolution
23 ms

125 ms
186 ms

Is

1s—5s
1.5s

3s

5s

Chart speed
5 s/inch

6s



Sazonov et al.[32] Piezoelectric strain gauge Chewing 15s, 30s, and

60s
Sazonov et al.[30] Sensor Chewing and  swallowing 30s
frequency
Fontana et al.[33] Piezoelectric strain gauge Jaw motion 30s
Farooq et al.[34] Electroglottograph Swallow 30s
Cheng et al.[27] Textile capacitive sensor Swallow, swallow frequency and 1.5 min — 8
physical activity min

Our group has been developing systems to characterize food intake behavior by non-invasive
monitoring of swallowing and chewing [30], [31]-[33]. In an earlier study [30], we proposed
detection of food intake based on chewing and swallowing frequency. The instantaneous
swallowing frequency was averaged over a sliding window of 30 s. In another study, the
automatic detection of food intake was based on swallowing sounds using a high fidelity
microphone placed over the laryngopharynx [31]. The sound data were segmented into a
series of overlapping epochs (375 ms, 750 ms, 1.5 s, 3 s) with the 1.5 s epoch demonstrating
the highest recognition accuracy. We then explored swallowing detection with an
electroglottograph using epochs 30s in duration [34]. We have also proposed non-invasive
monitoring of chewing using a piezoelectric strain gauge sensor [32]. Three different time
resolutions (15 s, 30 s, and 60 s) were evaluated to determine an appropriate window size for
the detection of food intake with the 30 s resolution being most accurate. Recently, we
presented and validated a novel wearable sensor system (Automatic Ingestion Monitor, AIM)
for detecting food intake in community-dwelling conditions [33] by monitoring jaw motion.
In that study, we used 30s windows to recognize food intake. More recently, we modified the
AIM to monitor the deformation of the temporalis muscle during food intake [35]. In that

study, the food intake was recognized with 99.85% accuracy and a time resolution of 3s.
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Thus, we have established that the AIM detects food intake with a high degree of accuracy,
but we have not yet determined which time resolution will provide the greatest accuracy in
estimating the meal microstructure.

The purpose of this study was two-fold: (1) to characterize meal microstructure,
including duration of eating episodes, duration of actual ingestion, and number of eating
events in community-dwelling healthy young adults using the AIM, and (2) to determine the
optimal time resolution for doing so. The recommendations on time resolution may be used
in future studies to accurately evaluate the practical capabilities of existing and emerging

methods of food intake detection.

3.2 Methods

3.2.1 Data Collection

Experimental data were collected from a total of 12 participants (6 male, 6 female)
with mean age 26.7 y (SD + 3.7) and mean body mass index (BMI) 24.4 kg/m? (SD =+ 3.8).
No individuals reported any medical condition that would affect normal food intake. All
participants read and signed an informed consent document before the start of the experiment.
The study was approved by the Internal Review Board at The University of Alabama. Each
participant was asked to wear the sensor system (AIM) for a 24-hr period where food intake
was ad libitum. During the experiment, participants were able to perform daily living
activities without restrictions.

The AIM consisted of data collection module, worn on a lanyard around the neck and
had interface for 3 different sensors:

a) Jaw motion sensor - to detect the characteristic motion of the jaw during

chewing (32,36). This sensor was attached directly below the ear using medical adhesive.
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b) Hand gesture sensor - to detect hand-to-mouth gestures associated to bites. It
consisted of a radio frequency transmitter worn on the inner side of the dominant arm and an
RF receiver on the data collection module operating in radio-frequency identification band of
125 kHz.

C) Tri-axial accelerometer - to detect body acceleration. This sensor was located
in the data collection module.

d) Push button - as the reference method for reporting food intake. The accuracy
of the push button report was tested in a controlled lab study (37) against video observation.
The participants were asked to hold the push button in the non-dominant hand.

Sensor signals were acquired by the data collection module at a 1 kHz sampling
frequency. All sensor signals were quantized with 12-bit resolution and transmitted via
onboard Bluetooth to an Android smart phone. Apart from wearing the AIM, participants
were also asked to keep a paper food diary noting the start and end times of each eating
episode, what foods and beverages were consumed.

Participants were instructed to press the push button at the start of every bite of solid
or semi-solid food or the start of a chewing episode. The button was held down for the
duration of chewing and released at the end of the chewing episode. The button was also used
to report beverage intake by pressing and holding the button for the duration of the beverage

ingestion episode.

3.2.2 Food Intake Detection

Three different methods were used in this study to monitor food intake and meal
microstructure: the food diaries, AIM and push button. In the diary-based method, the food

intake information was directly obtained from the completed food diaries. To detect the food
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intake using the AIM, a feature extraction algorithm and classification model developed in
[33] was used. The model automatically recognized food intake with 30s of resolution from

AIM sensor signals.
3.2.3 Meal microstructure analysis

The microstructure parameters of each eating episode were assessed from the food
intake indicated by the methods described in Section 2.2. An example of a single eating
episode assessed by each of these methods is shown in Fig. 3-1.

The microstructure parameters extracted from the diary, AIM and push button were:

Number of eating events (N), defined as the number of active ingestion segments in an
eating episode (meal). The number of eating events for food diary (Np) was always 1. The
number of eating events for button and AIM were represented as Ns and Na respectively.

Eating episode duration (Dkk), the duration between the start and stop times of eating
episode, including segments without food intake. In the case of the food diary, the difference
between the reported start and stop times was defined as the eating episode duration (DEgeb).
The computation of duration from the AIM and the push button (Dgea and Dees) used the
algorithm described below.

Duration of actual ingestion (D1), the duration of actual eating (subtracting any non-
eating segments) within an eating episode. In the case of the food diary, the duration of actual
ingestion (Dip) was the same as eating episode duration (Deep). The duration of each i-th

atomic eating event for push button and AIM were expressed as ai and Bi as shown in Fig. 3-1

Ng

and durations of actual ingestion were computed as, D;5 = Z?’:Bl a; and D = Y. 4 B;.
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Figure 3-1. An eating episode reported by (A) the food diary, (B) AIM and (C) push button.
The a; and f3; represent the duration of individual eating event for push button and AIM
respectively. The Deep, Deea, Dees represent the eating episode duration from food diary,
AIM and push button respectively.

The computation of Deea and Dees required determination of the boundaries of the
eating episode. As shown in Fig. 3-1, eating episodes may have had pauses and/or breaks
within the meal that needed to be “smoothed” for the estimation of duration. To smooth the
signal, a function called ‘kernel’ is employed to compute the average of the neighboring data
points. In this work, a smoothing kernel with the shape of a Gaussian (normal distribution, ¢
= standard deviation) curve was used on the AIM and push button. The food intake detection
by AIM was performed on 30s intervals. To determine the suitable width of the kernel, the o

values from 1 to 6 (detection intervals) were tested. The optimal width was found to be at ¢ =
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5 (150s). Then, the start and end points of each eating episode were determined by the
intersection of the original and Gaussian-smoothed signals as shown in Fig. 3-2. The duration
between A and B was defined as the eating episode duration. A script was written in

MATLAB (Mathworks Inc., Natick, MA) to compute all durations.
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Figure 3-2. Determination of the duration of eating episode by using a Gaussian kernel
function. The intersection of the original and smoothed signals provide the start time (point
A) and end time (point B) of the eating episode. The duration of the eating episode is
computed as the difference between time at points B and A.

3.2.4 Analysis of the time resolution

The signal from the push button reported food intake with the best time resolution
(0.1s) was used for the analysis of the optimal resolution to capture meal microstructure
parameters. Different time resolutions can be used to best characterize different aspects of
meal microstructure. For example, chewing events can be captured in short time resolution of
3s. On the other hand, the detection of swallowing may need a window of as long as 30s. We
investigated a range of time resolutions in capturing the microstructure parameters. To test a
range of time resolutions representative of methods in Table 3-1, the push button signal was

resampled with progressively longer window sizes (1s-30s, representing the range of
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detection intervals reported in the recent literature) using a resampling algorithm [38]. The
microstructure parameters were then computed from the resampled signal and tested for

equality using the statistical analysis described below.

3.2.5 Statistical Analysis

Statistical analysis was performed with SAS 9.0 (SAS Institute, Cary NC, USA) and
Matlab 2015 (Mathworks Inc., Natick, MA). Differences in Dee and D1 computed from the
AIM, diary, and push button at time resolutions 0.1s-30s were analyzed with a linear mixed
model with the participant as a random factor. If the mixed model showed a significant
difference among methods, Tukey-Kramer post hoc multiple comparisons analysis were
performed to determine which methods differed from each other. Data for the Ns at different
time resolutions were analyzed by one-way repeated ANOVA to determine whether different
time resolution yielded differing results. Since the parametric method did not pass the
residual diagnostic criteria, a nonparametric Friedman test method was adopted for repeated
ANOVA. If the ANOVA results were significant, Tukey-Kramer post hoc multiple
comparisons test was performed to determine which time resolutions differed from each
other. To assess the relative bias (mean difference) and random error (1.96 SD of the
difference) between methods, the Bland and Altman plots [39] were investigated. Statistical

significance was assumed at p-value < 0.05.

3.3 Results

In the study, out of the 12 participants, 4 participants did not provide timely
information for the start and end of the eating episodes in the food diaries. For the remaining

8 participants, 23 eating episodes had complete time information (based on the dairies),
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whereas 6 eating episodes had partial time information (e.g. only start time and no end time)
and therefore only 23 eating episodes were included in the analysis. The mixed model
showed that there were statistically significant differences in meal microstructure between the
food diary, the AIM, and the push button. Multiple comparison analysis showed that the Dee
and Di from the food diary differed significantly from the AIM (p< 0.001) and the push
button (p-value < 0.001), but the AIM and push-button results did not differ from each other
(Fig. 3-3A). Participants’ self-reported meal durations from the food diary were significantly
over-reported in comparison to the AIM and the push button (Fig. 3-3B). The Bland Altman
analysis in Fig. 3-4, shows good agreement between the AIM and push-button methods but
poor agreement between the diary and other methods. With regard to eating episode durations
in Fig. 3-4(A-C), the limits of agreement between the AIM and the push button were
narrower compared to the limits of agreement between the diary and the push button and the
diary with the AIM. A similar narrow range of limit agreement was found for actual ingestion
durations shown in Fig. 3-4(F).

The narrow degree of dispersions in the distribution of Dig and Dia compared to Dees
and Deea respectively indicate that the D is significantly smaller than the measured Dee from
boundaries (Fig. 3-5).

Results of the non-parametric Friedman test shows that at least two N computed from
different resolutions of the push button method were significantly different (p-value < 0.05).
Post hoc Tukey-Kramer test demonstrates that the Ns showed no significant differences for
the high resolutions (0.1s, 1s, 5s) and exhibited differences for low resolutions (10s-30s; Fig.
3-6A). The results also indicate that the low resolutions (e.g. 15s) exhibit no significant
differences for low resolutions (10s-30s) but significant differences for high resolutions (0.1s,

1s, 5s). Fig. 3-6B demonstrates the box-plot distributions of N at different resolutions. For
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low resolutions, the Ns begin to exhibit small mean with compact distributions indicating the

loss of meal microstructure information.
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Figure 3-3. Duration across all eating episodes. (A) Eating episode duration. (B) Duration of
actual ingestion.
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Figure 3-5. Box plots for measured durations of eating episodes (measured by push button -
Dees, and AIM - Degea) and ingestion (button - Dis, AIM - Dia) at various time resolutions.
(A) push button at 0.1s resolution and AIM at 30s resolution (B) push button at 30s and AIM
at 30s resolution. The red line indicates the median. Upper and lower whiskers show the
minimum and maximum changes within 25th and 75th percentile, respectively. Lower and
upper horizontal blue lines (on the box) indicate 1st and 3rd quartile. Data points outside of
the box are labeled as "outliers" and shown with a red cross.
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Figure 3-6. (A) Post hoc Tukey-Kramer test for the number of eating events from push button
at different resolutions; The mean of Ns for each time resolution is represented by the symbol
‘0’. The letter ‘a’ at the line indicates that the N are not significantly different whereas the
letter ‘b’ indicates the Np are significantly different. (B) Distribution of Ns at different
resolutions; Data points outside of the box are labeled as "outliers" and shown with a red
Cross.
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34 Discussion

In this study, we compared the assessment of meal microstructure parameters between
food diary, a wearable sensor (AIM) method, and a reference push button. In an effort to find
a standard time resolution of food intake detection, we also provided an analysis of time
resolution that may be used to accurately evaluate meal microstructure parameters. The major
findings suggested that compared with the push button (reference method), the AIM sensor
provided more accurate meal microstructure information relative to the food diary.
Furthermore, we found a sensor time resolution of 5 seconds was adequate to evaluate the
meal microstructure parameters. These findings imply that to characterize meal
microstructure, the AIM sensor-based dietary assessment method would be preferred over
traditional food diary. Moreover, a sensor time-resolution of < 5 seconds should be used in
future studies to best characterize meal microstructure using the sensor technologies.

