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Expression Recognition Based on Ear Canal Shape Detection Using
Earbud and Ultrasound
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Abstract

Earbuds are well-known for their portability,
wearability, and frequent usage. This research in-
troduces facial expression recognition using earbuds
by training models with collected in-ear ultrasound
data. The motivation is to enhance communication
and, mainly, to help track emotional health. The
strength of using earbuds for tracking is that ear-
buds’

sistency, and their close position to facial muscles

wearability leads to convenience and con-

gives them the potential to be the best expression de-
tectors. The possible application could have great

value in the future.

1 Introduction

Every day, while the usage of phones, laptops, and
smartwatches is exploited almost to its full potential,
earbuds have not yet received enough attention, de-
spite their portable size, high-frequency usage, and
wearable features.

Earbuds, although currently simply being used as
a tool to output sounds privately and directly to the
user’ s ear canals, can do many more tasks across
fields such as “interaction” , “authentication” ,
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physiological parameters” , ~movement and ac-
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In this research, earbuds are used to recognize
the user’ s expression considering their proximity
to facial muscles and their better protection for pri-
vacy compared with cameras. The motivation of
using earbuds for facial expression recognition is as
follows: 1. Helping with mental health by tracking
facial expressions. 2. Enhancing communication.

The basic mechanism is that, when the user wears
the earbuds, a piece of ultrasound is played from the
earbud, and the ultrasound bouncing back and forth
in the ear canal can contain information about the
ear canal shape. Using such ultrasonic data, fa-
cial expression recognition can be achieved. In this
study, Mediapipe blendshape labels are used, which
are extracted from videos of participants’ faces, as
shown in Fig.1 [2].

Similar studies, such as Eario also uses earbuds
to do expression recognition. Despite researchers
doing Eario emphasizing that their earbuds have
limited requirements that can be easily found on
some of the currently on-sell products, they still
modified the earbuds in a relatively larger extent
compared to this study [3]. In this study, the earbuds
used are only slightly modified. The modification is
so small that it signifies its feasibility to be adopted
in daily usage, considering its compatibility with
off-the-shelf products.

The main contributions of the study are as fol-
lows: 1. To the best knowledge, this study is the

first one using off-the-shelf earbuds with ultrasonic
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Figurel: (A)Participants make various expressions while wearing the earbuds(B)The visualization explaining

how the ear canal shape information is collected through the earbud

audio to achieve facial expression recognition. 2.
The result is promising and shows that this study is
successful and worthy of further and deeper explo-
ration.

In this paper, the background and related works
will be introduced first. Then, the motivation of the
research will be discussed. Afterward, feature and
label extraction, modeling, and study design of the
research will be explained. Then, experiments and
results will be presented, followed by an evaluation,
and a discussion. Finally, the article will end with a

conclusion.

2 Related Work

Just as introduced above, earbuds can do tasks
across multiple fields. Here, let’s first take a look at
the field of “movements” or “activities” .

Earbuds can be used to track fitness, track expen-
diture of energy, detect posture, log consumptions,
etc [1]. For example, in the article [4], a system,
OESense, is used, utilizing the “occlusion effect”
which helps improve the resistance to noise and en-

hances low-frequency signals. And the sensing and

Figure2: The idea of occlusion effect. Cited from

[4]

the sound delivery will not interfere one another due
to their difference in frequency [4]. The basic con-
cepts regarding occlusion effect are shown below in
Fig.2 [4]. Also, another article [5] helps recognize
snacking pattern.

In addition to movements or activities, people are
also using earbuds to monitor health conditions. For
example, in the paper [6], low-cost earbuds utiliz-
ing detections of OAE, a kind of sound generated

by cochlea, has been proposed to lower the cost of
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hearing screening.

Meanwhile, the research also falls under the cat-
egory of facial expression. Related works mainly
focus on using the image data for recognition. For
example, in the article [7], Humayra A.’s research
team has utilized 2 datasets: JAFFE and CK+, and
both of them are image data.

Facial expression recognition using image data
does have its own strengths. However, facial ex-
pression recognition using earbuds can also explore
the expression in a different way: facial expression
images can’t identify the muscles’ shape change at
such a close distance and detailed way. Earbuds’
detection, in adverse, can provide profound infor-
mation regarding muscle movement. In addition to
it, facial expressions can lead to possible risks and
concerns regarding privacy and security, because
images containing human faces are captured for data
collection and also for actual usage. Meanwhile,
earbuds generate much less concern regarding pri-
vacy. Although this study utilized video image data
of the participants for labeling training, in actual
usage, there’s no need for facial image/video cap-
turing (as they are just labels). During actual usage,
only earbuds are needed for users. Thus, this study
has its own strength over image-feature-based facial

expression recognition.

3 Motivation

The research, as stated above, uses earbuds to
recognize users’ expressions. The motivation for
this facial expression recognition research is to:

1. track detected expressions to promote the men-
tal health conditions of users.

