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ABSTRACT
Respiratory diseases such as the novel coronavirus (COVID-19) can
be transmitted through people’s face-touching behaviors. One of
the official recommendations for protecting ourselves from such
viruses is to avoid touching our eyes, nose, or mouth with unwashed
hands. However, prior work has found that people touch their face
23 times per hour on average without realizing it. Therefore, in this
Late-Breaking Work, we explore a possible approach to help users
avoid touching their face in daily life by alerting them through a
smartwatch application every time a face-touching behavior occurs.
We selected 10 everyday activities including several that should
be easy to distinguish from face touching and several that should
be more challenging. We recruited 10 participants and asked them
to perform each activity repeatedly for 3 minutes at their own
pace while wearing a Samsung smartwatch. Based on the collected
accelerometer data, we used dynamic time warping (DTW) to dis-
tinguish between the two groups of activities (i.e., face-touching
and non-face-touching), which is a method well-suited for small
datasets. Our findings show that the DTW-based classifier is capa-
ble of classifying the activities into two groups with high accuracy
(i.e., 99.07% for the user-dependent scenario). We demonstrated that
smartwatches have the potential to detect face-touching behaviors
with the proposed methodology. Future work can explore other
classification approaches, collect larger datasets, and consider other
sensors to increase the robustness of our results.
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1 INTRODUCTION
COVID-19 has been a global challenge in many ways [19]. To pre-
vent another global pandemic, it is essential to find solutions to
slow the spread of this virus, as well as respiratory diseases caused
by other similar viruses. A person can contract COVID-19 by touch-
ing a contaminated surface or object and then touching their eyes,
nose, or mouth [4]. One way to protect ourselves from the virus
is to avoid touching our face with unwashed hands [4]. However,
prior work has found that people touch their face 23 times per
hour on average without realizing it [12]. A potential approach to
reducing such intrinsic behavior is to deliver real-time intervention
every time people try to touch their face. We propose to detect
users’ face-touching behaviors and alert them of such behaviors
via smartwatches.

One of the reasons for utilizing a smartwatch is its increasing per-
vasiveness. Worldwide shipments of wristbands and smartwatches
reached more than 170 million units in 2020 [9]. This popularity
provides a scalable platform that can be used by a large share of
the population, which in this application can mitigate the spread of
respiratory diseases more effectively. A smartwatch also has com-
putational and sensory capabilities that are sufficient for achieving
our goal, with the help of its triaxial accelerometer [22]. Davoudi
et al. [6] showed that a smartwatch can be used as an alternative to
a research-grade activity monitor for accelerometer-based human
activity recognition. Therefore, we trained a DTW-based classifier
on accelerometer data collected from a Samsung Galaxy Watch
to detect face touching. More specifically, we asked a total of 10
participants to perform 10 everyday activities, including 6 non-face-
touching activities and 4 face-touching activities, repeatedly for 3
minutes at their own pace while wearing the smartwatch on their
dominant wrist.

We tested the DTW-based classifier in a user-dependent scenario,
in which training and test sets are drawn from the same user, and
in a user-independent scenario, in which a set of users are used for
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training while an additional user is used for testing. Our results
showed that recognizing each activity individually (i.e., multiclass
classification) is challenging (i.e., 92.48% for the user-dependent
scenario and 55.1% for the user-independent scenario). However,
our DTW-based classifier can distinguish between face-touching
and non-face-touching activities in general with satisfactory ac-
curacies (i.e., 99.07% for the user-dependent scenario and 85.13%
for the user-independent scenario). In the user-dependent scenario,
the very high recognition accuracy indicates the potential for using
a DTW-based classifier in developing a personalized face-touching
detection application. For the user-independent scenario, the DTW-
based classifier was able to achieve a satisfactory accuracy with
fewer training samples than machine learning-based (ML-based)
classifiers [24]. This makes the DTW-based classifier potentially
more suitable for mobile devices that have limited memory space to
store a relatively large ML model. Also, compared with ML-based
classifiers that require the process of feature extraction and model
training, a DTW-based template matcher does not extract features
from training templates but matches point-paths, which makes
it more suitable for rapid prototyping [23, 25]. This is especially
important in the early stage of developing a new methodology be-
cause it helps explore and realize new concepts more easily and
quickly. We demonstrated that smartwatches have the potential
to detect face touching using the DTW algorithm, which in turn
can mitigate the spread of COVID-19 as well as other respiratory
diseases.