Meal duration has significant effects on the total energy consumed [40], thus, accurate
estimation of the meal/eating episode duration and duration of actual ingestion are very
important for understanding eating behavior. We observed that the food diary over-estimated
the eating occasion duration for most of the eating episodes compared with the AIM and
reference method. One potential reason for the difference is the inherent reporting error of
self-reported food diaries. On the other hand, the AIM does not depend on self-report,
therefore, one would expect the AIM to be more accurate compared to the food diary. Bland-
Altman analysis showed that the estimated durations from AIM had the lowest relative bias
and the narrowest limit of agreement with the push button compared to the food diary. These
findings demonstrate that the AIM could provide more accurate information about the eating
episode duration and actual ingestion duration in comparison to the food diary. In addition,

AIM could potentially offer information about the within meal behavior by examining meal
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microstructure. Therefore the results suggest that unlike the food diary, the AIM can
potentially detect the process of food ingestion and measure microstructure parameters
without creating a reporting burden for the user. The AIM can potentially offer a further
characterization of the ingested foods analyzing the microstructure parameter which is not
possible from food diary. An illustrative example is duration of actual ingestion vs. duration
of the eating episode. Even the best modern electronic diary is not capable of assessing the
actual time spent eating and time spent in other activities during a meal. Use of sensor
technology allows to measure these microstructure parameters and potentially use them as a
metric in comparing food intake in different individuals.

Our findings suggest that the duration of actual ingestion was significantly lower than
the eating episode duration because an eating episode typically consisted of several eating
events and intra-meal pauses. These pauses can be short or long depending on individual
eating habits or surroundings and could lead to substantial differences between eating episode
duration and actual ingestion duration. The distributions of Dig, and Dia were significantly
compact and lower than the distributions of Dees and Dgga (Fig. 3-5). It is also evident that
there was no significant difference between the median lines among respective time
resolutions which implied that AIM could accurately estimate the duration of ingestion even
with longer, 30s resolution. To provide a comparison with the same resolution, push-button
signals was resampled and durations were computed (Fig. 3-5B). The Dees at 30s resolution
exhibited compact quartile ranges compared to Dees at 0.1s. The median lines of both Dees
and Dia at 30s started indicating small difference with the median lines of Deea and Dia at
30s. A potential reason could be the resampling of push button to 30s that reduced the

number of eating events with each eating episode.
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The use of a range of time resolutions of the sensor (1s — 30s) was important because
it represents the state of the art in sensor detection of food intake reported in recent literature.
A part of reason is that the selection of time resolution for a given sensor is dependent on the
physical phenomena being captured. For instance, the short duration may better capture the
microstructure properties of food intake, but the time resolution may be limited by the nature
of the physiological process used for detection of food intake. When using swallows to detect
food intake, the ingestion is manifested as an increase in swallowing frequency from
approximately 2 swallows per minute to >4 swallows per minute, thus limiting the time
resolution to approximately 30 s [30]. Chewing has a frequency of 0.94-2Hz and therefore
may employ a time resolution (otherwise known as detection window) as short as 3 s [35].
Chewing sounds occur mostly in the range 1 kHz—2 kHz [41] and therefore, detection
windows as short as 23 ms [23] were reported for the sounds. The study of [42] reported that
consecutive bites are separated by 5-15s for foods with different levels of palatability. In
general, longer detection windows include more physiological events of interest (chews,
swallows, etc.) and, therefore, may provide a higher accuracy compared to shorter detection
windows. Thus, there is a potential tradeoff between optimal time resolution and the accuracy
of food intake detection, which in turn has an impact on the accuracy of representing the meal
microstructure. Results demonstrate that the time resolutions of 10s-30s indicated small Ns
with compact distributions and resolutions of 0.1s-5s indicated comparatively spread
distributions with large Ns. Therefore, it can be inferred that the time resolutions of 0.1s-5s
describe the meal microstructure accurately.

In the AIM sensor module, the jaw motion sensor signals were analyzed by means of
chew detection to monitor food intake. The signals were divided into non-overlapping

segments of 30s due to the historical reasons of the technology development. However, the
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analysis of Ns suggested that the desired time resolution of sensor-based food intake

detection should be <5s to preserve the meal microstructure. Such window duration is
potentially supported the frequency range of chewing (1.25-2.5 Hz) and use of shorter
detection windows for detection of chewing by the AIM will be explored in the future.

The major strengths of this study were the performance comparison between the food
diary and AIM, and finding out a potential time resolution to capture meal microstructure by
sensor-based methods. A limitation of this study was utilizing the push button as the
reference method for assessing the microstructure of a meal. There is a possibility that using a
handheld pushbutton might change the eating behavior of the participants as one hand is
occupied by the button. While the button may have imposed some changes in hand use, many
foods is consumed with one hand only. This is especially true for quick ingestive events, such
as grabbing and consuming a small food item. Therefore, we believe that the microstructure
captured in this experiment is representative of real-world eating. The participants may also
press or release the button accidentally and misreported the intake. While such errors are
possible, hand button is arguably is one of the best ways to assess eating microstructure in
free living. As our experience shows, the quality of video annotation of eating microstructure
degrades greatly in conditions close to free-living due to the difficulties in interpretation of
complex ingestive behaviors (e.g. eating while talking). Great hand dexterity of humans (for
example, demonstrated in complex button press combination in computer work and gaming)
combined with self-perception (“feeling”) of the ingestion process allows for accurate
representation even of transient events such as swallowing [37]. As a potential alternative to
handheld button, a foot pedal may potentially be utilized to record the ground truth so that the

participant can use both hands while consuming the food. Further studies will need to involve
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more participants and a larger number of eating episodes. The future work should also

investigate more complex microstructure parameters such as eating rate.

3.5 Conclusion

Precise characterization of microstructural properties of a meal is a key to capturing
of accurate eating patterns using sensor-based methods. Results suggested that the duration of
the eating episodes estimated from food diaries was significantly different from the duration
estimated by the AIM and pushbutton and furthermore, that the AIM is more accurate that
food diaries. Based on this work, the desired time resolution of sensor-based food intake

detection should be <5s to adequately document the meal microstructure parameters.
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CHAPTER 4
CLUSTERING OF FOOD INTAKE IMAGES INTO FOOD AND NON-FOOD
CATEGORIES

Published: A. Doulah, E. Sazonov, “Clustering of Food Intake Images into Food and Non-
Food Categories” In: Rojas I., Ortufio F. (eds) Bioinformatics and Biomedical Engineering.
IWBBIO 2017. Lecture Notes in Computer Science, 2017, vol 10208. Springer, Cham.
Abstract

For dietary assessment, food images could be useful to identify foods, portion sizes
and estimate calorie in meals, either by human nutritionists or through image recognition.
Images captured by a wearable camera during eating may include both food and non-food
images. To avoid reviewing each image, only informative food images should be included in
the analysis and non-food image should be discarded. This study proposed a methodology
for clustering of food images into food and non-food groups based on histogram matching,
without explicit recognition of the image content. Data was collected from 7 participants
wearing an eyeglasses camera. A total of 10 meals were recorded at the sampling rate of 5 s,
yielding a total of 1077 images. Each image was labeled by a human rater as a food or non-
food image. Histogram matching with Bhattacharyya distance was applied to form a
similarity matrix for extracted images from each meal. Both k-means and affinity propagation
(AP) algorithms were investigated to cluster the images. Results show that the overall
average food image clustering accuracy in respect to human annotation for 10 videos was
0.93 £0.04 for AP and 0.90 + 0.03 for k-means. Similarly, overall average non-food image

clustering accuracy was 0.81 £ 0.06 for AP and 0.70 + 0.09 k- means method.
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4.1 Introduction

The dietary assessment methods aim to provide an accurate estimation of foods
consumed, portion size and calorie intake. To alleviate problems associated with self-
reported food intake, various methods of dietary monitoring have been proposed ranging
from digital diaries with food images to wearable on body sensors. The technological
advances in computer vision allowed the introduction of image/video analysis for diet
assessment [1]. Typically, a food imagery based method acquires images before, during and
after a meal using a wearable camera or a mobile device. The food images can be analyzed
to identify different foods, their portion sizes and nutritional content. In early studies, image
analysis was performed by human nutritionists. The study of [2] proposed an approach called
the Remote Food Photography Method where the participants submit food images to a
nutritionist for the analysis of energy intake estimation. Recently, by utilizing crowdsourcing
technique, an application called PlateMate [3] estimated nutrition information from food
images provided by users. The crowdsourcing used non- professional nutritionists to assess
energy and nutrient content of food from digital images.

Recently, automatic image recognition gained popularity in identifying and
quantifying food images. Typically, a set of features from the images are extracted and fed to
a classifier to recognize various food items. Several methods have been proposed to
recognize foods in the image via supervised and unsupervised machine learning techniques.
A food recognition application was developed in [4] for the classification of fast-food images
into four classes. The study extracted color (normalized RBG values), texture (local entropy,
standard deviation, range) and context-based features from images and fed to the artificial
neural network for food recognition. The study of [5] applied a support vector machine

(SVM) classifier for the recognition of nineteen classes of foods utilizing a set of color (color
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components and pixel intensities) and texture (responses from Gabor filter) features. In [6], a
simple Bayesian probabilistic classifier was used to match images of food items to offline
food database containing images of homemade foods, fast-food and fruits. The authors used
scale invariant feature transform (SIFT) features and clustered the features into visual words
before feeding the classifier. The study of [7] proposed a pairwise classification method that
uses the user's speech input to improve the food recognition process. The recognition method
incorporated the use of color neighborhood and texton histogram features, Adaboost feature
selection and SVM classifier. In [8], the authors created a database of fast-food images and
videos in an effort to make a benchmark for food recognition. Based on color histograms and
SIFT bag features, the proposed methods were evaluated for seven fast-food classes. In [9], a
multiple kernel learning based food recognition method was proposed utilizing the bag of
scale invariant feature transform, Gabor filter responses, and color histograms features.
Recently, the study of [10] proposed automatic food recognition based on bag of features
with support vector machine classifier. A mobile user interface was proposed in [11] that
utilizes a client-server image recognition and portion estimation software to estimate calorie
content. Some major potential hurdles in the automatic approach are to determine exact
portion size and accurate food recognition. Apart from that, the accuracy of automatic
recognition of a great variety of foods is still suboptimal. The image capture by mobile
devices such as smartphones requires active participation by the person being monitored [2].
Such images are typically taken before and after a meal and are likely to contain clear images
of the food and the leftovers. Image captured by wearable cameras does not require the active
participation of the person being monitored and thus potentially reduces the user burden [12].
However, wearable cameras capture many images that may contain non-food items.

Therefore, a method that could separate food images and non-food images is needed. In this
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paper, an approach is proposed so that only informative food images can be included in the
analysis and non-food images can be discarded. We propose to use the histogram of color
textures features directly to find similarities between food images and non-food images. A
pairwise matching algorithm compared the meal images and created a similarity matrix for
the image collection. Two different unsupervised clustering techniques were investigated to
identify groups of food image/non-food images within a meal. The performance

demonstrated the potential of image grouping without recognition.

4.2 Subject and Methods

Fig. 4-1 shows the flow diagram of the methodology of the proposed system. The

following subsections describe each step in detail.
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Figure 4-1. Flow of processing.
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4.2.1 Data collection and annotation

The first step involved the recording of meal videos with a wearable camera. The
camera was attached to the eyeglasses so that the images would contain most of the food
items in food plate/bowl. A total of 7 subjects were recruited for the study. During the visit,
subjects were asked to wear the camera during food consumption at breakfast, lunch or
dinner. A total of 10 meal videos were recorded at 30fps and each meal duration was about
10-15mins. The second step involved image extraction from the recorded videos. A total of
1077 images were obtained from all 10 meal videos at 150 frames (five seconds) interval.
Fig. 4-2 shows examples of selected meal images obtained from each of the captured videos.
The images were manually labeled as food or non-food images by a human rater. The food
images (class-1) contained the full amount or partial amount of food items. The images that
contained no food items, surroundings only, faces of individuals, snapshots of personal

gadgets (mobile/laptop) were labeled as non-food images (class-2).

4.2.2 Histogram feature and similarity matching

Color features of image typically constitute as one of the best descriptors by providing
valuable sources of information. Among color descriptors, color histograms are the most
common and widely used in various object recognition applications. In this work, the RGB
images in each meal were first transformed into HSV color space images. The color feature
for each image was represented using HSV color histogram. A total of 512 bins (8x8x8) with
8 levels for each color was used. Based on the histogram features of images, a similarity
matrix was formed for the image collection. The histogram matching was done utilizing

Bhattacharyya distance as,
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Figure 4-2. Example meal images from each of the videos.



