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Machine Learning-Based Unobtrusive Intake
Gesture Detection via Wearable Inertial Sensors

Hussein Al Jlailaty, Student Member, IEEE , Abdulkadir Celik, Senior Member, IEEE ,
Mohammad M. Mansour, Senior Member, IEEE , and Ahmed M. Eltawil, Senior Member, IEEE .

Abstract— Dietary patterns can be the primary reason
for many chronic diseases such as diabetes and obesity.
State-of-the-art wearable sensor technologies can play a
critical role in assisting patients in managing their eating
habits by providing meaningful statistics on critical pa-
rameters such as the onset, duration, and frequency of
eating. For an accurate yet fast food intake recognition,
this work presents a novel Machine Learning (ML) based
framework that shows promising results by leveraging op-
timized support vector machine (SVM) classifiers. The SVM
classifiers are trained on three comprehensive datasets:
OREBA, FIC, and CLEMSON. The developed framework
outperforms existing algorithms by achieving F1-scores of
92%, 94%, 95%, and 85% on OREBA-SHA, OREBA-DIS, FIC,
and CLEMSON datasets, respectively. In order to assess
the generalization aspects, the proposed SVM framework
is also trained on one of the three databases while being
tested on the others and achieves acceptable F1-scores
in all cases. The proposed algorithm is well suited for
real-time applications since inference is made using a few
support vector parameters compared to thousands in peer
deep neural networks models.

Index Terms— Obesity, eating habits, biomedical signal
processing, wearable sensors, Kalman filter, zero-velocity
update, support vector machines, k-nearest neighbors.

I. INTRODUCTION

FOOD intake monitoring plays a crucial role in the ef-
fective management of diabetes. This fundamental fact

motivates the need for automating eating onset identification
and continuous monitoring of eating activities to prevent
postprandial glycemic excursions, which has proven to be one
of the major issues for diabetes patients. Automating mealtime
interventions has the potential of becoming a promising tool
in mitigating such conditions, by providing feedback to users
on their eating habits. Unfortunately, this still seems to be
one of the most challenging tasks to perform accurately with
currently available tools since eating is a complex process
that constitutes three main activities: 1) collecting food using
freehand or a utensil, 2) wrist movement to the mouth, and 3)
eating action. Unrelated hand gestures and random movements
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during chewing typically disrupt this sequence, leading to
inaccurate and unreliable readings.

To detect the onset of meal sessions, researchers have
focused on several sensor technologies to solve this problem,
such as continuous glucose monitoring (CGM) sensors [1],
[2], piezoelectric glass-mounted sensors [3], [4], microphones
[5], inertial ear-mounted devices [6], cameras [7], and smart-
watches [8]–[11]. None of these approaches have succeeded
in providing a practical, convenient, and comfortable solution,
where each individual approach has its associated shortcom-
ings. For instance, the CGM approach is accompanied by
a detection delay. while cameras and microphones intervene
with the patient’s privacy and are thus shunned by many
customers. Furthermore, many wearable devices such as glass-
mounted sensors and ear-worn devices have user convenience
and comfort issues and therefore reduce adherence. Alterna-
tively, smartwatches with inertial measurement units (IMUs)
are widely adopted thanks to being light, comfortable, and
multi-functional. However, inertial based algorithms usually
encounter two major challenges: 1) raw inertial data (i.e.,
acceleration and angular velocity) change dramatically de-
pending on the subject’s posture (e.g., sitting, standing, and
lying down, etc.) and the performance of the algorithms are
not always repeatable; 2) orientation of the IMU sensor frame
on the subject’s body may differ from one person to another,
which requires pre-processing of raw sensor data in each
situation. State-of-the-art approaches mostly utilize machine
learning algorithms that require collecting large data sets and
manual labeling of hand gestures.

A. Related Work

Aside from meal announcements for diabetic patients [1],
[2], various objectives motivated the design of eating intake
devices, ranging from obesity prevention to food journaling
and triggering smart reminders for seniors. These devices can
also detect bite counts and determine its relation to energy
intake in kilo-calories for the food type being consumed [12].
Eating intake detection can be classified as either gesture based
or non-gesture based as will be seen.

1) Non-gesture Based Eating Detection (Body-Mounted Sen-
sors): Chung et al. use the movement of the temporalis muscle
during chewing to design an eating recognition device in [4].
Two load cells mounted on eyeglasses collect the required data
from 10 subjects. A support vector machine (SVM) classifier
is used to distinguish chewing events which yields an average

This article has been accepted for publication in IEEE Transactions on Biomedical Engineering. This is the author's version which has not been fully edited and 

content may change prior to final publication. Citation information: DOI 10.1109/TBME.2022.3217196

© 2022 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission.
See https://www.ieee.org/publications/rights/index.html for more information.
Authorized licensed use limited to: KAUST. Downloaded on October 27,2022 at 13:12:21 UTC from IEEE Xplore.  Restrictions apply. 



2 IEEE TRANSACTIONS ON BIOMEDICAL ENGINEERING

accuracy of 89% and F1-score of 94%. A similar approach
is proposed in [3] that accounts for talking and physical
activity during eating. This device exploits the piezoelectric
sensor for chewing episodes detection and the accelerometer
for physical activity detection. Two binary SVM classifiers
followed by a decision tree for final classification are used.
The model achieves an F1-score of 99.85% on a dataset of 10
subjects. Hussain et al. also rely on the piezoelectric sensor
for swallowing as an indication of food intake and chewing for
food classification [13]. Out of 17 food categories, the average
intake detection accuracy achieved is 89.2% using a threshold
technique. Eating detection can be achieved using ear-worn
devices as demonstrated in [6] and [5]. In [6], ‘EarBit’ collects
gyroscope data from two IMUs attached to the ear and the neck
and feeds the features to a Random Forest model for eating and
physical activity detection [6]. EarBit reports 90.1% accuracy
and 90.9% F1-score in a semi-controlled lab study versus 93%
accuracy and 80.1% F1-score in unconstrained, outside-the-lab
experiments conducted on 10 participants.

2) Gesture Based Eating Detection (Hand-Mounted Inertial
Sensors): The proposed devices in [4]- [7] have wearabil-
ity and user-convenience issues. To overcome these issues,
considerable work has been done to exploit smartwatches for
the meal announcement problem. Smartwatches are now being
widely adopted, thanks for being lightweight, comfortable, and
multi-functional. Smartwatches typically include embedded in-
ertial sensors, which are heavily used for activity recognition.
In [8], Sen et al. design Annapurna, an automated eating de-
tection and food journaling system that relies on accelerometer
and gyroscope readings. Frequency and time-domain features
are extracted from the data to develop personalized models
which utilize a decision tree for eating recognition. The model
achieves a false-positive rate of 6.5% and a false-negative
rate of 3.3%. Similar approaches are proposed in [9], [10]
to detect eating activities. Accelerometer and gyroscope data
are filtered and segmented, and extracted features are input to
a Naïve Bayes’ classifier in [9]. The method in [9] results in
an 81% accuracy, 82% specificity, and 81% sensitivity on a
dataset on 43 subjects. In [10], a random forest model with
a semi-hierarchical approach achieves the best performance
where an F1-score of 93% is attained using a test-set of
five subjects. This score was achieved by post-processing
the model’s output using probabilities related to meal timing,
duration, and preparation [10].