2 RELATEDWORK
2.1 Face Touching Detection with Wearables
Face touching was shown to be a frequent habit by Kwok et al.
[12]. This behavior can result in the spread of coronavirus since
unwashed hands are considered a common vector for the transmis-
sion of respiratory diseases [14]. Wearable devices that can alert
the user if they touch their face (e.g., the Immutouch wristband [7]
or NASA’s PULSE pendant necklace [18]) have been introduced as
a response to the COVID-19 outbreak. While these new devices
can help slow the spread of the virus, they impose additional cost
to users while only providing one specific functionality, which
could hinder these solutions from reaching a large share of the
population. As an alternative solution, we propose to detect face
touching using commercially-available smartwatches for two main
reasons: (1) the increasing popularity of such wearable devices [9]
provides a platform that is accessible to a large share of the pop-
ulation, and (2) the computational and sensory capabilities of a
smartwatch are sufficient to identify the user’s current activity [24].
One prior research project [5] also investigated the feasibility of
detecting face touching using a smartwatch, but with a very limited
number of users (only 3) and prompted face touching behaviors
only (e.g., touching their nose and cheek). Their Random Forest
(RF) model achieved an accuracy of 92%. Our work goes beyond
this exploratory study by recruiting more participants (i.e., 10) and
asking them to simulate actual daily activities.

2.2 Human Activity Recognition
Prior work has explored algorithms for human activity recognition
using smartphones [2, 11] and wearables [6, 24]. Kwapisz et al. [11]

collected accelerometer data from 29 users while they performed
6 daily activities with a smartphone in their pockets. The authors
showed that most activities can be recognizedwith accuracies above
90% using MLmodels. Anguita et al. [2] had 30 participants perform
a similar set of everyday activities while wearing a waist-mounted
smartphone and achieved an overall accuracy of 96% using a mul-
ticlass SVM. While this prior work on smartphone-based activity
recognition has shown promising results, only certain behaviors can
be recognized with these approaches: that is, smartphones placed in
the pocket may not be as effective for recognizing hand-motion ac-
tivities. This limitation could be addressed by using wrist-mounted
wearables such as smartwatches [6, 24]. Weiss et al. [24] asked 17
participants to perform non-hand-oriented activities (e.g., climb-
ing stairs) and hand-oriented activities (e.g., drinking) while they
wore a smartwatch on their dominant wrist and had a smartphone
in their pocket. Using the Random Forest algorithm, the authors
found that smartwatch-based classifiers generally performed bet-
ter than smartphone-based classifiers. Furthermore, Davoudi et al.
[6] trained ML-based classifiers on accelerometer data collected
from a Samsung Gear S smartwatch and achieved similar accuracies
in recognizing 15 daily activities as compared to a research-grade
ActiGraph GT3X+ activity monitor. Their results showed that smart-
watches can be reliable enough for real-world applications.

