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Abstract—This paper investigates the problem of eating
activity detection using motion data from an off-the-shelf
smartwatch. The development and integration of the algorithm
for detecting eating activity will make it easier for users
to monitor their eating habits. For development of a such
algorithm about 27500 hours of data were collected from 91
participants. Moreover, a reliable and interpreted approach
with adjustable tolerance for model quality estimation in real-
world conditions is proposed in this work. The algorithm based
on end-to-end neural network (NN) for eating events detection
with special postprocessing was developed by our research
group. It recognizes eating events with 1 minute delay from the
beginning of food intake. For a such tolerance it achieves F1-
score of 0.90 in average (at “’free-living”’ scenario test) for users
wearing smartwatches either on dominant or on non-dominant
hand. To the best of authors’ knowledge, the algorithm provides
the best performance of any existing solution or described in
the literature.

I. INTRODUCTION

In this study, we developed a new technological feature
for wearables to increase their interactivity by adding new
functionality of automatic dietary monitoring. This new
feature will promote a healthy lifestyle and motivate users
to maintain it. That will lead to users’ health improvement
and extend life expectancy and quality.

Most wearables available on market carries onboard mi-
croelectromechanical inertial measurement units (IMU) to
monitor user’s motions. These devices compose of three-
axis accelerometer and three-axis gyroscope. Collected data
is mostly used for physical activity characterization [1] and
in fitness exercise recognition applications. One of the most
useful applications is a fall detection and prevention due
it is able to save the lives of elderly people [2]. Physical
activity measurements with consumer market wearables have
performance comparable with professional devices [3] Raw
IMU data holds much more useful information about the
user. Activity of daily living (ADL) can be accessed through
analysis of accelerometer and gyroscope data. Gait patterns
recognition from motion signals can be used as a biomarker
for several medical conditions [4] or for user authentication

[5].
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Our work is aimed to develop a method of user-
independent eating behavior characterization by analysis of
motion data from IMU sensor integrated into smartwatch.
This method will be used in a mobile app such as Samsung
Health that manages person’s eating behavior to motivate
user to lead a healthier life. These applications are aimed
to solve global problems like the increase of obesity and
prevention of metabolic disorders [6]. Automatization of
the dietary data input is essential for user retention since
conventional text-based input mode requires extra efforts.

The main contributions of this paper are:

o The largest dataset for eating activity recognition was
collected, see Table I.

« Interpretable method for model evaluation with flexible
tolerance setting, see Section V-A.

o Algorithm for non-dominant hand (related to micro-
gestures accompanying eating process) provides very
high performance (Fl-score > 0.83 for eating events
detection) at both “non-free-living” and free-living”
test scenarios, see Section V-C.

II. RELATED WORK

In this paper, we propose a method that has the potential
to automate eating activity detection. Firstly, we observe
recognition of eating events in free-living settings. Such
a problem statement is the closest to our main goal of
automatic dietary monitoring. After that we describe results
in detection of actions, gestures or micromovements during
a meal. Our goal is to outperform the existing investigations
of eating moment detection with inertial sensors.

A. Eating activity detection with inertial sensors

Eating activity detection was studied in recent years using
various body-worn devices. Previous works showed promis-
ing results in this area. For example, Thomaz et al. [8] and
Dong et al. [7] collected datasets for predicting eating events.
Nevertheless, results of these papers showed the high rate
of false positives occurring during non-eating activities, that
was also noticed in [12] with a detailed categorization of
confounding gestures.

Dong et al. [7] presented the first study using body-worn
sensors to automatically detect eating activities in free-living
conditions. Their approach was focused on a segmenting and
classifying periods as eating and non-eating activities. The
authors achieved an accuracy of 81%, whereas an F1-score
of 0.34.