A major limitation of some current studies is developing
algorithms that depend on eating gesture identification per-
formed in ideal, controlled conditions, that do not account for
distractions during eating [14]–[16]. One of the early papers to
address this shortcoming is [17], where the authors achieve a
sensitivity/positive predictive value (ppv) of 0.81/0.86 (corre-
sponding to an F1-score of 0.83) in their laboratory setting and
a sensitivity/ppv of 0.81/0.83 (corresponding to an F1-score of
0.82) in their realistic cafeteria setting using the CLEMSON
dataset [18]. The basic idea in the method presented in [17]
is based on wrist-motion energy heuristic, where a period of
increased wrist motion energy is observed before and after
meal. The authors also assume that the wrist motion energy
during the course of a meal tends to be reduced.

Zhang et al. proceed towards eating and drinking gesture
recognition using a kinematic model of human forearm move-
ments [19]. Features are extracted using an extended Kalman
filter with accelerometer measurements from sensors mounted
on the wrist. They report a success rate of 87%. The authors
of [20] propose a system for detecting drinking gestures with
one wrist-worn acceleration sensor. Their study is based on
560 drinking instances and their proposed system achieves
relatively good results, with an average of 84% recall, and 94%
precision. In their work, the authors used a more specialized
wrist sensor, that was tethered to a notebook computer.

The proposed approach in this paper takes a more compre-
hensive view of the problem by considering three different
datasets (OREBA [21], FIC [22], and CLEMSON [18]) that
are interspersed with gestures not related directly to eating,
such as common hand gestures during conversations. Contrary
to the work proposed in [17] that only focuses on wrist
energy, we focus on wrist trajectory related signals (torsion
and curvature signals) that better capture the dynamics of
wrist motion. Another major advantage is that the proposed
algorithm only needs a single wrist-band sensor, contrary to,
for instance, [23], [24] which requires five body mounted
inertial sensors (wrists, upper arms and on the upper torso).

B. Novelty and Main Contributions
The brief review of state-of-the-art approaches to eating

detection systems given in section I-A highlights two major
issues:

1) Users prefer noninvasive IMU based systems (e.g. smart
watches), as opposed to privacy breaching approaches
such as cameras and microphones that must be activated
during eating.

2) Eating onset detection systems still rely on either compu-
tationally expensive feature extraction methods, or com-
plex deep learning algorithms with heavy parameter sets
that are unsuited for battery limited devices.

Both of these issues are addressed in this work in addition to
several novel contributions that can be summarized as follows:

• Unlike the state-of-the-art methods relying on raw sensor
data [11], [21], [25], [26], we first map raw inertial
data into a posture-invariant domain using a lightweight
quaternion-based Kalman filter, which is further improved
by a zero-velocity update (ZUPT) algorithm that incor-
porates zero phase detection using receiver operating
characteristic (ROC) curves. The Kalman filter output is
then refined by a drift correction mechanism to improve
robustness of the algorithm independent of the user’s
specific posture (sitting, standing, walking, lying down,
etc.), this making the proposed approach applicable to a
broad range of applications. However, since the three
available datasets do not include different postures
during eating, the algorithm was tested on synthetic
data generated from these datasets as explained in
Section IX.

• By using the pre-processed sensor measurements, we
formulate hand trajectory-related key metrics (e.g., tor-
sion, curvature, roll, pitch, and yaw) to design ten novel
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and application-specific features. The innovative structure
of these features makes the system practical, and thus
more suitable for real-time applications where inference
is made using a few support vector parameters, com-
pared to thousands of parameters in peer deep network
models. The proposed approach evaluates an optimized
support vector machine (SVM) classifier, trained on the
large datasets using leave-one-subject-out (LOSO) cross-
validation.

• The developed framework improves existing algorithms
developed for food intake gesture detection by achieving
higher F1-scores and cross-subject generalization at the
same time. The developed frameworks trained on vari-
ous datasets (e.g OREBA, FIC, and CLEMSON) have
shown to outperform existing algorithms by achieving
F1-scores of 94.8% (94.0% precision, 95.7% recall) on
the OREBA-DIS, 96.0% (95.4% precision, 96.7% recall)
on the OREBA-SHA, 95.7% on the FIC (95.5% preci-
sion, 97.9% recall), and 85.9% on the CLEMSON (92%
precision, 80.7% recall), respectively. The cross-subject
generalization is conducted by training on one of the three
databases and evaluating performance on the others.

C. Paper Organization
The remainder of this article is organized as follows:

Section II gives a basic overview of the proposed approach.
Section III mentions the indirect Kalman filter and the ZUPT
algorithm equations. Section IV provides the drift error cor-
rection algorithm. Section V explicitly defines the torsion and
curvature features. Section VI discusses the feature generation
process. Section VII includes a discussion of the exploited
data set as well as feature selection and feasibility, whereas
section VIII represents the results of the proposed method.
Section IX contains a discussion with cross-data generalization
and different posture performance. Also, it contains some final
remarks and limitations. Lastly, Section X concludes the paper.

II. OVERVIEW OF THE PROPOSED SOLUTION

This section outlines the proposed eating gesture detection
system designed to identify eating intake. Fig. 1 shows the
dataflow diagram of the proposed system, which consists of
four main phases: (i) raw sensor measurements from accelera-
tors and gyroscopes (provided by reference datasets), (ii) data
pre-processing, (iii) feature extraction, and (iv) classification
and eating onset detection. The remainder of this section
provides a brief explanation of each phase.

1) Collecting Raw Measurements: Raw inertial data (ya for
accelerometer and yg for gyroscope) is collected from various
datasets (OREBA, FIC and CLEMSON). Each sentence of
raw sensor data is composed of three components in the x, y,
and z directions of the wristband frame for the accelerometer
and gyroscope sensors, respectively. Accelerometer data is
measured in units of gravity, g, and gyroscope data in units
of rad/s.