4.2.3 Clustering Algorithms

Clustering technique classifies the objects into different groups, partitioning of a data
set into clusters of common trait utilizing distance measurement. Two different unsupervised
clustering techniques were investigated to cluster groups of food image/non-food images
within a meal: K-means clustering and affinity propagation. K-means method is an
unsupervised clustering method that classifies the input data objects into multiple classes on
the basis of their inherent distance from each other. On the other hand, Affinity propagation
(AP) clustering algorithm proposed in [13], takes as input a collection of real-valued
similarities between data points and clusters by passing messages between data points. AP
identifies exemplars among data points and forms clusters of data points around these
exemplars. It operates by simultaneously considering all data point as potential exemplars
and exchanging messages between data points until a good set of exemplars and clusters

emerges matches. A value of 0 was perfect match while 1 indicated a perfect mismatch.
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Figure 4-3. Clustering by the proposed method.
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4.2.4 Performance evaluation

To provide an objective performance evaluation of the proposed approach, the
goodness of image clustering was measured via purity value [14] and overall food
image/non-food images clustering accuracy in respect to the human rater.

For a given set of n images labeled as [ classes, the images are grouped into m
clusters j, j = 1,2, ..., m, the purity for C; is defined as,

P(G) = il max|Cj, | (32)

1
J
where Cj; consists of images in Cjthat belong to class [, and |C j| represents the size of the set.
Each cluster may contain images of different classes. Purity gives the ratio of the dominant
class size in the cluster to the cluster size itself. The larger value of purity means that the
cluster is a "purer"” subset of the dominant class.

The overall food image clustering performance was defined as the percentage of food
images clustered together out of originally labeled total number of food images.

YiP(Ca) |Cial

Acc_FIC = i
z:1|Cj.1|

(3.3)

Similarly, the overall non-food image clustering performance was defined as the
percentage of non-food images clustered together out of an originally labeled total number of

non-food images.

Z{P(‘Cj,z). |C; - |
211Gz

Acc_NFIC = (3.4)

where x and y are the number of clusters recognized as pure food image clusters and non-

food image clusters respectively.
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4.3 Results

The experimental results from two clustering algorithms are provided in Table I in
terms of purity value of all clusters and overall clustering performance compared to manually
labeled images. Fig. 4-3 illustrates the performance of the proposed approach for one meal
video. The RGB meal images are transformed to HSV before applying to clusters. Top few
images for each cluster are shown. Fig. 4-4 demonstrates the comparative performance of
both k-means and AP clustering method for all 10 videos. The overall average food image
clustering accuracy for 10 videos were 0.93 = 0.04 for AP and 0.90 + 0.03 k-means.
Similarly, the overall average non-food image clustering accuracy are 0.81 £ 0.06 for AP and
0.70 £+ 0.09 k-means method. The mean purity of food image clusters for AP is 0.96 and for
k-means is 0.93. Also, the mean purity of non-food image clustered for both AP and k-means

are 0.91 and 0.87 respectively.
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4.4 Discussion

Dietary assessment through food imagery utilizes different image processing
techniques. These techniques need to include complex food recognition algorithm which
might not be readily available. On the other hand, a variety of food items may limit the
accuracy of food recognition. Therefore, the method would require human intervention to
estimate caloric intake. To assist human nutritionist, clustering meal images could become
very useful to reduce the number of food images to be reviewed. The results from the
proposed approach suggest that based on the similarity between the images, clustering can be
done with significant accuracy, without attempting to recognize the food items in the images.
Clustering, therefore, makes it possible to summarize a large collection of images and select
just food images to analyze.

The proposed method used HSV color space rather than RGB. HSV images not only
include color information but also keep some invariance in intensity and color changes. Since
all of the meal videos were recorded in different lighting conditions, HSV image would be
more suitable than RGB images.

The experimental results show that the AP clustering algorithm performs better than
the k-means for clustering meal images. For a few cases, k-means performed comparatively
better, however, AP exhibited consistency in clustering similar images together in either case
of food images and non-food images. The performance of k-means in clustering of non-food
images is significantly less compared to AP. In terms of non-food image clustering, Fig. 4-4
illustrates a consistent trend for AP but no consistent trend was found in k-means. A potential
reason for getting good performance from AP clustering algorithm is that the AP considers all

data points as a potential exemplar at initial iteration and then progress with a good match.
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Table 4-1. Performance Evaluation

No Pc1 Pc2 Pcs Pca Pcs Pcs "

- (class) (class) @ (class) (class) (class) (class) ., — & o
o o O < O

E z 258 B54

= £ Sx: & T =&

< j= = ¥ O o ¥ O

2] 3 ic B @Ry
= = °g | E&
o X8 S 3
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1 164 AP 0.97(2) 0.79(2) 1.00(1) 1.00(2) 0.98(1) 0.95(1) 0.92 0.86
k-means  0.97(2) 1.00(1) 0.792) 0.47(2) 0.97(1) 0.96(1) 0.84 0.80
289 AP 0.93(1) 0.82(2) 0.90(1) 0.80(2) 1.00(1) 1.002) 0.90 = 0.71
k-means  0.92(1) 0.74(2)  0.90(1) 1.00(1) 0.80(1) 1.002) 0.87 0.66
3 88 AP 1.00(1) 1.00(1) 1.00(1) 0.71(2) 1.00(1) 1.002) 0.98 0.80
k-means  0.50(2) 1.00(1)  1.00(1) 0.71(2) 1.00(1) 1.00(1)  0.95 0.65
4 132 AP 0.79(2) 1.002) 1.002) 1.00(1) 0.88(1) 0.97(1) 0.91 0.86
k-means 0.91(2) 1.00(2) 0.79(2) 1.00(1) 0.88(1) 0.97(1) 0.90 0.84
5 113 AP 1.00(1) 1.00(1) 0.97(1) 1.002) 1.00(2) 0.77(2)  0.96 0.82
k-means  0.91(1) 1.00(1)  0.91(1) 0.83(2) 1.002) 0.84(2) 0.90 0.56
6 123 AP 0.93(1) 0.82(1) 1.00(1) 1.002) 1.00(1) 0.732) 0.89 = 0.77
k-means  0.81(1) 0.82(1) | 1.00(1) 0.73(2) 1.00(1) 1.002) 0.87 0.70
7 88 AP 0.97(1) 1.00(1) 1.002) 0.90(1) 1.00(1) 1.002) 097 = 0.92
k-means  0.91(1) 1.00(1)  1.002) 0.90(1) 1.00(1) 1.002) 0.94 0.83
8 140 AP 1.00(1) 1.002) 1.00(1) 0.95(1) 1.00(1) 1.002) 096 = 0.79
k-means = 1.00(1) 1.00(2)  0.86(1) 0.95(1) 1.00(1) 1.002) 0.94 0.71
9 69 AP 0.57(2) 1.00(1) 1.00(1) 0.752) 1.00(2) 1.002) 0.87  0.81
k-means  0.67(1) 1.00(1)  1.00(1) 0.75(2) 1.002) 1.002) 0.92 0.62
10 71 AP 0.89(1)  1.00(1)  0.93(1) 0.90(1) 0.82(1) 1.002) 0.91 0.75

k-means 0.89(1) 0.85(1) 0.93(1) 0.90(1) 0.82(1) 1..002) 0.88  0.65

Summary AP Average + Std 069034i 0(.)8361
k-means Average + Std 090+ 0.70%
0.03 0.09

For the goodness of clustering analysis, purity value alone may not provide an overall
estimate of the system performance even though they provide the quality of image clusters.
Because a cluster could contain a small number of class images with high purity value.
Therefore, one needs to consider both the purity value of image clusters and a total number of
images present in the cluster. For this purpose, overall accuracy measures with respect to all
class images were introduced.

It is also observed from both of the clustering algorithms that they create multiple

food/non-food image clusters which are expected. During a full meal, the food items are
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being consumed over time, and therefore yields a different portion of foods on the plate
constituting different images. Likewise, in the case of non-food images, the subject might
take look into different objects and surroundings. Another possible reason could be the
surrounding lighting conditions.

The proposed method offers potential use to cluster food and non-food images for a
small number of participants. Therefore, further experiments are needed to test the
performance of the method on a wider population under diverse lighting conditions.

From the standpoint of generating clusters within the food images, further work needs
to be done to separate between full amount of food images and a partial amount of foods
present in the image. Another potential future direction could be to analyze the time
progression of meal from the clusters. As a future work, cluster centers could be identified to
rank representative images in a meal.

4.5 Conclusion

In this paper, a clustering of food image and non-food images method is proposed
without food recognition. A pairwise matching algorithm from the histogram of meal images
was investigated. Two different clustering approaches were evaluated and compared. The
affinity propagation algorithm outperformed the k-means clustering method in grouping meal
images. The proposed method demonstrates the potential use of minimizing the number of
images that need to be analyzed for the estimation of caloric intake. Future works could be

done in clustering food images and find out the best few representative images.
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CHAPTER 5
“AUTOMATIC INGESTION MONITOR VERSION 2” — A NOVEL WEARABLE
DEVICE FOR AUTOMATIC FOOD INTAKE DETECTION, CHEW COUNT
ESTIMATION AND PASSIVE CAPTURE OF FOOD IMAGES

The full validation part of this study is not complete yet and the manuscript will be submitted

after the study.

Abstract

In the context of dietary assessment, monitoring of food intake utilizing food image
capture and/or wearable sensors has received increased attention. “Active” capture methods
use smartphones and rely on self-report by the user to take an image of each eating episode.
“Passive” methods use wearable cameras that continuously capture images. Passive capture
results in large datasets with most images not related to food consumption, and also presents
privacy concerns. In this paper, we propose a novel wearable sensor system (Automatic
Ingestion Monitor, AIM-2) designed to capture images only during detected eating episodes.
The AIM-2 also contains a novel sensor to estimate chew counts. The device was validated
on a dataset collected from 5 subjects wearing the AIM-2 for 24h in pseudo-free-living and
24h in a free-living environment. Privacy concerns were assessed by a questionnaire on a
scale 1-7. The AIM-2 was able to detect food intake over 3-second epochs with a (mean and
standard deviation) F1-score of 90.5 + 3.16%, and estimate chew counts with an accuracy of
90.6% =+ 3.56%. The accuracy of eating episode detection was 87%, suggesting that AIM-2

captured most of the ingested meals. Out of a total of 17,252 images captured in the study,
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1389 images belonged to detected eating episodes (198+38 images per eating episode). Image
capture only during food intake reduced privacy concerns from 6.6+0.5 (extremely
concerned, continuous capture) to 1.8+0.7 (not concerned, food only capture). Results
suggest that the proposed system can provide accurate detection of food intake and estimation
of chew counts, reduce the number of images for analysis and potentially alleviate privacy

concerns of the users.

5.1 Introduction

The emergence of chronic diseases such as obesity, overweight, and eating disorders
has prompted extensive research efforts to understand and study the contributing factors
towards the development of these diseases [1], [2]. One potential possibility to realize the
causes and treatments of the disease is to accurately monitor the food intake of the individual.
Traditional methods of monitoring individual food intake through self-report such as food
records [3], food frequency questionnaires [4], 24-hours food recall [5], have proven to be
highly inaccurate due to participant’s inherent misreport [6]. Therefore, it is challenging to
use inaccurate and incomplete data from self-reports to objectively monitor individuals’ food
intake and dynamic process of food consumption known as meal microstructure [7].

Accurate and objective assessment of food intake must provide a proper
characterization of food intake, recognition of consumed food items, estimation portion size,
and energy content [8]. Over the past decade, to tackle the problems associated with self-
report, various methods of automatic detection and monitoring of food intake have been
proposed, ranging from image-based methods to wearable on-body sensors. In recent years,
image-based methods have been investigated for dietary assessment utilizing either

smartphones or wearable cameras. These methods rely on the captured image as the primary
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source of information. The image capturing can be categorized into two methods — active and
passive.

Active methods assume use of the hand-held camera (such as smartphone camera) to
capture the images of food by the user. Typically, these methods acquire images of food
items before, during and after a meal. In active methods, the analysis of acquired images is
typically performed in two ways: manual annotation of the images and automatic image
recognition and processing. During manual annotation, food images are analyzed by an
expert nutritionist to identify different types of foods, their portion size, and the energy
content. The study of [9] proposed an approach called the Remote Food Photography Method
where the participants submit food images to a nutritionist for the analysis. Recently, an
application called PlateMate [10] analyzed food images by utilizing a crowdsourcing
technique. On the other hand, existing active methods that rely on automatic image
recognition and processing to segment food images, recognize foods, estimate portion
size/volume and compute energy content. Several methods have been introduced to identify
foods in the image via supervised and unsupervised machine learning techniques. The authors
of [11] proposed a method consisting of the segmentation of food items in the image, food
recognition, automatic portion estimation, and extraction of energy information that was
consumed during a meal. In [12] the authors proposed a camera phone based automatic food
intake monitoring system (DietCam). Apart from color and texture features from images, the
author utilized statistical features considering the noise produced by camera sensors. Then a
Bayesian probabilistic approach was adopted to classify food items. The authors in [13]
proposed a system where the estimation of the volume of food items was performed on
captured images of a smartphone. A pair of images were captured from the left and right side

of the food item placed on the plate. The method included three major steps towards food
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image recognition: disparity & depth estimation, 3D reconstruction, and volume estimation.
The authors in [14] proposed a system called ‘Im2Calories’ that recognized the contents of
food items consumed in the meal and predicted energy content. The system proposed to
recognize food items based GoogleNet convolutional neural network (CNN) model. The
method did not detect the food intake instances rather assumed the user consumed their meals
at a restaurant. Major advantages of active methods include reduction of reporting burden
compared to traditional self-report and inclusion of food images (initial state and leftovers)
that help nutrition analysis of the eating episodes. Apart from these advantages, they also
provide the detailed information about the timing, location, and duration of eating episodes.
While providing advantages, the active methods also involve some limitations. The image
capture of all eating episodes requires active participation from the participants. Some of the
methods are required to place fiducial markers (known as dimensional and color references)
in the food image to assist manual review/ computer [12], [13]. Furthermore, to enhance the
image analysis, some methods require the images to be captured at a certain angle between
45° and 60° [13].

