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Figure 1: Overview and usage images of EarHover, A: EarHover recognizes mid-air gestures using sound leakage and Doppler 
shift, B: spectrogram for each mid-air gesture, C: operation image in a music application. EarHover can convert existing touch 
gesture input into user-demanded mid-air gestures. It also complements existing input methods and allows users to control 
more applications from their hearables. 

ABSTRACT 
We introduce EarHover, an innovative system that enables mid-air 
gesture input for hearables. Mid-air gesture input, which eliminates 
the need to touch the device and thus helps to keep hands and the 
device clean. However, existing mid-air gesture input methods for 
hearables have been limited to adding cameras or infrared sensors. 
By focusing on the sound leakage phenomenon unique to hearables, 
we have realized mid-air gesture recognition using a speaker and 
an external microphone that are highly compatible with hearables. 
The signal leaked to the outside of the device due to sound leakage 
can be measured by an external microphone, which detects the 
diferences in refection characteristics caused by the hand’s speed 
and shape during mid-air gestures. Among 27 types of gestures, 
we determined the seven suitable gestures for EarHover in terms 
of signal discrimination and user acceptability. We then evaluated 
the gesture detection and classifcation performance of two proto-
type devices (in-ear type/open-ear type) for real-world application 
scenarios. 
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1 INTRODUCTION 
Hearables, ear-worn wearable devices, have become increasingly 
popular in recent years. Beyond standard earphone functions like 
calling and music playback, hearables now facilitate voice assis-
tants, audio services, and health tracking [13, 33, 56]. Operation of 
hearables can be either indirect via a smartphone or direct on the 
device itself. Indirect operation via smartphones requires screen 
interaction, which reduces usability. For direct manipulation, many 
hearables ofer hands-free methods such as voice control. They also 
ofer manual operations using capacitive sensors, pressure-sensitive 
sensors, or physical buttons. Voice control allows operation even 
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with occupied hands, but there are issues such as hesitancy in speak-
ing in public or inability to use the system during a conversation. 
In addition, recognition accuracy decreases in noisy environments. 
Hand input requires the user to press down on the sensor part with 
a fnger, which places a physical strain on the ear and generates 
noise. In addition, while these sensors execute commands by vary-
ing the duration and frequency of presses, there is a limit to the 
number of variations; for instance, AirPods Pro [6] supports six 
commands: one to three taps, long press, and swipe up or down. 
Thus, using applications such as checking email or appointments 
while listening to music requires more input. 

Many hands-input methods [1, 25, 27, 28, 31, 43, 54] have been 
proposed to address these issues, divided into touch and mid-air 
gesture inputs. Touch gestures leverage sound or ear deformation 
generated by touching the ear or face. While touch gestures provide 
tactile feedback and are easy to use, their need for direct contact 
makes them impractical when hands are dirty, such as when eating 
or working, or must be kept clean, such as in cooking or medical 
settings. Similarly to manual operations, touch gesture inputs also 
cannot prevent noise during operation. On the other hand, the mid-
air gesture input method allows gesture input by hand movement 
and shape without touching the device. Therefore, input is possible 
regardless of the condition of the hand, and there is no physical 
strain on the ear or noise caused by pressing down on the device. In 
addition, Gesture Elicitation Studies (GES) [47], which assume hear-
ables and hand input to the ear, highlight a signifcant use of mid-air 
gestures [16, 32]. Previous mid-air gesture recognition methods for 
hearables have utilized bone-conduction speaker/microphone [55] 
, cameras [43], or infrared sensors [31]. However, cameras and 
infrared sensors are not commonly used in hearables and require 
additional sensor and design costs for installation, making them 
less feasible. Furthermore, previous study has primarily focused 
on bone-conduction earphones, lacking comprehensive research 
that encompasses various types of hearables, such as in-ear and 
open-ear devices. 

We propose EarHover (Figure 1), a system that minimizes the 
cost of additional sensors and enables mid-air gesture recognition. 
EarHover leverages sound leakage signals and the Doppler shift in 
hearables, allowing for implementation using speakers and external 
microphones. The sound leakage signal is the component of the 
signal played from hearables that leaks outward and has been used 
to measure ear shape [3]. In this study, we extend the measurement 
range to the area around the device and use it for user mid-air 
gesture recognition. Specifcally, when the user performs a mid-air 
gesture near the device, the sound leakage signal is refected of 
the hand and measured by the external microphone. Since each 
mid-air gesture is performed at a diferent speed, angle, and hand 
shape, the refected signal is diferent and can be recognized by a 
deep-learning model. The speaker and external microphone used 
by EarHover are sensors widely installed in hearables for music 
playback, voice recording, and noise cancellation; therefore, the 
cost of implementing EarHover is very low compared to existing 
methods. In this study, we conducted evaluation experiments on 
two prototype devices (in-ear type/open-ear type) to demonstrate 
the feasibility of mid-air gesture recognition using sound leakage 
signals. The results of this study are as follows: 

• We evaluated the efect of EarHover on the auditory expe-
rience when listening to music (N=20). The experimental 
results showed that the percentage of users who perceived a 
diference in music with and without signal playback was 
50.0%. Even among users who perceived a diference, there 
was no signifcant diference in preference between the pres-
ence and absence of the signal. 

