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Figure 1: FitByte was trained and validated using data collected in five unconstrained situations: (from left to right) in a lunch meeting, watching TV, grabbing
and consuming a quick snack from a cafe, exercising in a gym, and hiking outdoors.

ABSTRACT

In an attempt to help users reach their health goals and practi-
tioners understand the relationship between diet and disease,
researchers have proposed many wearable systems to automat-
ically monitor food consumption. When a person consumes
food, he/she brings the food close to their mouth, take a sip
or bite and chew, and then swallow. Most diet monitoring
approaches focus on one of these aspects of food intake, but
this narrow reliance requires high precision and often fails
in noisy and unconstrained situations common in a person’s
daily life. In this paper, we introduce FitByte, a multi-modal
sensing approach on a pair of eyeglasses that tracks all phases
of food intake. FitByte contains a set of inertial and optical
sensors that allow it to reliably detect food intake events in
noisy environments. It also has an on-board camera that oppor-
tunistically captures visuals of the food as the user consumes
it. We evaluated the system in two studies with decreasing
environmental constraints with 23 participants. On average,
FitByte achieved 89% F1-score in detecting eating and drink-
ing episodes.
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CCS Concepts

*Human-centered computing — Ubiquitous and mobile
computing design and evaluation methods; *Applied com-
puting — Consumer health;

INTRODUCTION

To understand the relationship between diet and health, nutri-
tionists and users often rely on user-maintained food journals.
Monitoring diet involves three main questions: (1) whether
the user is eating [13, 15]; (2) what is the user eating [20, 36]
; (3) how much is the user eating [10,32]. Maintaining such
detailed information can be intimidating and users often miss
recording their foods on time or forget what they ate earlier
in the day [16, 18]. As a solution, many researchers have
developed wearables to automatically monitor diet. These
proposed systems usually work well in relatively-constrained
environments, but there are three main unsolved challenges:
(1) usable performance in the user’s environment has been
elusive; (2) many food types are hard to detect (such as liquids
and soft foods); and (3) the wearable sensors and the machine
learning models do not generalize across users.

A primary reason for these challenges is the gap between the
noise in training and test data used to train a machine learn-
ing model. A model trained on clean data collected in a lab
does not generalize adequately for data from a noisy envi-
ronment. Although a number of recent efforts have tried to
address this challenge, it is still hard to collect training data in
completely unconstrained settings. Moreover, most diet mon-
itoring wearables detect one of the actions that occur during
food intake; e.g., hand movement while bringing the food to
the mouth [13,29], biting and chewing [5, 36], or swallowing
[25,33]. These approaches often fail when there is no clear,
repetitive hand movement (e.g., user using a straw), or when
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