This prior work has demonstrated that ML-based methods can
recognize hand-based activities with high accuracy. However, ML-
based methods usually require a relatively large pre-trained model
to achieve satisfactory results [10], which may not be suitable
for mobile devices with limited memory space. Another possible
method for hand-based activity recognition is DTW, an algorithm
that measures the similarity between two time series that may vary
in length [3]. DTW has been shown to achieve comparable per-
formance in recognizing hand gestures with significantly fewer
training samples [1, 13, 20]. Liu et al. [13] designed uWave, a per-
sonalized system that uses DTW for accelerometer-based gesture
recognition. This user-dependent system requires only one training
template for each gesture and achieved a competitive accuracy of
98.6% on mobile devices. Additionally, Akl and Valaee [1] asked
7 participants to perform a set of 18 gestures using the Wiimote
controller. The authors demonstrated that an accelerometer-based
hand gesture recognition system employing DTW can achieve an
almost perfect user-dependent accuracy of 99.79% and a satisfac-
tory user-independent accuracy of 96.89%. We go beyond this prior
work by asking our participants to simulate actual daily activities
while wearing an everyday mobile device (i.e., a Samsung Galaxy
Watch) instead of only performing simple gesture patterns (e.g., a
circle) with a dedicated device (e.g., Wiimote). To our knowledge, no
prior work has used DTW for accelerometer-based face-touching
detection on smartwatches. Our goal is to examine the potential for
using a DTW-based classifier trained with limited data to detect face
touching on resource-constrained devices such as smartwatches.

3 METHOD
To examine the performance of a DTW-based classifier in recog-
nizing face-touching activities based on smartwatch data, we (1)
built a smartwatch app for hand-motion data collection on the
Samsung Galaxy Watch, (2) asked 10 participants to perform 10

20



Detecting Face Touching with Dynamic Time Warping on Smartwatches: A Preliminary Study ICMI ’21 Companion, October 18–22, 2021, Montréal, QC, Canada

Table 1: Physical activities performed by participants.

Group Activity Description

Non-face-touching Using a mobile phone Messaging using social media (no phone calls)
Lying flat on the back Simulating sleeping or napping
Computer tasks Typing a document and navigate websites
Writing Writing on a piece of paper
Leisurely walk Walking at leisurely pace
Moving items from one location to another Simulating moving a light item from one place to another

Face-touching Repeated face touching Wiping nose, or other gestures on the face
Eating and drinking Eating a snack and drinking water
Simulated smoking Simulating the act of smoking a cigarette
Adjusting eyeglasses Adjusting eyeglasses placed on the face

everyday physical activities while wearing the smartwatch, (3) im-
plemented the DTW-based classifier, and (4) tested the classifier
on the collected data in the user-dependent and user-independent
scenarios.

3.1 Data Collection
We implemented a monitoring application that records accelerom-
eter data at a rate of 30Hz on the smartwatch using Tizen Studio
[21]. We recruited 10 participants, including 5 females and 5 males
who ranged in age from 20 to 83 (M = 47.7, SD = 27.7), from the
local community by distributing flyers and word-of-mouth advertis-
ing. We excluded individuals with cognitive impairment or medical
conditions that would prevent them from performing the activi-
ties in our experiment. To simulate face-touching behaviors users
might exhibit in everyday life, we selected 10 everyday activities,
including 6 activities that should be easy to distinguish from face
touching, such as writing, and 4 activities that should be more
difficult to distinguish from face touching, such as adjusting eye-
glasses (Table 1). We accumulated ten streams of data for each
of the ten participants, with each stream representing a 3-minute
task consisting of consecutive repetitions of an activity. There-
fore, our dataset contains 100 time series that are each 3 minutes
long.

The study procedure was approved by our university’s Institu-
tional Review Board. We conducted laboratory-based data collec-
tion sessions. Before each session, the participant provided written
informed consent. We then asked participants to perform each ac-
tivity (Table 1) repeatedly for 3 minutes at their own pace. Since
people typically write with their dominant hand, participants were
asked to wear the smartwatch on their dominant wrist and per-
form each activity using their dominant hand. For each participant,
we randomized the order of the tasks to avoid potential order ef-
fects caused by fatigue. Participants received a $25 gift card as a
compensation at the end of the session. Since the sessions were
in person, we took COVID-19 precautions as follows: we took the
temperature of all participants and study coordinators prior to start-
ing the session, we wiped down all equipment with disinfecting
wipes after each session, and all participants and study coordinators
wore masks and gloves and practiced social distancing during the
session.