2. enhance hands-free remote communication by
adding expression marks or labels to a conversation
according to the user’ s expression (users can always

choose when to utilize this feature and when not),

which should be a simple downstream work.

The main motivation is the first: helping improve
users’ mental health conditions by tracking facial
expressions. While mental health has been em-
phasized in recent years, methods are provided to
improve the public’s mental health. Mental thera-
pies are provided, students in school take courses
on mental health, and parents start to learn the right
ways to support their children. However, a lack of an
effective method to stably track mental health con-
ditions still exists. Individuals are encouraged to log
their mental state on paper or applications. How-
ever, it is still time-consuming. Missing logging or
giving up logging can constantly happen.

Thus, using earbuds to help with tracking men-
tal states of individuals has been considered as a
topic worth further research. Although not strictly
related, facial expressions can usually indicate an
individual’ s emotions to some degrees. For ex-
ample, if the user expresses expressions related to
negative emotions most of the time, it might indi-
cate a higher possibility of bad mental conditions
such as depression. If the user expresses “anger’
frequently, it can also probably reflect other mental
conditions.

Using earbuds to achieve such can have several
merits: Unlike diaries, facial expression recogni-
tion automatically happens, and no additional oper-
ations are needed by users. It is the most efficient,
convenient way for users. In addition, earbuds are
considered as the most suitable device to detect ex-
pression, considering their wearability and positions
near facial muscles. Moreover, although this work
used video image data as the labels during model
training, during actual usage, no video/image data
is needed. Unlike facial expression detection us-
ing camera, the detection using earbuds can better

protect a person’ s privacy to some extent, by only
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Figure3: The device used in the study.

collecting the users’ ear canal shape data. Finally,
considering earbuds’ existing heavy usage, earbuds
detecting expressions can be devoted to actual use
in a short time at a low cost. Individuals don’ t need

to change their lifestyle or adapt to a new device.

4 Feature and Label Extraction,
Modeling, and Study Design

41

In brief, the research follows this flow: First, the

Overview of Approach

assumption is made that ear canal shape information
collected by earbuds can be used to predict facial
expressions. Then, the study design has been made.
Afterward, the data are from participants. Then,
the data are preprocessed. Features are attracted
and stored. Models are selected and trained using
feature data. Models are evaluated at the end. Some
codes might be refered to [8] [9] [10] [11].
4.2 Audio Data Processing and Feature Ex-
traction

With the audio data collected during the experi-
ment (which will be explained later), the first step
is to visualize it. The waveform is plotted for bet-
ter visualization. Audio data is also trimmed and
cut into snippets according to their corresponding
expression.

During data feature extraction, first, 45 windows

are divided for each sample. Then, features in-

cluding ar, short-time energy, envelope, and zero-
crossing rate are extracted and combined.

The AR feature has the merit of both expression
starting precise time irrelevant and sensitive to ear
canal dynamic motion. To be specific, it uses the
previous several samples to predict the next sample,
which can enhance the robustness, because even
if the expression starts at a slightly different time,
the way of learning from previous samples can help
against potential influences as it considers the whole
window instead of single small sections; in addition,
the AR feature can also lessen the impact of “re-
wears” of earbuds; what’s more, AR features can
be extracted in a comparatively fast way. It is an
innovative attempt to use the AR feature for facial
expression recognition [12]. The AR feature used
here has a lag of 200.

The zero-crossing rate feature has the merit of
capturing any tiny and rapid movements. The short-
time energy has the benefit of directly giving the
”strength” of movement, as the more the ear canal
changes, the more the short-time energy changes.
The amplitude envelope feature has the merit of
being stable and smoothing the transitions of sound,
which can encounter the impact generated by small,
fast shakings.

One example of processing one single snippet is
shown in Fig.4, and Fig. 6.

The output of the extracted feature data of snip-
pets is stored in a CSV file. Each row represents
one data point. The First column contains the string
representing the expression, while the rest of the
columns represent the features mentioned above for
each data point.

4.3 Label Extraction as Mediapipe Blend-
shapes

When coming to the label, the Mediapipe Blend-

shapes are chosen for quantifying the facial expres-
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Figure6:  Short-time energy, envelope, zero-

crossing rate of a single expression sample

sions [2]. Mediapipe uses blendshapes as a type of
reference, which are a set of data indicating critical
facial movements. Shown in Fig.1A. Using Medi-
apipe blendshapes as labels has several merits. First,
it contains much more detailed and richer measure-

ments of facial expressions comparing to traditional

labels; in addition, it is also compact comparing
to other similar labels such as landmarks, as Me-
diapipe blendshape only contain 52 parameters per
image(frame) [3].
4.4 Modeling Process

CNN-RNN model is applied with the CNN em-
bedding extractor and 2 layers of GRU. Resnet 18
is applied to process each window separately and
independently, while GRU here is used to process
all windows across the temporal dimension. The
network is built based on an implementation of [8]
with personal additional modifications.
4.5 Device and Participants/Subjects

The device used is shown in Fig.3. Participants
are young-age individuals, including one female and

one male. 3 turns of experiments are conducted for
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each participant, while each turn contains 8 rep-

resentative types of expressions: “happy”, “’sad”,

% 9

“angry”,

”surprised”. These 8 types are repeated, forming

% 9

calm”, boring”, “neutral”, ’satisfied”,
160 expressions in total.
4.6 Data Collection and Procedures

An ultrasound audio is prepared beforehand, and
it would be played through the earbuds during data
collection. Considering that some people can hear
ultrasounds, the volume is adjusted to a level at
which most of the participants can barely hear it.
The sound volume was kept the same for all partic-
ipants.

