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Abstract
This chapter provides an introduction to the field of Automatic Dietary Monitoring (ADM) that intends to derive diet-related behaviour
information from unobtrusive sensors and data analysis algorithms. A
conceptual gap found in most literature reviews on the relation of physiology and dietary activities is filled. A consistent knowledge-based
physiological model for dietary activities is presented. A biomedical
approach is adopted to retrieve phenomenological insights of the food
preparation, intake, and digestion processes. A taxonomy of dietary
activities, and a literature review of wearable sensing approaches and
dietary dimensions across all dietary activities are also presented.

1

Introduction

Human nutrition and dietary behaviour are tightly coupled to lifestyle. Behavioural choices around diet, e.g., when, what, how much, is consumed
1
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depends on the individual life circumstances, trained behaviour, personal
traits, and diseases. Regular food intake is the fuel to maintain the body
and perform physical and cognitive activity by providing nutrients needed
to maintain body metabolism. Due to its routine character, the behaviour
patterns in dietary activities, including food selection and preparation, ingestion, etc. all happen with little attention. At the same time, healthy
dietary choices are hard, due to the variety of options and “false friends”
among the apparently healthy choices.
The pandemic of overweight and obese individuals provides clear evidence of the complexity that is embedded in food intake and healthy dietary
activity. Thereby, overweight is defined by the body-mass-index (BMI)1
greater than or equal to 25. Obesity is a clinical condition, with BMI
above 25. The obesity epidemic alone affects 10% to 30% of the world’s
population (WHO statistics 2014, http://www.who.int/topics/obesity/en/).
About 39% of adults aged 18 years and over were overweight in 2014. According to WHO, word’s population account for more deaths due to overweight and obesity than underweight. Overweight and obese people are
predisposed for cardiovascular diseases and diabetes. A variety of related
diseases and condition show strong interaction with dietary behaviour and
underpin the social, economical, and psychological burden. Due to various
disease conditions an exact estimation of associated costs is considered unfeasible. Since the 1980s, diet coaching and weight management programs
have been designed to help making healthy dietary choices. The programs
coach individuals to improve dietary behaviour by regular feedback, food
choice suggestions and specific recommendations to escape the common re1

BMI is an index of weight vs. height, commonly used to classify overweight and obese
adults. BMI is defined as body weight in kilograms divided by the square of body height
in meters, i.e., having a unit kg/m2 .
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lapse. Meanwhile, it is recognised that the programs have only limited effect
and results differ by the individual. Wing and Phelan [Wing and Phelan,
2005] found that only 20% of those that achieved at least a 10% reduction
in body weight were able to maintain the new weight for one year. Diet program results suggested that lifestyle changes are needed to maintain healthy
diet, requiring a dietary support duration of at least two to five years.
The diet coaching and weight management programs typically use selfreporting techniques, either by pen-and-paper or digital assistants, e.g. smartphones, to obtain actual information about dietary activities. Self-reporting
methods originated from questionnaire-based assessments of the 1940s [Burke,
1947]. The diet behaviour monitoring was soon observed to be essential
to design nutrition interventions [Bellisle, 2003], but also challenging to
implement. Already Witschi [Witschi, 1990] observed that although selfreports could capture temporal resolution and information detail adequate
for diet coaching, they practically fail due to manual logging labour requested from respondents. Accuracy is influenced by respondent motivation,
memorising, or literate capabilities. Moreover, respondents may changing
their perceptions of what are desirable behaviour patterns. Their increasing self-awareness during the reporting results in omitting or beatifying intake details. While Witschi suggested that self-reports should not be used
for more than one week, they are used in dietary coaching time spans of
months, as alternatives are still lacking. Evaluations of smartphones and
personal data assistants showed that self-reporting validity did not improve
over traditional pen-and-paper reporting and that logging activity declined
over time [Lieffers et al., 2014]. Novel, unobtrusive dietary monitoring solutions are needed that automatically identify diet activities and provide
relevant information for diet coaching, termed Automatic Dietary Monitor-

4

Schiboni and Amft

ing (ADM) [Amft and Tröster, 2006]. The solutions must be suitable for
everyday use, comfortable to be used continuously, and operate reliable even
in unforeseen daily life situations. Continuous monitoring information from
ADM systems are essential to achieve full coverage of all daily behaviour
related to diet. These requirements impose various challenges for ADM
system design and validation.

1.1

Concept of Automatic Dietary Monitoring (ADM)

Research efforts on wearable ADM started in 2005 and since then have led
to a field of wearable and ambient monitoring systems with various research
groups involved [Amft et al., 2005a,b, Amft and Tröster, 2006]. The ADM
objective is to monitor dietary activities immediate to food intake: preparation, ingestion, processing, swallowing. The immediate dietary activities
provide information for dietary coaching, as they are immediately related
to voluntary behavioural choices and therefore can be influenced [Amft and
Tröster, 2009]. ADM targets reliable and end user-oriented integration of
sensors and data processing systems into body-worn, wearable systems or
ambient systems. The requirement for continuous monitoring information
may be easier to realise using body-worn systems, as they are continuously
with the user. Body-worn systems require body-compatible materials that
could be continuously used, e.g., textiles and accessories. While this chapter focuses on body-worn ADM technology, the fundamental intake process
analysis described in Sec. 2 applies to ambient systems too. It is however
clear that a fully integrated ADM system, complying with all requirements,
providing all possible diet monitoring information, and being suitable for
any dietary monitoring application, will be hard to achieve. It was therefore
suggested to design solutions, including sensor choice, algorithms, validation
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methods, addressing well-defined use cases within the ADM field [Amft and
Tröster, 2009, Amft, 2011]. Current solutions towards ADM often lack in
one or more aspects: functional performance, durability/reliability, efficient
production capability, cost, ease of use, comfort (including weight, bulkiness, flexibility, skin compatibility) and ease of care (clean, repair, recycle).
Further requirements are that deployed sensing solutions are unobtrusively
integrated, protect privacy, and minimise interference with daily activities
of their users.

1.2

Towards structuring ADM methods

Several efforts were made to review research methods and sensor technology
related to ADM. The reviewing approaches differ regarding their methodology and focus in dietary activities. Already the initial investigations on
chewing monitoring gave a substantial review on related methods and fields
by providing relevant background on the processing activity [Amft et al.,
2005b].

Subsequently, Amft and Tröster [Amft and Tröster, 2009] and

Fontana and Sazonov [Fontana and Sazonov, 2014] addressed a wide range
of dietary activities in their reviews, including chewing and swallowing using
wearable sensors. The investigation of Amft and Tröster addressed ingestion activities, i.e., intake gestures too. Passler and Fischer [Passler and
Fischer, 2014] focused just on chewing event detection. Stumbo [Stumbo,
2013] provided a detailed review of visual, i.e., camera-based, approaches of
food intake monitoring. Kalantarian et al. [Kalantarian et al., 2016] focused
on piezoelectric- and audio-based approaches for food intake monitoring.
Steele [Steele, 2015] concentrated his analysis on how to measure dietary
dimensions. Hassannejad [Hassannejad et al., 2017] focused on recent investigations in computer vision and wearable sensor-based methods for ADM.
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The most exhaustive surveys are the following three in temporal order:

Amft [Amft, 2011] introduced a dietary monitoring technology taxonomy in
which monitoring technologies to assess dietary behaviour are categorised in
ambient, on-body and implantable. Key elements were described in terms of
sensor technology, dimensions of dietary behaviour, and applications. Prioleau et al. [Prioleau et al., 2017] provided a comprehensive review of wearable and hand-held approaches from 2004 to 2016. Emphasis was placed
on sensor types used, signal analysis and machine learning methods, as well
as a benchmark of state-of-the art work in this field. Finally, Vu et al. [Vu
et al., 2017] focused on a comparison of different wearable sensing technologies and approaches that relate to signal processing and machine learning,
body location, and applications for medical research.
Early as well as contemporary reviewing efforts provide relevant insights
into the ADM field from different perspectives, including sensing modalities, signal processing, and application-oriented viewpoints. However, there
is a conceptual gap in most literature reviews on the relation of physiology
and dietary activities. This chapter presents a consistent knowledge-based
physiological model for dietary activities. A biomedical approach is adopted
to retrieve phenomenological insights of the food preparation, intake, and
digestion processes. We consider a temporal pattern of actions and physiological processes, i.e., dietary activities, that are targeted by ADM sensing.
The temporal pattern of dietary activities is described in chronological order,
highlighting body-attached and body-integrated solutions for monitoring.
An important consideration for wearable ADM solutions is their integration on the human body to maximise compliance in continuous monitoring.
Many existing ADM approaches provide insufficient integration in garments
or accessories and thus have limited practicality even if their information
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is relevant. However, accessories shall retain their assistive or aesthetic
purpose even when adding an ADM functionality. With the integration in
textiles or accessories, sensor data quality typically drops, suggesting that
adequate data processing and validation are needed.
This chapter highlights accessory-based wearable devices, emphasising
evaluated concepts, not an exhaustive list of ADM publications. The overview
shall provide instructive insights into methods, set a common terminology,
and identify research gaps. With a view towards core ADM technology,
our analysis focuses on empirically evaluated concepts. We exclude carryon devices and manual monitoring from the analysis to maintain the focus.
Garment-based ADM solutions have been rarely considered and thus do not
appear prominently.

