FaceSense: Sensing Face Touch with an Ear-worn System
VIMAL KAKARAPARTHI† , University of Colorado Boulder
QIJIA SHAO† , Dartmouth College
CHARLES J. CARVER, Dartmouth College
TIEN PHAM, University of Texas at Arlington
NAM BUI, University of Colorado Boulder
PHUC NGUYEN, University of Texas at Arlington
XIA ZHOU, Dartmouth College
TAM VU, University of Colorado Boulder and Oxford University
Face touch is an unconscious human habit. Frequent touching of sensitive/mucosal facial zones (eyes, nose, and mouth)
increases health risks by passing pathogens into the body and spreading diseases. Furthermore, accurate monitoring of face
touch is critical for behavioral intervention. Existing monitoring systems only capture objects approaching the face, rather
than detecting actual touches. As such, these systems are prone to false positives upon hand or object movement in proximity
to one’s face (e.g., picking up a phone). We present FaceSense, an ear-worn system capable of identifying actual touches and
differentiating them between sensitive/mucosal areas from other facial areas. Following a multimodal approach, FaceSense
integrates low-resolution thermal images and physiological signals. Thermal sensors sense the thermal infrared signal emitted
by an approaching hand, while physiological sensors monitor impedance changes caused by skin deformation during a touch.
Processed thermal and physiological signals are fed into a deep learning model (TouchNet) to detect touches and identify
the facial zone of the touch. We fabricated prototypes using off-the-shelf hardware and conducted experiments with 14
participants while they perform various daily activities (e.g., drinking, talking). Results show a macro-F1-score of 83.4% for
touch detection with leave-one-user-out cross-validation and a macro-F1-score of 90.1% for touch zone identification with a
personalized model.
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INTRODUCTION

Touching the face is an unconscious habit linked to key aspects of day-to-day human existence (e.g., irritation,
anxiousness, and lack of focus) [8, 26, 34, 42, 58]. Face touching has been observed to be as frequent as 23
times per hour [43], increasing health risks related to touching sensitive areas. For example, touching the eyes,
nose, or mouth (mucosal areas) with hands covered in microbes can pass pathogens into the body and spread
diseases (e.g., COVID-19, Ebola, influenza) [53, 85]. In addition, frequent face touching is often associated with
obsessive-compulsive behaviors such as chronic eye-rubbing [55] and compulsive touching [52], both which have
long-lasting effects on the body [47, 69]. To facilitate changing face touching behavior, it is critical to monitor face
touches accurately and continuously. The occurrence of face touch events can serve as a metric for evaluating
the progress of behavioral change. The monitoring results can also be integrated into awareness enhancement
devices (e.g., phones, watches, headphones) to alert users when face touches occur via various in-situ feedback
such as vibrations and sounds [7, 37].
In the past year, many feedback devices/technologies have emerged for monitorMultimodal
FaceSense
Sensing
ing face touches. However, existing systems
wearable
Thermal images
only capture approaching hands rather than
detecting actual touches. For example, FaceOff [15] uses a wrist-worn accelerometer to
Skin Impedance
identify potential hand movement patterns
that may lead to face touches. Unfortunately,
EMG
activities like drinking water, eating food,
and scratching the neck cause false feedback.
In [4, 68, 90], hand-to-face proximity is monitored using ultrasound, magnets, and radio
Fig. 1. FaceSense’s concept: fusing physiological and thermal streams
signals aided by body worn devices (e.g., ear- for touch detection and touch zone identification.
phones, smartphones, smartwatches). However, since hand-to-face proximity is used to
categorize face touch events, false feedback is inevitable for the same reasons above. Additionally, false positives
occur from everyday objects that have similar properties as the body worn devices (e.g., magnetic objects, Bluetooth connected devices) or objects that reflect ultrasound waves. Attempting to control face touching using
Habit Reversal Therapy (HRT) is therefore ineffective given the unreliable feedback from existing systems [7, 37].
Researchers investigating HRT found that such therapy is only effective when participants accept the models that
are used to create awareness of the habit [38, 74]. In the case of face touching, existing devices use a behavior
(hand-to-face proximity) that has significant overlap with essential daily activities, as well as benign trivial
activities. This could eventually lead to mistrusting the model of the device. Consequently, there is a need for a
system capable of detecting actual hand-to-face contact with high fidelity.
We propose FaceSense, a wearable headset that can detect face touch events and identify the facial zone of the
touch. FaceSense follows a multimodal sensing approach by integrating thermal image sensors and physiological
sensors. Thermal sensors sense the thermal infrared signal emitted by approaching hands, and physiological
sensors monitor skin deformation caused by face touches. These two sensing modalities aid each other to detect
not only actual touches, but also whether the touches have landed in sensitive zones (eyes, mouth, nose). During
the development of FaceSense, we face a series of challenges. First, face touch events generate micro-movements
on the skin’s surface which is difficult to capture with low-cost, low-power sensors. Second, although thermal
cameras are a privacy-preserving, small, and low-power solution for detecting the presence of a hand, they suffer
from strong environmental noise caused by objects with any thermal signature. Third, existing algorithms are
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insufficient at taking heterogeneous inputs from the thermal and physiological sensors and returning a unified
output for face touch detection and touch zone identification.
We address these challenges as follows. (1) To extract skin deformation information caused by face touches,
we explore an asymmetry-based impedance and EMG analysis. (2) To deal with interference from other thermal
objects, we leverage a GMM-based model to extract the foreground object from low-resolution thermal images,
allowing hand information to be extracted in the presence of background thermal objects. (3) We propose TouchNet,
a multimodal, user-independent, deep learning model which recognizes useful cross-modality relationships in
addition to modality-specific features for accurate face touch detection and touch zone identification.
We designed and fabricated a pair of earpieces as a proof-of-concept to evaluate the efficacy of FaceSense.
Using 3D printed, thermoplastic urethane, the earpieces are elastic, lightweight, and soft. Each earpiece hosts
utmost 3 electrodes for physiological sensing and a thermal image sensor with 8×8 pixels. The sensor data is
transmitted back to a computing device (e.g., a smartphone or a computer) via Bluetooth for further processing.
We conducted a user study with 14 participants where each user touches their face naturally throughout various
daily activities (e.g., talking, eating, drinking). We obtain the following key findings:
• FaceSense achieves a macro-F1-score of 83.4% for face touch detection with leave-one-user-out cross
validation, indicating the feasibility of a face touch detection system without any training overhead.
• FaceSense obtains a macro-F1-score of 90.1% on average for face touch zone identification with a personalized model trained with 5-minutes’ worth of data from each user, demonstrating the ability to identify the
touch zone with only a small training overhead.
• FaceSense can reliably differentiate between face touch events and other daily activities involving hand-toface motion (e.g., eating, drinking), outperforming existing face touch monitoring systems.
Contributions. We summarize our contributions as follows.
• To the best of our knowledge, FaceSense is the first system capable of detecting actual hand-to-face contact
and identifying the facial zone of the touch. It can therefore help to prevent/reduce health and/or behavioral
issues related to face touching.
• We propose a thermo-physiological sensing methodology to jointly capture the thermal infrared signal
emitted by approaching hands and the skin deformation caused by face touches.
• We design and implement TouchNet, a multimodal deep learning model which fuses thermal images and
physiological data streams, extracting effective representations of face touch detection and touch zone
identification.
• We build a FaceSense prototype and validate its performance with 14 participants in various environmental
settings and throughout daily activities.