The image can also be acquired by a “passive” method using wearable devices that
would capture food and non-food images continuously and automatically without the active
participation of the user. The passive methods minimize the burden of active capture, through
the use of a wearable camera. Due to capturing both food and non-food images, passive
methods form large image data set and introduce privacy concerns. The large image data sets
make the manual image review difficult. To lessen the burden of image review, deep-learning
based image processing are investigated to automatically differentiate between food and non-
food images. The author in [15] proposed a chest-worn electronic device; ‘eButton’ that

automatically captured images of consumed food in every two seconds interval. The volume
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of food items was then recognized by segmenting items based on color, texture and a
complexity measure. The same research group utilized the ‘eButton’ device to capture images
of real-world activities including both food and non-food images [16]. The study acquired
around 30,000 images and manually reviewed all images to label as food and non-food
images. Later, they proposed and validated a food detection algorithm using CNNs. In [17],
the authors investigated the possibility to improve the accuracy of 24-hours dietary recall
using a wearable chest-worn camera (Microsoft SenseCam). After completing the 24-hours
recall, the participants reviewed the images and suggested changes to self-reported intakes.
The method was then validated against the doubly labelled water (DLW) technique. Despite
advantages, the passive devices, also carries limitations. The passive capture from the
wearable camera may result in large image data sets for analysis. The manual review of such
image sets is very time-consuming. Another limitation is that the automatic image capturing
device may take unwanted images that can raise privacy concerns and potential ethical issues.
The wearer inadvertently might collect inappropriate images, such as adjusting clothing in
front of a mirror, using the bathroom, browsing internet/social networking sites, reading
confidential documents, unwanted images of surroundings — getting undressed/ faces of
family members without consent [18]. Therefore, methods relying on wearable cameras
should deal with these situations. To minimize the number of images for review and reduce
privacy concerns, off-line food intake detection can potentially be done and only food images
can be reviewed.

Several studies proposed food intake monitoring systems that utilize wearable sensors
to detect food intake events. In a pilot study [19], the authors proposed a wearable sensor
system consisting of a microphone and a miniature camera. Audio features were extracted in

real-time to detect the chewing activity. The detection of chewing activity further triggered
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the camera to capture a video sequence. From the video sequence, a number of images were
extracted for analysis. In the proposed approach, there exists a possibility that the false
chewing activity from surrounding noise can trigger the camera. The continuous video
recording may decrease the battery life immensely. The same research group utilized the
proposed device in another pilot study [20] where the participants were instructed to turn the
camera on to begin recording the food intake episodes. The study [21] investigated a
smartwatch camera to take images of the food consumption. The authors explored the
temporal variation of the accelerometer and gyroscope data to trigger the camera. The
findings suggested that hand-to-mouth gestural trajectory might be used to trigger smartwatch
camera.

Various wearable sensors have been proposed to detect different stages of eating, i.e.
bites, chewing and swallowing of food. Several hand/wrist-worn wearable device have been
introduced related to bite and gesture detection including accelerometers, gyroscopes and
smart watches [22]-[24]. The act of chewing detection has been done via chewing sounds
[25]-[29], muscle movement during chewing using strain sensors [30]—[33], or EMG and
force sensors [34]-[36]. Researchers also proposed sensors to monitor swallowing using
microphones in the ear or surface electromyography on throat [37]-[39]. Our research group
previously proposed a piezoelectric strain gauge based chewing sensor system “Automatic
Ingestion Monitor (AIM)” for monitoring food intake in the free-living environment [40].
The sensor system has been validated in several conditions and subject groups (both adults
and infants) [7], [38], [41]-[43]. We have also demonstrated that the chew counts are highly
correlated to the ingested mass and type of food [44]—[47] and thus sensor-measured chew

counts may be used a measure of portion size. The chewing sensor in these studies was
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applied to the skin using medical adhesive tape, which inconvenienced the participants
wearing the sensor.

In this paper, we propose a novel wearable sensor system (Automatic Ingestion
Monitor version 2, AIM-2) that can automatically detect food intake, estimate chew counts
and passively capture images of food intake with a non-adhesive sensor system. The major
contributions of the proposed system are: (1) AIM-2 uses non-adhesive sensors for accurate
detection of food intake, with validation performed both in laboratory and free-living
environments; (2) AIM-2 enables accurate estimation of chew counts by a non-adhesive
sensor, potentially assisting in portion size estimation; (3) AIM-2 provides a potential
solution to significantly reduce the number of images captured by this “passive” device; and
(4) This study demonstrates that capture of images only during detected food intake

significantly reduces privacy concerns of the users.

52 Material and Methods

5.2.1 Sensor System

In this study, a novel wearable sensor system (Automatic Ingestion Monitor, AIM-2)
was used. AIM-2 consists of a sensor module which housed a miniature 5 Megapixel camera
with 120- degree wide-angle gaze-aligned lens, a low-power 3D accelerometer (ADXL362
from Analog Devices, Norwood, MA, USA) and a novel bending sensor (SpectraSymbol 2.2"
flex sensor). The sensor module was connected to the frame of eyeglasses by a heat-shrink
tube (Fig. 5-1) in a location such that the maximum curvature of the sensor touched the skin
over the temporalis muscle where the strongest muscle contraction during chewing was

palpated. The camera continuously captured images at a rate of one image per 15-second

94



interval. In this study, the image capture was not sensor-driven so that the sensor-based food
intake detection could be validated against image-based food intake detection. The flex
sensor was used for estimation of chew counts. To protect the sensor from perspiration,
commercially available polyurethane coating was used over the top layer of the flex sensor.
Data from the accelerometer and flex sensor were sampled at 128 Hz. All collected sensor
signals and captured images were stored on an SD card and processed off-line in MATLAB
(Mathworks Inc., Natick, MA, USA) for algorithm development and validation.

Module includes: 3-axis
Accelerometer ﬁ
__—‘-*‘ ‘8 P .‘

» -

=% &— Flex sensor, sits on
2 temporalis muscle

Attached to
the temple
with heat

Muscle shrink tube
activity LED

applies indicator
force on

sensor

for charging

Gaze-aligned and data
wide angle lens off-the-shelf retrieval
camera eyeglasses

Figure 5-1. AIM-2. The sensor module is attached to the temple of off-the-shelf wearable
eyeglasses with heat shrink tubes.

5.2.2 Data Collection Protocol

Five volunteers were recruited for this study (4 male and 1 female, mean+ SD age of
29.4 + 3.13 years, range 26-34 years, mean body mass index (BMI) 23.65 + 2.49 kg/m?,
range 20.8 to 25.5 kg/m?). The University of Alabama's Institutional Review Board approved
the study. Participants did not have any medical conditions that would impact their chewing
or eating. Participants came to the laboratory for four visits over x days. The laboratory was

instrumented with two high-definition cameras (Contour Roam2 LLC, USA, and GW-
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2061IP, GW Security, Inc. CA, USA) to record the experiment. Prior to the experiment, the
participants made their first visits to the laboratory. They went through the screening process
and were given a summary of the experimental protocol. Each participant signed an informed
consent form. After consent was acquired, the sensor system (AIM-2) was affixed to
eyeglasses of the participants (if the participants had the corrective lens, they were instructed
to bring their spare eyeglasses) or non-prescription eyeglasses (if the participants had no
corrective lens, they chose from the eyeglasses available at the lab). The eyeglasses mounted
with a sensor system for each participant were kept in the lab until the next visit. During the
visit, the participants were also trained to report dietary intake and activity using the mobile
applications Automated Self-Administered 24-Hour (ASA24®) Dietary Assessment Tool [48]
and aTimeLogger [49], respectively. On the first day of the experimental protocol, the
participants came to the laboratory three times (visits 2-4). Several participants were invited
to the laboratory at the same time to simulate social eating. For the second visit, the
participants were instructed to arrive at the laboratory in the morning (between 7:00 AM -
9:00 AM) after an overnight fast. Upon the arrival, participants were given the AIM-2 device
and were reminded about the instructions for the experiment. Each participant consumed a
full meal (breakfast) purchased from the University food court. The participants chose the
type and quantity of food items that they wanted to consume. Research assistants weighed
each food item and used a nutrition software "Food Processor" [50] to enter the weight and
other details about the food items. After selection of foods for the meal, participants were
required to consume the meal at the laboratory. There was no restriction on the time required
to finish the meal.

During the food consumption in the lab, participants used the foot pedal connected to

a USB data logger to mark ingestion of solid and liquid food items. They were asked to press
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the pedal the moment the food was placed in the mouth (a bite), and hold the pedal until the
food was fully consumed. For beverages, they were asked to press and hold the button from
the moment they brought the liquid to mouth until the last swallow. When the participants
had finished eating, the research assistant weighed leftovers and updated the amount
consumed in the nutrition software. To include a representative set of daily activities,
participants performed a few activities in addition to eating (e.g. sitting, sitting and talking,
walking on the treadmill, walking and talking and shelving). Then, the participants left the
laboratory and continued carrying out their usual daily activities in the free-living
environment. Visits 3 and 4 were made on the same day to consume lunch and dinner
following a similar protocol. Since the eating episodes were consumed at the laboratory and
other daily activities were not restricted, the first day of study was considered to be conducted
in the pseudo-free-living environment.

After the completion of day-1, the participants continued to free-living for 24 hours.
During this period, the participants had virtually no restrictions on the types of the activities
performed. They continued their normal daily routine with three exceptions: to take the AIM-
2 off during 1) taking the shower 2) any water activities that may damage the device, and 3)
sleeping. The participants were also asked to self-report all of their laboratory and eating
episodes using the ASA24 mobile app (used a food diary). They were also asked to self-
report major activities from the set of sleeping, eating, sedentary, and physically active
through the aTimeLogger application. After completing the free-living part of the study, the

participants reported to the laboratory to return the AIM-2.
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Day

Prior to
experiment

Activity

First visit

2nd visit to
the lab

1
2
3

3rd and 4th
visits to
the lab

Free-living

Table 5-1. Experimental protocol

Description

Initial interview, the signing of the informed
consent, completing a food frequency
questionnaire, AIM-2 sensor preparation

Training on mobile apps
Training on portion size estimation

Testing on portion size estimation

Sit silent: sit in a comfortable position
Sit while talking: read a document aloud

Eat a meal: eat a meal (eating episode -1)

Walking while silent: walk on a treadmill at a
self-selected comfortable speed

Walking while talking: walk on a treadmill at a

self-selected comfortable speed and talk with
the research assistant

Sit silent: sit in a comfortable position

Activities of daily living: shelving /stacking
items

Carry out usual daily activities, with the

exception of 2 eating episodes to be consumed

at the laboratory

Carry out usual daily activities and eating the
usual diet.
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Duration

20 min

15 min
20 min

15 min

5 min
5 min
20-40

min
5 min
5 min
5 min

5 min

1 day

1 day



5.2.3 Sensor Signal Processing and Annotation

Before extracting features from sensor signals, the raw sensor data from the
accelerometer and flex sensor were pre-processed. A high-pass filter with a cutoff frequency
of 0.1 Hz was applied to remove the DC component from the accelerometer signal. To adjust
inter-subject variations, the signals were then normalized [40]. The flex sensor signal was
demeaned. As the typical chewing frequency is in the range of 0.94 to 2 Hz, therefore, a low-
pass filter with a cutoff of 3Hz was used to remove unwanted noise from the flex sensor [51].
Next, the signals were divided into non-overlapping 3s fixed time segments called ‘epochs’.
In our previous study [52], we have shown that 3s epoch duration is sufficient to accurately
preserve information of meal microstructure [7]. Fig. 5-2 shows the accelerometer signals,
flex sensor signals and corresponding foot pedal signals during an eating episode. Fig. 5-3
illustrates a zoomed version of two chewing sequences of an eating episode captured by the

flex sensor.

Amplitude

Figure 5-2. Signals from 3-axes of the accelerometer are shown on the top segment. The
middle segment demonstrates the flex sensor signal. The foot pedal signal marked by the
participants is shown on the bottom segment. Here ‘1’ indicates food intake and ‘-1’ indicates
no food intake.
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Figure 5-3. Two chewing sequences captured by the flex sensor.