2

Physiological processes related to food intake

Understanding the normal physiology of food intake is a fundamental step
to develop ADM solutions. This section details the physiology related to
food intake as relevant for ADM. A dietary activity model and taxonomy of
the activities and processes are presented.
Eating and swallowing are complex processes including both volitional and
reflexive mechanisms with more than 30 nerves and muscles [Jones, 2012]. In
Fig. 1, the anatomy of the oral cavity, pharynx, larynx are shown. The oral
cavity is composed by the lips, the inside lining of the lips and cheeks (buccal
mucosa), the teeth, the gums, the front two-thirds of the tongue, the mouth’s
floor below the tongue, and the hard palate. The entire structure is called
the mouth, and it has the function to ingest, process and swallow food, and
also to coordinate breathing activity. Above the oral cavity, a large space
filled with air, the nasal cavity, serves to smelling and airway function. The
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pharynx is located behind the mouth and the nasal cavity, considered part
of the throat, it is the first tract of the larynx and esophagus, i.e. tubes
going down respectively to lungs and stomach. The pharynx is divided in
nasopharynx, oropharynx, and laryngopharynx. Nasopharynx plays a role
in breathing and speaking, oropharynx and laryngopharynx are both part
of the digestive system and respiratory system, they are also important for
vocalisation. The inferior border of the laryngopharynx is connected to the

Figure 1: The pharynx runs from the nostrils to the esophagus and the larynx.
(A) Nasal cavity. (B) Oral cavity. (C) Pharynx. (D) Larynx. Retrieved free of
charge from http://cnx.org/contents/14fb4ad7-39a1-4eee-ab6e-3ef2482e3e22@8.80.

esophagus, whereas the anterior portion connects to the larynx, allowing air
to flow into the bronchial tree.
A model that describes the physiology of normal eating is the four stage
model for drinking and swallowing [Dodds et al., 1990]. The swallowing
process was classified into oral, pharyngeal, and esophageal stages according
to the bolus location.
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Oral stage

The mouth, see Fig. 2.a, is composed by two regions, the pocket-like part
between the teeth, lips and cheeks, i.e., the oral vestibule, and the oral cavity that is bounded at sides and in front by the alveolar process, where teeth
are located, and posteriorly by the the ishtmus of the fauces, where the oral
cavity become the oropharynx.
The arch that shapes the mouth is called the hard palate. The hard palate is
a structure that separates the oral and nasal cavity, and also offers resistance
to the tongue during compression of food, i.e., tongue-palate compression.
The hard palate ends at the posterior area of the oral cavity, where tissues
are composed by skeletal muscles, and it is essential for handling simultaneously digestion and respiration process. The posterior area of the oral
cavity is called soft palate and it is indispensable for actions as yawning and
swallowing. During swallowing, the soft palate, together with the uvula, a
conic projection from the posterior edge of the middle of the soft palate,
keeps out food and liquid from the nasal cavity.
The tongue, see Fig. 2.b, the strongest muscle in the body, facilitates
a number of physiological functions related to nutrition and vocalisation.
The tongue is positioned over the oral cavity’s floor and is attached to the
mandible, to the styloid processes of the temporal bones, and to the hyoid
bone. During food intake the tongue supports ingestion, mechanical digestion (or processing), chemical digestion (lingual lipase), sensation (of taste,
texture, and temperature of food) and swallowing. The tongue has three
important digestive functions: (1) positions solid food for optimal chewing,
(2) forms a bolus from solid food (or liquid), and (3) positions solid food (or
liquid) so it can be swallowed. These functions are performed with a coordination of the extrinsic and intrinsic muscles, that compose the tongue, by
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(a) The mouth includes the lips, tongue, palate, gums, and teeth.

(b) This superior view of the tongue
shows the locations and types of lingual
papillae.

Figure 2: Oral cavity. In Fig. 2(a) components of the mouth are identified. In
Fig. 2(b) an overview of lingual papillae is presented. Retrieved free of charge from
http://cnx.org/contents/14fb4ad7-39a1-4eee-ab6e-3ef2482e3e22@8.80.

changing size and shape.
In the oral cavity, within the mucous membranes, several salivary glands
can be found. The function of these exocrine glands is to constantly secrete
saliva to start the chemical digestion. Saliva is composed by ∼ 95% percent
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of water and the other ∼ 4.5% is a complex mixture of ions, glycoproteins,
enzymes, growth factors and waste products. During a food intake, secretion increases such that mouth, tongue, and food, are moistened to favour
processing. Chemical breakdown of carbohydrates also starts, initiated by
the enzyme salivary amylase. Salivation is increased even after swallowing,
in order to clean the mouth and to neutralise any chemical remnants. At
the process end, saliva is swallowed and reabsorbed. The teeth are responsible for breaking the food down, namely to form a bolus. The teeth form
an occlusal area where the food particles are fragmented. The extent of
fragmentation depends on the total occlusal area and thus on the number of
post-canine teeth [Pereira et al., 2006]. A fully dentate adult has 32 teeth,
16 in each jaw. A linear relationship between the number of occluding teeth
and masticatory performance was observed [Van Der Bilt et al., 2010]. The
teeth can be classified depending on their function. The incisors are used
for cutting during the first bite. The canine teeth are used for cutting and
tearing. The molars (or post canines) are involved in chewing and perform
most of the comminution. The number of chewing strokes before swallowing
is influenced by the dentition, but is independent of the age or the gender [Fontijn-Tekamp et al., 2004].
Energy and essential nutrients, demanded by the metabolic rate, are acquired through the oral processing of food. The mastication of food is controlled by the central nervous system and it is a physiological and physical
process. The mastication is tightly coordinated with the tongue movements,
cheek, soft palate and hyoid bone. The mastication is a cyclic jaw movement
where a period is characterised by a combination of teeth and tongue activities. The chewing sequence can be modelled as a recurring sequence of four
phases. These phases can be described anatomically and physiologically as
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following:
1. Closure of the mandible, where food is crushed and triturated.
2. A pause without mandible movement, where teeth are pressed together.
3. Mandible opening, in which material that sticks to the upper and lower
teeth is uncompressed.
4. Another pause, where the opened mandible is not moving.
The food processing consists of food structure modification by chewing sequence. The food is transported through fauces, adequately transformed in
bolus in the oropharynx, and then swallowed. When healthy subjects eat
solid food, additional morsel of food can be introduced into the oral cavity,
whilst another bolus is still being processed in the oropharynx. So the mastication cycle described above, appears not sufficient in order to describe
the temporal and bolus transportation complexity of the food processing.
Variations of the mastication cycle’s period are: chew, i.e., teeth pressure
carried out by the jaw; tongue roll, i.e., tongue rotational movement to
melt a bolus; tongue-palate compression, i.e., tongue movement against the
palate for manipulation, e.g., of semi-liquid food, or swallow.

2.1.1

Process model of feeding

Hiiemae [Hiiemae, 2004] introduced a process model, see Fig. 3, to describe
food processing by accounting for complex overlapping of events.
Stage I starts with the first bite. Stage I consists in placing the food onto
the occlusal surface of the lower teeth. The tongue transfers a bite of food
posteriorly by rotational movement. Once the food is placed on the molar
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Figure 3: The process model of feeding. Cycles 1 and 2 indicate sensory gates to
threshold the bolus status. Adapted from Hiiemae [Hiiemae, 2004].

occlusal surfaces, it is processed by mastication. The tongue’s role during the
jaw opening phase is to place food particles back that were not masticated
during closing phase. During this transport stage, food properties, including
taste and surface texture, are detected. If the food is perceived to be toxic,
it is expectorated at this stage.
The bolus conditions are monitored continuously. When a certain threshold is passed, there is a transition between Cycle 1 and Cycle 2, see Fig. 3.
The tongue is activated again in Stage II transport. The tongue progressively performs backward and forwards movements to move the food bolus
into the pharynx. Afterwards, a swallowing reflex activates a tongue shift
backward to induce a pressure gradient that propels the bolus to the esophagus, in tandem with pharyngeal constriction and relaxation of the upper
esophageal sphincter opening.
It has been postulated that Stage 2 transportation occurs simultaneously
with the chewing process as more than one bolus is prepared. Often, eating
requires several swallows. For solid food, portions are selectively moved to
the oropharynx as they become swallowable. Eventually, all food is transported in boli to the oropharynx and swallowed. In Fig. 3, Cycle 2 is a

14

Schiboni and Amft

sensory test to understand if the bolus is ready to be swallowed. Hiiemae
identified the presence of the sensory test but he was not able to directly
test it. In the next section, we introduce another model describing the
mechanisms involved to perform safe bolus swallowing.

2.1.2

Food breakdown and bolus formation during mastication

The transformation of food during oral processing is a complex procedure
in which food is perceived as a dynamical textural experience. The oral
food management consists in sensory measurements that tune the selection of jaw trajectory, the bite force, the circulation, compartmentalisation
and liquid-solid separation. The tuning is performed by perceiving physical properties of all part involved. Specifically, the food properties, e.g.,
hardness, moisture content, texture, the mouth properties, e.g., dryness, the
bolus properties, e.g., temperature, volume, adhesion, particle size, particle
deformation and bolus deformation, are the physical properties that affect
the process [Gray-Stuart, 2016]. The food properties, mouth properties and
bolus properties condition the chewing sequence that in turn characterises
the eating microstructure of an individual. The eating microstructure describes the interaction of chewing, oral bolus formation, tongue activity, and
swallowing. The eating microstructure can identify the stimulation to eat,
the sensory food interactions and perception, and the mental influences on
consumption [Aguilera, 2005]. As an extension, the intake microstructure
includes the feeding activity through arm motion and food ingestion [Amft
et al., 2007]. The eating microstructure has been identified as a source of
information in satiation processes [Kissileff and Guss, 2001].
Gray-Stuart [Gray-Stuart, 2016] proposed an engineering framework to represent/analyse human mastication. The diagram in Fig. 4 focuses on the de-
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cision for swallowing depending on the required bolus properties, i.e., corresponding to the swallowing threshold in the work of Hiiemae (see Sec. 2.1.1).
Fig. 4 is a simplified model of the conversion of raw material, i.e., food, into
a safe-to-swallow bolus, operated by the mouth. The aim was to describe the
linkage between the chewing sequence and the swallow mechanism, by identifying dependencies that affect the mechanical sensory test in determining
if a bolus is safe to swallow.

Figure 4: Oral food processing model. The chewing sequence is conditioned by the
physical properties of food, mouth and bolus. Based on the bolus properties, the
mechanical sensory test evaluates if the bolus is safe to swallow. Adapted from
Gray-Stuart [Gray-Stuart, 2016].