The right ear canal for the whole experiment is
used, so participants only need to wear the right side
earbud. During the experiment, the participants’
ear canal shape information will be recorded. Basic
ideas are shown in Fig.1.

During data collection, it is decided to set one
turn with 160 expressions and collect 3 turns of
data from each participant; each expression should
have a duration of 2 seconds(asking the participant
Adding

some buffer time, each turn will last = 160*(2+2)

to hold each expression for 2 seconds).

seconds = 640 seconds = around 10 minutes. 3 turns
will take around 30 minutes. Meanwhile, videos of
participants’  faces are also recorded, which are

used as the labels during model training.

5 Evaluation

As noted in [13], in Mediapipe, there are 52
blendshape parameters in total, indicating different
places of the face, where the first 22 parameters in-
dicate the upper half of the face more, while the
rest 30 parameters indicate the lower half of the face
more. The result of the facial expression recogni-
tion yields the following results shown on the graph
Fig.7. The upper MAE mainly reflects the MAE

Figure7: Result of the facial expression recognition

model

of the upper face blendshape parameters(the first 22
parameters), while the lower MAE reflects the MAE
of blendshape parameters that indicate the lower half
of the face (the remaining 30 parameters). A cross
validation is conducted by excluding one turn out as
the test dataset for each user. For example, the train-
ing dataset for userl turnl is all data of user] except
turnl. Comparing each user’s own overall MAE,
upper MAE, and lower MAE across their own 3
turns, it is shown that for the same user, the overall
MAE does not change much. So it means that the
prediction model is stable across turns for the same
user.

Comparing 2 users’ overall MAE, upper MAE,
and lower MAE, it is easy to notice some slight
changes between different users. But still, the dif-
ference is not too large, so it can still signify the
stability of this prediction model across different
individuals.

Comparing the upper MAE and the lower MAE,
it seems that the upper MAE is larger than the lower
MAE, meaning the lower half of face recognition

performs better than the upper part.
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6 Discussion

6.1

The expressions are not natural emotional expres-

Artificial Expression

sions: they are made by participants following the
instruction of “making certain expression” . This
might affect its accuracy in real usage, consider-
ing that future applications will be used to detect
expressions made in a natural context.
6.2 Valence-arousal

Quantification for each expression was tried by
deciding the Valence and Arousal: Valence indi-
cates emotions’  positivity/negativity. Arousal in-
dicates the ’strength’ of emotions. For example,
valence and arousal are both set with ranges [-1, 1].
Larger valence is defined as more positive emotions,
and larger arousal as indicating more strong emo-
tions. For specific examples, “happy” is set to
a valence of 0.8 while ”sad” is set to a valence of
-0.8.  “Calm”

”surprised” is set to an arousal of 0.9. The basic

is set to an arousal of -0.7 while

concept is shown in Fig.8. However, this quantifi-
cation is not used in the final, considering Medi-
apipe Blendshapes offer a more detailed reference
for facial expression measurement. But still, such
a reference can also be used in future work when a
video reference is unavailable.
6.3 Additional Sensors and Data

Adding additional sensors to detect additional bi-
ological parameters, such as blood pressure, can
probably help produce more accurate results: bio-
logical parameters can also help with the identifica-
tion of emotions. And it is achievable using earbud
devices. In addition, the current result is generated
from a small dataset. In future work, additional data

can be collected.

Figure8: The basic idea of valence-arousal.

6.4 Refine Data Processing and Models
Data processing can still be improved. More

models can be attempted and compared to deter-

mine the best model for this expression recognition

goal.

7 Conclusion

In conclusion, in this research, using earbuds
with ultrasonic audio for facial expression recog-
nition has been proposed and achieved. Focusing
on facial expression recognition serves two pur-
poses: helping to recognize mental health condi-
As for the

dataset, audio features are extracted from the ul-

tions and enhancing communication.

trasonic audio data collected, while the labels are
extracted as Mediapipe blendshapes from recorded
videos of participants’ faces. The data are collected
from participants wearing earbuds and performing
expressions for 3 turns, where each turn contains
160 expressions. The model of modified Resnet
with GRU are selected, with outputs containing rich
information, guaranteeing a comprehensive predic-
tion of users’ facial expression. Evaluations are
made, which show great performance. The work of

earbuds facial expression recognition can be easily
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applied to existing earbuds products, rendering this

research a profound potential for future application

and commercial value.
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