To obtain chew counts, three trained human raters annotated the video data. Fig.5-4
illustrates a screenshot of the recorded video of a participant while eating. The raters
identified each chewing sequences in the eating episode and counted the number of chews
using a tally counter. The rater paused the video recording after each chewing sequence,
recorded the chew counts in an Excel sheet and resumed the recording to annotate the next
chewing sequence. The rater continued the same process until the last chewing sequence of
the eating episode. To check the reliability of the raters, a set of three meals were given to

each of raters to annotate.

Figure 5-4. A screenshot of the recorded video of a participant while eating.
The reliability of the annotation procedure was evaluated by the intra-class correlation
coefficient (ICC). For a sample size of 3 meals, three raters achieved 0.96 ICC for total chew
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counts. The resultant chew counts data was utilized for the validation of the chew count

algorithm.

5.2.4 Feature Extraction

A set of 38 time and frequency domain features reported in our previous studies [31],
[53] was utilized in this work. The accelerometer sensor signal contains chewing information
in the frequency range 1.25-2.5 Hz, physical activity in the 2.5-10 Hz range and speech in the
range 10-30 Hz [53]. For each of 3 axes of the accelerometer and net acceleration, 38 features
were computed on 3s epoch data. For flex sensor signal, the same 38 features were computed,
plus five additional correlation-based features. The entire feature list is listed Table 5-2.

Aggregating all features, 195 features were computed for each epoch.

5.2.5 Feature Selection and Classification

To reduce the computational burden and redundancy in the computed features, a two-
stage feature selection procedure was used. First, a ranking of computed features was carried
out. To rank the feature based on mutual information, an algorithm called minimum
Redundancy and Maximum Relevance (mMRMR) was applied on the computed features [54].
Secondly, a Forward Feature Selection (FFS) was applied to the top-ranked 40 features
selected by mRMR to get an optimal feature set. To avoid introducing bias into classification
models that might result in overfitting, feature selection was done on an independent dataset

(collected from two pilot subjects, who are not a part of the population for this study).

Foot pedal signals were used as a source of labels for the development of signal
processing and pattern recognition algorithms. If more than 50% of an epoch belonged to

food intake, the epoch i was assigned a label Ep; = ‘1’ (food intake), otherwise the
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Table 5-2. Feature sets computed from both accelerometer sensor and flex sensor

epochs

Features

Signal

Total

38 time and frequency domain features :

Mean absolute value (MAV), root mean square (RMS),
maximum value (Max), median value (Med), ratio of
MAYV to RMS, ratio of Max to RMS, ratio of MAV to
Max, ratio of Med to RMS, signal entropy, number of
zero crossings (ZC), mean time between ZC, number of
peaks (NP), average range, mean time between peaks,
ratio of NP to ZC, ratio of ZC to NP, wavelength, number
of slope sign changes, frequency spectrum energy
(spec_energy), energy spectrum in chewing range
(chew_energy), entropy of spectrum chewing range
(chew entr), ratio of chew energy to spec energy,
energy spectrum in walking range (walk energy),
entropy of spectrum walking range (walk _entr), ratio of
walk energy to spec_energy, energy spectrum in talking
range (talk energy), entropy of spectrum talking range
(talk entr), ratio of talk energy to spec_energy, ratio of
chew_energy to walk energy, ratio of chew entr to
walk entr, ratio of chew_energy to talk _energy, ratio of
chew entr to talk entr, ratio of walk energy to
talk_energy, ratio of walk entr to talk entr, fractal
dimension, peak frequency in chewing range, peak
frequency in walking range, peak frequency in talking
range.

5 correlation related features :

correlation coefficient, the 1st autocorrelation function
coefficient, fundamental frequency, pitch period, value
of autocorrelation at zero lag

Acc x-axis

Acc y-axis

Acc z-axis
Net-acceleration
Flex sensor

Flex sensor

Total

38%*5
=190

195
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label Ep; = *-1° (no food intake). A group classification model based on Support Vector
Machine (SVM) was trained to identify food-intake and non-food intake epochs. Linear SVM
is a supervised learning technique that has demonstrated excellent results for classification
problem. The primary advantages of SVM are good generalization and speed [55]. Training
of the model was performed using Classification Learner tool in MATLAB 2017 (from

Mathworks Inc.). The performance of the linear SVM model was evaluated in two forms: 1)



Per-epoch classification accuracy of laboratory meals and 2) Per-epoch classification
accuracy of free-living meals.

To evaluate per-epoch classification accuracy of laboratory meals, a leave-one-out
cross-validation procedure was used. This allowed training the SVM model with data from 4
participants and testing the trained SVM model with data from the remaining participant. The
procedure was repeated 5 times such that each participant was used for testing once. The
accuracy for each iteration was assessed as F1 score:

_ 2 * Precision * Recall

F1= Precision + Recall (1)
. TP
Precision = TP+ FP (2)
TP
Recall = TP+ FN (3)

where TP, FP, and FN denote true positives, false positives, and false negatives, respectively.

To evaluate per-epoch classification accuracy of free-living meals, the trained linear
SVM classification model was used. Unlike the food pedal reference (food intake/no-food
intake epochs) in laboratory meals, the reference for free-living meals was not readily
available. For the sake of accuracy evaluation in free-living, the boundaries of self-reported
eating episodes from aTimeLogger mobile app were used. The same metrics (i.e. precision,

recall and F1-score) were computed to report the performance.

5.2.6 Image Capture and Manual Review

In this validation study, the AIM-2 captured images every 15 seconds. Due to
continuous image capture, the AIM-2 might capture unwanted images and therefore the
participants were given the opportunity to review and delete them before the research

assistant viewed them.
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For validation purposes, the complete set of captured images was reviewed. The first
goal of the review was to identify any missing eating episode by food intake detection
algorithm. The image review provided the total number of image-detected eating episodes.
Processing of the sensor data provided the total number of sensor-detected eating episodes.
Following our previous research [7], a smoothing kernel with the shape of a Gaussian curve
was applied on the food intake epochs. Based on the Gaussian-smoothed signals, the number
of sensor-detected eating episodes was determined. Then, the accuracy of eating episode
detection was computed as the ratio of the number of sensor-detected eating episodes to the
number of image-detected eating episodes.

The second goal was to eliminate any false positives in food intake detection. All
sensor-detected eating episodes and corresponding images were reviewed. If no images of
food item were detected in a sensor-detected eating episode, then it was counted as false
positive.

The third goal was to quantify the reduction in the number of images captured by the
“passive” device. For each participant-day, the total number of images, the total number of
food images in sensor-detected eating episodes and the percentage of food images of all

captured images were computed.

5.2.7 Chew counts estimation

To obtain the chew counts from sensor-detected eating episodes, the novel flex sensor
was utilized. Both eating events and non-eating movements of the jaw cause the temporal
muscle to contract which results in variations (peaks and valleys) in the flex sensor signal.
Using the peak detection algorithm, the presence of these peaks and valleys can be detected.

The number of peaks and valleys can be used for estimation of the number of chews during
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eating events. To avoid peaks caused by movements other than chewing, a threshold was set
to determine whether the peaks and valleys belong to chewing event. For threshold detection,
a histogram-based approach, previously proposed by our research group in [42] was adopted.

Fig. 5-5 illustrates a flow diagram of chew counting algorithms.

Signal Peak detection Chew

Low pass filtering

preprocessing (3 Hz) algorithm

counts

= Demeaning of the signals. * Chewing frequency inthe = Signal peaks belong to the

i range (1.25-2.5Hz), to movement of temporalis muscle
= Consider only epc_)chs focus on chewing, low during chewing.
detected as food intake. pass filter was used. * Threshold estimation for peak
counts.
* Peak counts gives an estimate
chew counts

Figure 5-5. Flow diagram of chew counting algorithm.

The chew counts algorithm was applied only on the epochs which were labeled as food intake
by the classifier. For performance evaluation of the chew counting algorithm, the estimated
chew counts were compared to the video annotated chew counts and error was computed for
each participant (total chews in three laboratory meals). Both mean errors (Error_CC) and

mean absolute errors (AbsError_CC) were reported as:

Error_CC = [(ACtCC — Estec) * 100] o
) ACtCC ’
AbsError_CC = ”(ACtCC — Estec) * 100”
i Actee 3)

where Actc is the total number of chew counts in three laboratory meals annotated from
video and Est¢ is the total number of chew counts in three laboratory meals estimated from

the chew count algorithm.
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5.2.8 Privacy Concerns Survey

Since the participants did not have any control over the passive image capture from
AIM-2, there exist possible privacy concerns. To assess the privacy concerns of participants,
a survey [56] was conducted after the experiment. The participants were presented with the
following questions and asked to answer using a scale of 1 to 7, where ‘1-2” means ‘not
concerned’; ‘3-5” means ‘somewhat concerned’; ‘6’ means ‘concerned’; ‘7’ means

‘extremely concerned’:

e How concerned are you about your privacy if the device captures images
continuously throughout the day?
e How concerned are you about your privacy if the device captures images only

during eating events?

The responses were recorded. To analyze the responses, the mean and standard deviation of
the recorded score for both cases were computed. In addition, the percentage of participants
in each of four privacy concern categories was computed. All analyses were done using

Microsoft Excel 2016 (from Microsoft Inc.).

5.2.9 Statistical Analysis

To compare the total number of chews estimated by the system with the manually
annotated chew counts, Bland-Altman plot and limit of the agreement were examined. All

statistical analyses were done using MATLAB 2017 (from Mathworks Inc.).
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5.3 Results

After feature selection, nine features out of all features were selected for training the
classifier. Results of the leave one- out cross-validation procedure are shown in Tables 5-3
and 5-4 (laboratory environment and free-living environment, respectively). The F1-score
metrics of food intake detection for 3 sec epochs were 0.91 £ 0.03 for lab meals and 0.86 +
0.08 for free-living.

The AIM-2 chew courting algorithm was able to achieve average chew estimation
accuracy of 90.59 + 3.56%. Table 5-5 lists total actual chew counts from video and algorithm
estimated chew counts. Fig. 5-6 shows the Bland-Altman plots between the mean of actual

chew counts from video and estimated chew counts.

Table 5-3 Precision, Recall (Sensitivity), and F1-Score for 3s epochs for Laboratory

Experiments
Participant # Precision (%) Recall (%) F1-score (%)
1 0.99 0.89 0.94
2 0.99 0.86 0.92
3 0.91 0.89 0.90
4 0.88 0.88 0.88
5 0.97 0.81 0.86
Mean + Std 0.95 + 0.04 0.87 £ 0.03 0.91+0.03

Table 5-4 Precision, Recall (Sensitivity), and F1-Score for 3s epochs for Free-Living

Experiments
Participant # Precision (%) Recall (%) F1-score (%)
1 0.9278 0.9530 0.9402
2 0.7618 0.8043 0.7825
Mean + Std 0.8448 + 0.0830 0.8787 £ 0.0789 0.8614 + 0.0789
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Table 5-5 Actual chew counts from video and algorithm estimated chew counts.

Participant  Actual chew Estimated Error_CC AbsError_CC

# counts chew (%) (%)
from video counts
1 990 934 5.66 % 5.66 %
2 1870 1641 12.25 % 12.25 %
3 1914 1731 3.34 % 3.34 %
4 2167 1956 9.56 % 9.56 %
5 640 577 9.74 % 9.74 %
Mean: 9.41% 9.41%
STD: 3.56% 3.56%
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Figure 5-6. Bland-Altman plots between the mean of actual chew counts from video and
estimated chew counts.
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The mean accuracy of sensor-detected eating episodes was 87%, suggesting that the
AIM-2 captured most of the ingested eating episodes. Manual review of all captured images
revealed that three drinking episodes out of 23 sensor-detected episodes were missed.

The manual review of images detected three false positive in sensor-detected eating
episodes.

While the AIM-2 was worn, 17,252 images were captured, with 1389 images of food
and beverage consumption during sensor-detected events. Fig. 5-7 shows selected food and
non-food images captured by AIM-2.

Table 5-6 demonstrates image statistics captured by AIM-2. For each participant day,
on average 8.05% of all images were food images. This result indicates that the number of
images for analysis can be significantly reduced. The amount of food images also bolsters the
fact that the system may provide a potential solution to privacy concerns.