2) Data Pre-processing: The noisy sensor measurements
obtained from the first phase are fed into an indirect Kalman
filter that estimates the wrist’s velocity v, acceleration a,

Fig. 1: Block diagram of the proposed eating-onset detection
system

and rotation from the body to navigation frame, Cnb , where
b represents the body frame and n the navigation frame.
These measurements are also exploited by a zero-update
(ZUPT) algorithm that detects stationary moments of the wrist
necessary for the measurement update step inside the indirect
Kalman filter (c.f. section III). Following the drift correction
block that eliminates any remaining bias in the linear veloc-
ity, the time derivative of acceleration is computed using a
smooth differentiator, then used along with the acceleration
and velocity to calculate torsion and curvature signals (c.f.
section V). Moreover, a smooth differentiator is chosen to
avoid noise amplification in the accelerometer signal. The
velocity estimated by the Kalman filter is integrated to obtain
linear position p of the wrist. The Kalman filter yields noise-
free velocity, acceleration, and attitude (roll, pitch, and yaw)
angles of the wrist, which are then further processed to
generate valuable features for classification and detection.

3) Feature Extraction: By using a traditional sliding win-
dow approach, 10-dimensional feature vectors are carefully
designed and extracted for each frame of data from streams of
signals (i.e., position, roll, pitch, yaw, torsion, and curvature)
generated during the pre-processing phase. The frame size is
chosen based on the time of a food intake gesture, which
differs as per the dataset. Most of the intake gestures last
between approximately 1.5 and 3.4 seconds.

4) Classification and Detection: For food intake gesture clas-
sification, several classifiers were evaluated. The best results
were obtained with an optimized support vector machine
(SVM) classifier.

This article has been accepted for publication in IEEE Transactions on Biomedical Engineering. This is the author's version which has not been fully edited and 

content may change prior to final publication. Citation information: DOI 10.1109/TBME.2022.3217196

© 2022 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission.
See https://www.ieee.org/publications/rights/index.html for more information.
Authorized licensed use limited to: KAUST. Downloaded on October 27,2022 at 13:12:21 UTC from IEEE Xplore.  Restrictions apply. 



4 IEEE TRANSACTIONS ON BIOMEDICAL ENGINEERING

0 5 10 15 20 25 30 35 40 45
Time (s)

0

5

10

V
el

o
ci

ty
 (

m
/s

)

X
Y
Z

0 5 10 15 20 25 30 35 40 45
-0.4

-0.2

0

0.2

0.4

D
ri

ft
 c

o
rr

ec
te

d
 

V
el

o
ci

ty
 (

m
/s

)

Fig. 2: Drift corrected (upper) versus uncorrected (lower)
velocity.

III. QUATERNION BASED INDIRECT KALMAN FILTER

The proposed system adopts a quaternion-based indirect
Kalman filter with a state-vector given by, x = [ψ,v,ω]T ,
where ψ , (ψe, ψn, ψu)T depicts the difference between the
true and erroneously computed navigation frame in the east,
north, and up direction, respectively; vector v = (ve, vn, vu)T

contains velocity errors in the north, east, and up directions, re-
spectively; and ω = (ωx, ωy, ωz)

T is composed of the angular
rate sensor biases. An indirect filter estimates the errors of the
state vector elements instead of total state quantities, which
is computationally more efficient and thus suitable for low-
cost devices with limited computational resources [27] [28].
(supplementary)

A. Zero-Velocity Update Algorithm (ZUPT)

ZUPT is used to improve the performance of the Kalman
filter for optimal trajectory estimation of the wrist movement
during an eating episode. The ZUPT algorithm fires a sta-
tionarity condition when the wrist is almost at rest, which is
leveraged by the Kalman filter as an indication to update its
states. In this work, three ZUPT algorithms are investigated
and tested [29] to utilize statistical features and thresholds:
a) Acceleration Moving-Variance Detector, b) Acceleration-
Magnitude Detector, and c) Angular Rate Energy Detector.
In our case the acceleration moving-variance detector method
was chosen due to its better performance. The decision on this
detector was based on the receiver operating characteristics
curve which is a plot of the true intake bite detection rate
versus the falsely detected intakes. This detector is based on
the fact that the orientation of the accelerometer is constant
if the sensor is stationary. For a starting sample s0 and fixed
window N , we declare the sensor stationary if the test statis-
tics TV falls below a predefined threshold γV (experiments
revealed γV = 0.1 to give good results), i.e.,

TV (s0) =
1

N

N−1+s0∑
k=s0

‖ya(k)− ya‖2 < γV , (1)

where ya(k) represents the accelerometer readings and ya is
the average accelerometer measurement over most recent N
samples.

To evaluate the detectors’ performance, the receiver op-
erating characteristic (ROC) curves are obtained using the
procedure described in [30]. To deduce a stationary region,
the detector should classify at least 3 stationary points in this
region as per equation (1), using a window of length N = 5
[29].

Although the TP rate may seem slightly lower than ex-
pected, it does not affect the overall performance of the eating
detection problem. This is because detecting a true stationary
condition is only used to initiate a Kalman filter update step
that estimates drift errors. However, the drift in the smartwatch
inertial sensors used is relatively low; hence, it is not extremely
important to update the state vector of the Kalman filter
at a high rate. Nonetheless, the prediction step of the filter
should be executed at the frequency of the sensor measurement
sampling rate. Thus, it is acceptable to be a little conservative
on detecting all stationary states and therefore misses some
of them. For this reason, a low TP rate has no undesired
consequences.

IV. DRIFT ERROR CORRECTION ALGORITHM

The upper and lower subplots of Fig. 2 show the wrist’s
compensated and uncompensated velocity components during
consecutive eating intake maneuvers, respectively. The bias in
accelerometer sensors is the main reason behind velocity drift,
as shown in the lower plot. Moreover, the velocity drift appears
linear, which confirms the assumption that acceleration bias is
constant over a short period of time. However, the Kalman
filter-derived velocity is erroneous due to these residual unes-
timated bias errors in acceleration. The drift error correction
block shown in Fig. 1 is responsible for compensating for this
error. Specifically, the acceleration measurement of the wrist
can be written as ya(t)

ya(t) = ab(t) + ε, (2)

where ab(t) is the actual body projected acceleration, and
ε is the bias error assumed to be constant over a short
period between two stationary conditions. Following (2), the
calculated velocity is the summation of true velocity and bias
error as follows

v(t0) =

∫ t0

0

ya(z)z

=

∫ t0

0

ab(z)dz +

∫ t0

0

εdz = vb(t0) + εt0,

(3)

which should be zero at the beginning of the next stationary
phase at time t0. The difference between the actual velocity,
which is indeed zero, and the velocity derived from (3) is used
to correct the acceleration bias error. As a result, the bias error
in the acceleration measurement can be estimated by ε = v(t0)

t0
and subsequently used to compensate velocity components for
drift as seen in the upper plot of Fig. 2.