3.2 The DTW-Based Classifier
DTW [3] is a dynamic programming algorithm that is capable of
measuring the similarity between two temporal sequences of differ-
ent lengths. Berndt and Clifford [3] provide a more detailed expla-
nation in their work. In our experiment, we collected accelerometer
data for the three spatial dimensions. Therefore, a sample repre-
sents a repetition of an activity consisting of three time series, each
corresponding to the three axes.We calculate the matching between
two samples A and B using the following equation.

DTW (A,B) =

√
DTW (Ax ,Bx )

2 + DTW
(
Ay ,By

)2
+ DTW (Az ,Bz )

2

In this equation, we used the open-source Python package DTAIDis-
tance [16] to calculate an overall DTW distance between the two
samples based on the three DTW distance values in the x, y, and z
directions. To classify a testing sample, we first calculated the DTW
distance between the testing sample and all training templates in-
dividually, and then assigned to the testing sample the label of the
training template that resulted in the minimum DTW distance.

3.3 Analysis
Our overall goal was to classify the data samples into one of the
two groups (i.e., face-touching and non-face-touching). We also
wanted to explore how well DTW could distinguish each individual
activity from each other. Therefore, we formulated the problem in
two ways: binary classification and multiclass classification.
For our analysis, we applied data preprocessing techniques to each
3-minute time series to (1) capture a stream of cyclical activity
repetitions without the irregular noise at the start and end of the
stream, and then (2) divide the stream into smaller segments, each
representing a repetition of an activity, to be used for classification.
First, we examined the visualization of the time series to identify the
extent of irregular noise at the start and end of each task caused by
the starting and ending of the task by the user; based on this obser-
vation, we removed the first 20 and last 5 seconds from all samples.
Next, we conducted preliminary experiments to select the optimum
number of segments (e.g., 1, 12, 18, 20, 30, 36), and found that di-
viding each time series into 12 segments of roughly 15 seconds in
length resulted in the best recognition performance. Our resulting
dataset contained a total of 1200 samples = 10 (participants) × 10
(activities) × 12 (segments).
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Figure 1: The relationship between the number of training
participants per activity type and classification accuracy in
the user-independent scenario. For each activity type, a sin-
gle template was selected from each training participant.

After preprocessing the data, we first aimed at training and test-
ing our DTW-based classifier with all possible combinations of train-
ing and test samples in both user-dependent and user-independent
scenarios, based on prior work [23]. In the user-dependent sce-
nario, the classifier was trained and tested on a specific user (i.e.,
best-case accuracy) using cross-validation. For each participant,
for each activity type, T samples were randomly selected as the
training data and one additional sample was selected for testing.
We repeated this process 100 times for each value of T (e.g., 1 to
11) and calculated the average of the results for each participant.
The results from the 1.1 × 105 classification tests were averaged
into an overall classification accuracy. For the user-independent
scenario, we also used cross-validation to examine how well a clas-
sifier can generalize to activities performed by users whose data
are not included in the training set. We selected one participant’s
data to use for testing and randomly selected P other participants’
data to use for training. For each activity type, T samples were
randomly selected from each training participant while one sample
was selected from the testing participant. We repeated the process
10 times for each P (e.g., 1 to 9) and 10 times for each T (e.g., 1 to
11). The results from the 9.9×105 classification tests were averaged
into an overall classification accuracy. Furthermore, to understand
whether face-touching detection would be feasible on resource-
constrained devices, we specifically looked at the case of minimum
training samples in both scenarios. We only ran this additional
experiment for the binary classification problem since our primary
goal for the study was to classify the data samples into one of the
two groups (i.e., face-touching and non-face-touching). To train
with only a single template for each activity type, the value of
T was set to 1 in the user-dependent scenario while the values of
both P and T were set to 1 in the user-independent scenario.