2.2

Pharyngeal stage

During the food passage through the pharynx, the airways are closed by
an involuntary muscle contractions. Swallowing, also termed deglutition, of
food takes about 4 to 8 seconds for solid or semisolid food, and about 1 second for very soft or liquid food [Tortora and Derrickson, 2008]. Swallowing
is a process that, aided by mucus and saliva, involves several muscles of the
tongue, the pharynx and the esophagus. The muscles are squeezed in order
to push the bolus down in a ripple-like effect, see Fig. 5. The pharyngeal

16

Schiboni and Amft

Figure 5: Deglutition includes the voluntary phase and two involuntary phases:
the pharyngeal phase and the esophageal phase.
Download for free at
http://cnx.org/contents/14fb4ad7-39a1-4eee-ab6e-3ef2482e3e22@8.80.

phase, with a duration of 1-3 seconds, starts with the trigger of the swallow
at the anterior faucial arches. In order to block the bolus access to the trachea and bronchi, the nasopharynx’s entrance is closed by the soft palate and
uvula reflexive movement and the cartilaginous epiglottis, larynx structure,
folds by covering the glottis, i.e., the larynx entrance. If the bolus goes into
the trachea, it can be forced to go back into the pharynx by coughing. The
phase ends with the opening/relaxation of the upper esophageal sphincter.

2.3

Esophageal stage

The esophageal phase together with the pharyngeal phase is not under voluntary control. The esophageal phase starts with the upper esophageal
sphincter contraction and ends with the lower esophageal sphincter relaxation, allowing the food to enter the stomach. The esophagus carries food
from the pharynx to the stomach. Two main sequences of events can be
identified during the esophageal phase: the primary and the secondary peristalsis. The primary peristalsis is a propulsive muscular contraction and
occurs just after a swallow. A peristaltic wave pushes the food from the
pharynx into the upper esophagus. The upper esophageal sphincter opens
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and closes to permit the food transport. The relaxation of lower esophageal
sphincter facilitates the food entrance into the stomach. The secondary
peristalsis consists in waves that are stimulated by distention of esophagus
structure. The main function is to clear the esophagus body from any remnants of food and fluid, or refluxed gastric presence.

Figure 6: Main body locations for accessory- and garment-based wearable ADM
devices.

2.4

Dietary activity modelling

A long-term monitoring application for ADM would require a sensing system
running all day. Measuring relevant information about dietary behaviour in
free-living conditions implies to detect eating-related events that we call di-
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etary events. In the top part of Fig. 8, a simulated daily pattern of dietary
events is depicted. Each dietary event is a complex sequence of actions
and physiological processes that can be measured and analysed. We denote
a dietary activity as any action or process of the human body aimed at
preparation, consumption, and digestion of food. Hence, the dietary event
becomes an ordered, stochastic and multi-thread sequence of dietary activities.
Due to the process complexity and temporal structure, a taxonomy of dietary activities, involving particular body locations, is needed. Therefore,
we introduce a generic phenomenological model for dietary activities. A taxonomy of dietary activities is defined and their on-body locations, temporal
and physical dependencies identified. Fig. 7 shows our model. The model
provides the following benefits:
• Understanding activity-activity and property-activity type dependencies. The sequence of activities is characterised by a high degree of
dependencies. The activity dependencies are described well in terms of
physiological knowledge. We developed our model by merging knowledge acquired from the process model [Hiiemae, 2004] and the oral
processing model [Gray-Stuart, 2016].
• Choice of the most appropriate nomenclature of activities. Current
ADM literature creates considerable confusion due to the plethora of
nomenclatures and discording taxonomies. We propose a consistent
terminology here, by referring as much as possible to common sense,
knowledge of previous semantic analyses in ADM, english dictionary
and medical vocabulary.
Six phases are identified in a dietary event, i.e., preparation, ingestion, pro-

Figure 7: Dietary activity model. The schema decomposes dietary activities (preparation, ingestion, processing, swallowing, digestion,
conclusion), their temporal structure and dependencies.
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cessing, swallowing, conclusion and digestion. A food intake sequence is
formed by the central intake-related phases, including ingestion, processing,
and swallowing. During a meal, several periods of the chewing sequence
are performed to process a morsel of food and prepare it for digestion. In
each phase, one or more dietary activities can be identified, e.g., fetch, chew,
swallow. Each activity is related to a particular location, e.g., arm, head,
neck, they occur in. The temporal sequence of activities is constrained by
anatomical structure, physiologic processes, physical properties and eating
microstructure.
We discuss the integration of sensor modalities into different accessory-based
wearable devices for ADM analysis. An overview of possible combination
of accessories and body’s location is depicted in Fig. 6. The next section is
about what physical or physiological phenomena can be measured, and the
rest of the chapter is about how to measure dietary activities.

2.5

Dietary dimensions

Feeding behaviour is critical for survival since it provides energy for daily
activities and body function. Keeping an adequate level of dietary energy intake is indispensable for any individual in order to sustain their metabolism.
Foods are composed chiefly of carbohydrates, fats, proteins, alcohol, water,
vitamins, and minerals [Manfield, 2015]. Carbohydrates, fats, proteins, alcohol, and water compose all food’s weight, with vitamins and minerals
making up only a small weight percentage. Using the International System
of Units, researchers measure energy in joules (J) or in its multiples; the kilojoule (kJ) is most often used for food-related quantities. The more active an
individual is, the more kilojoules of food energy they need to complement
the energy expended.
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Dietary assessment research methods, focused on feeding behaviour of an
individual, can be distinguished by the level of precision of measures, i.e.,
quantitative precision vs. classification or ranking of individuals [Block and
others, 1982]. For example, the resolution that nutritionists need, in order
to assess dietary activity in quantity of nutritional value, e.g., milligrams
of vitamin C, is not required for epidemiologic researches, e.g., correlation
between total energy intake, physical activity and body size for estimation
of disease risk probability.
Let us consider again Fig. 8. The figure, in the magnification part, depicts a
simplified dietary event, i.e., lunch. In a realistic recording, the event length
would be substantially longer and the number of dietary activities higher.
The dietary event depiction helps us to properly denote the measurement
set to be performed in ADM. Dietary metrics can be defined as:
• Timing
– Dietary event time. Time of the day when a dietary event happens.
– Dietary event duration. Time length of a dietary event.
– Dietary event schedule. Time between dietary events.
– Dietary rates.

Frequency of dietary activities, e.g., counting

fetches, chews, swallows.
• Food identification. Classification of food involved in the dietary event
following a certain taxonomy. The measure assume the existence of
N classes of food. A class can be the food identity itself, e.g., carrot,
banana, or can be a cluster, e.g, crispy, semi-solid, or can identify the
bolus status though a binary decision, i.e., solid and liquid.
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Figure 8: Top: Simulated daily patterns of dietary events. Magnification: Simulated dietary activity patterns and related dietary
dimensions for modelling a fast food lunch.
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• Intake quantity. Estimation of volume/weight can have different granularities, e.g., grams per dietary event, centilitres per sip.
• Calorie content. Estimation of amount of calories can have different
granularities, e.g., calories per dietary event, calories per bite.
• Nutritional value. Estimation of quantity of nutritional values can
have different granularities, e.g., grams of Omega-3 per dietary event,
grams of fat per bite.
A chain of dependencies for estimating the dietary metrics is noticeable. For
example, estimating nutritional value often requires us identifying the food
type and its quantity that, in turn, requires a dietary timing measure.

3

Preparation

Food requires a certain amount of preparation in order to be suitable for
ingestion. An individual performs selection, sensation and combination of
ingredients, together with hand activities, in an ordered procedure aimed to
change the food properties. From an engineering perspective, the properties
of food can be classified in thermal, structural and geometrical, mechanical,
together with others [Barbosa-Cánovas et al., 2009]. Research has shown
that limited food preparation and cooking skills are a barrier to eating more
healthily [Winkler and Turrell, 2010]. For instance, providing a balanced
diet is one of the main interventions that an elderly or cognitively impaired
receives by moving to assisted living. Although it is impossible to find temporal correlation and causal relation between preparation of food and food
intake, activity recognition applications focused on preparation of food are
an important tool for ADM solutions.
In the preparation phase, upper body movements (arms and trunk) are the
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most relevant dynamic to be monitored. Food preparation activities can be
defined at different granularity levels depending on application requirements
and sensing technology.
In Tab. 1, publications on food preparation recognition are presented. The
preparation activities can be defined as primitive actions performed by bare
hands, e.g., unpack coffee or break bread, or by tools, e.g., chop tomato
using knife or grate cheese using grater. Plötz et al. [Plötz et al., 2011] presented a framework to analyse kitchen activities by using sensor-equipped
kitchen utensils. The authors integrated tri-axial acceleration sensors into
kitchen utensils, i.e., knifes, scoops and spoons, to continuously monitor
activities that people perform when acting in the kitchen. Ten activities
related to sandwich and salad preparation were analysed in real-time. The
activities were based on observations of real world food preparation and
language employed in instructional cooking videos, i.e., chopping, peeling,
slicing, dicing, scraping, shaving, scooping, stirring, coring and spreading.
Ward et al. [Ward et al., 2002] implemented a wrist-mounted ultra low power
sensing platform, i.e., called sensor button, to perform continuous activity
recognition in the kitchen. Sounds and acceleration information were used to
spot complex activities, as individual steps of a cooking procedure, including
scrub, peel, take from drawer, grate, cut apple, put in blender, blend, pour
in bowl, mix, add lemon, stir, cut bread.
Activities can also be defined at a higher level of abstraction, by considering them as a cluster of primitive actions, e.g., preparing breakfast or
cooking pasta. Patterson et al. [Patterson et al., 2005] designed a glove
equipped with a radio frequency identification antenna in order to detect
different objects used in a kitchen environment during preparation of food.
The paradigm was based on the so called ”invisible human hypothesis” for
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which complex activity stages can be identified by the objects that are involved in the execution. Graphical models were used to recognise not only if
the user was cooking, but also what they were cooking. Examples of activities were: making oatmeal, making soft-boiled eggs, preparing orange juice,
making coffee, etc.
In our taxonomy of food preparation-related activities, we include the set of
fine movements that temporally occur before an intake gesture. Examples
are cutting using knife, spearing using fork or filling a glass of water. Identification of fine movement has not been addressed so far. An example is
presented in [Amft et al., 2005a], see next section for a description of their
work.