V. TORSION AND CURVATURE CALCULATION

Calculating torsion τ , and curvature κ, from the dominating
hand trajectory plays a significant role in extracting valuable
features for the proposed algorithm. The torsion of a 3D curve
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measures how sharply it is twisting along its trajectory, and the
curvature is the amount by which a 3D curve deviates from
being a straight line. A well-known theorem in differential
geometry from [31] defines the relationship between a 3D
curve and its corresponding torsion and curvature functions,
where it guarantees a unique relation between any 3D curve
(wrist trajectory in this application) and its corresponding
torsion and curvature functions. Details are provided in the
supplementary material for the interested reader.

VI. FEATURE EXTRACTION

Feature extraction is of substantial importance in any ma-
chine learning application. Indeed, given a stream of ac-
celerometer (yax , yay , yaz ) and gyroscope (ygx , ygy , ygz ) sen-
sor measurements from a meal session, the goal is to discover
informative representations of data to reveal food intake ma-
neuvers. The basic approach is transforming these measure-
ments to a suitable feature domain that is more relevant with
eating hand gestures compared to the raw sensor readings.
Feature generation is executed by extracting data from a
sliding window frame containing N samples (N depend on the
dataset chosen) of pre-processed acceleration and angular ve-
locity data. Pre-processing is done by filtering acceleration and
gyroscope inertial data collected from a smartwatch using a
quaternion-based indirect Kalman filter that delivers noise-free
velocity, acceleration and attitude (i.e., roll, pitch, and yaw)
outputs. These outputs are further manipulated to generate a
feature vector at every ith segmented frame; fi = [f ij ; 1 ≤ j ≤
10], composed of 10 most rich representations of the specified
window size. The feature vector components are respectively:
(i) distance traveled, (ii) heading swerve, (iii) roll concavity,
(iv) pitch concavity, (v) roll subsidence, (vi) pitch subsidence,
(vii) roll steepness ratio, (viii) pitch steepness ratio, (ix) torsion
energy and (x) curvature energy. Each of these engineered
features will be demonstrated in the sequel.

The annotated gestures related to an intake eating activity
were labeled as having a positive value l = 1 for the SVM
training model. Each eating gesture includes a start and an
end timestamp, where the start timestamp is the point where
the final uninterrupted movement to execute the gesture starts,
and the end timestamp is when the participant has finished
returning his hand(s) from the movement or started a different
gesture. All other non-eating gestures were labeled with a
value l = −1. As a result, we obtain the training set X =
{f1,f2,f3, . . . } that contains the training examples fi, each
with dimension of 10×1 where 10 is the number of dimensions
in each feature vector.

A. Distance traveled
The distance traveled between the beginning and end times-

tamps for each sliding frame is calculated by integrating the
filtered velocity obtained from the drift correction algorithm.
It is generally observed that the average distance traveled by
the wrist during an intake cycle to be between 25 and 35cm.
Each thick red portion of the curve in Fig. 3c represents
the cumulative distance traveled during an intake action. The
curve reveals that the slope of this portion is steeper than the

remaining slots not related to eating gestures. This indicates
disparity in the amount of distance traveled by the dominant
hand during different situations. The window size being N
samples, the distance d traveled is calculated as

d =

N−1+s0∑
k=s0

‖∆xk‖ (4)

where ∆xk is the differential distance travelled during one
sampling time step T .

B. Heading Swerve
Heading swerve is the change in wrist yaw angle, in other

words, the deviation in the wrist heading direction during
the process of intake gesture. The sweeping box in Fig. 3b
encompasses a snippet of N samples of the yaw signal derived
from the aforementioned Kalman filter. We obtain the heading
swerve by taking the difference between the yaw values
reported at the right and left borders of this box. The absolute
heading reference is not critical in this feature calculation.
It is the relative heading change that is most relevant for
our purposes. The figure clearly shows a consistent heading
swerve for the red portions of the yaw signal that represent
ground truth eating gestures. Thus, letting ψ represent the
instantaneous yaw signal, the heading swerve is calculated as
∆ψ = ψs0+N −ψs0 , where N is the total number of samples
inside the sweeping box, and s0 refers to the left-most sample
at the start of each red slot of the curve.

C. Roll and Pitch Concavity
Having roll and pitch signals at our disposal is beneficial

as the repetitive patterns can be seen (c.f. Fig. 3a) in these
signals for intake gestures. In contrast, raw accelerometer and
gyroscope measurements lack unique signatures, which are
consistent overeating actions as evidenced in [11]. In partic-
ular, mean concavity, calculated at a frame level, reveals a
consistent pattern throughout the eating sessions. Our findings
show that the concavity is positive for roll most of the time,
in contrast with pitch signals that has negative concavity. The
amount of concavity present in the signal is very similar
to the kurtosis metric, a statistical measure used to describe
the degree to which scores cluster in the tails or the peak
of a frequency distribution. The chosen metric favored the
concavity metric instead of kurtosis since roll and pitch signals
are not stochastic, thus, a deterministic metric is preferred.
It should be noted that mean concavity can be calculated by
taking the second derivative of the relevant signal and averaged
over a sliding window. It is calculated following

p =
1

N

N−1+s0∑
k=s0

∂2θk
∂k2

, and r =
1

N

N−1+s0∑
k=s0

∂2φk
∂k2

, (5)

where N is the span of the segmented period; k is the index
that iterates across that span; p and r are the mean average of
the second derivatives of the pitch (θk) and roll (φk) signals,
respectively. The mean is taken since the derivatives of a signal
may contain some glitches.
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(a) (b) (c)

(d) (e) (f)

Fig. 3: Pictorial representation of various signal properties used for feature extraction (horizontal axis represents the time in
sampling units. a) Usual patterns observed during bite action; b) heading deviation of wrist depicted during a food intake
maneuver; c) distance traveled by the wrist for eating ground truth, and general gestures; d) minimum energy instants during
an eating episode; e) slope regions and directions of roll and pitch signals; and f) torsion and curvature energy calculation.

D. Roll and Pitch Subsidence

In practice, food intake gestures involve raising the hand
from rest, for instance, and then lowering the arm back. During
this sequence, it is observed that the hand is in a state of
minimum applied angular rate energy at the moment of byte
action. In the proposed system, the roll and pitch values are
extracted at this particular moment and are annotated as the
"subsidence points." This process is done in two stages; 1)
the point of minimum angular rate energy is detected in each
sliding frame from the bias-free gyroscope readings, and 2)
the mean value of the roll and pitch signals are calculated
throughout the width ±ε (number of sample points chosen for
±ε depends on the dataset, but 10 samples reported to give
the best results in case of the OREBA dataset, 3 samples for
the CLEMSON dataset, and 15 for the FIC dataset) around
this minimum point (c.f. Fig. 3d). In this figure, the small
rectangular boxes contain the minimum detected points, while
the big boxes contain the raw data (gyroscopic sensor) for a
window of size N . The detected points inside the small black
boxes denote the reported values of roll and pitch which are
added to our set of features.