2

BACKGROUND AND MOTIVATIONS

Before discussing FaceSense, we examine key concepts underlying face touch, existing approaches to detect face
touch, and the motivations of developing a thermo-physiological technique to detect face touch and identify the
facial zone of the touch.
Frequent Face Touch: A Common Mistake. Since hands are an integral part of typical human interactions
with their surroundings, it is of critical importance to monitor face touch events in the wake of viral outbreaks
such as the COVID-19 pandemic. Many studies delve into the subject of self-touching, of which face touch events
are a significant part. Apart from skin irritations, face touch is linked to an individual’s emotional and cognitive
states as this activity was observed to increase attentiveness, pressure, and anxiety as a tool of attentional
disruption [8, 58]. In [42], face touch is observed to occur during the events of incompatible responses. Face touch
is also used as a tool of feedback during performance of tasks [58]. All the research regarding face touch habits
Proc. ACM Interact. Mob. Wearable Ubiquitous Technol., Vol. 5, No. 3, Article 110. Publication date: September 2021.
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suggest the involuntary nature of the activity [26, 34]. Apart from this, there are conditions such as chronic
eye-rubbing [55], compulsive touch [52] and several such Obsessive Compulsive behaviors [47, 69] that can
lead to increased frequency of face touch events in an individual. A behavioral study [43] conducted on 26
participants during a lecture, shows that face touch event can be as frequent as 23 times per hour. In these face
touch events, the fraction of touch events happening in the mucosal areas (referred as sensitive touch in this
paper) such as eyes, nose, mouth are 44% while the remaining touch events happened at non-mucosal areas
(referred as non-sensitive touch in this paper) such as chin, cheek, ear etc. Another study [71] observed 1000
people in public places during the COVID-19 pandemic. It is observed that the face touch event occurred 10
times per hour on average, where, sensitive touch was happening at an average of 5.5 times an hour. Such studies
show the necessity of a reliable, non-invasive face touch detection and touch zone identification system that
is socially acceptable to wear. FaceSense is the first system to detect and categorize the face touch events into
mucosal (sensitive) and non-mucosal (non-sensitive) types. In addition, the device can be used in Habit Reversal
Therapies (HRT) for various compulsive face touch behaviors.
Detecting Hand-face Contact, Not Hand Proximity. Researchers designed multiple hand-to-face proximity
detection systems to identify the possibility of a hand touching the face and alert user timely. Wrist-worn devices
and camera-based solutions are two main approaches to solve this problem. In particular, wrist-worn devices
like accelerometers, magnets etc. are paired with smartphone attributes to identify passive signatures of face
touch events [4, 15, 25, 56]. Such approaches suffer from false positives generated by hand movements similar to
face touch events (drinking water, eating, picking up a phone call etc.) and interference noises from everyday
devices such as computers, smartphones and general household appliances [15, 25]. In [91], researchers use
a SONAR approach that sends ultrasonic waves using off-the-shelf earbuds and receives the waves reflected
from an approaching hand using a microphone. Another approach to measure hand proximity is to measure
the strength of BLE communication between hand-worn smartwatch and face-worn earbuds (RSSI) [68]. These
approaches are bound to have many false positives from everyday surrounding obstacles like (smartphones,
laptops etc.) and similar hand movements that do not involve face touch. Camera-based technologies leverage
computer vision to detect face touch [5, 6, 12, 35, 59], but they raise strong privacy concerns. These systems also
need the camera to be capturing the user in a front-face orientation during their usage, which would restrict
user mobility significantly even while being used in an indoor setting. In summary, all of the above systems can
only detect whether there is a hand approaching the face or not, but they are not designed to capture the ‘actual
face touch’ events. To fill the gap, we build a system to not only detect hand-to-face proximity, but also to detect
hand-to-face contact and their contact zone on a human face.

3 SYSTEM OVERVIEW AND CHALLENGES
3.1 System Overview
The main objective of this project is to design a wearable device that is able to detect hand-face contact and
identify the contact zone for face touch activities monitoring. First, the system needs to detect actual hand-to-face
contact to build the user trust in the model of the device, which is necessary for an effective habit reversal. Second,
the device needs to be able to detect facial zones of touch, sensitive (mucosal) and non-sensitive (non-mucosal)
zones in our case, to have more relevant feedback during viral outbreaks. Third, the system needs to be a compact
wearable that is effective in diverse conditions and environments without raising any public concerns.
Based on these requirements, we design and implement FaceSense, an ear-mounted device with two sensing
modalities: thermal images and physiological signals (impedance and EMG). Thermal image sensors sense the
thermal infrared radiated from our body to detect an approaching hand, while the physiological sensing detects
the actual contact between the hand and face. These two sensing modalities aid each other by providing a variety
of temporal and spatial information to accurately detect the face touch event and identify whether or not the touch
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Fig. 2. FaceSense System Overview.

has landed at sensitive facial zones (i.e., eyes, mouth, nose), fulfilling the first two objectives of FaceSense design.
Impedance and EMG signals are obtained from physiological sensors by applying appropriate band-pass filters
of 1-10 Hz and >10 Hz respectively [78] after undergoing RF and power line interference removal via notch
filtering [23]. Thermal images are captured through two miniature low-resolution thermal cameras. Subsequently
the images undergo background subtraction and binarization (as detailed in Section 5). While we choose thermal
image sensors for our current design, they can also be replaced by RGB image sensors and the rest of the system
design still apply. In comparison, thermal image sensors are more privacy-preserving since they capture only the
thermal infrared emitted by the body, rather than detailed color information with RGB cameras [70].
The overview of FaceSense is shown in Fig. 2. The ear-worn device includes an integrated thermo-physiological
monitoring system that captures signals generated by face touch events and streams the collected signals to the
host computing device via Bluetooth. The collected signals will be passed through pre-processing modules, that
precisely window and stack the data, before feeding into the proposed multimodal deep neural network to detect
face touch and identify the touch zone. The design of the multimodal deep neural network is detailed in Section 6.
FaceSense system is designed to perform two main tasks:
• Face Touch Detection. Face touch event would cause micro skin surface deformations, which can be
captured by the physiological sensors in the form of skin-electrode impedance variations. However, other
daily activities (e.g., talking, drinking, eating) would also lead to similar skin surface deformations on faces.
In practice, those activities could happen at the same time as a face touch event. To handle the complexity
and provide more information specific to face touch, we add the EMG signal for analyzing the facial muscle
movement and leverage low-resolution thermal sensing to capture the hand proximity.
• Face Touch Zone Identification. Since the distance between the touching point to the physiological
sensors determines the magnitude of the physiological signals, touching different facial zones would lead
to recognizable magnitude variance of the physiological signals. Intuitively, a thermal camera would also
provide spatial hints on how the hand is oriented with respect to the face. We build on these two rationales
to identify if a face touch event happens at the sensitive facial zones.

3.2

Challenges

Developing FaceSense presents challenges on three fronts:
Impedance Variations Are Buried Under the Noise Floor. On the front of physiological sensing, extracting
skin-electrode impedance variances caused by face touch is challenging due to various confounding activities
Proc. ACM Interact. Mob. Wearable Ubiquitous Technol., Vol. 5, No. 3, Article 110. Publication date: September 2021.
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Fig. 3. Impedance signals collected from the right side of the face.

and noises. Activities like talking (Fig. 3b), eating (Fig. 3c), and drinking (Fig. 3d) are facilitated by facial muscle
movements that deform the attached skin tissue. Thus they lead to skin impedance signals similar to face touch.
(Fig. 3a). Other activities like eye movements, head shakes also introduce formidable noises that make the isolation
of face touch signature hard. When a human moves their eyes, a charge is induced in the physiological channel,
generating signals in the skin impedance frequency range [78]. Head movements cause cable movements that lead
to an increase in channel impedance similar to face touch. The influence of other well-documented artifacts/noises
in electrograms, such as interference noises and electronic noises on touch artifacts, is an unexplored problem.
To address this problem, we present asymmetry-based impedance and EMG signal analysis to detect face touch
events which is discussed in Section 4.
Thermal Background Is Hard to Avoid. Detecting the approach of a hand is non-trivial using an extremely
low resolution, low-power, off-the-shelf thermal cameras. The low-resolution makes it possible for background
thermal objects to share similar thermal profiles as human hands.
As shown in Fig. 4, the thermal image of a hand touching a face (a) is similar to a heater (b) in front of a
user when we set the heater temperature the same
as the participant’s hands. Although thermal cameras
only capture the temperature information, which is
privacy preserving, it also makes the detection of an
approaching hand more challenging. When there exist
other thermal objects in the background, the thermal
profile of the hand (e.g., shape information) would
be ruined by other thermal objects (Fig. 4c). To solve
Fig. 4. (a) A hand in a clear background(F°). (b) A heater in a
this problem, we present background detection and
clear background(F°). (c) A hand and a computer(F°).
binarization techniques discussed in Section 5.
Designing Robust Heterogeneous Touch Sensing Algorithm Is Difficult. It is challenging to build a
model that can effectively fuse heterogeneous sensors’ information and generalize well to different users and
environments. Though the two modalities are collecting data concurrently, sampling rates differ substantially
between them. This adds further heterogeneity to the statistics extracted from different sensing modalities.
Also, the collected sensors data carry substantial environment-specific (especially for thermal sensors) and
user-dependent information (especially for physiological sensors), making it more challenging to design an face
touch detection/localization algorithm that generates well for different users and environments. We present a
custom-built deep learning algorithm that addresses these issues (See Section 6).
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IMPEDANCE SENSING