All participants responded to the privacy concerns questionnaire. Results show that
the image capture only during food intake reduced privacy concerns from 6.6+0.5 (very
concerned, continuous capture) to 1.8+0.7 (not concerned, food only capture). Fig. 5-8
demonstrates the distribution of scores of privacy concerns. The results indicated that the
majority of participants were extremely concerned about privacy if the device captures the
image continuously. Moreover, the majority of participants were not concerned about privacy

if the device captures images only during food intake.
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AIM non-food images

Figure 5-7. Examples of AIM-2 images, (top) selected non-food images (bottom) selected
food images from several image-detected eating episodes.
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Table 5-6 Number of images captured by AIM-2

Participant  Total Total Food % of
day # hours  number of Images food
data Images images
collected
(hours)
1 7 2640 194 7.35 %
2 6 2186 175 8.01 %
3 7 2594 212 8.17 %
4 6 2293 180 7.85 %
5 6 2285 262 11.47 %
6 7 2597 145 5.58 %
7 7 2657 221 8.32 %
Total 46 17252 1389  8.05%

Privacy concerns for continuous image capture

60

40
B s :

m Extremely concerned ™ Concermned m Somewhat concerned mNot concerned

Privacy concerns for image capture during food intake only
80

20
0 0 —

B Extremely concerned ™ Concerned ™ Somewhat concerned M Not concerned

Figure 5-8. Level of privacy concerns for image capture.
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5.4 Discussion

With the advancement of technology, research has demonstrated increased attention
in the development of image-based food intake monitoring devices. The main objective of the
present work was to develop a wearable sensor system with a non-adhesive sensor that
automatically detects food intake, estimates chew counts using a new chewing sensor, and
passively captures food images. Another goal was to develop a method that can help reduce
the number of images for analysis and alleviate some of the privacy concerns.

This work demonstrated the detection of food intake in both laboratory and free-living
settings. The validation of food intake detection only on laboratory setting is not the end goal
as the laboratory setting often lacks realism due to unnatural eating behavior [57] or potential
behavior change, limited food items, mixed meals, eating in groups, etc. To test the
robustness of detection methods, it is imperative to use real-life conditions where the system
will encounter a variety of daily activities that might affect the eating behavior.

The AIM-2 detected 90% and 86% of food intake epochs (3sec duration) in the
laboratory and free-living environment respectively. In the free-living part of the study, the
participants reported the start and end times of each eating episode using the aTimeLogger
activity log application. The accuracy of the free-living environment was evaluated with the
boundaries (start and end time) of self-reported eating episodes. Unlike the eating episodes
consumed at the laboratory, the participants did not report each chewing sequence in free-
living. The fine detail of food intake events was not available to compare the detected food
intake labels. Since the self-report labeled all epochs including eating and non-eating (e.g.
pauses) within the eating episode boundary as food intake, the accuracy report might have
been affected. Regarding the sensor-detected eating episodes, the system recognized 20 out of

23 image-detected eating episodes, missing three drinking episodes that were detected during
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all image review. As the system primarily relies on chewing detection, few purely drinking
episodes were not detected.

Results of chew count estimation suggest that the flex sensor of the system can
provide an objective and accurate estimation of chewing behavior. Our previous studies
proposed chew count estimation from a strain-gauge sensor attached to the skin’s surface
using medical adhesive or medical tape. Few limitations of such configuration could be
individual’s comfort, sensitive skin and risk of sensor detachment due to wet skin or
perspiration. The current work proposes a novel sensor that can provide an estimation of
chew counts without being adhesively attached to the body.

An image-based method typically acquires images either from handheld devices (e.g.
smartphones, digital camera, tablet) or wearable cameras. To provide objective information
about food consumption, the images can be analyzed by nutritionists. The studies that utilize
the wearable camera to capture images continuously, may form a large dataset for
nutritionist’s review and entail privacy concerns. This work explored an approach that
significantly reduces the number of images to be analyzed by considering only the images
where the sensors detected food intake event. Table 5-4 shows that during a typical day on an
average only ~9% images are food images.

The captured images may also be processed by automatic image recognition
algorithms, rather than manually reviewed by nutritionists. Several methods use
computationally complex algorithms (e.g. deep neural network) for food recognition and
require high processing resources to process thousands of images captured during the whole
day. These methods are not currently sufficiently accurate for field deployment. The system

presented in this work proposed a method of summarizing a large collection of images and

113



selecting just food intake images for further processing, which may speed up the
performance.

Unlike the methods, that use the two images of the meal before and after to analyze
food intake, the proposed system would provide images for the full duration of the meal.
There is a possibility that one can place a food item on top of another which may cause some
food items to be concealed. Therefore, a series of food images would provide the meal
progression and help in detecting all food items.

Regarding privacy concerns, the results from privacy concerns questionnaire bolster
the fact that the majority of participants would feel more secure if the device capture images
only during food intake.

The proposed system explores the potential to implement sensor-guided image
capture. The system also suggests that one can expect potential improvement in battery life if
the camera captures images only during food intake. Apart from battery life, a small battery
can potentially be utilized to cover the whole day and provide sufficient food images for
dietary monitoring. The device with a small battery would also improve wearability.

Another advantage of the proposed method is that the image review of the food
intake events allowed for further validation of ingested eating episodes. The visual review
identified three false positives in sensor-detected eating episodes.

Overall, the presented wearable sensor system was able to detect all eating events and
reduce the number of images significantly for analysis. Also, the system showed around
~90% accuracy in chew count estimation using a new chewing sensor. However, the work is
not free from limitations and needs further work to improve. One limitation is that the system
detects food intake using chewing information only. The liquid intake detection is still needed

to be incorporated in the system. Another limitation is that the study was conducted in a small
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population. Further improvement can be done in the device by validating the method on more

subjects in a free-living environment.

5.5 Conclusion

In this paper, we propose a novel wearable sensor system that can detect eating
instances and demonstrate the number of images can be reduced significantly by analyzing
the images during food intake event only. In leave-one-subject-out cross-validation
experiments, an average of 90.6% accuracy in food intake detection and 90.59% of chew
count estimation were obtained. Detection of most of the eating episodes and the number of
food images compared to all captured images provide the promise to develop sensor-triggered
image capture system. Further works are needed to both implement the system and validate

on more participants in a free-living environment.
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CHAPTER 6
A NOVEL METHOD OF ESTIMATING ENERGY INTAKE IN LABORATORY AND
FREE-LIVING CONDITIONS USING A WEARABLE SENSOR AND FOOD IMAGERY.

The full validation part of this study is not complete yet and the manuscript will be submitted

after the study.

Abstract

Accurate assessment and proper understanding of energy intake (EI) in the free-living
environment may play an important role in the prevention and treatment of obesity. While,
traditional self-report methods provide information about EI, a variety of factors including
misreporting, forgetfulness, errors in portion size estimation can lead to low accuracy in EI
measurement. To overcome these problems, researchers have proposed several image-based
and sensor-based EI estimation methods. Image-based methods were proposed to estimate
portion size and EI, but most of these methods require a fiducial marker in the image to
provide a reference for both portion size and color, which may not be suitable for regular use.
Several studies have explored wearable sensors and extracted microstructure information
(e.g. counts of chews, bites, and swallows) to estimate ingested mass and EI, but they do not
account for the type of food being consumed. We propose a novel method combing the EI
estimates from a sensor-based regression model and food images. The method was developed
and validated on data collected from 4 subjects wearing the wearable sensor system
(Automatic Ingestion Monitor, AIM-2) for 24h in pseudo-free-living and 24h in a free-living

environment. EI was estimated by four methods: a sensor model based on sensor-derived
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chew counts, sensor-assisted image model from a manual review of the food images, the
average of the sensor and image models, and self-reported food diary. Weighed food records
were used as the gold standard. The respective estimates of meal EI had (mean + standard
deviation) absolute percentage errors of 25.5% = 24.1%, 30.0% + 26.0%, 22.4% + 15.3% and
47.9% =+ 48.7% respectively. These results suggest that the average estimation of EI from

sensor and images may offer a promising alternative to overcome limitations of self-report.

6.1 Introduction

Obesity and overweight are a growing global epidemic and are major contributors to
the development of chronic diseases such as type 2 diabetes, asthma, cardiovascular diseases,
cancers, and musculoskeletal disorders. Obesity is often considered to be a result of a
sustained energy imbalance whereby energy intake (EI) exceeds energy expenditure (EE),
causing an accumulation of fat in the body [1], [2]. An accurate understanding of EI can help
develop strategies to combat obesity. Despite decades of obesity research, an accurate
estimation of EI in human is still a difficult challenge. The doubly labeled water (DLW)
method is considered the most precise reference for estimating EI in free-living humans over
a long period of time [3]. However, the method is highly expensive and requires specialized
training and equipment. Additionally, the DLW method does not identify individual eating
episodes.

Traditional methods of EI assessment largely rely on self-report in various forms.
Among the validated self-report methods, food frequency questionnaires (FFQs), 24 h recalls,
weighed food records (WFRs) and short assessment screeners, have been mostly adopted for

EI measurement [4], [5]. Most of these methods are recognized to be highly inaccurate due to
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their reliance on participants own declaration (self-report) and associated underreporting,
misreporting and not-reporting of EI [6].

As an alternative to self-report, various methods have been suggested utilizing food
images and wearable on-body sensors. With the advancement in smartphone technology and
wearable devices, the feasibility of capturing food images has improved significantly. The
images of food items consumed in a meal can be used to track EI. Several smartphone apps
(MyFitnessPal [7], Loselt [8], MyNetDiary [9]) have been developed in tracking EI;
however, they require manual data entry which is time-consuming and tedious.
Consequently, the users lose their interest in using such apps for extended periods of time
[10]. While these apps may be useful to individuals trying to track their diet, they may be
insufficiently accurate for research applications. Several approaches utilized smartphone,
hand-held, and wearable cameras to acquire food images and relied on expert nutritionists to
analyze the image offline for EI estimation. The study of [11] presented an EI estimation
approach named “Remote Food Photography Method” in which the participants used a
smartphone to capture images of their foods and plate waste and expert nutritionists analyzed
the images to obtain EI. Alternatively, several existing works used computer vision
algorithms to segment food images, recognize foods, estimate portion size/volume and
compute energy content of foods. In [12] a mobile food record application was proposed to
estimate EI of food items. The method consisted of the segmentation of food items in the
image, food recognition using support vector machine classifier, portion estimation using
through 3-D reconstruction and extraction of energy information that was consumed during
the meal. Another study [13] proposed a method to estimate EI in food’s image by computing
the volume of food portions using image segmentation followed by SVM classification. To

compute the volume of the food portion, a thumb was placed beside the dish as a reference
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object. Recently, the study of [14] proposed a system called ‘Im2Calories’ that recognized
the food items in a meal and predicted energy contents. The system was validated on the food
images from restaurants where food menus were available. To estimate EI, the system
utilized GoogLeNet convolutional neural network (CNN) model to automatically recognize
food items and estimate volume based on depth and voxel representation of the food items.
The authors in [15] proposed a chest-worn electronic device; ‘eButton’ that automatically
captured images of consumed food in every two seconds interval. The volume of food items
was then recognized by segmenting items based on color, texture and a complexity measure.
The food name and volume information was then used to estimate energy and nutrient
content from the Food and Nutrient Database for Dietary Studies (FNDDS, a public domain
database developed by the U. S. Department of Agriculture). One of the major challenges in
image-based EI estimation is to accurately estimate the portion sizes of food items. Current
approaches to portion size estimation require the user to carry and place a fiducial marker
(known dimensional and color references) next to the meal before capturing the image. This
procedure might not be convenient all the time and post-processing of the food image is time-
consuming and sometimes inaccurate.

Development of wearable sensors for EI estimation has gained substantial attention in
recent years. They could potentially allow supplying rich information about food intake by
capturing timing, duration, rate of ingestion and thereby estimate ingested mass, bite-weight,
EI of ingested food items without imposing heavy burden on the user [16].

The authors in [17] proposed an ear-pad chewing sound sensor to identify chewing
sequences during food intake and developed a linear regression model utilizing
microstructure variables extracted from chewing events to predict bite weight. The work

presented in [18], utilized a sensor system called BiteCounter [19] and proposed a multiple
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regression model to predict an individual’s mean EI per hand-to-mouth gesture. The method
employed anthropometrics variables such as height, weight, age, sex, and waist-to-hip ratio to
develop the regression model. Another study [20] proposed a multi-modal sensor system
comprising of in-ear microphone, head and wrist motion sensor to estimate ingested mass.
The authors extracted significant features from audio and motion sensor to capture eating
activities and trained a random forest regression with 40 trees to predict ingested mass.
Finally, the estimated mass was utilized to estimate EI from food databases. The study of [21]
proposed to use speech signal to estimate EI. The approach first converted the speeches into
text utilizing speech processing. Next, a text matching algorithm was proposed using pattern
mapping to find the food name in the database and estimate EI.