E. Roll and Pitch Steepness Ratios

The roll and pitch steepness ratio features indicate the
percentage of positive versus negative slope times occupied
for both roll and pitch signals during an eating intake ac-
tion. In particular, the dominant positive and negative slope
regions in both signals are identified during an intake gesture
(c.f. Fig. 3e). Then, the length of each region is measured
accurately and finally the ratio of positive to negative slope

lengths is calculated. The lengths are obtained according to
the following equations

u =
1

N

N−1+s0∑
k=s0

1(θk+1 − θk), v =
1

N

N−1+s0∑
k=s0

1(θk − θk+1) ,

(6)
where N is the span of the segmented period; u and v are
counters used to calculate the positive and negative slope
duration, respectively; 1(x) is an indicator function which
takes the value one, if its argument x is positive, and zero
otherwise; and θk is the pitch signal. The ratio u

v will be the
required feature value. The same calculation procedures are
done to find the roll signal steepness ratio.

F. Torsion and Curvature Energy

This section discusses two remaining features, torsion and
curvature, demonstrating essential aspects of eating gesture
actions. Figure 3f shows patterns of torsion and curvature
signals of a meal session. The shaded regions inside the
rectangular boxes indicate curvature and torsion minimum
energies. These regions of minimum energy are evident if one
looks to the left and right hand sides of these patterns. To be
more precise, the fact that torsion and curvature equations have
velocity and acceleration magnitudes in their denominator,
makes them very sensitive with relatively high peaks during
stationary moments when these magnitudes are close to zero.
For instance, this happens when the hand is resting on the table
or has a velocity close to zero. Torsion and curvature energy
are chosen as informative features and calculated respectively
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as:

Eτ =
1

N

N−1+s0∑
k=s0

|τk−µ1|2, Eκ =
1

N

N−1+s0∑
k=s0

|κk−µ2|2 (7)

where τk and κk are torsion and curvature values calculated
at each time sample, µ1 and µ2 are their respective means
calculated on a frame-level, and N is the total number of
samples chosen for each frame.

VII. EXPERIMENTAL SETUP AND EVALUATION

To evaluate the performance of the proposed eating intake
detection system, three datasets (OREBA, FIC, and Clemson)
were chosen.

A. Structure of the Reference Datasets

• The OREBA (Objectively Recognizing Eating Behavior
and Associated Intake) dataset [21] collected a total of
202 meal recordings by the participation of 180 unique
individuals. Raw sensor data is reported by two IMUs
(Movisens Move 3+1), one on each of the participant’s
wrists. Sensor data from the left hand has been mirrored
to the right hand.

• The FIC (Food Intake Cycle) dataset [22] collected 246
minutes of data for a total 21 meals. The dataset is
created using a commercial smartwatch (placed on the
dominant hand), the Microsoft Band 2™ for 10 out of 21
meals, and the Sony Smartwatch 2™ for the remaining
meals. Each IMU has one 3-axes accelerometer and one
3-axes gyroscope that measure linear acceleration and
angular velocity, respectively. Sensor data is mirrored to
the right hand if the dominant hand is the left to conserve
uniformity of the reported inertial measurements.

• The CLEMSON (Cafeteria dataset) contains 271 partic-
ipants and 488 recordings. IMU data and scale mea-
surements for the tray are available for the dominant
hand. Each intake gesture is annotated with hand, utensil,
container, and food [18]. All data collected is already
mirrored to the right hand without a need for further pre-
processing.

B. The OREBA Dataset Scenarios

The OREBA dataset records 9069 overall intake gestures for
two scenarios based on how food is served to the participants,
which are explained below.

1) OREBA-DIS: In the first scenario, foods are served to
100 participants by the lab officer in discrete portions, and
4790 intake gestures are annotated for all participants. The
meal consisted of lasagna, bread, and yogurt. Water was also
available to drink as well as butter to spread on the bread.

1https://www.movisens.com/en/products/activity-sensor/

TABLE I: OREBA dataset intake gestures with synchronized
sensor data and annotations.

Dataset Video IMU Ground
Truth Participants Intake Mean

(Std)
OREBA-DIS

[21]
Frontal
30 fps

Both
64 Hz

Video
ceiling 100 4790 2.36

(1.04)
OREBA-SHA

[21]
Frontal
30 fps

Both
64Hz

Video
multi 102 4279 2.44

(1.16)
Intake gestures annotated with

eat/drink, hand and utensil.

2) OREBA-SHA: In the second scenario, 4279 intake ges-
tures are annotated for 102 participants. Participants were re-
quested to eat from a communal dish consisting of vegetables,
korma, and butter or chicken with rice and mixed vegetables.
Each participant was responsible for making additional ges-
tures not related to intake action, which helped generalizing
the dataset. Water was also available as an option for a drink.

The experiments consist of two eating activity scenarios
with an average duration of 816 and 830 seconds, respectively
Table I summarizes the above two scenarios.

C. The FIC Dataset Scenarios

The FIC dataset was recorded in the restaurant of Aristotle
University Thessaloniki, where the participants had the free-
dom to choose their food of preference. The food typically
consisted of a starter soup, a salad, a main course dish, and a
dessert. The participant was asked to wear the smartwatch to
his dominant hand before recording. A camera was placed on
the table facing the participant for video recording, whose sole
purpose to obtain ground truth data by manually annotating the
IMU sequences based on the video stream. The FIC dataset
contains micro-movement annotations (e.g., pick food, up-
wards, downwards, mouth, no movement, random movements,
etc.), as well as the start and end moments of each intake cycle
(c.f Table II).

D. The CLEMSON Dataset Scenarios

A total of 271 participants ate a single meal type while
wearing a watch-like device to track their wrist motion.
Each participant’s recorded video was subsequently reviewed
to extract the ground truth times of bites. Bite times were
operationally defined as the moment when food or beverage
was placed into the mouth. Food and beverage choices were
not scripted or restricted. An experimental assistant placed
the IMU on the dominant hand and video interviewed each
participant for the type of food chosen. Participants were
seated in groups of 2-4 and were encouraged to eat naturally.
If the participant needed additional service, the experimental
assistant would stop recording and then resume another course
when the participant was ready. A total of 24,088 bites of
374 different food and beverage items were consumed (c.f
Table III).

E. Training and Evaluation Metrics

An optimized support vector machine (SVM) classifier with
a fine Gaussian kernel (scale = 0.75) is trained on the three
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TABLE II: FIC dataset intake gestures with synchronized
sensor data and annotations.

Dataset Video IMU Ground
Truth Participants Intake Mean

(Std)

FIC - Dominant
(100Hz)

Video
Frontal 12 1332 4.52

(3.22)
Plain intake gestures;

further annotations of micromovements.