• We conducted gesture detection experiments with in-ear 
and open-ear prototype devices. The experimental results 
confrmed that the false detection rate for 11 types of daily 
activities was 1.8% on average (in-ear: 2.5%, open-ear: 1.0%), 
and the false detection rate for seven types of gesture move-
ments was 10.6% on average (in-ear: 10.6%, open-ear: 10.7%). 

• We conducted gesture recognition experiments using a pro-
totype device in fve environments: Stable, Gloves, Neighbor, 
Walking, and Music. The experiments yielded a 79.7–88.8% 
gesture classifcation rate for the seven gestures. 

We introduced EarHover, a method for mid-air gesture input 
in hearables, devices that are anticipated to be equipped with a 
wide range of functions soon. We evaluated the system in various 
assumed usage environments. This study’s contributions are listed 
below: 

• We introduced the frst mid-air gesture input method for 
hearables based on sound leakage that can be implemented 
with a built-in speaker and an external microphone. This is 
a signifcant step toward practical mid-air gesture control in 
hearables. 

• We designed 27 mid-air gestures for EarHover and selected 
seven based on their discriminability and user preference, 
marking the method’s frst application. 

• We demonstrated that EarHover’s impact on music listening 
is minimal, confrming its feasibility through the assessment 
of recognition performance across two device types in real-
world application scenarios. 

2 RELATED WORK 

2.1 Input with Hearables 
Input methods for hearables can be categorized as hand input, which 
uses hand movements and shapes, and hands-free input, which uses 
head-related movements. 

2.1.1 Hand Input. Hand input methods [1, 18, 28, 36] can be di-
vided into touch gesture input and mid-air gesture input. In the 
study on touch gesture input, Xu et al. [54] proposed a system that 
recognizes tapping and sliding gestures near the face and ear using 
the device’s built-in microphone. In evaluation experiments, the 
system achieved a gesture recognition rate of 95.3% for eight types 
of gestures. Kikuchi et al. [25] used four photo refectors attached to 
hearables to measure the deformation caused by pulling on the ear 
for gesture recognition. Lissermann et al. [27] developed open-ear 
devices with capacitive sensors to expand the device’s input area. 

In the study on mid-air gesture input, Yang et al. [55] proposed a 
gesture input system using bone-conduction earphone devices and 
also investigated mid-air gesture recognition using the phenome-
non of sound leakage. Tamaki et al. [43] proposed a system that 
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estimates hand contours, fngernail positions, and fnger joint an-
gles from a camera mounted on the hearables. This system demon-
strates an application for hover gesture recognition. Metzger et 
al. [31] proposed a system that uses an infrared proximity sensor 
to recognize mid-air swipes and other gestures around the device. 

Touch gesture input, which requires contact with the face or 
ear, can be difcult to use when hands are wet or dirty or need 
to be kept clean. Mid-air gesture input, using cameras or photo 
refectors, presents challenges with sensor costs and privacy issues. 
EarHover’s built-in speaker and external microphone enable music 
playback and voice recording, increase compatibility with hear-
ables, and keep implementation costs low. Yang et al.’s method [55] 
uses a similar principle to EarHover. However, our study focuses 
on in-ear/open-ear devices that generate air-conducted sound. Ad-
ditionally, we analyzed the sensitivity to synthetic music signals, 
the impact of hand conditions, and the detection of gestures in 
everyday activities. 

2.1.2 Hands-Free Input. Many hands-free input methods sensing 
head-related movements have been explored [2, 4, 12, 23, 26, 41, 44, 
45]. Manabe et al. [29] detected eye gestures by inserting conductive 
rubber into the ear tips of hearables to measure eye movements. 
Denys et al. [30] proposed a facial gesture recognition system using 
myoelectric sensors attached to the ear tip. Tobias et al. [34] created 
a prototype device with a speaker and a pressure sensor with the ear 
tip and proposed a system to realize hands-free input by measuring 
the tinnitus sound in the eardrum. Sun et al. [42] proposed a system 
that monitors ear canal deformation with a speaker and an internal 
microphone, facilitating silent speech interaction. 

Compared to hand input, hands-free input does not require the 
use of the hands, making it suitable for situations where hands are 
occupied, like carrying luggage. However, subtle facial movements 
can be confused with normal daily activities. In addition, oral com-
mand input requires wake words or mouth movements. This can 
be time-consuming for continuous input and challenging during 
conversations. Therefore, both input methods are likely to be used 
depending on the user’s situation, which requires further study. 

