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Abstract—We introduce methods for detecting in real-time Wrist-worn devices have been used for a variety of appli-
information concerning bites taken during a meal. Our methods cations unrelated to eating. Sharples and Beale [4] redewe
use an orientation sensor placed on the wrist of a user, and a variety of monitoring devices. Such devices have been

analyze the rolling motion of the wrist in order to detect a . . .
pattern related to biting behavior. We have built a prototype proposed or built to measure environment and health priesert

bite detector device based upon our methods. The device can[S], including temperature, barometric pressure, algtuand
count the total number of bites the user has taken, and provide heart rate. Wrist-worn devices have also been used in non-
the bites-taken rate (bites per minute) of the user. Experiments health-monitoring applications [6]. Wrist-worn devicesidze
have been conducted to determine its accuracy. Ten subjectseat \,seq to study hand motion and gesture recognition in various
a_meal of their choice, using utensnls_ (or fingers) of thel_r ch0|c_e. domains [7] [8]. Amft et al. [9] used wrist-worn sensors in
Video was recorded of subjects eating, and synchronized with e 4 :
our device, in order to evaluate its performance. The sensitivity COmbination with sensors on the upper arms, head, and ears,
of the device was found to be 91%. Our methods could find to classify an eating action taken by a person. Their methods
use in a number of applications, including helping a user with searched for pre-defined patterns in the signals conveyed by
obesity, eating disorders or eating rate problems. all the sensors in order to classify a motion pattern as one of
Index Terms—Eating monitor, orientation sensor, bite detector drinkin . . H ing fi o
g, using a spoon, using cutlery, or using fingers tb ea
In contrast, we are interested in a simpler problem. We use
a single wrist-worn sensor to detect a bite taken by a person
This paper introduces a wrist-worn device capable of deteeggardless of the type of food or motion involved in the bite.
ing in real-time information with regards to bites takenidgr Considering all the above, what is needed is a non-invasive,
a meal. Eating occurs in a variety of environments, includaexpensive, easy to operate, and discreet device that can
ing homes, restaurants, places of business, and other sogisasure food intake. Thus, we envision a bite detector devic
gathering spots. It is very difficult to monitor food intaké athat is worn like a watch and can detect individual bites and
all these locations using manual methods. Furthermordewhtount them while the person wearing it eats. In this paper we
people eat, they may simultaneously engage in a variety déscribe our methods for detecting bites, as well as a ot
other activities, including talking, reading, watchindgtasion, built using these methods. The device is placed on the psrson
and working. These activities distract from efforts meamt twrist and connected to an external computer. During use, the
monitor food intake. For example, when 105 participantsewedevice can gather and interpret information with regard to
asked to manually count the number of bites taken during eable motion of the user’'s wrist during a meal, with particular
meal in a 24-hour period by using an index card and slasimphasis given to the rolling motion of the user’s wristonf
system, 43 participants lost count during the meal or fotgot mation gathered can be utilized to provide real-time feekba
count the number of bites entirely [1]. to the user. Information can also be stored to maintain a long
One method to measure the amount of food intake is term record of eating, so as to better examine the userisgeati
weigh the amount of food before and after eating [2]. Howevdtabits over time. The following sections will introduce thiee
this method can only monitor people when they eat at aletector device, the bite detection algorithm, the expenis
instrumented table, and for example can not be used to monitenducted and the performance of the bite detector in detail
people when they dine at a restaurant or at a friend’'s house.
A second approach to monitor food intake is to take photos
of the food before and after eating. Image processing can bélhis section describes the implementation of our bite de-
used to analyze the images and determine the amount edesor device. First, we describe the sensor used. Secand, w
[3]. However, this sort of system requires carefully comsted introduce our algorithm for bite detection. It includesleot-
environments similar to the dining tables with built-in Esa ing the orientation data, controlling the recording freqge
The food measured must also be restricted due to the difficuttealing with the bound problem, smoothing the signal, calcu
of using image processing techniques to detect pre and pdating the derivative, defining the coordinate system ofstvri
eaten differences. motion, and defining the bite period. Third, we describe the

I. INTRODUCTION

Il. METHODS
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(less than 0.1 second), a simple and effective way is shown
below:

if (Rt - R(t-1) > 180)
Rt = Rt - 360;

elseif (Rt - R(t-1) < -180)
Rt = Rt + 360;

el se
Rt =R,

T1=T2=0
Bite_Count =0

Get Time T2

Record in 60Hz

where R_t is the roll data at time t an®_(¢ — 1) is the roll
data at time t-1.