In this section, we first present the rationale of how the skin impedance can be changed by face touch and how
we can measure the impedance variation with the appropriate circuit arrangement. Then we explore two unique
patterns of physiological signal for face touch detection and localization.
Impact of Touches on Facial Skin Impedance Variations. Skin impedance is often used to analyze the
condition of the skin body such as skin hydration [20, 30], the thickness of the stratum corneum [54], wound
monitoring [63], and so on. Face touch events create tiny deformations on the skin surface where electrodes are
placed and generate skin impedance fluctuations, causing voltage fluctuations in the sensor readings. As shown
in [76], at the frequency range of physiological signals (1-500 Hz), the effective contact area of an electrode
increases as the pressure applied on the surface electrode increases, decreasing the impedance value. Similarly,
during a face touch event, skin surface deformations cause a temporary decrease in the effective contact between
surface electrode and skin, thereby increasing the value of skin impedance before returning to normal after the
touch event concludes.

4.1

Detecting Impedance Variations Caused by Face Touch in Idle Settings

Tracking Impedance Variations Caused by Face Touch. To measure the skin impedance 𝑍𝑆𝐸 , we use the
lead-off detection mode of ADS1299 [17]. In this mode, a constant current source injects a small known current
to the positive terminal of a physiological sensor channel. The current passes from the positive terminal to the
current sink via Measurement Electrode(ME), human body, Ground Electrode(GE) and known resistors 𝑅𝑠 (Fig. 5).
𝑍𝑡𝑜𝑡𝑎𝑙 is the total√impedance of the circuit calculated using: 𝑍𝑡𝑜𝑡𝑎𝑙 = (𝑉𝑅𝑀𝑆 ) ( 2) 𝑉 𝑜𝑙𝑡𝑠/I, where 𝑉𝑅𝑀𝑆 is the Root Mean
Z
Z
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ADS1299 Channel
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a bandpass filter from 1 – 30 Hz and 𝐼 is the known injected curR
Common Mode
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rent. The bandpass filter range was selected to capture the skin
R
Bias Reference
+
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R
impedance signals which are known to be in the low frequency
Measurement
Current Source
range of physiological signals [78]. The reference electrode is
6 nA
placed in proximity to the ear (electrode touching the Targus of
the ear). The measurement electrode is placed at the junction of
the upper and lower jaws (superficial masseter muscle surface).
Fig. 5. Skin impedance measurement circuit.
The arrangement is intended to record skin surface deformations
of a touch event that might be happening anywhere on the right side of the face. 𝑍𝑆𝐸 is calculated only from the
ME as the current does not pass through the reference electrodes (RE) owing to a high input impedance (Fig. 5).
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confirm that impedance sensing can be used to capture tiny skin impedance variations caused by face touch
events.

Normalized Correlation

4.2

Detecting Face Touch in Practical Settings
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Fig. 7. Correlation of physiological sensor channels placed on two sides of the face while performing facial activities (i.e.,
talk, drink, eat) with and without face touch.

While the previous results are promising, the data was obtained when the user does not perform any activities
(e.g., talking, eating, drinking, moving head). In practice, actions like head movements and eye movements also
generate similar signature with face touch signals. To address this challenge, we utilize asymmetry of impedance
signals and EMG analysis. Specifically, we present two unique patterns of the physiological signals that are
captured from symmetric sensor locations on both sides of the face to detect face touch: strong asymmetry of
impedance signals and non-existence of the EMG signal. The algorithm’s intuition is simple. Face touch generates
asymmetry in impedance signals, but they do not generate EMG signal, while, facial activities generate symmetric
impedance signals together with symmetric EMG.
More specifically, most facial activities are facilitated by muscles on both sides of the face [27, 88]. Hence, they
create symmetric skin surface deformations, whose impacts are felt equally on both sensor channels. face touch
is observed to be done on one side of the face most of the time [58]. Hence, its effects are felt only on one of
the sensor channels. Even if a face touch is performed on both sides of the face, the intensities and patterns are
observed to be different. Fig. 7 illustrates the symmetric impedance signals of facial activities and the asymmetric
impedance signals of facial activities when confounded with face touch activity in the form of normalized
cross-correlation scores [14]. However, the EMG signals of the confounded activities stay highly correlated. This
observation guides our neural network architecture design for extracting physiological features as detailed in
Section.6.1.
Confirming the Non-Existence of EMG. Facial activities generate EMG proportional to the muscular activity
( Figs. 8b, 8c, 8d). On the other hand, face touch does not generate EMG signals on the face since facial muscles
are not facilitating it(Fig. 8a). As a result, the EMG behavior of a facial activity stays the same (symmetric on both
facial sides) when confounded with face touch. To reliably detect face touch events, our algorithm captures the
asymmetry of impedance signals from two channels using correlation and confirm the non-existence of EMG by
implementing a layer of Depthwise Convolution [19]. This layer takes input from both the channels in impedance
and EMG frequency range to learn effective correlation filters. The details of this implementation are presented
in Section 6.1.
Localization of Face Touch. The physiological sensors capture face touch events at different facial areas
(eyes, cheek, mouth etc.) with a magnitude that is inversely proportional to the distance between them. This is
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because the skin deformations become more passive as the distance increases from the face touch event. The
sensor arrangement is capable of differentiating touch events that happen at sensitive areas (eyes, nose, mouth)
and non-sensitive areas (cheeks, side face etc.) of the face using this property. For example, a face touch at the
cheek has stronger signal than a face touch at the eyes as eyes are located farther from the sensors. However this
applies only when a user touches their face with one intensity. However, it was observed that humans touch
their face in certain ranges of intensity depending on the stimulus of the touch (attention disruption, irritation,
conversational response, stress etc.) [24]. Hence differentiating the face touch location solely based on magnitude
of the impedance fluctuations can be inaccurate and we need more information to localize an face touch. The
thermal subsystem provides useful information regarding a user’s hand position and orientation relative to their
face while performing face touch. Each user has a tendency of using a particular hand orientation while touching
a certain facial area. Hence, thermal sensor data coupled with impedance data is effective to localize a face touch.

5

THERMAL SENSING

As discussed in the previous section, physiological sensing is able to handle the detection and touch zone
identification in scenarios where users are idle or perform daily activities (e.g., talking, drinking) that would
introduce unique physiological patterns. But in some activities which involve asymmetric facial muscle movement
(e.g., sneering, chewing on one side), physiological sensing alone cannot produce accurate results. To make our
system applicable in most daily activities, we added a thermal sensing module to obtain the proximity information
of hands to the face, which can help to not only identify face touch events involving asymmetric facial muscle
movement, but also provide spatial information for touch zone identification.
While the problem of hand sensing/tracking with wearable devices has previously been explored, we found that
existing approaches fall short in one way or another in our case: vision-based methods [22, 44] require an on-body
camera to stream the front facing video in real-time, which is obtrusive and power-hungry; acoustic-based
sensing systems cannot differentiate between approaching hands and other items (e.g., an approaching spoon
when drinking soup, an approaching book when reading).
We propose to leverage thermal sensing with two extremely low resolution (8 × 8 pixels) miniature thermal
cameras. Thermal sensing leverages the infrared radiation from human beings, which is purely passive. The
passive sensing rationale and the low resolution ensure that it is low-power and privacy-preserving. The small
size of the camera allows them to be seamlessly embedded into an ear-worn device. However, at the same time,
these properties also amplify the influence of the thermal background noise as illustrated in Section 3. In order to
mitigate the influence of ambient thermal objects, our thermal image prepossessing technique leverages two
unique observations: (1) mobility: when a hand approaches the face, it is moving into the view of the thermal
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camera, which differs from static thermal objects in the ambient environment that are always in the scene. (2)
temperature: Humans give off infrared radiation within a certain range (92°F – 99°F), which is usually stronger
than the ambient indoor environment (68°F – 86°F)[83]. Although the temperature range of hands would change
in different environments, they are stable in one environment. This feature can be used to separate them out from
other background objects. We next elaborate more on how we leverage these two observations for extracting the
hand-shape information out of raw thermal images.