4 RESULTS
On the binary classification problem, when training and testing
with all possible combinations of training and testing samples, the
DTW-based classifier delivered satisfactory accuracies of 99.07%
(user-dependent) and 85.13% (user-independent). The results also
showed that non-face-touching activities were recognized with

higher accuracies than face-touching activities. When training with
only a single template for each activity type, the classifier was able
to maintain a satisfactory accuracy of 97.37% in the user-dependent
scenario. For the user-independent scenario, however, the classifier
only achieved an unsatisfactory accuracy of 78.69%. Therefore, we
increased the number of training participants per activity type by
varying P from 1 to 9 while keeping T as 1. As Figure 1 shows, our
DTW-based classifier can achieve an acceptable accuracy of more
than 85% when the number of training participants is increased to
five or more per activity type (while T is held static at 1). Interested
readers can find in the supplementary material the relationship
between the number of training samples per activity type and
classification accuracy in the user-dependent scenario.

In the multiclass classification problem, the DTW-based clas-
sifier achieved accuracies of 92.48% (user-dependent) and 55.1%
(user-independent). Table 2 shows the confusion matrix in the user-
dependent scenario. The “using mobile phone” and “writing” tasks
were recognized with accuracies over 99%. However, “adjusting eye-
glasses” was recognized with the lowest accuracy of 78.36% and was
mainly confused with “repeated face touching”. Regarding the face-
touching (red text) and non-face-touching (black text) categories
shown in Table 2, thereweremorewithin-category confusions
than between-category confusions, especially among the activ-
ities in the face-touching category. The main between-category
confusions were related to “moving items”. User-independent tests
revealed the same trend for the between-category confusions. In-
terested readers can find the user-independent results in the sup-
plementary material.

5 DISCUSSION
For the binary classification problem (i.e., face-touching vs. non-
face-touching), in the user-dependent scenario, our classifier
achieved an accuracy of 97.37% when training with only a single
template for each activity type. Although Liu et al. [13] achieved
a slightly better accuracy of 98.6% using DTW for accelerometer-
based gesture recognition under the same data constraint, some of
this performance advantage is a result of the authors improving
the accuracy of their DTW-based recognizer (from 93.5% to 98.6%)
with the help of a method called template adaptation [15]. Without
using template adaptation, our DTW-based classifier still delivered
a competitive accuracy (i.e., 97.37%) with a minimum amount of
training data. We were able to achieve such performance by for-
mulating the problem as a binary classification problem instead
of a multiclass classification problem. Even though we lose some
granularity by only classifying the activity into these two broad
groups, the approach can still be useful because performing any
one of the face-touching activities in Table 1 is close enough to
face touching that the system should still alert the user of the po-
tential face-touching risk. This result showed that a DTW-based
classifier has the potential to provide a personalized face-touching
detection service on resource-constrained devices such as smart-
watches. The system can allow users to input their own templates
for each activity type without the need to re-train the model. In the
user-independent scenario, more than one training participant per
activity type was required for our DTW-based classifier to achieve
an acceptable accuracy of more than 85%. As Figure 1 shows, five
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Table 2: Confusion matrix of individual activity recognition in the user-dependent scenario. Face-touching activities are col-
ored in red. The matrix elements highlighted with deep blue indicate correct classifications while the elements highlighted
with light blue indicate relatively high rates of confusions (i.e., larger than 1.00%).

H
HHH

HHHH
Actual
Class

Predicted
Class

Mobile
Phone

Lying
Flat

Computer
Tasks

Writing Leisure
Walk

Moving
Items

Repeated
Face
Touching

Eating
and
Drinking

Simulated
Smoking

Adjust
Eye-
glasses

Mobile Phone 99.09% 0.00% 0.55% 0.00% 0.00% 0.00% 0.00% 0.00% 0.36% 0.00%
Lying Flat 0.00% 98.64% 0.27% 0.00% 0.00% 0.00% 0.18% 0.00% 0.73% 0.18%
Computer
Tasks