The work of Thomaz et al. [8] investigated smartwatch
based system for the detection of food intake gestures and
identification of eating moments. Initially, authors recognized
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TABLE I
INFORMATION ABOUT DATASETS PRESENTED IN PAPERS

[ Source reference [ Hands [ Subjects # | Eating events # [ Total, h | Eating, h [ Annotation |
Dong et al. [7] Dominant 43 116 449 22.4 Activity
Thomaz et al. [8] Dominant 28 120 470 25 Actions
Kiyritsis et al. [9] ("non-free living” scenario) | Dominant 12 21 4 4 Micromovements
Kiyritsis et al. [10] ("free living” scenario) Dominant 6 16 71 71 Micromovements
Rouast et al. [11] Both 202 202 N/A N/A Actions
This paper ("non-free living” scenario) Both 91 4165 27500 796 Activity
This paper (“free living” scenario) Both 6 149 780 21 Activity

gestures by Random Forest classifier [13] and then clustered
them using DBSCAN [14] algorithm to detect eating activi-
ties.

Fl-scores of 0.76 and 0.40 for recognition of eating
events in 60-min and 15-min time segments respectively
were achieved.

B. Eating activity detection with non-inertial sensors

Chun et al. [15] presented an approach for detection of
eating activities with a necklace that captures head and
jawbone movements. To assess the system in real-world
settings, they conducted a 1-day in-the-wild study with 19
participants. The authors achieved an Fl-score of 0.75 for
10-minute segments.

Zhang et al. [16] proposed a one-class-classification ap-
proach for eating event spotting using electromyogram moni-
toring eyeglasses. The authors trained oc-SVM [17] model on
eating data, without specifying a model for non-eating data.
They collected 122 hours of data in a free-living setting from
10 participants. The authors achieved an Fl-score of 0.95.

Although non-inertial sensors provides high performance
of eating detection, a form-factor requirements and privacy
issues have severely limited commercialization of such ap-
proaches.

C. In-meal gesture detection

The work of Kyritsis et al. [9] presented an algorithm
for automatic detection of in-meal food intake cycles from
smartwatch IMU. Food intake cycle was defined as a se-
quence of 4 micromovements: pick food, upwards, down-
wards, mouth. The authors estimated the probability distri-
bution of each wrist micromovement by applying a CNN
[18] and using an LSTM [19] network to classify sequences
of windows as food intake cycles. The authors achieved an
F1 detection score of 0.913 from Leave One Subject Out
experiments.

The work of Zhang et al. [20] proposed a framework for
detecting and counting the number of feeding gestures during
an eating episode using a six-axis inertial wrist-worn IMU.
The authors achieved an average F1-score of 0.75 in-lab and
0.3 in test of feeding gesture count.

III. EXPERIMENT DESIGN

The dataset was collected from 112 subjects well dis-
tributed by age (37.5+11.1 years), gender (51% of females,
49% of males) and body mass index (26.9 £ 5.0 kg/mQ).
Prior to tests, all subjects gave their informed consent. The

study protocol was approved by institutional review board
(IRB) of Saratov State Medical University. The data was kept
anonymized and it was used only for the intended research
purpose.

The most of subjects (106 volunteers) were in controlled
conditions (henceforth referred as “non-free living” group)
and were required to follow the rules:

1) consume three different types of menus (developed by
professional nutritionist),

do not consume any other food,

to be recorded on video during food intakes (so an-
notated the start and end times of eating could be
checked).

In total “non-free living” datasets included 32000 hours
of time-series data and 4200 eating events. Four eating
scenarios were used for the "non-free living” group: standing
position + eating with fingers; seating position + metal
tableware or plastic tableware or eating with fingers.

A smaller group of subjects (6 volunteers) did not follow
any rules and led their usual lifestyle (henceforth referred as
“free-living” group). In total “free living” datasets included
totally 910 hours of time-series data and 203 eating events.

Compared to other datasets presented in previous research
papers on eating activities detection, our dataset is the largest
in terms of number of meals and the total recording time (see
Table I for details).

