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ccording to the World Health Organi-
zation, more than half of the people
in the world are overweight (39%)
or obese (13%). Obesity is associated with
increased risks for cardiovascular disease,
diabetes, and certain forms of cancer. It
has become a bigger global problem than
being underweight and is a leading cause
of preventable death. The study and treat-
ment of obesity are aided by tools that
measure energy intake, determined by
the amount and types of food and bever-
age consumed. Traditional tools include
questionnaires about the frequency of
food consumption, food diaries, and 24-h
recalls of the foods consumed during the
day. However, these tools rely on self-re-
porting and have a number of limitations,
including high user and experimenter
burden, interference with natural eating
habits, decreased compliance over time,
and underreporting bias. Experts in the
field of dietetics have emphasized the
need for technology to advance the tools
used for energy intake monitoring [1].
The challenge for engineers is to cre-
ate new sensor-based tools that can auto-
matically determine when, what, and how
much in terms of energy and nutrients a
person eats. Toward this goal, there are two
major active paradigms in research: 1) us-
ing wearable sensors to monitor behavioral
and physiological manifestations of food
intake and 2) using cameras to capture and
analyze images of foods consumed.
Wearable sensors have been applied to
detect ingestion activities by instrument-
ing the head and the wrist. On the human
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or interpretation and thus provide an
objective measurement of activities.
Second, they are automated and thus
require no manual data entry. Perhaps
the biggest advantage of wearable sen-
sors is their ability to measure behavioral
i head, several positions can be instrument- | variables and their potential for real-
i ed to detect activities associated with eat- | time feedback. For example, wearable
ing [2]. The ear can be instrumented with : sensors can be used to detect the pace
a microphone to detect sounds associated : of consumption and provide a cue to
with chewing, and muscles of the head | slow down. Wearable sensors can also
can be instrumented with strain or elec- | be used to provide cues toward a target
tromyographic sensors to detect motion | amount, assisting a person with limit-
associated with chewing. In addition, the ! ing total consumption during a meal.
throat can be instrumented with micro- | Use of wearable sensors in the frame-
phones and many other sensor modalities { work of just-in-time adaptive interven-
to detect swallowing sounds and laryn- | tion opens new, previously unexplored
geal motion. Challenges in this paradigm : frontiers in behavioral modifications
include detecting intake-related sounds or : aimed at weight loss.

motions while ignoring those related to Wearable sensors also have disadvan-
speech and motion artifacts originating : tagesand limitations. First, a person must
from activities of daily living. An alter-  be willing to wear one or more sensors,
nate solution is that the human wrist can | either during all waking hours or at least
be equipped with sensors to detect when : during eating activities. Some positions
a person is eating [3]. The activity moni- | on the human body lend themselves

tored is hand-to-mouth gestures, also : more easily to this requirement. Sensors
known as bites (see Figure 1). mounted on the wrist can take the form

FIGURE 1 Three people eating while wearing wrist monitors that automatically track the
number of bites consumed during a meal.




of a standard watch. Sensors mounted on
the ear can take the form of an earpiece
or be integrated into eyeglasses. Other
positions potentially create more social
stigma or discomfort for the user. Sec-
ond, there is limited potential for deter-
mining the type of food consumed using
sensors. Liquid and solid intake can be at
least partially discriminated based upon
sound differences, swallowing, and wrist
motion patterns. The rheological proper-
ties of the food being consumed, such as
crunchy versus chewy, can also be dis-
criminated based upon sound.

However, present-day sensors cannot
provide the types of nutrition measure-
ments that can be obtained from food
diaries or 24-h recalls. This limitation
motivates the use of cameras to take pic-
tures of foods. The images may be manu-
ally taken before and after consumption
or captured by a wearable camera. The
portion size, energy, and nutrient content
may be estimated through manual re-
view of the images by trained nutrition-
ists or by the methods of computer vision.
Image-based methods potentially provide

richer, but still imperfect information
about energy and nutrient content of the
consumed foods. For example, imagery
cannot differentiate between sugary and
diet drinks or accurately estimate the
amount of added oils. Thus, as of now, no
single sensing modality can perfectly cap-
ture all aspects of ingestive behavior and
nutrient intake.

The automatic monitoring of human
energy and nutrient intake is still in its
infancy, and the list of methods men-
tioned here is by no means exhaustive.
The frequency of research publications
suggesting new sensors and monitoring
methods is rapidly growing. The future
may see the exploration of new dimen-
sions, such as intraoral sensing, allowing
for direct access to consumed foods, and
monitoring of gastrointestinal activity or
other physiological processes related to
ingestion. It is likely that a combination
of several approaches may be needed to
obtain a complete picture of one’s nutri-
tion and related behaviors. At present, the
accurate and objective measurement of
energy intake and ingestive behavior still

remains a challenge and an opportunity
for bioengineers.
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Open to all EMBS members, our mentor program provides
students and young professionals interested in the biomedical
engineering profession with direct access to experienced mentors
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who can share valuable career guidance and advice, and

contribute to professional and personal development. The program
also provides experienced professionals with the opportunity to
share their knowledge and inspire, encourage, and support future

biomedical engineers.
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Curious? Don’t take our word
for it! Here’s what some of our
program participants are
saying...

“The EMBS mentoring program is fantastic.
It allowed me to reconnect with the
profession I love, and I so enjoy offering
encouragement and sharing the lessons I've
learned along the way with a very bright, up
and coming biomedical engineer.”

“My EMBS mentor is amazing! She helped
me so much without being ‘overly intrusive’
and introduced me to some incredibly
helpful industry resources and contacts,
that will come in really handy during my job
search.”

Visit www.embs.chronus.com
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