2) Smoothing: The raw sensor data is noisy. To smooth the
noise, we apply a Gaussian-weighted window. The midpoint of
the window corresponds to the peak of a Gaussian centered on
the current measurement, so that only one half of a Gaussian
distribution is used for smoothing. Equation 1 shows how we
compute the smoothed roll data. In this equation,is the
original roll orientation measured at time t aSdis smoothed

m data at time t,N is the Gaussian-weighted window size and

R is the Gaussian standard deviation. In our implementation,

Fig. 1. Flow diagram of bite detection algorithm. the default values ofV and R are 120 and 20 respectively.
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experimental envioronment we used, including video captur Sy = Z Oyi ¥ ~ (1)
and a graphical user interfaces (GUI). Finally, we disctss t i=—N 3 o~
evaluation of our bite detector. =0

A. Sensor 3) Derivative: Different people may wear the sensor at

different angles. If we use the absolute value of the roladat

S We ucs:ed a w_ired IInert;aCubefs; senggrcprodﬁcesj_by Igt‘ﬁris difficult to define a bite period. Therefore, we compute

ense d?rpgratlon (InterSense, nc., ros 3;] rve.e Ufﬁe derivative of the smoothed roll data. Using the deneati
150, Bedford, MA 01730,.www.|sense.com). T € SeNnsOr By, the behavior of rotation by different people will be th
used to calculate the motion of the user’s wrist in order O me

identify |nd|V|d'uaI blFes dlfmng almealli It (,:aﬂ ser:jse thetiee The derivative is computed simply as the difference between
(to startup) orientation of angular roll, pitch and yaw. smoothed measurements:

B. Bite detection algorithm

Figure 1 shows the flow diagram of our bite detection de = 5= 81-q 2)
algorithm. The sensor data collection frequency is 60 HZhe default value of) is 120. To calculate the derivative data,
Before the loop, we initializéBite_Count as 0 and two time we use Equation 2 whekg is the derivative data ang is the
parameters]’'l and 72, also as 0 wheré'1 is the old time smoothed data at time t. because the def@uils 120 and our
and T2 is the current time. When we update the time frordata collection frequency is 60 Hz, the value &pf2 is the roll
the system, if the current time is more thap second plus velocity (degrees/second). In order to smooth the origiotl
the old time, we replace the old time with the current timdata and compute the derivative of the smoothed roll daga, th
and get one sensor orientation data from the sensor. The raxtnputer must buffer the most receptmeasurements. The
steps deal with the bound problem, smooth the data, cadculabntents of the buffer are updated after each new measutemen
the derivative data, and judge if a bite has happened at thlsfting out the previously stored oldest measurement.
specific time. If so, the parametdtite_Count is increased  4) Bite detection: We have discovered that while eating,
by 1. Finally, the time is polled and the process repeats. the wrist of a person undergoes a characteristic rollinganot

1) Bound problem: When the sensor records the orientatiothat is indicative of the person taking a bite of food [11].
data, the orientation range is froml80° to 180°. If the data The roll motion takes place about the axis extending from
goes pasti80°, it will suddenly change to-180°, and vice the elbow to the hand. We define a positive roll as clockwise
versa. Because of this, the signal may be discontinuous.dinection motion if viewed from the elbow looking towards
order to smooth the data signal in the next step, we havethe hand, and negative roll as a counterclockwise motioe. Th
transform this discontinuous signal to a continuous sigih& characteristic motion involves a cycle of the roll motioratth
use a common approach (for example, [10]). Considering thaintains an interval of positive roll followed by an intelned
a person cannot rotate his or her hagd® in a very short time negative roll. Figure 2 shows the characteristics of theianot



start next start
. +10
wrist
roll 0
velocity
(deg/sec)
10

Fig. 3. Images of a subject demonstrating the wrist roll evéretscorrespond
to eating a bite.
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Fig. 2. Roll motion corresponding to a bite.

If the velocity of the roll is measured over time, then three
events define the motion that corresponds to a bite. First, th
velocity must surpass a positive threshold (10 degreesfsec
in our figure). Second, a specified period of time must elapse
(2 seconds in our figure). Third, the velocity must surpaggg_. 4. Wrist roll velocity over time, showing the events thatrespond to
a negative threshold (-10 degrees/second in our figure). TH&E"9 & bite:
detection of these three events provides strong eviderate th
a person has taken a bite of food.