5.1

Thermal Cameras Position Selection

Pre-experiment Consideration. Since the miniature thermal camera we used [1] has a limited viewing angle
of 60° both horizontally and vertically, we need two cameras for capturing the left and right hands separately.
Different camera positions capture different areas. With a suitable arrangement, the vertical 60° should be able to
guarantee to capture both eyes and mouth. The horizontal view can be easily blocked by a user’s face when the
camera tilts towards face. In general, the closer the camera tilts to the face, more front area of the face is captured
but also more occlusion is induced by the user’s face.
Experiment on Camera Position. To explore the best thermal camera position for hand proximity detection,
we built a headphone prototype with three adjustable pieces that can easily change the position and tilt angle of
the thermal camera. We tested different combinations of locations and tilt angles. In each setting, we recruited
two users to perform three daily activities: touching face, drinking, siting still. We found that , the best location is
around a user’s earlobe, which captures the most front area of the face while keeping the face out of the field of
view of the camera. However, we found that even with the same thermal camera location and tilt angle, there are
variations of the occlusion due to the shape difference of users’ faces. Thus, it suggests a calibration stage for
each user when wearing FaceSense for the first time.

5.2

Preprocessing of Thermal Images

To generate environment-independent handshape information, we conducted a Gaussian mixture model (GMM)based preprocessing proposed by Zivkovic [92] on the captured thermal images to separate the moving object
(foreground object) out of the ambient environment.
Background Subtraction and Binarization. According to our first observation, if we can extract the moving
objects’ thermal profile out, we can significantly mitigate the influence of the ambient thermal objects as shown
in Fig. 4 (b) and (c). Detecting an intruding object in a static scene is a well studied case in vision community
[28, 84]. A common assumption is that the images of the scene without the intruding objects exhibit some regular
behavior that can be well described by a statistical model [92]. An applicable bottom-up approach is to assume
the scene model has a probability density function for each pixel separately. An intruding object can be detected
by finding out the pixels which do not fit the statistical model of the background scene.
In our case, when hands approach the face, they are moving into a relatively static ambient thermal scene.
Therefore, we leverage the same idea to extract the all the moving thermal pixels out of the ambient thermal
background in a thermal picture. However, thermal pixel values often have complex distributions rather than a
fixed probability density function. We applied a more elaborate model proposed by [92] as follows. The thermal
value of a pixel at time 𝑡 in a thermal image is denoted by 𝑥 (𝑡). Pixel-based ambient thermal background
subtraction involves a decision of whether the pixel belongs to background (BG) or some foreground thermal
object (FG). Bayesian decision D is made by [92]:
𝐷=

𝑝 (𝐹𝐺 |𝑥 (𝑡)) 𝑝 (𝑥 (𝑡)|𝐹𝐺) ∗ 𝑝 (𝐹𝐺)
=
𝑝 (𝐵𝐺 |𝑥 (𝑡)) 𝑝 (𝑥 (𝑡)|𝐵𝐺) ∗ 𝑝 (𝐵𝐺)
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Fig. 9. The extracted binary shape image after applying the background subtraction and binarization to different thermal
images: (a) A hand in a clear background (static) (b) A heater in a clear background (static) (c) A hand and a computer (static)
(d) a user shaking head quickly in front of a computer (the same as moving a computer quickly in front of a user)

In general each pixel has the same probability of being FG or BG when we do not have other information. Thus
we can set 𝑝 (𝐹𝐺) = 𝑝 (𝐵𝐺). When 𝑝 (𝑥 (𝑡)|𝐹𝐺) > 𝑝 (𝑥 (𝑡)|𝐵𝐺), we would determine this pixel as FG. Otherwise it
belongs to BG. With our second observation that the temperature of human hands is usually in a stable range, we
can assume 𝑝 (𝑥 (𝑡)|𝐹𝐺)) as a uniform distribution 𝐶 𝐹𝐺 . And we can efficiently estimate the background model
and adapt it to possible changes by the improved adaptive GMM proposed in [92]. Once the estimated background
model is computed, we can determine if the pixel belongs to FG or BG. Then we do the binarization by setting
all FG pixels as 1 and BG pixels as 0. Fig. 9 shows the result after applying this algorithm to the raw thermal
images with different settings. We can see from the result that the binary image array only contains the shape
information of the moving objects, which solves the problem of ambient thermal objects cluttering the thermal
profile of human hands. We then feed the binary images array together with the physiological signals to the
multimodal deep learning model for face touch detection and touch zone identification.

6

MULTIMODAL DEEP LEARNING MODEL

The processed physiological data (i.e., impedance and EMG) and thermal images are still heterogeneous. They
are characterized by distinctive statistical properties, representation and correlation structures. As a result, it is
difficult to systematically recognize useful cross-modality relationships in addition to modality-specific ones.
Traditional machine learning algorithms either combine the features from each modality into a single feature
vector (feature concatenation) or train separate classifiers on each modality and yield an overall classification
(ensemble learning). As shown in literature [64], feature concatenation would easily overlook inter-sensor
relationships with the number of explored feature combinations limited by the curse of dimensionality and
ensemble learning is hard to find cross-sensor relationships due to the late-stage fusion.
Inspired by DeepMV [86] and domain-adversarial training [29], we propose TouchNet, a multimodal deep
learning model for accurate face touch detection and touch zone identification with physiological signals and
thermal images as inputs. TouchNet consists of three main modules: a feature extractor, a touching detector
and a user discriminator. As shown in Fig. 10, the feature extractor would first extract the modality-specific
representations separately and then integrate them together to fuse information between different modalities.
Collectively, all neurons contribute to the learning of a joint representation of both sensing modalities. The
learned joint representation is then fed to the touch detector for face touch detection and touch zone identification.
The thermal preprocessing removed most ambient environment information, leaving the thermal images
mainly the foreground object shape information. Human handshapes are almost the same, producing similar
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Fig. 10. Illustration of TouchNet. The processed thermal images, impedance signals and EMG signals first go through
several CNN-based spatial/temporal filters for generating modality-specific features. Then they are merged together to
learn a cross-modality joint representation, which would be fed into the following touching detector and user discriminator. The hyperparameters of Conv2d are shown as < 𝑐ℎ𝑎𝑛𝑛𝑒𝑙, 𝑘𝑒𝑟𝑛𝑒𝑙𝑥 , 𝑘𝑒𝑟𝑛𝑒𝑙 𝑦 >; Max-Pooling layer’s kernel size is
< 𝑘𝑒𝑟𝑛𝑒𝑙𝑥 , 𝑘𝑒𝑟𝑛𝑒𝑙 𝑦 >; The Fully Connected layer’s hidden units size is < 𝑠𝑖𝑧𝑒 >.

thermal reading when touching faces. So it can be seen as a transferable feature across different users. However,
the physiological is user-dependent (e.g., the magnitude of the physiological signals varies across different users).
Therefore, to ensure the learned joint representation contains little user-specific information, we add a user
discriminator module connected to the feature extractor via a gradient reversal layer[29]. In this way, we embed
the user adaptation into the process of learning representation, which would enforce the feature extractor to
learn a user-independent joint representation for better cross-user performance. We explain each module in
detail in the following subsections.

6.1

Feature Extractor

We design two convolutional neural network (CNN)-based sub-network architectures for the thermal images
and the physiological signals. Left and right thermal images share the same structure while impedance variance
signal and EMG signal share the same structure.
Extracting Physiological Features. As discussed in Sec. 4, the raw physiological signals are processed into 2
channels of impedance variance signals and EMG signal. Taking the processed physiological signals as input, we
choose a window size of 0.5 seconds with a 0.1-second moving step (The sampling rate of physiological signal
is 250Hz, thus one input sample of each signal is a 2×125 vector.) Similar to EEGNet [46], we perform three
convolutional steps in sequence. First, we feed the physiological time series to a 2d-CNN with the kernel size
of (1, 64) with paddings to learn meaningful temporal features (The padding size is set as (0, 32) such that the
Proc. ACM Interact. Mob. Wearable Ubiquitous Technol., Vol. 5, No. 3, Article 110. Publication date: September 2021.