4

Ingestion

In this section, we concentrate on dietary events related to the ingestion
phase. The ingestion phase consists of placing a morsel of solid food or a
quantity of fluid in the mouth. Ingestion is characterised by an interaction
between the arm and the head. An intake gesture is executed according to
the following procedure:
1. Fetch: The arm moves towards the mouth.
2. Wrist rotation: The wrist executes a certain rotation in order to transfer a morsel of food into the mouth. When a mouth intake occurs, the
wrist is always higher than elbow and the hand’s palm is always facing
to the body [Ye et al., 2015].
3. Mouth intake: A certain combination of processes is executed to accommodate the morsel.
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4. Return: The arm follows a descendant trajectory aimed to put the
hand in a rest position or to grab food for the next intake gesture.

The execution is also schematized in Fig. 9. The intake gesture can be

Figure 9: Schematization of an intake gesture.

supported by means of specific tools, e.g., fork, spoon, glass, or can be conducted directly by the bare hand. The used tool does heavily influence the
gesture perceived.
The recognition of intake gestures through body-worn sensors, i.e., Inertial Measurement Unit (IMU), represents the state-of-the-art for intake
gesture analysis in ADM, see Tab. 1. In Fig. 10, a pattern of a drinking
gesture is depicted. Signals from the three sensors that compose an IMU,
i.e., accelerometer, gyroscope and magnetometer, are shown, together with
the orientation estimation by using Euler angles.
Gesture trajectory patterns can be associated to information about specific
tools’ utilisation, that in turn supports categorisation of food, e.g., fork intake excludes ingestion of soup. Thus, intake gestures monitoring provides
mainly information about timing, solid vs. liquid intake classification and
food type by following the ”invisible human hypothesis” principle.
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Figure 10: A drinking gesture’s pattern from wrist-mounted IMU sensor. Data and
material of the authors.

Amft et al. [Amft et al., 2005a] demonstrated that arm- and wrist-mounted
inertial sensors can detect intake gestures, in terms of fetch and return. Isolated gesture segments were distinguished from other gestures and arbitrary
movements. It was also proved that a continuous recognition via spotting
is an applicable concept. Junker et al. [Junker et al., 2008] improved spotting results in terms of recognition performances. Dietary intake gestures
as eating lasagna with a fork and knife, drinking from a glass, eating soup
with a spoon and eating bread using one hand were monitored. Each kind
of gesture was characterised by the usage of a tool (or bare hand). Each
tool was associated to a particular food type. Sensors were placed onto
lower arm, upper arm, and upper torso. A hierarchical gesture spotting and
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recognition was introduced, where initially a data-adaptive time-series segmentation was proposed based on characteristic wrist rotations during the
intake gestures. Features included pitch, roll and rates of turn of the upper
and lower arms were used. In a follow-up work, Amft and Tröster [Amft
and Tröster, 2009] reported classification of the same set of gesture classes
by integrating motion sensors in a jacket. Subsequently, Amft [Amft et al.,
2010] detected drinking gestures.
Dong et al. [Dong et al., 2012] described a method for measuring intake via
automated tracking of wrist rotation. A wrist-mounted gyroscope was used
to detect food intake. The method was based on the same observation made
by Junker et al. [Junker et al., 2008], i.e., for most conditions of a dietary
event, regardless of the food or fluid type, and regardless of the tool (or fingers) used, a wrist roll is performed during a fetch. From that observation, a
pattern could be described that was independent from the actual wrist orientation, from the position of the subject’s body, e.g., sitting or lying down,
and from the specific wrist posture relative to the rest of the arm. Dong
et al. indirectly estimated calories consumed, by counting intake gestures,
assuming a fixed number of calories per intake. However, morsel weight and
calorie content vary in a food type and user-dependent manner, and may
change over the course of a meal. While food-type and user-specific features
can be estimated, they were not used in that work.
The analysis of intake gestures, despite good results of aforementioned works,
is still an open problem. Intake gestures are characterised by a high degree
of variability in both, inter- and intra-subject. Several variables condition
the execution of an intake gesture. As an instance, let us consider an individual performing a drinking gesture. The fluid container type and the
initial relative container position to user body affect trajectory patterns in
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terms of grasping, fetching and returning. Depending on environmental conditions, e.g., time of the day, location, and social context, on psycho-physical
status, e.g., tiredness, hydration level, and mood, and on fluid properties,
e.g., temperature, taste, presence of gas, and viscosity, intake execution can
be heavily influenced. Often monitoring is done by a wrist-worn sensor at
one hand only. If the other non-monitored hand is used in some situations,
the intake is not detected. Personal drinking styles affect intake procedure
as well. Reproducing high variety of conditions in laboratory monitoring
is not possible. Users are constrained to act by following a predetermined
protocol that alters natural behaviour. Thus, machine learning algorithms
that provide high recognition performances on data collected in controlled
conditions are not guaranteed to work well when applied to free-living setups. Novel algorithms that can cope with a higher intra-class variance and
inter-class similarity are needed. Evaluation methodologies to generalise
onto free-living performances are also needed.
A number of attempts have been made to transfer methodologies to freeliving settings. Dong et al. [Dong et al., 2014] targeted identification of
eating moments in free-living settings by tracking wrist motions. The assumption was that, between periods of high wrist activity, possibly due to
preparation of food, a reduced amount of wrist’s energy motion, recognisable
by hysteresis-based peak detector, characterises food intakes. The method
reached mediocre detection performances. Thomaz et al. [Thomaz et al.,
2015] attempted to recognise eating moments from wrist-mounted IMU both
in semi-controlled and free-living settings. A minimally-instrumented setup,
by using just a smart-watch, implied loosing information about activity of
non-dominant hand. Their machine learning algorithm was based on a fixed
sliding window-based feature extraction and frame classification.
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Prepare food

Sensing approach

Dietary event

Dietary dimension

Intake Gesture

Sensing approach

Dietary dimension

Discussion

Pros

Cons

Arm
Wrist-mounted
• Inertial: [Plötz et al., 2011], [Pham and
Olivier, 2009], [Ward et al., 2002]
• Acoustic: [Ward et al., 2002]
• RFID: [Patterson et al., 2005]
• Pre-eating activity: [Plötz et al., 2011],
[Pham and Olivier, 2009], [Patterson
et al., 2005], [Ward et al., 2002]
• Inertial: [Ye et al., 2016], [Ye et al.,
2015], [Thomaz et al., 2015], [Scisco et al.,
2014], [Dong et al., 2014], [Eskandari,
2013], [Dong et al., 2012], [Amft et al.,
2010], [Amft and Tröster, 2008], [Amft
et al., 2007], [Amft et al., 2005a]
• Timing: [Ye et al., 2016], [Thomaz et al.,
2015], [Ye et al., 2015], [Dong et al., 2014],
[Eskandari, 2013], [Dong et al., 2012],
[Amft and Tröster, 2008], [Amft et al.,
2007], [Amft et al., 2005a],
• Solid vs. liquid: [Amft and Tröster,
2009]
• Nutritional content: [Scisco et al., 2014],
[Dong et al., 2012]
• Hydration timing: [Amft et al., 2010]
• Provides access to hand-to-mouth gestures.
• Familiar wearable location for watches
and physical activity monitoring systems.
• Sensor is prone to displacement because
of attachment issues.
• Possibly short device runtime due to
processing complexity.

Table 1: Preparation and ingestion ADM integration.
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Mouth intake is a generic term that refers to a set of possible actions
performed in order to accommodate the food into the mouth. We identify2
at least four types of mouth intakes and the correspondent body mechanisms
that are relevant3 for their characterisation, see Tab. 2. An insertion is an
intake performed with a fork, spoon or any other tool (or finger) able to
transport food into the mouth. Insertion is characterised by the jaw opening and closing with a certain pressure applied by the lips. As an example of
utensil-based application, Kadomura et al. [Kadomura et al., 2013] designed
a fork-type sensing device to detect children’s eating behaviour. During an
insertion, the mouth contact was supposed to close an electrical circuit. The
path was composed by the fork grip, user hand and mouth, food morsel and
electrodes of fork tip. Inertial sensing was included into the device to achieve
robustness of detection.
When a pressure from the dental arches is applied for lacerating a morsel of
food, we have what is denoted as a bite. Usually a bite is performed together
with an intake gesture by bare hands grabbing solid food. A bite can be
considered as the first period of a chewing sequence, thus chewing activity
recognition techniques can be applied to detect bites, see next session Processing.
For semi-solid food intake, a lapping tongue movement characterises a lick.
Few examples of tongue activity monitoring are available and none of them
is pertinently related to ADM. Huo et al. [Huo et al., 2008] developed a
2
Notice that our mouth intake taxonomy is based on qualitative phenomenological
observations. The intention is to discretise the highly complex mouth behaviour in order
to suggest potential targets for monitoring procedures.
3
Discretisation implies that only dominant features are considered. As an example
consider air inhalation in Tab. 2. We indicate air inhalation as a process that characterise
the mouth intake called suck. Physiologically, air inhalation is performed in any type of
mouth intake with different degrees of intensity. Nevertheless, we consider air inhalation
a dominant component of the suck mouth intake and neglectable for the other types of
mouth intake.
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magnetic wireless tongue-computer interface to facilitate human-machine
interaction for disable people. A small magnet, secured on the tongue,
served as mean to track tongue movements. An array of magnetic sensors
was used, placed inside the mouth, in the form of an orthodontic brace. A
rehabilitation work reported by Wang et al. [Wang et al., 2014], although
not ascribable to wearable accessory-based application, is noteworthy. A
Kinect-based interactive game for patients of facial palsy was developed.
Users had to bite or lick virtual foods falling from the sky. Tip-of-tongue
detection was performed by finding the pixel with minimum depth value
inside the mouth region.
The most complex mouth intake is suck, i.e., a combination of lips movement, tongue and inhalation of air to transport semi-solid and liquid food
into the oral cavity. Tamilia et al. [Tamilia et al., 2016] designed and developed a sucking monitoring device in order to record and analyse oral-motor
behaviour components during feeding of newborn.
For wearable devices integration, ingestion monitoring is possibly the least
Mouth intake
Insertion

Bite

Lick

Suck

Opening/closing jaw
(lips pressure)
Opening/closing jaw
(teeth pressure)
Moving tounge
Inhalation air

Table 2: Taxonomy of mouth intake. Different mouth intake types (columns) are
characterised by different body mechanisms (rows).

problematic in terms of placement and wearability. The most adequate positioning for the sensor device, the user’s wrist, is a well established accessory
location. The wrist location is easily accessible and considered for visual
expressions of fashion and trendiness. Not by chance, smartwatches are
the predominant and the most commercially successfully wearable comput-
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ers on the market and they do not incur in criticism for wearability, social
acceptance and aesthetics.