This characteristic roll is important because it diffeiatgs
wrist. or arm motions caused by a vari.ety .of activitie_s, sugh resent data to support this conclusion later.
moving food around a plate or engaging in non-eaulng-rdlaf[ Figure 3 shows three images demonstrating the two events
act!vmes, from a motion that can be dlreF:tIy aSSOCIa.temW'defining the roll motion corresponding to a bite. In the first
taking a bite of food. The detection of this characteristitt r image, the subjects wrist has exceeded the threshold for

is indifferent to the time taken between bites. Thus, we ha}ﬂ%sitive roll velocity: in the third image, the subject'sistrhas

discovered methods to build an actual bite detector. o, ceaded the threshold for negative roll velocity; the Beco
An algorithm for implementing the detection of a bite Vi3mage shows the bite of food taken in between.

the characteristic wrist roll can be implemented as foltows Figure 4 shows the wrist roll data that was recorded simul-

pattern, the cycle of motion (positive to negative roll) lisiast
always witnessed during the taking of a bite of food. We

bite start = 0 taneously to the images shown in Figure 3. The square shows
[ oop:_ when the positive roll velocity threshold is first exceedaall
Let v.t =roll velocity at tine t corresponds to the image on the left. The right-most linevsho
If vt >T1 and bite start = 0 then when the negative roll velocity threshold is first exceeded,
bite start = 1 and corresponds to the image on the right. The rectangle in
Let s =t between those marks corresponds to when the subject first
If vt <T2 and t-s > T3 then placed food into his mouth, as shown in the middle image in
Bi te detected Figure 3.

bite_start =0 C. \ideo capture

The variablebite_start notes the first event of the cycle A Canon HG10 video camcorder was used to record the
of roll motion. The threshold<'l and 72 define the roll meal. This enabled the experimenter to review the video with
velocities that must be exceeded to trigger detection of thge synchronized sensor data after the meal. The camcorder
first and second events of the roll motion. The thresibid was placed in front of each subject in order to capture the
defines the interval of time that must elapse between the figgibject and the food he or she was eating. The camcorder was
and second events of the roll motion. In our default Settingtarted before the Subject began to eat, and Stopped after th
T'1is 10 (degrees/second)? is -10 (degrees/second) a#®  subject finished eating. The video was saved in a MTS file

is 2 seconds. format and transferred to a personal computer through a USB
For a typical person, the positive roll happens when a persgért.

is raising food from an eating surface (such as a table oe)plat ) )

towards the mouth. The negative roll happens when the hdd Graphical user interfaces

is being lowered, or when food is being picked up by fingers A user interface was developed for this project using the
or placed on a utensil. The actual placing of food into th&/in32 API in Microsoft Visual C++ 6.0. It has three main
mouth usually occurs between the positive and negativs.rofflunctions. First, it can review the sensor data with the syn-
However, even when a person does not follow this particulahronized video. Second, it can detect the bites offlinetdlhi



it can be used to mark the ground truth bites (based uptaking a bite to the bite detector so they will result in false
observation of the video) and thereby evaluate the perfocaa detections. For undetected bites, we found two main causes.
of the bite detector device. First, a subject does not roll enough degrees during a bite.
] Second, after the subject puts food on a utensil, he or she
E. Evaluation of methods does not eat all the food in one bite. Instead, he or she bites
We have developed methods to assess our bite detectioe. food on the utensil several times until it is finished. As a
Ground truth bites were marked using the tool just describe@sult, the bite detector thinks the subject has only taken o
This allows us to calculate the correspondences of computbite during the whole period.
detected wrist motion cycles to manually marked bites taken Due to space contraints, further experiments and resutts ca
For each wrist motion cycle detected, a single bite takehiwit be found in [12].
its cycle was classified as a true detection. Any additioitakb IV. CONCLUSIONS
taken within that cycle were classified as undetected bies. :
wrist motion cycle detected in which no bites occurred was In this paper, we have introduced a methods for detecting

classified as a false detection. Sensitivity of the device wand counting bites of food taken by a person during eating. We
calculated for each subject as follows: have built a prototype based on the wired InertiaCube3 senso

Several experiments were conducted in order to evaluate our
" . methods. For ten subjects, eating the meal of their choide an
. rue detections : . . . - .
sensitivity = truc detections + undetected bit x 100%  with the utensil (or fingers) of their choice, the sensijivit
rue aetections - undetected fies (3) of our methods was 91%. Our methods could help people
who are overweight or obese to manage their body weight, by
I1l. RESULTS providing bite count targets over an extended period of time

We have conducted trials to determine the accuracy of olif€y could also be used to help people control eating rate, or
invention. In our experiments there were 10 subjects. Th& help people with other eating disorders.
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