Raw IMU sensor data were collected with Galaxy Watch
(Samsung, South Korea) smartwatch with custom software
with fs = 20 Hz sampling rate. All subjects wore smartwatch
devices on both left & right hands and labeled all eating and
drinking events.

2)
3)

IV. DETECTION ALGORITHM
A. Preprocessing

Data for single IMU record can be presented as six vectors:
accelerometer a,, a,, a, and gyroscope g, g,, g.. Where
a; = (al,...,a") and g; = (g},...,97), i € {x, y, 2},
n =T - fs, where T is the total time of record in seconds
and f; is a sampling frequency of IMU.

Firstly, we apply smoothing to each axes using exponen-
tially moving average approach with halflife h = 20 to clean
signal from noise and too strong emissions: a4, = a}, i€
{z,y,2}
at=a-al+(1—a)-a™", ic{x,yz}t=1n
a =1 —exp[log(0.5)/h] After that, we filter signal with
Chebyshev type I filter and downsample to f! = 5Hz. Such
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Fig. 1. Performance of supplementary hand detector algorithm depending
on analysis time

frequency was selected because higher frequencies are not
relevant to eating gestures (average eating gesture duration
in our dataset is 3.5 seconds). At the same time, it will low
down the power consumption during signal collection and
reduce the computational cost. Finally, we normalize signal
with [2-norm, so that at each timestamp ¢: (a%,)* + (a},)? +
(al)? = 1and (g%)*+(g!)*+(g%)? = 1. These preprocessing
steps show their robustness for eating detection tasks [8],
[21].

B. Automatic hand detection (left or right)

This is a common situation when a user wears smartwatch
on a non-dominant hand, but uses mainly a dominant hand
for food intake. The most of related studies are focused on
dominant hand monitoring to detect eating gestures directly.
But, as we found, modern IMU sensors are suitable to
detect non-dominant hand’s micro-gestures accompanying
the eating gestures of dominant hand. It is reasonable to train
two separate ML algorithms for eating gestures (dominant
hand) and for accompanying micro-gestures (non-dominant
hand).

According to [22] the rate of left-handed people in the
world population is about 10%, so it is essential for our
algorithm to know on which hand the user wears the smart-
watch. Figure 1 shows a performance of our supplementary
hand detector algorithm based on XGBoost [23] model with
accelerometer and gyroscope features. It is shown that 5
minutes of smartwatch wearing allows to detect right / left
hand with F1-score > 0.98.

C. Eating activity detection

We assign each segment belonging to eating event as 17,
otherwise — 70”. Since an eating activity lasts less than
1% of total dataset time — the data is imbalanced from the
view point of classification task. A dynamically balanced
batches technique is used to solve of imbalanced classes.
Each batch in training process is composed in a special way
to sample random segments from a dataset, and, at the same
time, maintain constant ratio between amount of ”’1” samples
(eating event) and ”0” samples.

D Eating event
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Fig. 2. ML pipeline of automatic eating events detection (from preprocessed
IMU data on the bottom to detected event on the top of diagram)

The best performance is achieved with a end-to-end neural
network (NN) containing convolutional and recurrent parts
(see figure 2). Our ML pipeline is an improved combination
of approaches described in [10] and [24]. Preprocessed
input data from inertial sensors is represented by sequence
of vectors containing 6 items each (block A in figure 2).
This sequence is fed into the first temporal convolutional
block (block B in figure 2). It contains dilated convolutional
layers, weight-normalizations, and dropout layers. There is
also a skip-connection in the block which improves neural
network training convergence. There are 4 such blocks in
the convolutional part of neural model. Output of previous
layer is passed into input of the following layer. As a result
of all computations that are performed in convolutional part
of the model, we receive sequence of vectors describing
human gestures recorded in data. The recurrent part of the
model (block C in figure 2) is responsible for storing the
time context and also learning the structure in sequences of
gestures. The core block of this part is LSTM cell which
is storing information related to recent user activity in it’s
state vector. The last layer of the network converts the cell
state into the probability of the specific user activity. Then
obtained sequence of probability values is converted into
the time range of the activity. To perform this conversion,
a threshold applied to probability values and then all point,
where probability is greater than a threshold, are clustered
(with DBSCAN) into activity interval. Such approach gives
robust and accurate predictions of eating activity intervals.
DBSCAN clustering algorithm was selected as this algorithm
is best suited for combining close predictions into continuous
one [8].
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V. EVALUATION