2.00% 0.00% 96.45% 1.45% 0.00% 0.09% 0.00% 0.00% 0.00% 0.00%

Writing 0.00% 0.00% 0.18% 99.82% 0.00% 0.00% 0.00% 0.00% 0.00% 0.00%
Leisure Walk 0.82% 0.00% 0.00% 0.09% 94.36% 4.00% 0.64% 0.09% 0.00% 0.00%
Moving Items 0.18% 0.00% 0.45% 3.45% 0.00% 94.18% 0.00% 1.45% 0.27% 0.00%
Repeated Face
Touching

0.00% 0.27% 0.00% 0.00% 0.00% 0.55% 83.91% 3.27% 3.45% 8.55%

Eating and
Drinking

0.00% 0.00% 0.00% 0.09% 0.00% 1.55% 2.18% 90.91% 2.73% 2.55%

Simulated
Smoking

0.45% 0.09% 0.55% 0.18% 0.00% 0.64% 2.91% 1.45% 89.09% 4.64%

Adjust
Eyeglasses

0.18% 0.55% 0.00% 0.00% 0.00% 0.09% 10.91% 3.45% 6.45% 78.36%

or more training participants per activity type, each contributing a
single template to the training set, were required to make the clas-
sifier more generalizable. These results indicated the need for more
memory space to store a total of 50 or more templates. However,
this classifier can still be suitable for mobile devices with limited
space since the required memory space for a total of 50 templates is
less than 1 MB. The findings from our study also indicate a potential
for using smartwatches to achieve health goals such as quitting
smoking in which the target behavior (i.e., smoking) is similar to
face touching. Other possible scenarios in which our findings could
potentially be helpful include the treatment of hair-pulling disorder
[8] and the treatment of nail-biting disorder [17].

In the multiclass classification problem, there were more within-
category than between-category confusions, especially for the face-
touching activities (Table 2), which explains the DTW-based clas-
sifier’s better performance in binary classification than in multi-
class classification. Furthermore, “moving items” in the non-face-
touching group caused relatively high rates of confusion with the
activities in the face-touching group. This can be explained by ex-
amining the actual steps of the “moving items” activity: picking up
(i.e., lifting) a light item, moving it to an adjacent spot, and putting
down the item. The hand movement involved in this activity is rela-
tively similar to face-touching activities, which consist of lifting the
hand, moving the hand toward the face, and touching the face. The
only difference was the direction (axis) in which the hand moved
when performing the tasks. A possible way to resolve this issue
could be placing a higher weight on the z-direction acceleration
during classification in order to emphasize the unique face-touching
feature of moving the hand toward the face. Also, note that we did
not try to differentiate between types of face-touching activities
(e.g., “repeated face touching” and “simulated smoking”) for two
reasons: (1) our primary goal was to classify the data samples into

one of the two groups (i.e., face-touching and non-face-touching),
and (2) all of the face-touching activities (Table 1) are potentially
risky regarding the spread of COVID-19.

6 LIMITATIONS AND FUTUREWORK
Thoughwe have shown the potential for using DTW to classify face-
touching behaviors from smartphone accelerometer data, there are
several limitations to the scope of this late-breaking work. First, we
asked our participants to wear the smartwatch on their dominant
wrist since we included a writing task, but many people prefer wear-
ing watches on their non-dominant hand. Future studies should
supplement our dataset with data collected from non-dominant
hand activities. Second, we collected data in a laboratory setting,
but users’ behaviors as well as external factors may differ in a
real-world setting. Also, we did not collect gyroscope data, which
has been shown to increase the classification accuracy [6]. Future
studies can consider collecting gyroscope data in addition to ac-
celerometer data from a larger number of users in more diverse
settings. Third, we focused on investigating the feasibility of us-
ing DTW to detect face touching as an alternative to ML-based
methods that require more data samples. It could be beneficial to
compare the quantitative results of both methods regarding classi-
fication accuracy and required resources in future studies. Finally,
our classification experiments were only conducted in an offline
manner. Future work should implement real-time face-touching
detection on smartwatches and study the efficacy in reducing users’
face-touching behaviors.
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