5

Processing

During the chewing sequence, the processing of food implies breaking food
particles, that offer a certain resistance, through a continuous jaw movement.
Timing between chewing phases is given mainly by the mechanical properties of the food, of the mouth and of the physical limitations of the mandible.
The breakage of the food particles produces a characteristic sound. Usually,
the highest sounds are produced when the mandible crushes the food by closing the dental arches. Different types of food produce typical sounds. When
food pulp lifts from the teeth during the process of opening the mandible, it
causes smacking sounds. No sound is generated in the mouth during pause
phases [Amft et al., 2005b]
The amplitude of skull vibrations is proportional to the food crispiness and
decreases during the chewing process [Van Der Bilt et al., 2010]. Chewing
vibrations and sounds can be conveniently measured from the skull around
the mastoid bone or from the ear canal. In Fig. 11, a sound pattern of chewing activity is shown. The signal was recorded by a microphone positioned
on the ear canal at a frequency of 44.1 kHz. Consecutive chews are clearly
visible in form of signal’s energy variation.
In Tab. 3 and 4, publications related to food processing monitoring are enlisted. The first reported audio-based ADM study that explicitly addressed
identification of food intake behaviour is from Amft et al. [Amft et al.,
2005b]. The authors reported an investigation for microphone placement on
the head for sound-based analysis of chewing. It was found that the outer
ear canal provides the largest sound level and highest SNR compared to
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other microphone placements around the head. The microphone system in
the ear canal was part of a multimodal system for recognition of dietary
activities [Amft and Tröster, 2008]. Amft and Tröster [Amft and Tröster,
2009] classified a set of 19 food types with an earbud device containing a
microphone. However, this work identified only isolated foods rather than
meals, where usually multiple food types are involved in the same chewing
sequence. Wearable earpad devices were developed including a microphone
inside a headphone case [Amft, 2010]. The microphone sensor system was
redesigned in a way to reduce the feeling of ear canal occlusion. The new
design caused a lower recognition rate due to the less attenuated component
of environmental sounds. Amft et al. [Amft et al., 2009] took the approach
forward by implementing a bite weight prediction method. Based on the
key observation that the chewing microstructure, at least intra-individually,
presents constant rates and characteristics, natural foods’ bite weights were
assessed from continuous chewing sound data. Four relevant variables were
identified for regression analysis, i.e., number of chewing events and three
chewing durations related to specific sections of the chewing sequence. The
method performed significantly better than constant weight prediction used
as baseline. Other authors followed basically the same approach in terms
of sensing modality and sensor placement. Shuzo et al. [Shuzo et al., 2009]
recorded chewing sounds by placing a bone conduction microphone in the
outer ear canal. Recordings were stored in a wearable sound recorder. Automated detection of periods of food intake, classification of food texture,
and counting of chewing strokes were reported. Passler et al. [Pässler et al.,
2012] designed a system that had the appearance of a hearing aid. Food intake sounds were recorded inside the outer ear canal. Based on records from
51 participants consuming seven types of food and one drink. Algorithms
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for detection of food intake activity and classification of the consumed food
type were developed. The food intake activity was detected by comparison
of the signal energy of in-ear sounds to environmental sounds recorded by
a reference microphone. Intake sequences were modelled as event sequences

Sound [a.u.]

in finite-state grammars. Gao et al. [Gao et al., 2016] used an off-the-shelf
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Figure 11: Consecutive chews recorded with an in-ear microphone. Grey shaded
regions indicate chewing periods that were manually annotated. Data and material
of the authors.

bluetooth headset to detect dietary activity by analysing chewing sounds.
The setup brought some technical challenge in terms of quality of recorded
signal. The microphone in the headsets, constrained by the mobile OS,
i.e., Android, had a sampling rate of 8 kHz, reducing feature fidelity and
augmenting environmental noise in free-living settings. To compensate the
hardware issues, a deep learning classification algorithm was adopted that
drastically improved performances, in free-living settings, respect to a traditional kernel-based support vector machine. Mirtchouk et al. [Mirtchouk
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et al., 2016] proposed a multi-modal sensing composed by an in-ear audio
and head and wrist mounted inertial sensors. A complementary information
of audio and motion data from wrist and head was used in order to accurately
estimate 40 food types. Two microphones, i.e., an internal and an external
one, were employed; the external was used to remove most speech (from the
environment and from the user) and non-eating sounds. Whilst the uninteresting noise was registered by sensors, the barely detectable eating signal
was captured mostly on the internal microphone. Weight estimation was
also performed, as a regression problem, via prediction of intake weights.
Sound-based analysis’ attempts of food processing were made by using sensors at the neck too. Bi et al. [Bi et al., 2016] presented AutoDietary, a
neck-worn acoustic-based system. The AutoDietary prototype consisted of
a high-fidelity throat microphone, an embedded hardware board for power
supply, data pre-processing and transmission, a smartphone application for
food type recognition, data management and visualisation. Although detection of chews from the throat was possible, the study was limited to in-lab
controlled conditions. No non-eating activities, such as head movement,
speaking, coughing, etc., typical of a free-living setting, were included in
their dataset.
Outer ear interface has also been considered for a different sensing modality.
Bedri et al. [Bedri et al., 2015] presented an off-the-shelf earpiece equipped
with a three dimensional gyroscope and three proximity sensors. The aim
was to monitor the jaw movement during eating by measuring the ear canal
deformation. The sport earpiece had an adjustable loop that went around
the pinna to stabilise the unit. The three proximity sensors’ axes were placed
orthogonally with respect to each other to cover a wider area of the ear canal
and to cause redundancy of the sensor’s signal. The sensor fitting was prob-
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lematic due to the variety of ear shapes. Furthermore, movement artefacts,
especially during walking, generated signals similar to those observed during
mastication. The artefacts were due to a slight shift of the sensor the during
body motion.
Surface Electromyography (EMG) was hardly used for ADM developments.
Four muscles are responsible for jaw movement during the chewing sequence.
Musculi masticatorii, i.e., masseter, temporalis, and medial pterygoid, cause
the jaw adduction, and the lateral pterygoid is responsible for jaw abduction. The lower jaw, or mandible, is connected to the temporal bone of the
skull by the temporamandibular joint. The muscles involved in the chewing
sequence permit the jaw to perform movements, during contraction, since
they connect the skull to the mandible on both sides. The jaw movements
are due to electric potentials generated by the muscle cells. The intensity
of muscle activity is determined by two contributions; generation of force
to move the jaw, and generation of force to overcome the encountered food
resistance. The total amount of EMG activity has been shown to depend on
the food texture: more EMG activity is observed for harder foods [Peyron
et al., 2002].
Zhang et al. [Zhang et al., 2016a] accommodated processing electronics and
EMG electrodes in a 3D-printed regular eyeglasses design. The authors investigated the electrode placement with constant skin contact, electrode size
and type variants in regular-design eyeglasses frames. In Fig. 12, a typical
EMG pattern related to chewing activity from an eyeglasses frame is shown.
Classification of five food classes was performed. The Signal-to-Noise Ratio (SNR) was dependent on the position of electrodes and on the degree
of contact. Novel frame fabrication processes are required for integrating
smart eyeglasses and improving robustness, SNR and biocompatibility with
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Figure 12: Consecutive chews detected by an EMG sensor mounted on eyeglasses.
Grey shaded regions indicate chewing periods that were manually annotated. Data
and material of the authors.

skin surface. Subsequently, Wahl et al. [Wahl et al., 2017] proposed a digital development and production process for smart eyeglasses that provided
anatomically suitable and comfortable sensor fitting, thus could make EMG
monitoring in eyeglasses practically viable. Zhang and Amft [Zhang and
Amft, 2017 In press] transferred the experimentation into the free-living
setting. Chewing detection with personalised smart eyeglasses was evaluated and quantified. A dietary event detection was also implemented. The
same research group presented a prototype in which bone vibration sensors
were attached at the eyeglasses frame. Promising results in terms of robustness of the signal and low presence of artefacts for non-chewing activities
were shown. EMG were indicated as a viable means to identify chews, while
bone vibrations to characterise food textures [Zhang and Amft, 2016a].
Another sensing approach using eyeglasses was proposed by Chung et
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al. [Chung et al., 2017]. Load cells were embedded into each hinge, which
was used as a lever mechanism on both sides of the glasses. The aim was to
sense the oscillatory facial muscular signals. Performance in free-living conditions was not investigated, thus further analyses are needed, considering
natural motion artefacts, frame fitting comfort, and robustness. Furthermore, the study did not consider anatomical differences between sexes and
head shapes.
A tri-axial accelerometer was embedded into a tooth to monitor oral activities by Li et al. [Li et al., 2013]. The harsh chemical environment inside
the oral cavity, mechanical forces between teeth, and size requirements for
a fully autonomous system make the integration specifically hard. Li et al.
used a wire to connect the artificial tooth to supply outside the mouth.