Our research group presented a wearable sensor system in [22] and proposed a
method to predict ingested food mass using separate mass models for intake of solids and
liquids. The prediction models were developed based on linear regression using the total
number of chews and swallows during ingestion period. The study of [23] used the sensor
system “Automatic Ingestion Monitor (AIM)” comprised of piezoelectric strain gauge
sensors for monitoring jaw motion, hand-to-mouth motion sensor, and body motion sensor
with a smartphone application [24], presented an EI estimation model from counts of chews
and swallows. In laboratory settings, participants were asked to consume their meals wearing
the sensor systems. The participants eating behavior was recorded through a video
monitoring system. Features extracted from sensors and video annotation were used to build
EI models. The EI was obtained by multiplying the mass intake with energy density of the
food item. While wearable sensors offer potential methods for EI estimation, one major
challenge of such methods is that they do not provide explicit information of consumed food

items.
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To address, some of the issues of both image-based and sensor-based EI estimation
methods, a novel wearable sensor system (Automatic Ingestion Monitor, AIM-2) has been
used in this study. The system combined a wearable camera that passively captured food
images with sensors that detected food intake and quantified chewing microstructure (e.g.
chewing, chewing rate, chewing durations etc). To objectively estimate EI, three approaches
were explored. Previously our research group proposed EI estimation method utilizing counts
of chews and swallows [23]. In this work, firstly, we explored the AIM-2 to estimate EI using
a model based on sensor-derived chew counts. Secondly, a sensor-assisted image model from
manual review of the food images by an expert nutritionist was investigated to identify food
items, food types, portion size and estimate EI. To facilitate the process of image review, a
custom-designed software written in Java was used to enable review of food images within
sensor-detected episodes, thus significantly reducing the reviewing burden for the human
annotator. Thirdly, the average of the sensor and image models was computed. It was
hypothesized that the averaging of two estimates would minimize the error. Lastly, a self-
reported food diary was used to estimate EI to compare sensor and image models with self-
report. The major contributions of the proposed work are: (1) estimation of EI utilizing both
sensors and images and validation in the free-living environment; 2) estimation of EI without
using any fiducial markers in the image; and (3) providing detailed information about the

food items consumed during any eating episode.
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6.2 Methods

6.2.1 Subjects and protocol

Four healthy subjects (4 males) with a mean (+SD) age of 24.00 + 4.32 years (range:
20-30 years) and a mean (+SD) body mass index (BMI, in kg/m2) of 24.25+ 1.89 (range:
21.5-25.6) participated in this study. Participants came to the laboratory for four visits. Two
high-definition cameras (Contour Roam2 LLC, USA, and GW- 20611P, GW Security, Inc.
CA, USA) were mounted on the wall of the laboratory to record the experiment. All
participants made their first visit before starting the experiment, read and signed an informed
consent form. The University of Alabama’s Institutional Review Board approved the study.
Participants were excluded from the study if they possessed any of the conditions such as: 1)
temporomandibular joint (TMJ) disease; 2) dysphagia; 3) difficulties with chewing. Next, the
sensor system (AIM-2) was prepared for each of the participants and attached to the temple
of non-prescription eyeglasses with heat shrink tubes. Participants with corrective lens were
instructed to bring their spare eyeglasses for sensor attachment. The AIM-2 consisted of a
module which integrated a miniature 5 Megapixel wide-angle lens camera, a low-power 3D
accelerometer (ADXL362 from Analog Devices, Norwood, MA, USA) and a bending sensor
(SpectraSymbol 2.2" flex sensor). For each of the participants, the attachment of the sensor to
the eyeglasses was carefully checked and retained in the lab until the next visit. Next, the
participants were trained to report dietary intake and activity using two mobile applications
(Automated Self-Administered 24-Hour (ASA24®) Dietary Assessment Tool [25] and
aTimeLogger [26]). The ASA24 phone application was used in the food diary mode [27]. The

participants were trained on how to enter the portion size of each food items during eating

126



episodes. A short training on visual estimation of portion size was given to the participants

using food replicas. The participants were scheduled for the next visit and left the laboratory.

Attached to
the temple
with heat

shrink tube

LED
indicator

Muscle
activity
applies
force on

sensor
USB interface
for charging
and data
retrieval

Figure 6-1. AIM-2 used to monitor chewing activities and capture passive images. The sensor
module is attached to the temple of off-the-shelf wearable eyeglasses with heat shrink tubes.
On the first day of the experiment, the participants came to the laboratory three times
(visits 2-4). Up to two participants were invited to the laboratory at the same time to simulate
social eating. For the second visit, the participants came to the laboratory in the morning
(between 7:00 AM - 9:00 AM) after an overnight fast. Upon the arrival, participants were
given the AIM-2 device and reminded about the instructions for the experiment. Each
participant was asked to consume a full meal (breakfast) purchased from the University food
court. The participants chose the type and quantity of food items that they wanted to
consume. Research assistant weighed each food item and used a nutrition software "Food
Processor" [28] ( detail procedure is described in Section- 6.2.4) to enter the details of food
items. There was no restriction on the time required to finish the meal. When the participants
had finished eating, the research assistant weighed leftovers and updated the amount
consumed in the nutrition software. Visits 3 and 4 were made on the same day to consume
lunch and dinner following the same procedure. The daily usual activities of the participants

were not restricted on the first day except they had to consume their meals at the laboratory.
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In the second day of the study, the participants continued wearing the device for 24
hours. During this period, the participants had virtually no restrictions on the types of the
activities performed. They continued their normal daily routine with three exceptions: to take
the AIM-2 off during 1) taking the shower 2) any water activities that may damage the
device, and 3) sleeping. The participants were also reminded to self-report all of their
laboratory and free-living eating episodes using the ASA24 mobile app (used a food diary).
After completing the free-living part of the study, the participants reported to the laboratory

to return the AIM-2.

6.2.2 Study design

Four different methods were proposed to estimate EI: 1) a sensor model based on
sensor-derived chew counts; 2) sensor-assisted image model from manual review of the food
images 3) the average of the sensor and image models and; 4) self-reported food diaries
completed by participants using ASA24. Weighed food records were completed by a research
assistant to provide reference for both training and validating the sensor model. For
laboratory eating episodes, comparisons were made between all four methods mentioned
above with respect to weighed records that were used as the gold standard. For free-living
eating episodes, daily EI was computed and comparisons were made between sensor model,
image review, average EI and self-reported food diaries. In addition, the estimated energy
requirements for each participant were computed. The reporting error was expressed as mean
absolute percentage error. The following subsections describe each of EI measurement

elaborately.
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6.2.3 EI Measurement: weighed food records (Elygg)

A trained research assistant recorded the food items and weighed all foods and
beverages individually before and after each eating episode. Data from weighed records were
entered into the food analysis program, The Food Processor Nutrition Analysis Software
(version 7.6, 2000, ESHA Research, Salem, OR) to derive EI of each eating episode. The
Food Processor software is a validated software currently used in the field of nutrition
research. It provides broad nutritional information about food items, including weight, kcal,
caffeine, vitamin, total fat, grams, the percentage of protein, carbohydrates, and sugar. To
obtain nutritional information with the software, the food items and the amount of each food
items consumed had to be specified. The software automatically calculated the total energy

content (kcal) and provided the report immediately.

6.2.4 EI Measurement: Sensor model based on sensor-derived chew counts (Elggy)

Estimation of EI for each eating episode was performed utilizing sensor information.
Fig. 6-2 illustrates the procedure for EI regression model. The eating episodes were detected
using the food intake detection algorithm described in [chapter-5]. To detect the eating
episodes, the AIM-2 sensor signals were first processed and divided into non-overlapping 3s
fixed time segments called ‘epochs’. Features were extracted from the epochs. The features
were then used to train and validate classification model that detected food intake epochs.
The eating episodes were identified from the food intake epochs. Next, the chew counts
algorithm was applied only on the epochs which were labeled as food intake by the classifier.
Once the chew counts for each eating episodes were obtained, features were extracted from

chew counts and flex sensor signal. These features were used to build the EI model.
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Figure 6-2. Flow diagram of EI sensor model based on sensor-derived chew counts.
Thirteen features were extracted for each eating episode from chew counts. The

description of features is listed in Table 6-1.

Table 6-1 Features extracted from chew counts

Variable Description
names
numb_chews_seq_sensor Number of chewing sequence per eating episode
total chews Total number of chews per eating episode
total chews_du Total chew duration per eating episode
avg_chews_perSeq Average of chews on chewing sequence per eating episode
sd_chews_perSeq Standard deviation of chews on chewing sequence per
eating episode
var_chews_perSeq Variance of chews on chewing sequence per eating episode
chewRate total _chews/ total chews du
avg_chews_du perSeq Average chew duration on chewing sequence per eating
episode
sd_chews_du_perSeq Standard deviation chew duration on chewing sequence per
eating episode
var_chews_du_perSeq Variance chew duration on chewing sequence per eating
episode
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Along with chew related features, twelve flex sensor features were computed. These
features were derived from epochs, which were detected as food intake by detection
algorithm. The sum and average values of features were computed over the eating episode.
These sensor features included the number of mean crossings, duration between mean
crossings, entropy, waveform length, mean amplitude, periods from autocorrelation function,
power of the signal and maximum frequency present in the signal spectrum.

Elggy = apEy + -+ aF
where, a,, ... a; are the regression coefficients, F,, ... Fjare the features extracted from chew
counts and Elggy is estimated EI.

For model fitting (training), the EIy,pg Was considered as response variable. The
forward feature selection procedure was applied to select the most important features from
the initial set of features. To avoid introducing bias into the regression model, feature
selection was done on an independent dataset. The selected features were then used to build
multiple linear regression model with their intercepts set to 0 to predict EI using leave-one-
subject-out cross-validation. The model was trained with eating episodes from 3 participants,
and tested with eating episodes from the remaining participant. The procedure was repeated 4
times such that each participant was used for testing once. Finally, a group regression model

was developed for EI estimation in free-living eating episodes.

6.2.5 EI Measurement: Sensor-assisted image model from manual review of the food

images (Elyye)

Estimation of EI was performed by manually reviewing the AIM-2 images. Fig. 6-3
illustrates the procedure for EI estimation using image review. First, the sensor-detected

eating episodes were used to identify the food images. A well-trained nutritionist at the
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Colorado Clinical and Translational Sciences Institute's (CCTSI) Nutrition Core, then
manually reviewed the images of sensor-detected eating episodes only and estimate EI for
each eating episode.

A number of software packages have been developed for nutrition analysis [28]—[30].
These packages allow searching foods and brand products, entering weight, servings and
portions of food items, and estimating nutritional contents. In order to review images and
enter information into the software, one has to open food images and the software separately,
which may be burdensome. To facilitate the review process, a novel Java-based software was
designed which can simultaneously review images, recognize food items in the image and
enter details to food items to obtain nutrition information (i.e. weight, kcal, carb, fat, protein

etc.).

Identify images of
AIM -2 AIM Images Sensor detected Food images

/ﬁ Food intake events
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Figure 6-3. EI estimation using image review.
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On top of that, the software also included an added option of viewing sensor-detected
food intake events. Fig. 6-4 illustrates the interface of the software. A graphical user interface
(GUI) was developed in the software that included three main panels and two bars. Three
panels were image panel (displaying thumbnail image), plot panel (plotting sensor matrices
such as food intake detection from flex or accelerometer sensor, chewing count etc), and meal
panel (in which user can add eating episode and consumed food items). The two bars were
menu bar (contained menus) and status bar (provided status of total number of images, time
of selected image and other important messages). The image panel contained all image
captured by AIM-2 during the day and plot panel loaded the food intake detection labels. A
time-based link was established between the images and food intake detection plot such that
if the user would click on the plot, the corresponding image that was captured at that time
would show up at the image panel. To see the images clearly, the thumbnail images could be
zoomed-in by double-clicking the image. Further zoom-in feature was also possible. To
compute the EI and related parameters, two major database (FNDDS and USDA food
database [31]) were included in the software. From the selected food items, portion size of
each food item, the software automatically computed the energy value of each food items
using those two databases. Finally, the software generated a report files including EI and
ingested mass information of each of the reviewed eating episodes.

In this study, the CCTSI Nutrition Core nutritionist reviewed the images from
detected food intake events. All images of an eating episode were reviewed so that any
leftovers could be identified and recorded. The EI of each eating episode was computed
immediately upon entering information of food items. In this way, the nutritionist reviewed

all the eating episodes, manually recorded food items information and estimated EI.
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Figure 6-4 Screenshot of the main window of AIM-2 Java software.

Meal panel

6.2.6 EI Measurement: Average of Sensor model estimated EI and Image review estimation

El (Elgye)

In this approach, estimation of EI was performed by taking the average of sensor
model estimated EI and image review estimated EI for each eating episode.

Elggy + Elyg
2

El e =

6.2.7 EI Measurement: food diary — ASA24 (El 454)

During the experiment, the participants used a food diary, Automated Self-
Administered 24-Hour (ASA24) Recall developed by the National Cancer Institute, to report
dietary intake. The ASA24 uses an extensive food database and provides energy information

for each item entered. The ASA24 also included over 17,000 portion size images to aid to
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facilitate portion size estimation. The ASA24 can be used to collect both food diary as well as

24-hour recalls. In this study, the ASA24 was used as food diary.

To minimize the inherent error of self-report, a short training on portion size
estimation was given to all participants. In the training, four meals shown in Fig. 6-5 were
formed with standard portion-sized food replicas (NASCO, Fort Atkinson, WI). All
participants used ASA24 to enter meals information and were familiarized with standard
units of portion measurements (i.e. cups, tablespoon, teaspoon etc.). During the study, at the
end of each eating episodes, participants used ASA24 to record all foods items and beverages

consumed.

Figure 6-5. Training meals for portion size estimation.