To evaluate the model we estimate the difference between
the output probability of the model and our annotated ground
truth. Since the algorithm consists of several steps we,
firstly, optimize the architecture of end-to-end NN model,
fit the model and adjust its hyperparameters on train data,
secondly, optimize the threshold and DBSCAN parameters
on validation data and, finally, estimate a score value on
test samples of the dataset. Snack intakes (eating events
with duration less than 5 minutes) were excluded from
consideration The detailed information of validation structure
can be found in Table II.

TABLE I
DATA SPLITTING INFORMATION

Train Validation Testl Test2
(’non-free- (’non-free- (’non-free- ("free-
living”) living”) living”) living”)

Subjects 63 14 14 6
Eating 1964 449 440 149
events
Hours 18900 4200 4100 780
Hours 547 125 124 21
(eating)

Many researchers have suggested different ways to es-
timate the model quality. However, previously proposed
metrics are not applicable to our tasks. Thus, we develop
a new approach for reliable estimating the true quality of a
model with the ability to select the desired prediction error.
In this paper we introduce our metric, which is developed
for comparison true and predicted food intake periods and
takes into account both start and stop of eating process.

A. Proposed metric

In our metric we consider single ground truth food intake
as one event. Besides, we measure the overlap between
predicted and true segments.

To estimate the overlap we utilize an Intersection over
Union (IoU) [25] metric. This metric is usually used for
image detection, but we apply it for 1D task. Suppose we
have two segments s = (1, t2) — true food intake period and
§ = (t3,t4) — predicted food intake period. Thus IoU(s, §) =
|s N §||s U §|, where |s]| is the length of the segment.

Define s = (s1,82,...,5,) as a vector of ground truth
food intakes bounds and § = (81, 82,...,8,,) as a vector of
predicted food intakes bounds. Computing the pairwise IoU
between the predicted and true period, give us a matrix M:
M;; =IoU(s;, ;) Vi € 1, n, Vj € 1, m.

The following statistics, True Positives (TP), False Posi-
tives (FP) and False Negatives (FN) are defined with respect
to the parameter 7, which we call IoU threshold:

o Ground truth food intake s is considered to be TP(7)

if there is any predicted food intake § : IoU(s, §) > 7.

e Ground truth food intake s is considered to be FN(7)

if there is none predicted food intake § : IoU(s, §) > 7.
o Predicted food intake § is considered to be FP(7) if

there is none ground truth food intake s :

IoU(s, §) > 7.

The total number of TP, FP and FN are calculated as:
TP(r) =#{i|3j €1, m: My; > 7}
FP(T)Z#{j|MZJ <tViel, n}
FN(r)=#{i| jel, m: M;j;>rT}

Precision, Recall and F1-score are derived from TP, FP an
FN statistics, therefore should also be computed with respect
to 7 since these metrics are usually used for detection task

and represents the quality of the model. Precision(r) =
TP(7) _ TP(1) _

TP(7)+FP(7)’ Recall(r) = TP(r)+FN(7)* Fl(r) = 2-

Precision(7)-Recall(7)

Precision(7)+Recall(T)

B. Alternative metric

To compare with existed results, we use the metric pro-
posed by Thomaz et al. [8], as this paper performs the task
similar to ours. There is the only fundamental difference be-
tween our and Thomaz’ metrics. While we consider predicted
or ground truth food intake as one event, ref. [8] consider one
time segment with specified duration as one event. This may
lead to splitting of food intakes into several time segments
and makes this metric less interpreted in real applications.