6

Deglutition

The swallowing process can be monitored by tracking the bolus after formation through mastication: bolus transport to the pharynx; laryngeal
and pharyngeal movements, critical to bolus passage through the pharynx;
esophageal movements.
When a reflex to swallow is triggered, the tongue rises a pressure against the
palate by transporting the solid (or liquid) bolus posteriorly. Ono et al. [Ono
et al., 2004] found that the order of tongue contact against each part of the
hard palate, as well as the duration and the magnitude of tongue pressure,
are coordinated precisely during swallowing. Hori et al. [Hori et al., 2009]
built for the purpose a tactile sensor system to attach to the palatal mucosa
directly with a sheet type denture adhesive.
When the epiglottis is moved by a coordinated action of hyoid bone and
the larynx, the solid food bolus (or liquid) descends towards the esopha-
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Chew

Dietary dimension

Pros
Discussion

Dietary event

Sensing approach

Cons

Body area
Head
Eyeglasses
Ear-worn device
• Electromyography: [Huang
• Acoustic: [Gao et al., 2016],
et al., 2017], [Zhang et al.,
[Mirtchouk et al., 2016],
2016a], [Zhang and Amft,
[Pässler et al., 2012], [Liu
2016a], [Zhang and Amft,
et al., 2012], [Amft, 2010],
2016b]
[Shuzo et al., 2009], [Amft
• Piezoelectric strain: [Farooq
et al., 2009], [Amft and
and Sazonov, 2016]
Tröster, 2009], [Nishimura
• Load cell: [Chung et al.,
and Kuroda, 2008], [Amft
2017]
and Tröster, 2008], [Amft
Vibrations: [Zhang and Amft,
et al., 2005b]
2016a], [Zhang and Amft,
• Proximity sensor: [Bedri
2016b]
et al., 2015]
• Timing: [Huang et al.,
• Timing: [Bedri et al., 2015],
2017], [Chung et al., 2017],
[Liu et al., 2012], [Nishimura
[Zhang et al., 2016a], [Faand Kuroda, 2008], [Amft
rooq and Sazonov, 2016], [Gao
et al., 2005b]
et al., 2016]
• Food classification:
(2• Food classification:
(5class by clustering)[Amft
class)[Huang et al., 2017],
and Tröster, 2008], (3-class
[Zhang et al., 2016a]
by clustering)[Shuzo et al.,
2009], (4-class) [Amft, 2010],
[Amft et al., 2005b], (7class)[Pässler et al., 2012],
(19-class)[Amft and Tröster,
2009],
(40-class)[Mirtchouk
et al., 2016]
• Intake quantity: [Mirtchouk
et al., 2016], [Amft et al.,
2009]
• Hydration timing: [Shuzo
et al., 2009], [Pässler et al.,
2012], [Liu et al., 2012]
• Fully integrated into a wear• Chewing microstructure can
able accessory.
be analysed.
• Familiar location for hearing
aids and earphones.
• Just a portion of population
• Perturbed by ambient noise
wear glasses.
and low ear occlusion.
• Still not clear how to detect
• Sensing instrument can ocswallows.
clude hearing.
• Motion artefacts may perturbe sensor signal, requiring personalised eyeglasses fitting.

Table 3: Processing ADM integration.

Automatic Dietary Monitoring

Chew
Discussion

Dietary event

Sensing approach

Dietary dimension

41
Body
Head
Mouth-embedded sensors
• Inertial: [Li et al., 2013]
• Strain gauge:[Stellar and
Shrager, 1985]
• Timing: [Li et al., 2013],
[Stellar and Shrager, 1985]

Pros

• Proximal to oral activities.
• Directly captures mouth
motion.

Cons

• Artificial tooth requires
surgery.
• Risk of swallowing the sensor.

area
Neck
Throat microphone*
• Acoustic:
[Bi et al.,
2016], [Olubanjo and Ghovanloo, 2014]
• Timing: [Bi et al., 2016],
[Olubanjo and Ghovanloo,
2014]
• Food classification:
(6class)[Bi et al., 2016]
• Solid vs. liquid: [Bi et al.,
2016]
• Chew and swallow acoustics
are accessible from this location.
• Location can be multipurposed for monitoring other
physiological events.
• Perturbed by ambient noise,
speaking, and neck movement.
• Requires tight sensor-skin
contact.
• Position hardly suitable for
wearable accessories.

Table 4: Processing ADM integration.
*
The throat microphone was not integrated as wearable accessory in the cited publications.

gus. In order to analyse the swallowing process, the larynx activity must be
measured. The motion pattern and excursion of larynx and epiglottis generates a number of biosignals that can be detected with appropriate sensing
approaches.

Motion from the skin surface
During the pharingeal phase, the larynx moves upwards and downwards.
Between onset and completion of the larynx movement, the skin is accordingly moved at the anterior region of the neck over the larynx.
Kalantarian et al. [Kalantarian et al., 2015] proposed a necklace with a
pendant-like device placed at the throat region to detect skin movements.
The device included an embedded piezoelectric sensor to capture the throat
surface motion. A small Arduino-compatible micro-controller and a Blue-
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Figure 13: Temporal EMG signal from sternocleidomastoid muscle position (top)
and vibration at lower neck/throat position (bottom) by performing different head
activities. Letters refer to different activities: A) chewing; B) swallow; C) liquid
swallow (15 ml) D) cough; E) speak. Data and material of the authors.

tooth LE transceiver were used to process and to transmit the signal to a
mobile application for further processing and user guidance. Two classes of
food were distinguished and fluid intakes were detected. The sensor band
tightness was problematic: a loose configuration resulted in unusable data
with high fluctuation, a tight configuration decreased sensitivity for the swallow waveform detection.

Sound
According to bolus position and anatomic structure in movement, Moriniére
et al. [Morinière et al., 2008] identified three sound components during swallowing:
1. Laryngeal ascension sound. Bolus location: in the oropharynx and/or
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hypopharynx. Anatomic structure’s movement: hyoid bone ascension.

2. Upper-sphincter opening sound. Bolus location: through the sphincter. Anatomic structure’s movement: upper sphincter opening.

3. Laryngeal release sound. Bolus location: in the esophagus. Anatomic
structure’s movement: the pharynx descent and opening.

Amft and Tröster [Amft and Tröster, 2006] presented a swallowing analysis
from surface EMG and sound for isolated classification of solid and liquid
boluses. A microphone was placed, embedded in a collar, inferior midline
from the cricoid cartilage. Swallowing sounds provided important information for volume and viscosity discrimination. Amft et al. [Amft and Tröster,
2008] took the approach forward by spotting swallow events in continuous
time series. It was found that swallows can be retrieved from continuous
data at high recall rates using both EMG and sound. Although the method
was disturbed by neck movements and coughing, the collar worked well to
standardise and maintain the sensor positioning. Yatani and Truong [Yatani
and Truong, 2012] designed BodyScope, an acoustic sensor worn around the
neck, with embedded microphone and stethoscope, used to classify a wide
range of activities, including eating, drinking, speaking, laughing and coughing. Rahman et al. [Rahman et al., 2014] designed a custom-built device to
be worn around neck. The device contained a piezoelectric microphone to
capture vibration directly from the throat surface without being perturbed
by external sounds.
As an example of sound pattern, at the bottom of Fig. 13, vibration signal
from lower neck/throat is depicted.
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Muscular activity
During the pharyngeal phase, the mandible is fixed in the closed position.
The suprahyoid muscles, i.e., stylohyoid, digastric, mylohyoid and geniohyoid, are activated to move the hyoid bone upwards. Subsequently, the
activation of infrahyoid muscles, i.e., sternohyoid, omohyoid, sternothyroid
and thyrohyoid, moves the larynx anterosuperiorly to approach the hyoid
bone. At the top of Fig. 13, EMG signal from sternocleidomastoid muscle
is depicted.
In the above cited studies, Amft and Tröster [Amft and Tröster, 2006, 2008]
placed surface EMG sensors at the submental and infrahyoid regions. The
analysis of EMG signal from submental region gave mediocre results in terms
of classification results, thus it was used mainly for comparison and inspection purposes. Sensor fusion between features of EMG signal from infrahyoid
region and sound achieved best results.

Electrical impedance and resistance
When the larynx moves, physiochemical changes in the neck can be detected
as variations of bioimpedance and resistance measures.
Farooq et al. [Farooq et al., 2014] used an electroglottograph (EGG) device
mounted around the neck to monitor variations in the electrical impedance
across the larynx. It was claimed that EGG signals instead of acoustic data
yield better results in a laboratory setting. Zhang et al. [Zhang et al., 2016b],
equipped a regular shirt collar with a generic sensor fabric for monitoring
of fluid intake via swallow detection. Bioimpedance and resistive pressure
measurements were employed, see Fig. 14, to spot swallowing. The method
provided a highly integrated sensor solution in regular cloths.
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Figure 14: Consecutive liquid bolus swallows detected by an ECGZ2 bio-impedance
measurement unit (top) and resistive pressure measurement unit (bottom) mounted
onto a collar’s inner side of a regular shirt [Zhang et al., 2016b]. Grey shaded regions
indicate swallows. Data and material of the authors.

Apneas
The swallowing apnea, a natural breathing interruption, occurs as a pattern
during the pharyngeal phase. The apneas are usually followed by a short
expiration just before a new breathing cycle. Swallow apnea and vocal
folds closure are independent mechanisms, although a physiological functional correlation has been found [Costa and Lemme, 2010]. The effect of
a swallow-triggered apnea is to elongate the duration of a normal breathing
cycle.
Dong and Biswas [Dong and Biswas, 2014] analysed breathing signals to
detect short apneas during swallows of liquid intake. A wearable wireless
chest-belt was used to capture the signal with a piezoelectric sensor in a
laboratory setting.
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In terms of wearable devices integration, around-neck devices may not be
easily accepted for most people. Collars are obtrusive and unaesthetic, necklaces are even more difficult to be accepted by the users majority.

Swallow

Dietary event

Sensing approach

Dietary dimension

Discussion

Pros

Cons

Neck
Collar
Necklace
• Electromyography: [Amft
• Piezoelectricity: [Kalantarand Tröster, 2008], [Amft and
ian et al., 2015]
Tröster, 2006]
• Acoustic:
[Amft and
Tröster, 2008], [Amft and
Tröster, 2006]
• Electroglottography: [Farooq et al., 2014]
• Capacitive: [Cheng et al.,
2013]
• Timing: [Farooq et al.,
• Timing: [Kalantarian et al.,
2014], [Cheng et al., 2013],
2015]
[Amft and Tröster, 2008],
• Food classification:
(2[Amft and Tröster, 2006]
class)[Kalantarian et al., 2015]
• Solid vs. liquid: [Amft and
• Hydration timing: [KalanTröster, 2006]
tarian et al., 2015]
• Easy standardisation of sen• Better user acceptance than
sor position.
collar.
• Plenty of room for multisensor modalities on a single
accessory.
• Individual modalities im• Individual modalities impaired by head and neck
paired by head and neck
movements, chewing, and
movements, chewing, and
speaking.
speaking.
• Large size sensor are un• Large size sensor are uncomfortable for long-term
comfortable for long-term
monitoring.
monitoring.
• Thermo-hygrometric well• Exact neck position is hard
being can be compromised by
to setup and maintain.
a collar’s insulation effect..
• Tight band around neck
• Hardly acceptable for the
may be uncomfortable.
users majority.