FaceSense: Sensing Face Touch with an Ear-worn System •

110:13

output maintains the same dimensions as the inputs.) In Sec.4.2, the symmetry analysis shows the importance
of a correlation filter. Thus, the second 2d-CNN layer is a Depthwise Convolution [19] of size (2, 1), which can
learn effective spatial/correlation filters. We add another temporal 2d-CNN with the same kernel size of (1, 64) to
further learn the temporal filter for each spatial filter.
Extracting Thermal Features. The processed thermal input is a stack of 5 consecutive thermal images (The
sampling rate of the thermal camera is 10Hz, thus 5 consecutive thermal images correspond to the same window
size of 0.5s as one input sample of physiological signals.) CNN has been proved to perform extremely well in
extracting the features in images[22, 41, 48, 72], so the thermal sub-network basically consists of three 2d CNN
layers to extract effective spatial features. Since the input image resolution is extremely low (8×8), a human hand
usually would occupy half the field of view. We set the kernel size of all the 2d CNN layers to be (3,3) as used in
most literature for image feature extraction. At the end we add a max pooling layer, which would perceive the
whole thermal image.
Merging Feature Vectors. After extracting four feature vectors separately from 4 sub-networks, we concatenate
them together and feed to two fully connected layers (with the hidden units size of 128 and 64.) These layers fuse
features extracted from different modalities together and output a joint representation for the following touch
detector and user discriminator modules.
For both sub-network architectures, we add a batch normalization layer after each convolutional layer to stabilize the training process and prevent overfitting. For each fully connected layer, we add the batch normalization
layer and a dropout layer to introduce non-linearity and prevent overfitting. ReLU[31] is used as the activation
function in the model.

6.2

Touching Detector

Taking the joint representation from the feature extractor, the touch detector module is to determine whether
it represents a face-touching event (binary classification) and further classify the touching event into sensitive
touch or non-sensitive touch (facial zone identification; 3-class classification). This module consists of three stack
fully connected layers (wit hidden size of 64, 32 and 2/3). The final output is used by the LogSoftmax function to
compute the probabilities of belonging to each class (𝑥𝑖 ). Since our dataset is highly unbalanced, we used the
weighted cross-entropy loss as our loss function:

𝑁
1 Õ
𝐿𝑜𝑠𝑠 1 = −
𝑁
𝑘=1

Í𝑚

𝑥𝑖

log( Í𝑚𝑒 𝑒 𝑥 𝑗 )
𝑗 =1
Í𝑚
,
𝑖=1 𝑊𝑖

𝑖=1 𝑊𝑖

(2)

where 𝑊𝑖 , 𝑁 and 𝑚 are the weight of 𝑖-th class, the number of samples with labels and the number of classes,
respectively. All the weights are inversely proportional to the class frequencies.

6.3

User Discriminator

In order to improve the cross-user performance, we apply a domain adaptation technique proposed by [29]. The
original purpose of [29] is to leverage unlabeled data from the target domain to learn domain-independent features
from the source domain, so it is called unsupervised domain adaptation. Our purpose is to learn user-independent
features, and since we already had the user label, we can build a similar supervised user discriminator.
The user discriminator takes the joint representation as input data, the user index as the label, and predicts which
user this joint representation is coming from. The user discriminator has a similar neural network architecture as
the touching detector: two layers of fully connected layers (with the hidden units size of 32 and 11). And the loss
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function is also a cross-entropy function with equal weight for each user:
𝐿𝑜𝑠𝑠 2 = −

𝑁 𝑚
1 ÕÕ
𝑒 𝑥𝑖
log( Í𝑚 𝑥 𝑗 ),
𝑁
𝑗=1 𝑒
𝑘=1 𝑖=1

(3)

where 𝑁 and 𝑚 are the number of samples with labels and the number of users, respectively. Ideally we want
the accuracy of the user discriminator to be low, which means that the joint representation extracted from the
feature extractor contains little user-specific information. To achieve this, we added a gradient reversal layer
proposed by [29] as the first layer of the user discriminator, which directly passes the joint representation to the
discriminator network during the forward process but multiplies the gradient by a certain negative constant 𝜆
during the backpropagation stage. Then the whole training process of TouchNet aims to minimize the face-touch
classification loss plus the user discriminator loss (𝐿𝑜𝑠𝑠 1 + 𝐿𝑜𝑠𝑠 2 ).

7

FACESENSE WEARABLE DESIGN

This section goes into detail about the design of FaceSense prototype, which takes all the previously mentioned
noise factors as well as user compatibility into consideration. The two main units of the prototype are: (a)
Flexible Earpieces and (b) Sensing Circuit. The earpieces house the thermal cameras and the physiological sensing
channels while the sensing circuit consists of the bio-amplifier, thermal sensors and the Bluetooth module.

7.1

Flexible Earpieces

The central piece of the wearable system are the earpieces that house the electrodes and the thermal cameras. There are two earpieces going on each side of
the face. The main criteria for the design of the earpiece are: (a) User comfort and social acceptability (b)
Positioning and contact quality of the electrodes (c)
Positioning of the thermal camera. The design of the
earpiece is shown in Fig. 11.
First, the earpiece has a center that enters the earcanal analogous to earphones/earbuds available in the
market. This part helps to affix the earpiece without
rotation throughout the usage of the wearable device
and it also holds the thermal camera in place. Second,
the earpiece has a portion that goes around a user’s
ear (Ear-cling). It is designed to be elastic to hold the
electrodes in place for a wide demographic of population. There is also an elastic bend introduced into
Fig. 11. FaceSense’s Prototype
the ear-cling (face-cling). Face-cling is necessary to
maintain the contact quality of the MEs despite being used on wide range of facial geometries. The initial angle of
the face-cling is 30° which is derived from our experiments on participants with lean face geometries. As a result,
face-cling angle would reduce when used on other facial geometries, ensuring good contact-quality. Finally, we
mount the thermal sensor on the earpiece with a rotatable hinge. This provides both pitch and yaw adjustments
of the thermal sensor, allowing manifold face shapes/geometries for a single earpiece.
The earpieces are 3D printed using a thermoplastic urethane. The material is flexible and lower in density,
making the earpieces soft, adjustable and lightweight. The earpieces are made such that putting them on and
removing them can be done with ease and the use of the wearable is comfortable over extended periods of time.
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Sensing Circuit

Impedance sensing. We use a bio-amplifier circuit with ADS1299, a multi-channel Σ-Δ ADC, at its center [17].
Each channel consists of three electrode connections to the body: a) Measurement Electrode (ME), b) Reference
electrode (RE), and c) Ground/Bias Electrode (GE). The ADC consists of built in Low-noise Programmable Gain
Amplifiers (PGAs) for each channel that multiply the voltage difference between the ME and RE before the Analog
to Digital conversion. The GE is connected to a current sink that removes the common-mode body voltage signals
from the channels. Anatomical address of the placements of ME and RE can be given as: Junction of upper and
lower jaws (superficial masseter muscle surface) and Temporal bone surface (touching the tragus part of the
ear) respectively. One such channel is placed on each side of the face, totalling 4 electrode connections and one
common GE placed on the skull surface at the back of the right ear (due to low neurological activity at that
location). This arrangement covers skin deformations on the entire face. We use customized Ag/AgCl surface
electrodes due to their high conductivity and reliable contact quality.
Thermal sensing. To minimize the size of the thermal subsystem, we utilize a TinyCircuits WirelingZero
MCU [3]. This MCU implements an Atmel SAMD21 processor in a tiny, 15 mm x 32 mm package. Our I2C ports
are implemented on the MCU using the SAMD21’s various SERCOMS. For our thermal sensors, we use two
Panasonic AMG8833 thermal sensors [1] which interface with the SAMD21 over I2 C. To wirelessly transfer the
thermal data to the host computer, we reconfigure one of the I2 C ports as a serial interface. We connect a single
HC-06 Bluetooth transceiver [2] to this serial port, and power the entire system using a small, 70 mAh battery.

8

SYSTEM EVALUATION

In this section, we evaluate the FaceSense’s performance for face touch detection and touch zone identification.
We first describe the experiment setups for data collection and annotation of the data streams. Then we introduce
several face touch detection models as baselines for comparison. After that we show FaceSense’s performance
with various evaluation metrics (i.e., detection sensitivity and reliability, comfort level, and robustness.)