C. Results

We selected the best parameters of end-to-end NN on
train split and adjusted parameters of thresholds, filter and
clustering for postprocessing on validation part of dataset.

1r

0.9
0.8
0.7
206
3 0.5
i 0.4
0.3

0-2 F[—¢— gominant hand hTe
0.1 |- ® - non-dominant hand & Sk
0 L L L L I I L I L = 'y
0 01 02 03 04 05 06 07 08 09 1
7 (loU threshold)

Fig. 3. Fl-score with +std shading for proposed metric evaluation. The
values for different JoU were averaged over test (“non-free-living”) users
with respect to hand on which the smartwatch was worn

We computed our proposed metric for different values of
7 (Figure 3) for Testl split ("non-free-living”). Large 7 is
required for accurate prediction of both — start and stop of
eating process. But our goal is to detect the fact of eating
event as soon as possible after it starts. Our goal requires 7 =
0.1 (hereinafter F1-score at 7 = 0.1 is used for performance
estimation). In this case, the end-to-end NN model provides
Fl-score of 0.955 £ 0.24 for 14 subjects ("non-free-living”
scenario dataset) wearing smartwatch on the dominant hand
and 0.836 + 0.09 for the same subjects wearing smartwatch
on the non-dominant hand during two weeks.

The performance of the developed algorithm was also
estimated for 6 subjects at “free-living” scenario. Figure 4
shows the particular metrics for each of subjects and for each
hand. It should be noticed that Subject 1 in contrast to others
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Fig. 4. Fl-score metrics for each subject of “free-living” dataset

TABLE III
ALGORITHM PERFORMANCE AT TEST DATA SPLITS

(for 7 = 0.1) [ At Testl ("non-free-living”) [ At Test2 ("free-living”)
For dominant hand

Fl-score 0.955 0.925
TP 419 135
FN 20 14
FP 19 8

For non-dominant hand

F1-score 0.836 0.881
TP 370 126
FN 70 23
FP 75 11

is left-hander, so the ML model for dominant hand (related
to eating gestures) was implemented for left hand to achieve
F1-score = 0.974 (otherwise 0.937) and ML model for non-
dominant hand (related to accompanying micro-gestures) was
implemented for right hand to achieve Fl-score = 0.742
(otherwise 0.554). Performance metrics with TP, FN and FP
cases statistics are presented in the Table III.

VI. DISCUSSIONS AND CONCLUSIONS

This paper considers the problem of recognizing eating
activities by passively tracking wrist motions. In our ap-
proach we use algorithm based on end-to-end NN model
containing convolutional and recurrent parts to detect start of
eating events. The algorithm is trained and optimized large
and diverse dataset including 2413 eating events (different
types of menu and eating scenarios) from 77 subjects (well
distributed by parameters) with whole-day background data.

We estimate the performance of the detection algorithm
by proposed evaluation metric on our test datasets of 20
participants (14 at “non-free-living” scenario, 6 at “free-
living” scenario). Average Fl-score is higher than 0.90 for
both tests scenarios. The essence of the proposed algorithm
is the top performance among existing solution in the area of
smartwatch-based fully-automatic detection of eating events.
Especially high performance is achieved for micro-gesture-
based algorithm for non-dominant hand providing F1-score
> 0.83.

These results show that the proposed approach is robust
and can be used as a passive detection system of eating
events in free-living settings. The proposed algorithm has
some constraints:

o Short meals and snacks (duration < 5 min) are ignored,
« Eating only at seating position at table,
o No eating at transport.

For future work we aim to overcome these constraints
and improve our detection system robustness for any user
scenarios. The proposed approach of physical activity de-
tection could be implemented to other applications and user
scenarios (monitoring of drinking, smoking, tooth-brushing,
hands and face washing, etc.). Monitoring of user’s activities
supported by health recommendation system will motivate
users to achieve and maintain a healthy lifestyle.
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