TABLE III: Clemson dataset intake gestures with synchronized
sensor data and annotations.

Dataset Video IMU Ground
Truth Participants Intake Mean

(Std)

CLEMSON - Dominant
(15Hz)

Video
ceiling 271 24088 2.53

(1.89)
Intake gestures, utensiling. Intake annotated

with hand, utensil, container, and food.

available datasets. The model is trained using LOSO cross-
validation for the OREBA dataset. The split is done having
each participant appearing only once in the left out part of
the dataset. This cross-validation method is chosen to ensure
the model’s ability to generalize. As well, training on the FIC
dataset is executed in a LOSO fashion to see how well the
method performs for unseen datasets. For this reason, the
entire FIC dataset is used to train the proposed optimized
SVM, in addition to leaving out meals belonging to one
participant. Evaluating the SVM is done on the left-out meals
of the single subject, to be in line with the method in [22].

The proposed framework is also trained on the CLEMSON
dataset. The authors of the CLEMSON dataset [32] develop
a different approach to the bite detection problem. Their
algorithm detects a bite through the detection of four events.
First, the wrist roll velocity must exceed a positive threshold.
Second, a minimum amount of time must pass between two
detections. Then, the velocity must exceed a certain negative
threshold. Finally, a minimum time must pass between the
negative wrist roll for one bite and the positive wrist roll for
the beginning of the next bite. The classifier was trained using
LOSO cross-validation and tested on the rest of the meals in
the dataset to classify one subject’s meal gestures.

The performance of the classifier is measured by calculating
the following metrics; true positive (TP), false positive (FP),
and false negative (FN). A unified evaluation scheme is
implemented to calculate the metrics for different labels to
be consistent among the three available datasets, e.g., OREBA,
FIC, and CLEMSON. The scheme adopted is shown in Fig. 4.
Only the first intake detection will be counted true positive
(TP) per ground truth event (number one in Fig. 4). Further
detections in the same ground truth event are counted as
false positives (FP) (number two in Fig. 4). All detections
outside ground truth events are also considered false positives
(number three). The total number of FPs is the sum of the two
types. On the other hand, ground truth intervals not associated
with any detection moments count as false negatives (FN)
(number four). These metrics are often used since the evalua-
tion scheme cannot calculate true negatives (TNs). Based on
these metrics the following accuracy measures are calculated:
precision

(
TP

TP+FP

)
, recall

(
TP

TP+FN

)
, and the F1 score

Fig. 4: Proposed evaluation scheme for TPs, FPs, and FNs .

TABLE IV: Performance comparison (OREBA)

Approach Modality Method TP FP FN F1

O
R

E
B

A
-D

IS Baseline Video CNN [33]
ResNet-50

668
749

270
72

267
186

0.713
0.853

Inertial CNN [33]
ResNet-50

702
743

213
229

235
194

0.758
0.778

Proposed Inertial KNN
SVM Opt.

721
715

50
57

52
58

0.933
0.925

O
R

E
B

A
-S

H
A

Baseline Video CNN [33]
ResNet-50

564
670

254
186

239
133

0.696
0.808

Inertial CNN [33]
ResNet-50

719
732

192
183

84
71

0.839
0.852

Proposed Inertial KNN
SVM Opt.

734
711

24
44

22
45

0.969
0.941

(
2× Precision×Recall

Precision+Recall

)
.

Another evaluation scheme is also adopted from [18], where
the time interval between the previous and next detection is
considered for each detected bite. The first actual bite taken
within this window, which has not yet been paired with a bite
detection, is classified as a TP. If there are no actual bite detec-
tions within this window, then the bite detection is classified
as an FP. After all bite detections have been classified, any
additional actual bites that remain unpaired to bite detections
are classified as undetected bites, i.e., FN. The same metrics
are used for the positive predictive value (precision), sensitivity
(recall), and the F1 score

(
TP×20+TN

(TP+FN)×20+(TN+FP )

)
. How-

ever, since both schemes achieved very similar results, only
the results of the first will be provided. It should be noted here
that, the true positives (TPs) are exclusively reported based
on detection of intake gestures with no prediction overlaps
inside a segmented window of features. Since prediction
in our understanding is about a model making predictions
about something that has not yet happened. However, in our
case we are separating between eating classes and non-eating
classes. Thus, we are detecting intake gestures and accordingly
classifying our sliding window of features.

F. Feature Vector Selection

Due to the unavoidable correlation among the various fea-
tures, it is beneficial to combine features appropriately to end
up with the "optimum" feature vector for a given dimension.
Thus, it is necessary to search for the best k ∈ [1, 10] out
of m proposed features to reach an optimal criterion, where
m = 10 since we have a total of 10 features. Therefore, we
consider the following criterion

C = Trace{S−1
w Sb},
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TABLE V: Performance comparison (CLEMSON & FIC)

Dataset Modality Approach Method TP FP FN Prec Rec F1

CLEMSON
Inertial

Baseline Heuristic 17956 2219 6132 0.89 0.75 0.81
Proposed SVM 19450 1691 4638 0.92 0.80 0.85

FIC Baseline CNN-LSTM 1263 122 68 0.91 0.94 0.92
Proposed SVM 1301 61 29 0.95 0.97 0.95

where Sw is the within-class scatter matrix, and Sb is the
between-class scatter matrix. While Sw is a measure of the
average variance of the features over all classes, Sb is a
measure of the average distance of the mean of each class
from its respective global value. It is obvious that C takes
large values when features are well clustered around their
mean within each class and clusters of different classes are
well separated [33]. Having chosen the appropriate criterion,
we will now focus on the algorithm leveraged to search
for the feature vector with the best classification capabilities
according to chosen criterion above. The adopted algorithm
is a slightly modified version of the so-called floating search
method proposed by [34]. Consider Xk = {x1, x2, ..., xk} to
be the best set of features of size k , and Zm−k be the set
of remaining m − k features. The rationale of this method
is at each iteration k + 1, the best subset Xk+1 is formed
by borrowing an element from Zm−k. Then return to the
previously selected lower dimension subsets to check whether
the inclusion of this new element improves the criterion C. If it
does, the new element replaces one of the previously selected
features. The steps are detailed in supplementary material.

Following the floating search mentioned above, we have
found that the following five features are best for the OREBA
and FIC datasets: distance traveled, heading swerve, roll
subsidence, torsion energy, and curvature energy, ranked in
decreasing order according to their classification effectiveness.
However, six features out of ten were selected for the CLEM-
SON dataset, also in decreasing order of importance: torsion
energy, curvature energy, roll subsidence, distance traveled,
pitch subsidence, and roll concavity. For unobvious reasons,
the rank and number of features selected were not equivalent,
although they had four features in common. However, in line
with published literature for the CLEMSON dataset, the hand’s
energy and roll attitude showed good discriminative properties.