8.1

Setup and Data Collection

Participants and Environments. We recruited 14 participants with various backgrounds from our local institution (9 male, 5 female, age 27±6). During the data collection session, the participants wore the FaceSense device
while being seated in a typical office setup with various ambient backgrounds. The data collection sessions took
place over a period of 50 days in 3 different office environments. The room temperature during the sessions
ranged from 65°F - 75°F, which is typical for the indoor office setting [83]. Thermal energy emitters such as
displays, laptops, phone screens, room heaters, lights that affect the data from thermal modality were present in
the surroundings. The surroundings also have regular electronic and RF interference noises arising from WiFi
and electronic devices, which affect the data from the impedance modality.
Procedure. Once participants were given an overview of the research and sign the consent form, they enter the
data collection area and were instructed to wear the FaceSense wearable. Then an instructor helped participants
calibrate the physiological sensor locations and the orientation of thermal cameras, which takes around 1 minute.
We also set up a web camera in front of participants to record videos as ground truth. Then participants were
asked to perform face touch events every 20 seconds under 4 common daily scenarios (idle, talking, eating,
drinking). We collect 5-minute data for each scenario:
• Idle: Participants listen to music or watch a video on their phone.
• Talking: Participants converse with the instructor or read an article out loud.
• Eating: Participants eat a food item that they are comfortable with.
• Drinking: Participants drink two cups of water.
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No other instruction was provided at any point. Participants can perform face touch in various ways (i.e., touching
both sensitive facial zones (eyes, nose and mouth) and non-sensitive zone with different magnitudes.) as they
perform in daily life and can move freely while being in the video frame. The sample rate of thermal stream is
10 FPS, while physiological signal sample rate is 250 Hz. The ground truth video is captured at 30 FPS. After
the preprocessing, we obtained around 15-minutes effective data from each user. In total, the face touch dataset
contains 210 minutes (15×14), which corresponds to 3150k physiological data points and 126k thermal frames.
Annotation. To minimize the error in face touch labeling, physiological data (with highest sampling rate)
was annotated by trained annotators. The annotation process has two steps: (1) frame-level labeling: Since
physiological signals have a higher frequency, we label them using the video to get higher resolution labels
for each data point first. A data point is labeled as a touch if the hand is contacting with the facial skin at
the corresponding video frame. Touch events are further classified into sensitive and non-sensitive touches
when the hand is in contact with mucous (eyes, nose, mouth) and non-mucous areas of the face respectively. (2)
training-sample-level labeling: As described in Section 6, one training sample corresponds to 0.5 seconds, which
consists of 125 points of physiological data. We annotate one sample as sensitive touch when there are more than
25 data points (0.1 seconds) are labeled as sensitive touch; annotate it as non-sensitive touch when it is not a
sensitive touch sample but consists of more than 25 frames of non-sensitive touch; the rest samples are annotated
as non-touch. In total, we have 12.6k samples: 68.4% no-touch, 16.1% non-sensitive touch, and 15.5% sensitive
touch.

8.2

Baseline Models and Implementation.

We compare our system’s performance with the following baselines:
Multilayer Perceptron (MLP). One straightforward approach to use multimodal data in a deep model is
concatenating the raw sensor streams right at the input layer. The rest deep learning model consists of several
stacked fully-connected layers. This Vanilla neural network is also called MLP. In our implementation, we set the
number of fully-connected layers as 7 with hidden units of 512, 512, 256, 128, 64, 32, 3, respectively.
TouchNet with Single Inputs. To show the necessity of the thermal modality, we also tested the performance
of our model with only physiological inputs. Specifically, we only feed feature vector 3 and 4 shown in Fig. 10
into the following fully connected layers to learn the joint representation.
TouchNet w/o Adversarial. In order to show the effectiveness of the adversarial training for handling crossuser performance, we simplify TouchNet by removing the user discriminator module as another baseline. This
is also the final model used in personalized FaceSense. In this model, the cost function is only the weighted
cross-entropy loss shown in Equation. 2.
We used PyTorch [62] to implement all deep learning models, and trained the models using three GeForce RTX
2080 Ti. The batch size is set to be 64. For all models, we used an Adam optimizer with a dynamic learning rate
schedule which started from 0.0005 and repeatedly reduced to half once the validation accuracy did not improve
after 5 epochs. We set the epoch number to 50, with an early stop number as 30. The parameter size of TouchNet
is 4.48 MB.

8.3

Evaluation Protocols

8.3.1 Touch Detection. For repetitive behavior control and facial hygiene applications, a binary detection of
whether a hand is actually touching the face achieves the purpose. We examine the binary touch detection
performance with 14 participants by applying leave-one-user-out cross-validation. Each time we train the model,
we leave one user’s data out as testing data and then rotate the dataset. We use recall, precision and F1 score (all
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are macro average) as the classification performance metrics, which represent the sensitivity (capture all face
touch events/less false negatives), reliability (less false positives) and overall performance, respectively.
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Fig. 12. Average leave-one-user-out face touch detection results across all participants.

Comparison with Baselines. Fig. 12 presents the average performance across all participants. The average
cross user recall, precision and F-1 score of TouchNet with both modalities inputs are 84%, 83%, 83%, which shows
that our system is accurate and robust to various environments and different users. TouchNet outperforms MLP
in all three metrics by a clear margin, which verified the effectiveness of the feature extractor module. TouchNet
is at least 10% higher than TouchNet without thermal input in all three metrics. This confirmed the necessity of
adding the thermal modality. Comparing to TouchNet without the adversarial training, TouchNet has around 5%
improvement on each metric. Therefore, the user discriminator indeed helped to learn a representation containing
less user-specific information.
Error Analysis. While TouchNet achieves a reasonable detection accuracy, there are some cases leading to
wrong classification results. (1) False Positives. False positives mainly arise from drinking and eating scenarios
where a hand is proximate to the face but does not touch the face and at the same time facial skin is deformed.
For example, when a user deforms their facial skin with their tongue (impedance asymmetry, no facial EMG)
while keeping a hand proximate to the face (hand presence detection), which would be classified as a touch. (2)
False Negatives. There are three main causes of false negatives. The first is the limited field of view of the thermal
camera: when participants touch their lower jaw area (under the lips) with only one or two fingers, it cannot
be captured by the thermal camera. The second cause is the imperfect background subtraction: When a user
holds their hand still around the face for a while, the hand would be treated as background. Then when they
touch their face, the event would not be detected. Thirdly, there is an area in the mid face region leading from the
nasal bridge to the forehead region, where faint touches do not register an impedance signal. This happens as the
cartilage density confines the skin deformations to a small area that does not reach the physiological sensors
around the ear.
Comparison with Existing Face Touch Detection Methods. A recent work [68] developed an app that
alerts users when they are about to touch their face by using an ultrasound signal emitted by earphones. Similar
to other work, it is for detecting the approaching of hands rather than actual face touch. We experimented
with the released online version of Saving Face [91] as an example to show the difference between our system
and hand approaching detection systems. We carefully set up and calibrate both the Saving Face system and
our FaceSense system as instructed and recruited one participant to wear both systems separately. Then the
participant performs the same face touch tasks twice under the same 4 scenarios (idle, talking, eating, drinking)
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Table 1. face touch detection performance with SavingFace and FaceSense (generic model).