Table 5: Deglutition ADM integration.

7

Digestion

There are few on-body sensing options for late digestion stages and only few
studies addressed ADM issues.
The swallowed food takes approximately 15 minutes to arrives at the stomach. Muscle contractions of stomach walls are then involved in food decomposition. The digestion of food in the gastrointestinal requires hours after
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Swallow

Dietary event

Sensing approach

Dietary dimension

Pros

Discussion

Cons
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Neck
Throat microphone*
• Acoustic:
[Bi et al.,
2016], [Olubanjo and Ghovanloo, 2014],[Rahman et al.,
2014], [Yatani and Truong,
2012], [Sazonov et al., 2008]
• Timing: [Olubanjo and
Ghovanloo, 2014], [Rahman
et al., 2014], [Yatani and
Truong, 2012], [Sazonov et al.,
2008]
• Food classification (2-class):
[Yatani and Truong, 2012]
• Hydration timing:
[Bi
et al., 2016], [Rahman et al.,
2014], [Olubanjo and Ghovanloo, 2014], [Yatani and
Truong, 2012]
• Non-obstructive.
• Affected by the amount of
adipose tissue ad facial hair on
the neck.
• Tight wearing generates
pressure that contradicts tissue vibration measurement.
• Position hardly suitable for
wearable accessories.

Torso
Chest belt
• Piezoelectricity: [Dong and
Biswas, 2014]

• Hydration timing:
and Biswas, 2014]

[Dong

• Invisible (under the clothing).
• Swallowing apnea effect is
not always occurring.

Table 6: Deglutition ADM integration.
*
The throat microphone is a classic clinical swallowing assessment. It was not
integrated as wearable accessory in the cited publications. For integrated acoustic
approaches please consider the column ’collar’ in Tab. 5.
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the food intake. The slow procedure and the longer time scale makes the
late part of the dietary activity far less deterministic compared to the the
early stages.

Gastric motility
There are three stomach motor functions: receptive relaxation, mixing and
propulsion, and gastric emptying. Receptive relaxation consists in muscle
relaxation in order to accommodate a consistent amount of food. Subsequently, ingested material is mixed with gastric juice in order to facilitate
digestion. Eventually, gastric content, i.e., gastric chyme, is propelled by
contraction into the duodenum for further digestion and absorbtion. The
gastro-intestinal sounds or bowel sounds are indicators of the described
bowel motility and functions. The gastro-intestinal sounds do not occur frequently, hence auscultation of gastro-intestinal sounds takes mid-long term
monitoring in order to be effective.
Tomomasa et al. [Tomomasa et al., 1999] compared a bowel sound index, i.e.
sound amplitude, to small intestinal transit time in subjects that were intraduodenally administered lactulose; a substance that changes the duodenal
motility for about 15 minutes. The correlation of their sound recordings
with manometry suggested that the stimulated contractions can increase
bowel sounds and these sounds are more likely to reflect transportation of
intra-luminal contents, i.e., the movement of food content rather than the
lumen wall movement, i.e., intestinal wall motions. Yamaguchi et al. [Yamaguchi et al., 2006] used a stethoscope to assess abdominal sounds from
the food movement in intestines. Kirilina et al. [Kirilina et al., 2016] investigated on gastrointestinal motility sound’s power. A phonoenterography
system mounted on a custom-built chest piece was used. The time-response
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of gastro-intestinal sounds after food intake was evaluated and correlation
was observed.

Body Weight
Food intake is associated with an immediate gain in body weight. If weight
is monitored, we could determine intake timing and food amount. Intakerelated weight changes require continuous monitoring of weight. By considering that all of the body’s weight creates a force and thus a pressure upon
the feet when standing, footwear is considered the only adequate position
for an automatic body weight estimation. The foot force distribution is
rarely constant, and more or less weight than the actual body weight can
be recorded from a continuous reading. Hence, a weighting system must be
able to discern the sparse and brief moments when the actual user weight
can be detected. A few footwear-based systems have been used for body
weight estimation. Sazonova et al. [Sazonova et al., 2011] investigated the
feasibility of a body weight estimation using pressure sensors and inclusion
of this information in the model for energy expenditure prediction. A smart
shoe device was presented. Small pressure sensors were embedded in key
weight support insole locations and a 3D accelerometer was mounted in the
heel. The sensor were Force Sensing Resistors (FSR) embedded in a flexible
insole. Lu et al. [Lu et al., 2014] presented a real-time body weight monitor system equipped with a software app for weight management. Smart
insoles with integrated body weight sensors, i.e., half-bridge strain gauges,
were also used. The body weight and the user posture were monitored by
analysing the plantar pressure distribution, i.e., the distribution of pressure
in the foot. Weight changes due to dietary activities were not considered.
Hellstrom et al. [Hellstrom et al., 2015] designed a method for selecting ap-
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propriate measurement samples for weight estimation of carried load during
walking. A pedobarography-based wearable system embedded in an insole
was used, equipped with FSR. Sensor calibration, according to the body
weight’s force distribution was needed, due to inter-user feet characteristics.
Generally, FSR sensors are designed for qualitative pressure monitoring, i.e.,
binary pressure state detection. FSR sensors are thus hardly suitable to detect small pressure changes due to food or drink intake, relative to body
mass and force variations. In addition, pressure varies by shoe type, weight
carrying, and shoe attachment pressure, thus complicating the ADM-related
weight change estimation.

Cardiac responses
After food intake, a number of enzymatic processes are involved in digestion. Some of these processes require a certain amount of oxygen that is
provided by blood redistributing to the stomach and lower gastro-intestinal
tract. In order to meet the augmented demand of blood, cardiac output is
increased, i.e., elevated heart rate for about 30 minutes [Parker et al., 1995],
with a corresponding increased blood pressure. The blood pressure is also
affected by particular ingredients. High concentrations of sodium favours
water retention that causes higher blood pressure. High concentrations of
fat augment the viscosity of blood; thicker blood causes a higher workload
of heart, and, in turn, higher blood pressure. Moreover, cardiac responses
depend on several other variables as physical activity, body posture, time of
day, etc.
Standard blood pressure measurements require a patient to be immobile
whilst a cuff is inflated around the arm. Thus, standard blood pressure
measurement is inapplicable in free-living settings during daily activities.
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Novel monitoring techniques for unobtrusive blood pressure measurements
are needed. Wearable sensors based on photoplethysmography sensing principle are becoming common on fingers and ears. Noteworthy, Asada et
al. [Asada et al., 2003] presented a prototype of an ambulatory, telemetric, continuous health ring device. Probably due to the unspecific cardiac
responses, no ADM-related analyses have been done.

Diet induced thermogenesis
Diet induced thermogenesis (DIT) consists of the amount of increased energy expenditure above basal fasting level divided by the energy content of
the food ingested. DIT is a component of daily energy expenditure, together
with basal metabolic rate and activity induced thermogenesis [WesterterpPlantenga et al., 1990]. The initial phase of a meal, when sensory stimulations are experienced, is the origin of some increase in heat production
not necessarily identified with the digestion, absorption, or storage of nutrients. Despite a consistent amount of literature on DIT, no quantitative
analysis can clearly discriminate its contribution to the overall energy balance. Variables that condition the mechanism of heat production and its
rate are not clear. Optimal DIT assessment requires a respiratory chamber to measure changes in resting metabolic rate before and after intake.
After the esophageal phase end, the bolus reaches the stomach and an increase in temperature can be noticed with a peak after 60 minutes. A rise
in skin temperature in the liver region between 0.8 and 1.5K has been also
observed [Westerterp-Plantenga et al., 1990]. Locher et al. [Locher et al.,
2005] suggested to monitor the food intake over the day by measuring the
skin temperature close to the liver through a hybrid fabric sensor. The
sensor consisted of a smart textile made by a woven polyester yarn.
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Glucose concentration
Food intake causes higher level of serum/glucose, thus patients with type 1
diabetes depend on a daily administration of insulin in order to maintain glucose concentration. Artificial pancreas systems represent the state-of-the-art
for automatic regulation of blood glucose concentration. The technical challenge is to deliver an adequate amount of insulin to keep the hyper-glycemia
in target range after any dietary event. Usually, a continuous glucose monitor (CGM) sensor and subcutaneous insulin fusion pump with a closed-loop
control algorithm is used. Manual meal logging is usually required to announce the rise of blood glucose. Recently, several real-time solutions for
extracting food intake from glucose concentration readings, have been proposed. Most of these investigations implement a meal detection and meal
size estimation algorithm. Dassau et al. [Dassau et al., 2008] combined a
meal library and a meal detection algorithm in the framework of Model
Predictive Control. Xie and Wang [Xie and Wang, 2015] used a variable
state dimension approach by means of a switching Kalman filter. Turksoy
et al. [Turksoy et al., 2016] used a fuzzy system to estimate the amount of
carbohydrate of each detected intake.
The invasiveness of CGM strongly discourages the application of such monitoring techniques in ADM solutions for non-CGM users.