In order to prove the feasibility of the features chosen,
two methods of dimensionality reduction techniques were
leveraged, t-Distributed Stochastic Neighbor Embedding (t-
SNE), and principal component analysis (PCA). Both methods
were leveraged to prove feasibility of derived features (details
in supplementary material).

VIII. RESULTS

The performance of the proposed framework is evaluated
against three state-of-the-art approaches; the first approach
is the method addressed by Rouast et al. and is trained on
the OREBA dataset [21]; the second approach approach by
Kyritsis et al. trained on the FIC dataset [22]; and the third
approach trained on the CLEMSON dataset [18].

A. Performance Evaluation on the OREBA Dataset

Performance comparison between the proposed approach
and OREBA baseline methods is shown in Table IV. The base-
line methods are provided for two different modalities, inertial
and video, from previous studies on the OREBA dataset in [35]
and [36], respectively. The total number of intake gestures
in this table is approximately 935 (OREBA-DIS) and 803
(OREBA-SHA), which denote approximately 1/5 of the total
intakes in each case. For comparison purposes, the results of
the baseline methods, ResNet-50 SlowFast (video model), and
CNN-LSTM (inertial model) proposed by the OREBA authors
are provided [36]. An overall increase in the F1-scores (0.925
and 0.941) of the proposed SVM method can be observed for
both OREBA-DIS and OREBA-SHA experiments, equivalent
to an average of 18% improvement over the base line methods.
Moreover, a fine k-nearest neighbor (KNN) was also trained
with a Hamming distance metric for the OREBA dataset. The
results were surprising with very accurate F1-scores of 0.933
and 0.969. For the baseline methods, the video model performs
better than the inertial model on the OREBA-DIS, while the
opposite is true on OREBA-SHA. This indicates that the test
set for OREBA-DIS is more challenging for using inertial data,
while the test set for OREBA-SHA is more challenging for
using video data. On the other hand, the KNN performs better
on the OREBA-SHA and worse on the OREBA-DIS, while the
opposite is true for the optimized SVM model. Nevertheless,
we adopted the SVM classifier for robustness issues and left
the KNN for further investigation. Results for KNN are only
left in Table IV for realization purposes.

B. Performance Evaluation on the FIC Dataset

Performance comparison between the proposed approach
and FIC baseline method [22] is shown in Table V. The
authors of the FIC dataset leverage a CNN-LSTM model
for training. Accelerometer and gyroscope sensor windows
are first transformed into a 5-dimensional micromovement
probability distribution by the convolutional neural network
(CNN). These sensor windows leads to the creation of the
meal’s probability distribution matrix S. By processing parts
of S with a recurrent network (LSTM), they obtain an output
probability that a given window sequence is a food intake
cycle. Although CNN-LSTM is a very promising algorithm, it
is realized that the proposed SVM F1-score (0.957) obtained
on the FIC dataset exceeds the F1-score of the original method
proposed by Kyrtsis and his colleagues (0.929). This can be
contributed to two reasons. Firstly, CNN-LSTMs lack the
ability to be spatially invariant to the input data. Secondly,
it is well know that CNN-based algorithms can easily overfit.
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Fig. 5: Smoking when walking (left) and eating with a spoon
(right) [37].

C. Performance Evaluation on the CLEMSON Dataset
Performance comparison between the proposed approach

and CLEMSON baseline method [18] is shown in Table V.
Instead of classifying eating intake gestures by just observing
the wrist angular rate pattern as done by the authors of the
CLEMSON dataset , our 10 novel features were leveraged to
depict the hidden aspects of the wrist trajectory. The feasibility
of the chosen features is confirmed by the F1-score (0.859)
achieved, which exceeds the score (0.814) obtained by the
original authors. However, the F1-score obtained is not as high
as for the other datasets. This has been contributed to the noisy
inertial sensors (ST Microelectronics LIS344alh accelerometer
and LPY410al gyroscope) used in the experiments and the lack
of additional information on the raw sensor data which would
help in pre-filtering.

IX. DISCUSSION

The ability of the proposed algorithm to achieve better
results from the aforementioned ones, resides in its ability to
extract information rich features from raw sensor data. On
the other hand, CNN based algorithms, blindly depend on the
network to extract features. Furthermore, while raw inertial
data like acceleration and angular velocity would show no con-
sistent pattern in identifying eating action [11], other features
such as the ones identified in this paper, reveal effectiveness in
detecting meal intake gestures. This is due to the fact that, raw
acceleration, for example, shows no clear repetitive pattern es-
pecially in cases of different postures of the user. In this work,
it was discovered that one of the most challenging activities
to discriminate from eating was regular gesticulating during
conversations held by participants. Typically, the severity of
gesticulations differs amongst people depending on their mood
and culture. Moreover, it was observed that other activities
also closely match eating gestures in general. For example,
scratching the face, utilizing napkins to wipe, and laying the
elbow on the table with the wrist close to the mouth resembled
activities that closely mimic eating gestures. Smoking gestures
also, closely resemble eating activities. However, they are
characterized by a quick change in orientation when taking a
cigarette towards the mouth and a long dwell time while taking
a “smoking puff”. In contrast, eating gestures are characterized
by a slow change in angular displacement when grabbing a
spoon of food towards the mouth and a very short dwell time
(c.f. Figure 5).

A breakthrough of this work is the carefully engineered
features capable of accommodating intra-class diversity of

eating styles. Eating behavior (i.e., time, frequency, and speed)
differs a lot among people. Youngsters, for example, eat faster
and at a much higher frequency than the elderly [18]. The
time needed for chewing a bite of food could also change
dramatically between people depending on age categories,
culture, and eating habits [38]. In the OREBA dataset, for
example, most of the participants did not take bites at regular
intervals. To capture these irregularities, torsion and curvature
features, for instance, expressed in terms of arc length were
more capable in revealing data features than could be done
with raw accelerometer sensor. It was also noticed that while
many participants performed traditional eating maneuvers,
others preferred to bend their back forward, bringing their head
above the bowl or dish and then slightly moving their hands for
food intake [26]. This was mainly observed when participants
tried to refrain from food spillage. These exceptional cases
were captured using the pitch and roll subsidence features in
particular.

The average processing time for similar eating detection
problems range from 72.7 seconds for the method proposed
in [39] and 3.243 seconds for [22], which both are neural-
network based. The SVM-based method using proposed fea-
tures, achieved 0.22 seconds on a desktop computer with
CORE i7 CPU (9th generation) that has similar specifications
to the computers used in baseline studies. This time was
obtained by averaging the execution run-time over many
iterations. This decrease in execution time can be contributed
to two major advantages in our Kalman filter implementation.
First, the adopted quaternion integration algorithm is highly
efficient and accurate. Second, the demanding matrix inversion
needed in the Kalman update phase is deprecated by updating
the filter using just one measurement at a time. In this case, the
time consuming matrix inversion (required in Kalman filters)
is simplified to a simple scalar inversion. Thanks to these
properties, the proposed algorithm is implemented at much
less memory and computational costs.