6.2.8 Estimated energy requirements (EER)

To provide a source for comparison in the free-living environment, the estimated
energy requirements (EER) was computed. A set of equations and factors that account for an

individual's EI, energy expenditure, age, sex, weight, height, and physical activity level
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(PAL) are typically used to compute the daily EER. Based on the measurement of DLW
studies, the EER consists of predictive equations for calculating the amount of EI that will
maintain any individual's body weight [34]. The EER equations for men and women are

given below:

Men: 864 — (9.72 X age[y]) + PA x (14.2 X weight[kg] + 503 X height[m])
Women: 387 — (7.31 X age[y]) + PA x (10.9 X weight[kg] + 660.7 X height[m])

where PA is the physical activity coefficients: PA - 1.00 (sedentary), 1.14 (low active),
1.27 (active), or 1.45 (very active). In this study, PA = 1.12 was used assuming that the
participants were not involved in intensive physical activities (e.g. marathon, triathlon,

playing in sports team).

6.2.9 Statistical Analysis

For laboratory eating episodes, the reporting error in estimated EI in an eating episode
was computed for each of the methods (i.e. EIggy, EIyye, EI sy, EIgs4) With respect to

weighed food records(E Iy rg).

EI- Elyrg

Reporting error =
Elwrr

X 100% ,EI : EISEN? EIIMG’ EIAVG! EIASA

The mean and SD of mean absolute percentage errors for each method were
calculated. To compare the mean difference between estimated EI from methods and weighed
food record EI, Bland-Altman [32] plots, bias, and limit of the agreements (95% confidence
intervals) were calculated. For free-living eating episodes, total daily EI from Elggy, El yg,
El y¢ Elsg, and, EER were compared. Then, one way ANOVA was analyzed to determine
the significant difference among methods. Tukey—Kramer post hoc multiple comparisons
analysis was performed to determine which methods differed from each other. All statistical

analyses were done using MATLAB 2017 (from Mathworks Inc.).
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6.3 Results

The dataset used to develop EI estimation models contained a total of 12 laboratory
eating episodes and around 15 free-living eating episodes from four participants. In EIggy
model, the forward feature selection algorithm selected features SD_chewRate perSeq,
chewRate as best features for EI estimation. Reporting errors for all EI estimation methods
for laboratory eating episodes are presented in Table 6-2. The results of reporting errors
demonstrate that the best accuracy in laboratory eating episodes was obtained in E1 4y with
22.37% £ 15.32% error. The results of the Bland-Altman analysis are presented in Table 6-3.
The Bland-Altman analysis indicated that the biases in EI estimation for all three methods
and self-report were positive (overestimated). Figures 6-6, 6-7, 6-8 and 6-9 show the Bland-

Altman plots each of the methods compared to weighed record.

Table 6-2 Reporting errors (in %) for EI estimation for laboratory meals with respect

to the weighed records EI

Methods El estimation method Reporting error Reporting error
(%) (%)
Mean SD
1 Elgpy 25.54 24.15
2 Eliye 30.03 26.02
3 El ¢ 22.37 15.32
4 El s 48.28 48.51

Table 6-3 Bland- Altman analysis for the EI estimation for laboratory meals

Methods Energy Intake Bias SD of Lower  Higher LOA
estimation individual LOA
difference
1 Elgpy -2.56 252.57 -497.61 492.48
2 Elye -82.46 306.11 -682.43 517.51
3 El ye -13.98 228.39 -461.62 433.66
4 El 464 -194.84 300.42 -783.66 393.99
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Figure 6-6. Bland-Altman plots for Elyrg vs EIggy. The blue dots represent estimated EI for
each eating episodes.
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Figure 6-7. Bland-Altman plots for EIyyrg vs Eljyg. The blue dots represent estimated EI for
each eating episodes.
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Figure 6-8. Bland-Altman plots for ElIyrg vs El 4y¢. The blue dots represent estimated EI for
each eating episodes.
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Figure 6-9. Bland-Altman plots for Elyrg vs EI 454. The blue dots represent estimated EI for
each eating episodes.
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For free-living eating episodes, estimated daily EI from Elggy, Elyye, EIayg > EIgsa
and EER are presented in Table 6-4. The one-way ANOVA test showed that the means of
daily EI computed from all measurements (Elsgy, Eljyg, Eliyg, EIss4 and EER) were not
significantly different (p-value > 0.05). Boxplots of estimated daily EI from each of the

methods are shown in Fig. 6-10.

Table 6-4 Daily EI for free-living eating episodes

Participant  Elggy Elye El e El 44 EER
1 1464.37 1279.81 1372.09 1679.87 2759.96
2 2726.54 1977.94 2352.24 1996.21 2754.14
3 2585.40 3283.42 2934.41 4076.24 3094.25
4 1840.32 2019.58 1929.95 2974.73 2948.02

Average 2154.16 2140.19 2147.17 2681.76 2889.09
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Figure 6-10. Boxplots of daily EI for free-living eating episodes.
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6.4 Discussion

Several studies have attempted to estimate daily EI using image-based methods and
wearable on-body sensors. However, while some of the methods show great promise under
certain circumstances, objective, accurate and cost-efficient methods for estimation of EI are
yet to be developed. The main objective of the present work was to explore the ability of
wearable device consisting of sensors and camera that can provide a semi-automatic approach
to estimate EI accurately both in the laboratory and free-living environments. The most
important finding of this work was that the accuracy of EI estimation can be improved
utilizing both image and sensor information.

Estimation of EI was performed in four ways — sensor model based on sensor-derived
chew counts, sensor-assisted image model from manual review of the food images, the
average of the sensor and image models and self-reported food diaries. Results suggest that
the EI 4y exhibited the best EI estimation reporting error of 22.4% =+ 15.3% for laboratory
eating episodes which outperforms our previous reported accuracy in [23]. As per the
hypothesis, the performance of EI estimation improved when the sensor model and image
review were averaged. One potential possibility of this improvement could be the individual
contribution of Elggy and El;y . Since our sensor primarily sensitive to chewing, therefore
the sensor model performed better in estimating EI related to solid food intake. On the other
hand, the image review led to a better performance in detecting liquid food items compared to
the sensor model. However, there exists a possibility of inaccuracy in portion size estimation
of solid food items during image review. Therefore, the averaging of these two methods may
potentially balance out the effect of error and provide improved accuracy in EI estimation.

Apart from accuracy, the current work proposed a group EI model rather than an

individually calibrated model, which may potentially offer a more robust model to account
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for inter-person variations. Additionally, the group model may potentially perform better in
free-living conditions as the model can be generalized to larger populations. It was also
observed that the reporting error of El gy method was better than El ¢ by at least 5%. For
large dataset, the accuracy may increase and therefore one can expect better performance
utilizing sensor-estimated mass in the calculation of EI rather than using image reviewed
portion size. One potential reason could be the portion size estimation in image review.
Literature implies that three major elements affect portion-size reports perception,
conceptualization, and memory. Due to these human limitations, even well-trained
nutritionists may make errors in portion size estimation.

The lower reporting bias of -2.56 was observed in EIggy model compared to other
models. However, the narrowest limits of agreement was found in EI 4y method. This results
along with the reporting error indicate that EI 4y method may perform better in free-living
environment where variety of food items may impact on EI estimates. Another observation is
that the SD of individual differences of Ely ¢ and EI 454 are high and quite comparable. One
potential reason could be that both methods employ the human expertise of self-report. The
highest reporting error of ~48% was found in EI 45, method, which could be due to error of
portion size estimation.

For free-living eating episodes, methods were compared in estimating daily EI. The
validity of estimated and self-reported EI was further assessed using EER equations
developed from DLW studies. The ANOVA results suggest that there was no significant
difference between the methods. Further studies will need to involve more participants to
explore differences in estimating EI.

The most important features for EIggy model were found to be related to chew rates.

Previous research [33] has demonstrated the possibility of change in the quantity of intake
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with chewing rates. The study showed that obese persons chewed less and ingested the meal
more quickly than did lean persons. Although the current study only included healthy
participants, the chewing rate related might influence EI. Future studies can be carried out for
justification.

Another important contribution of this work is that the custom-designed annotation
software. To the best of our knowledge, there is no such software that can review images,
analyze food intake events detected by sensors and simultaneously perform the dietary
assessment.

The major strengths of this work were the performance comparison between three EI
estimation methods. A limitation of this study was that the sensor used can only detect
chewing, therefore the liquid intake detection from the sensor system was not readily
available. As the only the images of food intake events were reviewed, therefore liquid events
may have missed and contributed to reporting error. Another limitation is that the study was
conducted in a small population. Further improvement can be done in the EI models by
incorporating more subjects in a free-living environment. The current work proposes a semi-
automatic approach of estimating EI, in which the food intake detection was done
automatically but the review of image was performed manually. In the future, instead of
manual image review, deep learning based computer vision techniques could potentially be

used for automatic food recognition from the images.

6.5 Conclusion

In this paper, we propose a novel wearable sensor system that can estimate EI in
individual from sensors and images without the need of any fiducial markers in the images. In

leave-one-subject-out cross-validation experiments, the average of EI model using chewing
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sensor-derive metrics and image review estimates had the best reporting error 22.4% =+
15.3%. Further study is needed in broader populations and validation in a free-living

environment.
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CHAPTER 7
CONCLUSIONS AND FUTURE WORK

7.1 Conclusions

This dissertation contributes to the work on development and validation of a wearable
sensor system for dietary assessment and EI estimation. The main contribution of this work is
the development of related signal processing and pattern recognition algorithms for

automatic, accurate and objective monitoring of eating episodes and estimation of EI.

Firstly, the dissertation explores the existing works in EI estimation with a systematic
review. Different methods such as traditional self-report, mathematical models, image-based
method and wearable sensors were investigated. The review demonstrates that some of the
methods do show great potentials under certain circumstances, however, there is a critical
need for objective, accurate and cost-efficient methods for estimating of daily EI. Also the
methods must provide good accuracy in free-living condition, accurate identification of food

items and minimal burden to the user.

Then, the dissertation examines the desired time resolution of sensor-based food
intake detection to obtain the meal microstructure parameters of food intake events that may
help in EI estimation. Based on the analysis, the findings suggest that a sensor time-
resolution of < 5 seconds may potential be sufficient to evaluate the key meal microstructure

parameters. Next,
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the dissertation explores a wearable camera to capture images of eating episodes. The
wearable camera captures both food and non-food images. The chapter-4 of dissertation
introduces a methodology for clustering of food images into food and non-food groups based

on histogram matching, without recognizing food items on the image.

Incorporating sensor with wearable camera, the dissertation then proposes a novel
wearable sensor system (AIM-2) that can detect eating instances, provide accurate chew
counts during food intake events and automatically capture passive images. To obtain chew
counts from eating events, a novel chewing sensor is introduced. The work further
demonstrates the number of images can be reduced significantly by analyzing the images
during food intake event only. The method also addresses potential possibility of alleviating
some of the privacy concerns of wearable cameras. The results suggest that accurate
monitoring of food intake can be achieved in both controlled laboratory conditions as well as
unrestricted, daily free-living conditions. Moreover, the sensor system can be potentially used

for EI estimation in free-living environment.

By utilizing the AIM-2 device, the dissertation finally presents the preliminary results
of automatic EI estimation for humans in free-living environment. A human subject study
was conducted on healthy participants both in the laboratory and free-living conditions to test
the accuracy of AIM-2. The major contribution of the work compared to existing EI
estimation techniques is to utilize both sensors and images to estimate EI. To assist reaching
to the goal, a software is also designed for reviewing images, sensor-detected eating events
and estimate ingested mass and EI. The preliminary results suggested that AIM-2 can be

potentially used for EI estimation in free-living environment.
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7.2 Limitations and Future works

The primary limitation of the work presented in the dissertation is the small sample
size of 4 participants. However, the presented results are promising. In future, long-term
studies with large population are needed to fully develop the feasibility of proposed approach.
Further works can also be done on the validation of sensor system and the proposed methods

in a weeklong free living conditions against the doubly labeled water method.

Another limitation is that the sensor system primarily uses chewing information to
detect food intake events. Therefore, if the user performs an eating activity which includes
significant amount of chewing but no swallowing (e.g. chewing gum), then the proposed
system will output false positives. In addition, the drinking episode which does not involve
chewing, may not get detected by the system. Future works are needed to be done on liquid
intake detection. The jaw movements during consumption of liquids can be potentially

explored to detect liquid intake.

Currently, the device is capturing continuous image in 15 secs interval. Future works
can be done on the device where the camera will be triggered based on the sensor signals and
capture images only during food intake events. The food images are now being reviewed
manually by nutritionist. In future, deep learning based computer vision techniques could

potentially be used for recognition of the type of food consumed.

The EI estimation models can be further improved by utilizing large number of eating
episode information from more participants. Further studies are also needed to explore the

long-term use of the device and identify issues related to user comfort and compliance.
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Going forward, a method for real-time food intake detection and immediate feedback
to the users can be explored. Currently, the signal processing of the sensor data coming from
AIM-2 was done off-line. However, for real-time food intake detection, all the processing
needs to be moved to the AIM-2 framework. Future works can be done to develop these new
methodologies, for making the AIM-2 more robust and reliable wearable system for dietary

assessment.
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