8

Eating scene

A relevant amount of information comes from monitoring the eating scene
set-up during a dietary event. From an ego-centric perspective, an adequate
approach is to mount a camera, in accessories or on garments, that points
to the dish or, more in general, to the meal. In Fig. 15, an example of an
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Figure 15: Eating scene captured by a head-mounted camera. Data and material
of the authors.

eating scene is shown from a head-mounted camera.
Wearable camera-based approach implies some restrictions. A continuous
recording of camera footage will create unwanted image material that rises
privacy concerns and potentially ethical issues. Additionally, the potential
environmental recording, including other individuals, is critical. Wearable
cameras must provide an option to deactivate the recordings at any moment,
e.g., while visiting the bathroom, doing banking procedures, visiting venues
where filming is forbidden, and for any other personal reason without the
need to give explanations [Kelly et al., 2013].
The collected videos, or frames, could be used later on to derive information
about all dietary dimensions, from timing to nutritional values. Information
can be extracted manually, semi-automatically or fully automatically.
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Pettitt et al. [Pettitt et al., 2016] investigated the possibility to improve the
accuracy of dietary intake assessment by using images from an ear-mounted
micro-camera together with manually reported food diary. Images were
analysed by a human agent to merge knowledge from self-reports. Results
confirmed the proposed method validity in terms of improved accuracy of
energy intake estimation, and increased amount of information on macronutrient intake and eating rate. Enhancing the accuracy of self-reports was
the aim of Gemming et al. [Gemming et al., 2015] too. The same paradigm
was applied, by using a chest-worn Microsoft SenseCam, for revealing unreported foods and misreporting errors. Liu et al. [Liu et al., 2012] combined
an in-ear microphone with a micro-camera to form an integrated device to
wear as an earbud. The microphone served as a chewing detector, and the
camera, triggered by the chew detection, provided a visual log of food intake
for further eating behavioural analysis. Sen et al. [Sen et al., 2015] employed
a smart watch in order to take images of the food consumption once a dietary event was detected. The image capture was done automatically by
detecting an appropriate moment during a fetch gesture. The images were
sent to a backend server for later use. Jia et al. [Jia et al., 2014] developed
a chest-worn electronic device, eButton, that automatically took pictures of
consumed food. The aim was to estimate the food portion size in a semiautomatic way and to reduce the respondent burden on user. The same
research group [Chen et al., 2015], later on, proposed an automatic identification pipeline with the aim to recognise the type of food, estimate the
volume and derive nutritional values and amount of calories. The system
was based on automatic food segmentation from images acquired via the
eButton. Results from automatic segmentation were compared to results
from manual segmentation performed by the users. It was pointed out that
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the method is not universally effective and has certain limitations. Anthimopoulos et al. [Anthimopoulos et al., 2015] presented a smartphone-based
system, named GoCARB, to assist T1D patients in counting carbohydrates
during meals. Two images of the eating scene from different angles were
taken and processed with computer vision techniques. Passive triangulation
was used to reconstruct the 3D shape of a dish, thus identification of food
type and estimation of portion volume were carried out. Carbohydrates
content was retrieved from an online database. The prototype was tested
on 24 dishes.
Despite promising results, indicating that a fully automatic approach is a
viable way, the complexity and variety of visual food textures and patterns,
together with occlusions and lighting conditions, still represent an unsolved
problem for food recognition in computer vision.

9

Conclusion

This chapter overviews the field of ADM. We have presented a knowledgebased physiological model for dietary activities derived by integrating oral
biology and food processing models. Based on the physiology model, events
related to food intake were identified and structured in a set of dietary activities. The modelling approach provides the basis for a consistent taxonomy
that can serve as basis for future ADM-related publications. Dietary activities were defined regarding on-body location, temporal and physical dependencies. Dietary dimensions refer to measurable parameters of the dieting
process. Subsequently, a discussion of state-of-the-art sensing technology,
integration in accessory-based wearable devices, and estimated parameters
of different dietary dimensions is provided. While a considerable number of
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scientific investigations was performed since the first publications in 2005,
the field is still in an early stage of development with few systems and
methodologies viable for free-living applications. Several challenges must
be addressed before solutions could gain wider acceptance in application
markets. Interdisciplinary research is at the base for the development of
ADM technology. The following insights and challenges must be addressed
to make ADM technology viable:
• Free-living validation of systems. So far, only a very limited set
of free-living validations has been performed. To elucidate natural behaviour, the validation should include at least one day per participant.
Longer duration are suggested, in particular if the system requires familiarisation time.
• Reference data and study methodology in free living. Collecting reference data in free-living settings is an open problem. Semiautomated solutions for collecting reference data using complementary
sensors are needed. User interfaces with low cognitive load and dynamic context-aware functions to involve the user in relevant moments
could support the annotation process.
• Food identification. The enormous amount of foods regarding variety, physical properties, and composition represent a challenge for
machine learning algorithms. Recording databases for large quantities
of food from different sensor modalities, is time-consuming, expensive
and cumbersome. Furthermore, it is not clear how to maintain descriptive quality while rising the number of food classes. Intra-class
variance and inter-class similarity directly affect performance of machine learning algorithms.
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• Validation procedures. Even for lab evaluations, more realistic and
transparent validation studies are needed, including relevant environmental conditions, e.g., noise and movement artefacts, to identify opportunities and limitations of individual methods. Often, limitations
are not clearly described in publications.

• Energy efficiency. To deploy ADM systems working continuously
in free-living settings, a energy-aware algorithm design is needed, in
particular for miniature accessories and garments. Runtime maximisation can be achieved by reducing power-on time, computation, energy
harvesting, and wireless charging.

• Social acceptance, aesthetics, wearability. If not fully integrated
in a daily used accessory or garment, wearable technology is easily
perceived as alien by other people or triggering discomfort that discourages use and reduces compliance. Location with high signal-tonoise ratio often do not coincide with location characterised by an
accettable wearability. A trade-off for choosing location considering
SNR and wearability, often compromises user acceptance. Novel development processes are needed to maximise comfort of accessories,
e.g., personalisation of smart eyeglasses [Wahl et al., 2017].

• Garment-based ADM systems. Despite the recent development
of smart textiles, few ADM approaches were implemented in smart
garments so far. A constraint for garment-integrated and textile solutions is that dietary activities mostly happen at or above the neck
region, which are hardly covered by clothing.
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from acoustic recognition of chewing. IEEE Transactions on Biomedical Engineering, 56(6):1663–1672, June 2009. doi: 10.1109/TBME.2009.
2015873.
Oliver Amft, David Bannach, Gerald Pirkl, Matthias Kreil, and Paul Lukowicz. Towards Wearable Sensing Based Assessment of Fluid Intake. In PerHealth 2010: Proceedings of the First IEEE PerCom Workshop on Perva-

60

Schiboni and Amft
sive Healthcare, pages 298–303. IEEE, 2010. doi: 10.1109/PERCOMW.
2010.5470653.

Marios Anthimopoulos, Joachim Dehais, Sergey Shevchik, Botwey H. Ransford, David Duke, Peter Diem, and Stavroula Mougiakakou. Computer
vision-based carbohydrate estimation for type 1 patients with diabetes
using smartphones. J Diabetes Sci Technol, 9(3):507–515, May 2015. doi:
10.1177/1932296815580159.
H. Harry Asada, Phillip Shaltis, Andrew Reisner, Sokwoo Rhee, and Reginald C. Hutchinson. Mobile monitoring with wearable photoplethysmographic biosensors. IEEE engineering in medicine and biology magazine,
22(3):28–40, 2003.
G. V. Barbosa-Cánovas, P. Juliano, and M. Peleg. Engineering properties
of foods. Food Engineering-Volume I, page 39, 2009.
Abdelkareem Bedri, Apoorva Verlekar, Edison Thomaz, Valerie Avva, and
Thad Starner. Detecting mastication: A wearable approach. In Proceedings of the 2015 ACM on International Conference on Multimodal
Interaction, pages 247–250. ACM, 2015.
F. Bellisle. Why should we study human food intake behaviour?
Metab Cardiovasc Dis, 13(4):189–193, August 2003.

doi:

Nutr

10.1016/

S0939-4753(03)80010-8.
Y. Bi, M. Lv, C. Song, W. Xu, N. Guan, and W. Yi. AutoDietary: A
Wearable Acoustic Sensor System for Food Intake Recognition in Daily
Life. IEEE Sensors Journal, 16(3):806–816, February 2016. ISSN 1530437X. doi: 10.1109/JSEN.2015.2469095.

Automatic Dietary Monitoring

61

Gladys Block and others. A review of validations of dietary assessment
methods. American journal of epidemiology, 115(4):492–505, 1982.
Bertha S. Burke. The dietary history as a tool in research. Journal of the
American Dietetic Association, 23:1041–1046, 1947.
Hsin-Chen Chen, Wenyan Jia, Xin Sun, Zhaoxin Li, Yuecheng Li, John D.
Fernstrom, Lora E. Burke, Thomas Baranowski, and Mingui Sun.
Saliency-aware food image segmentation for personal dietary assessment
using a wearable computer. Measurement science & technology, 26(2),
February 2015. ISSN 0957-0233. doi: 10.1088/0957-0233/26/2/025702.
Jingyuan Cheng, Bo Zhou, Kai Kunze, Carl Christian Rheinländer, Sebastian Wille, Norbert Wehn, Jens Weppner, and Paul Lukowicz. Activity
Recognition and Nutrition Monitoring in Every Day Situations with a
Textile Capacitive Neckband. In Proceedings of the 2013 ACM Conference
on Pervasive and Ubiquitous Computing Adjunct Publication, UbiComp
’13 Adjunct, pages 155–158, New York, NY, USA, 2013. ACM. ISBN
978-1-4503-2215-7. doi: 10.1145/2494091.2494143.
Jungman Chung, Jungmin Chung, Wonjun Oh, Yongkyu Yoo, Won Gu Lee,
and Hyunwoo Bang. A glasses-type wearable device for monitoring the
patterns of food intake and facial activity. Scientific Reports, 7:41690,
January 2017. ISSN 2045-2322. doi: 10.1038/srep41690.
Milton Melciades Barbosa Costa and Eponina Maria de Oliveira Lemme.
Coordination of respiration and swallowing: Functional pattern and relevance of vocal folds closure. Arquivos de Gastroenterologia, 47(1):42–48,
March 2010. ISSN 0004-2803. doi: 10.1590/S0004-28032010000100008.
Eyal Dassau, Pau Herrero, Howard Zisser, Bruce A. Buckingham, Lois

62

Schiboni and Amft
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