SavingFace [91]

FaceSense

Scenarios

Recall

Precision

F1

Recall

Precision

Idle
Talking
Drinking
Eating
Overall

0.437
0.500
0.750
0.714
0.538

1.00
1.00
0.667
0.612
0.736

0.608
0.667
0.700
0.659
0.621

0.896
0.842
0.822
0.814
0.847

0.912
0.851
0.811
0.801
0.842

F1
0.903
0.846
0.814
0.807
0.844

as our data collection procedure described in Section 8.1 for 12 minutes (3 minutes for each scenario. We planned
to collect the same duration [10 minutes each] of data as our dataset, but the released version of SavingFace kept
sending out a high-frequency audible sound, and the participant was feeling uncomfortable after 3 minutes.)
As shown in Table. 1, the overall F-1 score of the released version of SavingFace is 62.1% (This released version
is different from what is used in [68] but the latest available version.) and our system (trained with other 14
users’ data) achieves an F-1 score of 84.4%. Specifically, SavingFace’s precision in idle and talking scenarios is
100% but at the same time it missed half of the face touch events with a recall lower than 50%. While in drinking
and eating scenarios, SavingFace misclassified more than half of the drinking and eating motions as face touch.
FaceSense performs consistently across all scenarios (F1 scores are always higher than 80%).
8.3.2 Touch Zone Identification. For diseases like COVID-19, it would be better if we are not only able to know
if hands touch the face but also if they touched sensitive areas. We use micro-accuracy and macro-F1 score as
the touch zone identification performance metrics. (A micro-average aggregates the contributions of all classes
to compute the average metric and a macro-average computes the metric independently for each class and
then takes the average. In multi-class classification problems, micro-precision, micro-recall, micro-F1 score, and
micro-accuracy are always the same.) In an unbalanced dataset, the micro metric indicates more how the classifier
perform on the majority class of the dataset while the macro F1 score can better reflect the model’s classification
performance on each class.
Table 2. Average leave-one-user-out face touch zone identification results.

Models

Micro-Accuracy

Macro-F1

MLP
TouchNet w/o Thermal
TouchNet w/o adversarial
TouchNet

0.582
0.611
0.642
0.684

0.561
0.621
0.646
0.701

Generic Model. We begin also with examining the leave-one-user-out cross-validation performance for touch
zone identification, which corresponds to generic models. As shown in Table. 2, while TouchNet still outperforms
all the rest models, the Macro-F1 score is 0.701. The uniqueness of the signals generated when touching different
facial areas comes from the magnitudes of the impedance signal and the hand position/orientation. There are two
potential reasons why cross-user touch zone identification performance is not as good as face touch detection: (1)
Different participants have different skin fat densities, which would influence the magnitude of the physiological
signals. (2) Participants tend to touch sensitive areas of the face in specific hand orientations. Since our dataset
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is relatively small, the training data is likely to miss the skin and behaviour profile of the left-out users. We
acknowledge this as one of the limitations and discuss the potential ways to build a generic model with more
details in Section 10.
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Fig. 13. Average personalized model performance with different training overhead.

Fig. 14. Confusion matrix with 5-min training.

Personalized Model. As the generic model’s F1 score is below 80%, we explored building a personalized model
for each participant. As we are training a personalized model, we deactivate the user discriminator module
(TouchNet w/o Adversarial is the final model). One critical aspect of a personalized model is the training overhead.
We thus use different portions of a participants data for training and testing to explore the trade-off between the
training overhead and zone identification accuracy. Fig. 13 shows the average personalized model performance
across all participants with different training overhead. It is as expected that the performance keeps rising with
the increase of the training data . We can see from the figure that the increase speed is obviously lower after the
training time reaches 5 minutes. The micro-accuracy and macro-F1 are 90.8% and 90.1% when taking 5-minute data
as training data. Therefore, we think 5-minute strikes a good balance between training overhead and accuracy.
We then plot the confusion matrix with this strategy in Fig. 14. We can observe that TouchNet achieves
slightly different performance in each category. Since no-touch occupied most in the dataset (69%), thus the better
performance for no-touch also results in better micro-metric comparing to macro-metric, which is consistent
with Fig. 13. Non-sensitive touch is relatively harder to classify among the three and the false positives are almost
half no-touch and half sensitive touch. There are areas of the face which are ambiguous when localizing a touch
(e.g., facial area close to nose and mouth). We also noticed that during the experiment, some participants would
touch the chin area and area close to the ears. They are either out of the field of view of the thermal or saturate
the thermal camera due to the close distance.
Table 3. Average face touch zone identification results with personalized models.

Models

Micro-Accuracy

Macro-F1

MLP
TouchNet w/o adversarial

0.664
0.908

0.644
0.901

Lastly, we compared the TouchNet (w/o adversarial) touch zone identification performance with MLP using
5-minute training data for each user. As shown in Table. 3, TouchNet still achieves much better performance.
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While we removed the adversarial user discriminator module, the feature extractor module can extract more
representative features than the MLP model. The MLP model performs worse with the potential reason of not
enough training data, which also reflects that our feature extractor design guided by our experiment findings
indeed helped the feature learning process.
8.3.3 Qualitative Evaluation. As a wearable device, the wearability and comfort level are important features.
So we asked participants to evaluate our system’s wearability and comfort level with a short questionnaire.
Additionally, participants also wrote down their comments and suggestions on the system at the end. The
questionnaire asks participants to rate on the standard 5-point Likert scale: (1) Strongly Disagree, (2) Disagree,
(3) Neutral, (4) Agree, and (5) Strongly Agree to the following statements:
• Q1: I was comfortable wearing the device.
• Q2: I like the experience of FaceSense device overall.
We average the score of each question cross all participants. FaceSense scored 3.8 out of 5 for the overall using
experience (Q2). FaceSense obtained 3.5 out of 5 on comfort level (Q1), which is a moderate performance. Most
participants agree that the overall user experience is similar to wearing a normal earphone but the one user
commented in the open question that the prototype is a bit heavy for long-time wearing. In addition, there were
4 out of 10 participants felt the prototype is rigid and not soft enough. Another potential reason that participants
were not fully satisfied with the current prototype is that we only provided one size. There were 3 out of 10
participants mentioned that the prototype cannot perfectly fit their ears. They all have relatively small ears,
which suggested that we need further improve the adjustable earpiece design or fabricate it with different sizes.
We acknowledge this as one of our limitations and discuss it with more details in Section. 10.

8.4

Robustness Analysis

We also conduced controlled experiments to examine system robustness against body movement and touches in
mid-face regions. For both studies, we recruited one participant wearing the FaceSense prototype.
8.4.1 Sensitivity to Body Movements. To assess system robustness against body movements, we instructed the
participant to perform all the steps in the experiment procedure while brisk walking and moving. We observed
that the touch detection had a precision, recall and F-1 score of 82%, 84% and 83% respectively. This result
proves that FaceSense is robust against brisk walking and other less rapid body movements, thanks to the
prototype design that ensures good contact quality of the surface electrodes. However, when a participant
performed the experiments while running, the touch detection’s precision, recall and F-1 score dropped to
63%,62% and 62% respectively. There are some potential reasons behind this performance. First, high relative
motion between the face and the wearable device introduces formidable motion artifacts [82] into physiological
sensor channels. Second, thermal cameras deviate from their calibrated positions due to prototype vibrations to
thrust forces, which adversely affect the field of view. Third, the background subtraction is less effective due
to rapidly changing/evolving environments. Most of these problems can possibly be solved by exploring the
integration of accelerometer into the system, which can assess and negate motion artifacts.
8.4.2 Mid-Face Touches. To examine system performance for mid-face touches, we instructed the participant to
perform feather touch on the face with a significance on the nasal bridge to forehead area as we identified this
region to be vulnerable to light touches owing to the cartilage density and distance from the physiological sensor
channels. The touch detection had a precision, recall and F-1 score of 71%, 72% and 72% respectively while using
the leave-one-user-out evaluation. However, we consider this to be unrepresentative of the usual face touch
behavior which includes all intensities of touch at all regions of the face. Possible hardware improvements for this
phenomenon could be to move the sensor channels closer to the mid-face region while preserving the usability
and social acceptability by using transparent electrodes and connections. We could also improve the results by
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recruiting more participants to perform this controlled experiment to have a more representative dataset. We
plan to pursue these tasks in a future work.