A. Performance Evaluation Under Various Body
Postures

As discussed previously, considered datasets are collected in
a controlled environment. Most participants were in a sitting
posture when taking the meal. However, many individuals may
enjoy eating in different postures, such as in bed, in a rocking
chair, or even lying on their shoulders sideways. While due to
the lack of datasets for these different situations, we decided
to build one synthetically to assess the performance of the
underlying model under different postures as explained in what
follows. In Table VI, four different postures are studied. Two
situations for swaying a chair or sitting on the ground, and
two for lying on the back and the shoulder. Since the proposed
method is based on inertial sensor data, the aim is to generate
raw inertial measurements for the postures mentioned above.
But in any of these postures, the wrist orientation is offset from
its upright position as per the body’s attitude. For example, in
the case of laying on back, the anatomical planes (coronal,
sagittal, and transverse) of the body measure close to 60◦,
for the coronal and sagittal planes, and 0◦ for the transverse
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TABLE VI: Performance under various postures.

Posture Position Orientation C [◦] S [◦] T [◦] F1

Si
tti

ng
on Chair Sway Back -30 0 0 0.913

Sway Forward 30 0 0 0.953

Ground Lean Forward -5 0 15 0.889
Lean Back 15 0 5 0.901

L
ay

in
g

on Back Straight & Level 90 0 0 0.898
Elevated by pillow 60 60 0 0.908

Shoulder MLR (10◦) 70 10 0 0.887
MLR (30◦) 70 30 0 0.892

Legend | C: Coronal, S: Sagittal, T: Transverse, MLR: Mid-line Roll

plane. These angles are substituted for φ, θ, and ψ inside the
transformation matrix T given by

T =

 cψcθ cψsθsφ+ sθsφ cψsθsφ+ sθsφ
−sψcθ −sψsθsφ+ cθcφ sψsθcφ+ cθsφ
sθ −cθsφ cθcφ

 , (8)

which multiplies the raw gyro and accelerometer vector triads
of the original datasets to be transformed to the new posture
orientation. This data transformation is applied to all available
datasets to generate synthetic data used for training. The
F1-scores averaged across the three datasets can be seen
in Table VI. For example, if the raw sensor data for all
datasets are transformed to a sitting on the ground posture
with a backward leaned orientation, the F1-score recorded
0.901. In this case, the coronal, sagittal, and transverse plane
orientations are 15◦, 0◦, and 5◦, respectively. Then again, if
the participant lies on his/her shoulder, with a mid-line roll
of 30 degrees and a sagittal plane orientation of 70 degrees,
the F1-score obtained is 0.892. The orientations chosen in
Table VI are as comprehensive as possible in reflecting differ-
ent postures during eating. Evaluation results indicate that the
proposed approach is almost posture invariant, as claimed at
the beginning of the article.

B. Cross-Dataset generalization performance

On another note, to assess the generalization aspects of the
proposed SVM framework, it is trained on each of the three
databases and tested on the others, still achieving promising
F1-scores as shown in Table VII. Specifically, training on
the OREBA dataset revealed a little decrease in cross-subject
performance with F1-scores of 0.89(−3.5% negative improve-
ment) and 0.81(−0.2% negative improvement) on the FIC and
CLEMSON datasets, respectively. On the other hand, training
on the FIC dataset revealed good cross-subject performance
with F1-scores of 0.83(+4.6% improvement) and 0.84(+2.9%
improvement) on the OREBA and CLEMSON datasets, re-
spectively. However, although the number of participants (271)
for the CLEMSON dataset exceeded all other dataset numbers,
training on the CLEMSON dataset did not reveal the best
cross-subject generalization of 0.79 (+0.8% improvement) and
0.8 (−9.0% negative improvement) F1-scores on the OREBA
and FIC datasets, respectively. It should be noted here that
either up-sampling or down-sampling on the sampling rate of
the raw sensor data was done before training on the datasets.
We believe that the low sampling rate (15Hz) of the original
CLEMSON dataset is the reason for this loss in performance.
The sampling rate of the CLEMSON dataset was raised

TABLE VII: F1-scores for cross-dataset training to assess
general- ization aspects of proposed algorithm

Training
Testing OREBA CLEMSON FIC

OREBA 0.933
0.787 0.812 0.891

CLEMSON 0.795 0.859
0.814 0.801

FIC 0.833 0.843 0.957
0.929

to 100Hz by simple extrapolation techniques. As expected,
training and testing on the same database always gave the
best results, as depicted in the Table VII. As can be seen in
the diagonal terms of the same table, there was an increase
of 7.5, 5.5, and 3.1 percent on the OREBA, CLEMSON, and
FIC datasets, respectively.

Although good results have been obtained using the pro-
posed method, two limitations still need to be addressed. First,
a better approach has to be researched for choosing the number
of samples N in a segment frame used for extracting features.
This has been realized since the number of samples may differ
in the same dataset and across different ones. An adaptive
method for choosing N is being studied. Another significant
improvement would be investigating a more sophisticated
method for segmenting extracted feature data instead of a
sliding window approach. For example, a machine learning-
based algorithm such as conditional random fields (CRF) is
a candidate method since the CRF benefits from the context
of previous and future gestures. Hence, instead of segmenting
an isolated window alone, we can do this on an extended
number of samples of features before deciding on the class
of the discriminated segments. Micro-movement segmentation
can also be deployed to obtain more accurate segments. Instead
of segmenting the whole eating gesture, training can be done
on micro-movements, such as manipulating food, moving hand
upwards towards the mouth, inserting food in the mouth, and
finally, moving the hand towards the table. This approach is
inspired by the successful part-of-speech tagging algorithm,
where instead of segmenting complete words of a sentence,
the algorithm is trained on parts of words or phonemes
to achieve better accuracy. The other limitation is that the
proposed method has been tested using pre-prepared datasets
that introduce limitations on the sampling rate etc. Ideally, the
proposed algorithm could be further improved if developed
and tested using samples obtained in-the-wild settings.

X. CONCLUSIONS

In this paper, a novel methodology for eating gesture
detection has been proposed. Results obtained using an op-
timized SVM classifier on various datasets (e.g OREBA,
FIC, and CLEMSON) have shown to outperform existing
algorithms. For generalization, the developed framework was
further trained and cross-tested on these datasets. The proposed
algorithm is well suited for real-time applications since infer-
ence is made using a few support vector parameters compared
to thousands in peer deep neural networks models.
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