8.5

Power Consumption

We measure the energy consumption of FaceSense using a power monitoring device (Monsoon High Voltage Power Monitor [57]). All measureThermal
transceiver
ments were conducted at 60°F when the system was powered by a 3.7V
Thermal
Lithium ion battery. The power consumed by each component of the
Sensing
30.5 mW
system is showed in Fig. 15. More specifically, in the idle mode, when
(11%)
Physiological
the physiological subsystem is not transmitting data via Bluetooth,
48.3 mW
sensing
the power consumption is 105.4 mW on average. In the transmission
(15%)
105.4 mW
(37%)
mode, where the physiological subsystem transmits data via Bluetooth,
the power consumption is 210.4 mW on average. The bio-amplifier in
Physiological
transceiver
the subsystem currently uses traditional Bluetooth to transmit data
105 mW
to the pre-processing module reliably at high data rate. Similarly the
(37%)
power consumption for thermal subsystem in the idle mode is 48.3 mW,
while in transmission mode it is 78.8 mW on average. The total system
consumes 289.2 mW on average in the working mode. This amounts to Fig. 15. Power distribution of FaceSense
a total run time of 6 hours 23 minutes on a 3.7 V 500 mAh Lithium ion
battery which was used for our experiments. The power consumption
of FaceSense can be reduced significantly by using the BLE transceiver of the thermal subsystem as the prime
mode of data transmission. This optimization would get rid of the power budget allotted for the transceiver
module of the physiological subsystem and improve the battery life of the device to 10 hours 2 minutes. We plan
to pursue the power optimization task in a future work.
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RELATED WORK

Approaches to Detect Face Touch Events. Researchers approached the problem of face touch detection in
many ways. These approaches can be grouped into 3 main categories:
(1) Motion sensors such as accelerometers, magnets etc. have been the major focus of wearable sensing devices in
detecting face touch events [4, 15, 25, 56]. These sensors are usually integrated into bracelets or smart watches to
identify passive signature of face touching events and develop a warning system to prevent this movement in the
wake of Covid-19 pandemic. These approaches usually suffer from false positives generated by hand movements
similar to face-touching events (drinking water, eating, picking up a phone call etc.) and interference noises from
everyday electronic devices such as computers, smartphones and general household appliances [15, 25]. However,
for the wrist-based approaches, the device should be worn on both hands to have optimal feedback from the
device. This problem makes it more uninspiring for these techniques to be implemented on a smartwatch.
(2) Wireless sensing have been utilized to detect the face touch event based on the interference of hand movement
and the transmission signal. In [68], researchers use a SONAR inspired approach that sends ultrasonic waves
using off-the-shelf earbuds and receives the waves reflected from an approaching hand using a microphone. This
approach suffers many false positives from surrounding obstacles like (smartphones, laptops etc.) and similar
hand movements that don’t involve face-touching.
(3) Camera-based face touch classification models using MS Azure’s Custom Vision [5], Tensorflow were built
using transfer learning and deep learning techniques [6, 35, 59]. In [12], a large set of audio-visual recordings
were collected and labelled for touching and no-touching events to have over 2 million images of classification
data. The data is fed into a fine-tuned ResNet152 model to achieve 84% accuracy. All camera-based methods
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are constrained by lighting conditions, camera positioning, and the need to constantly run the camera, which
raises privacy concerns and power consumption. None of the works in this domain reports the sensitivity of
their models to such constraints. Most of these camera-based models expectedly use a significant amount of
processing power and time [6, 35, 59].
Thermal-based Sensing Techniques. Pyroelectric infrared sensing is a common technique used to detect
the presence of humans or trigger alarms. Passive Infrared (PIR) sensors have also been explored for human
localization and tracking[51, 87], thermal imaging[50], gesture recognition[32]. Commercial PIR sensors are
typically tuned for human detection by adding a bandpass filter window, which convert the thermal radiation
into an electrical current when a thermal object presents. Most prior work focused on detecting large body
movements or micro finger gestures without the ability to differentiate the presence of different thermal objects.
Recently thermal image classification has been explored for object classification [67, 81], material type recognition
[18], and pedestrian detection [33]. Thermal-image-based classification works efficiently without the need for
ambient light sources and consume relatively less power and computational overhead when compared to the
RGB images. With only one channel information, however, the granularity and the detection accuracy would
decrease. Most of the prior works in this space leverage thermal camera with high resolution, which are too big
to be integrated on an earable device and consume too much energy for a small wearable device. In our work, we
explore to use the extremely-low resolution thermal camera (8×8 pixel) for detecting the presence of human
hands.
Skin Impedance and Electrograms. Electrograms are biosignals including EEG, ECG, EMG, EOG, HRV, etc.
are used widely in health monitoring. Various researchers use EEG and EOG to detect brain disorders such as
Epilepsy [40, 45, 49, 77], Dementia [60, 66], Stroke [65, 79, 80], etc. In these works, the abnormalities of biosignals
are recognized and indicate the state of human brain. Biosignals are also applied for human computer interaction
[10, 61, 75]. The signals are generated by moving eyes, tongue, blinking, grinding teeth. Skin impedance, like
biosignals, is commonly used for monitoring the condition of human body. Electrical impedance spectroscopy is
proposed to detect skin cancer cell [89]. They proposed a method to sense the electrical properties of the cells via
impedance sensing devices and distinguish between normal and cancer cells. Radio frequency skin tightening
treatments leverage skin impedance to analyze radio frequency energy [36]. The treatments need to maintain
the constant energy via the balance of current applied on skin and its impedance. In our work, EMG and skin
impedance are leveraged to detect events of face touch.

10

DISCUSSIONS AND FUTURE WORK

User Study. We recognize that our current user study is limited by the small user group and short-term user
experiences, because of the difficulty of recruiting participants during the pandemic. In future work, we will
expand our user group to include users with a wider age range and more diverse background (e.g., different skin
fat densities) and test the robustness of FaceSense with a longer-term study. With a dataset collected from a
larger user group, we potentially can also improve the cross-user accuracy for face touch zone classification.
Advanced Machine Learning Models. Another direction of future work is to seek more advanced machine
learning models to lower the labeling overhead of training data and improve the performance of a generic
model to eliminate personalized training. In particular, to avoid the tedious labeling process, we can explore
semi-supervised learning (SSL) [9, 13], a classical sub-field of machine learning [9, 13]. SSL provides an effective
way of leveraging unlabeled data to improve a model’s performance. Specifically, we can apply techniques
proposed in recent works that leveraged data augmentation to (1) propagate label information from a small
amount of labeled data to unlabeled data [21] and (2) construct similar and dissimilar data for training [11, 73].
To reduce the overhead of personalized training, we can consider applying meta-learning [39] and few-shot
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learning [16] so that each user only needs to provide a minimal amount of data (e.g., a few seconds of data) to
fine-tune the model quickly.
Usability. The physical design of FaceSense can be optimized to improve its comfort level for long-term
wear. We can further miniaturize the form factor of FaceSense by implementing the physiological subsystem
using transparent electrodes and connections as well as using customized fixtures for thermal cameras instead
of adjustable hinges. A smaller ear-worn system is also less intrusive and will be more socially acceptable.
Additionally, we are interested in integrating FaceSense with existing headsets/earbuds. From the user study,
some users also suggested that the system can be integrated into headbands or caps to reduce the ear fatigue.
Thermal Sensing as a Trigger. In the current implementation, the thermal and physiological module are both
always-on to simultaneously receive two sensor data streams for multimodal sensing. A future improvement is
to leverage thermal sensing as a trigger so that only when the thermal sensing detects an approaching hand,
the physiological sensing module starts to record data. It will enable the system to be used as a hand-to-face
proximity detection system in addition to the current functionality of detecting hand-to-face contact solely. To
realize the trigger, we will need to minimize the latency of starting the physiological sensing module, which
currently requires a 1-second ‘wake up’ time to calibrate and output accurate reading. We will also need to
improve the accuracy of the thermal sensing component in detecting the approaching hand. It currently detects
hands approaching with 81% accuracy in various ambient background, which is not ideal for a trigger.
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CONCLUSION

In this work, we designed, implemented, and evaluated FaceSense, an ear-worn system to detect and differentiate
face touches in sensitive/mucosal zones (i.e., eyes, nose, and mouth) from other facial zones. FaceSense leverages
low resolution thermal cameras to sense the thermal infrared signal emitted by approaching hands and physiological sensors to monitor the skin deformation cased by touches. After preprocessing, both thermal images and
physiological signals are fed to the proposed deep learning model (TouchNet) to extract temporal and spatial
features, detecting face touches and further identifying touch zones. Experiment results with 14 participants
indicate FaceSense is a capable face touch detection system without any training overhead and can additionally
provide touch zone identification with minimal training overhead. Unlike existing hand-face proximity detection
solutions, FaceSense is the first system that detects and localizes actual hand-to-face contact, illustrating the
potential for the system to prevent/reduce health and/or behavioral issues related to face touching activities.
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