2.2 Acoustic-Based Recognition 
Like EarHover, many studies use acoustic signals to capture refec-
tion and reverberation, and recognize user gesture [35, 48, 51, 58], 
biometric features [21, 50], and motion [19, 53]. Yongpan et al. [57] 
proposed a fnger-tracking system that recognizes numbers and 
alphabets drawn mid-air using a smartwatch and a smartphone 
speaker-microphone. Mingshi et al. [15] proposed a system that rec-
ognizes number-drawing gestures in mid-air around smartwatches. 
Yang et al. [20] proposed a word recognition system using tone sig-
nals from a smartphone to measure the Doppler shift of mouth and 
tongue movements. Yingcheng et al. [24] proposed a system that 
plays ultrasonic tone signals from a loudspeaker mounted outside 
the headphones to recognize sign language actions of the person 
in front of the user. Amesaka et al. [3] proposed a personal authen-
tication system that acquires and analyzes ear shape information 
through sound leakage of a sweep signal. 

Gesture recognition methods using smartphones/smartwatches 
or hearables with external speakers can send the measurement 
signal directly to the target, making it easy to acquire the necessary 

Figure 2: Sound leakage and Doppler shift phenomena during 
mid-air gesture for each device type. 

signal strength. In contrast, EarHover uses the leakage signal from 
hearables, which requires careful sound pressure adjustment to 
avoid hearing loss. The signal is also attenuated by refection from 
the outer ear. In personal authentication systems that use acoustic 
leakage signals, the target is the shape of the ear, typically using 
in-ear devices. In this study, we expanded the sensing target of 
the sound leakage signal to the space above the device and demon-
strated its ability to detect hand movements during mid-air gestures 
with prototype devices of two diferent shapes. Although EarHover 
is not yet compatible with current commercial hearables, its design 
principle ofers a clear theoretical path for integration, highlighting 
the potential for adaptation to existing hardware. 

3 EARHOVER 

3.1 Device Insights 
Hearables come in three main types: canal-type, in-ear, and open-
ear. Canal-type devices [6, 38] feature ear tips that seal the ear 
canal, providing high airtightness and often including noise can-
cellation capabilities. In-ear devices [5, 7], although inserted into 
the ear canal opening, do not have ear tips, resulting in less air-
tightness and reduced ear blockage compared to canal-type devices. 
On the other hand, open-ear devices [37, 46] do not block the ear 
canal opening, ofering the lowest level of airtightness and allowing 
ambient sounds to be easily heard. 

We examined their sound leakage characteristics to determine if 
the devices were compatible with EarHover. We played a 20 kHz 
tone signal at approximately 45 dB from a device worn on the ear 
and measured the sound leakage with an additionally worn mi-
crophone. Using a separate microphone for measurement serves 
two purposes: to standardize conditions and to address the limita-
tion that the built-in external microphones of the devices do not 
support recording at a sampling rate sufcient for 20 kHz signals. 
The tested devices were Apple’s AirPods Pro [6] for canal-type, 
Apple’s EarPods [5] for in-ear, and Victor’s HA-NP35 [46] for open-
ear, recorded using an audio-technica microphone [10]. Figure 2 
shows the sound leakage for each device type when moving a hand 
back and forth above the device. Sound leakage and Doppler shifts 
were absent in the canal type, while in-ear and open-ear types 
had detectable sound leakage and Doppler shifts. Based on these 
fndings, this study targets in-ear and open-ear types for EarHover 
utilization. 
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Figure 3: Overview of the EarHover pipeline, which includes converting signals into spectrogram images, detecting gestures 
using a 3-layer CNN model, applying data cutout and augmentation, and classifying gestures using a 4-layer CNN model. 

The actual usage of diferent types of hearables among users has 
yet to be fully understood, and the impact of EarHover’s poten-
tial commercialization remains uncertain. To estimate the future 
usage of EarHover, we conducted a crowdsourced survey of 332 
participants who use earphones or headphones at least once a week. 
The survey revealed that 115 (33.9%) users used in-ear type, and 
61 (18.0%) used open-ear type devices. These results indicate that 
EarHover technology has the potential for widespread market adop-
tion and underscore its value as a new interaction method for users 
of in-ear and open-ear devices. 

3.2 System 
Figure 3 shows an overview of the EarHover system. Generally, 
commercially available hearables have a reproducible frequency 
bandwidth of 20 Hz–22.05 kHz. This study uses a 20 kHz sine wave 
for the sound leakage signal, as commonly used in related work. The 
system continuously plays the signal and records the sound leakage 
with an external microphone. The recognition model consists of 
two stages: gesture detection and gesture classifcation. The system 
uses a gesture detection model with 80×45 spectrogram images as 
input to detect gestures in daily life. When a gesture is detected, 
a 160×90 spectrogram image is created and fed into the gesture 
classifcation model to determine the gesture type. 

3.3 Gesture Detection Model 
3.3.1 Preprocessing and Spectrogram Image Generation. The de-
tection model operates by extracting signals in 1000 ms, sliding in 
steps of 100 ms, and repeatedly activating the detection model on 
the extracted signals. Bandstop fltering is applied to the extracted 
sound leakage signal to eliminate the 20 kHz frequency component 
before calculating the spectrogram. The FFT window size is 100 ms, 
using a Hamming window for the window function to calculate 
the spectrogram. Window overlap was set at 100 ms. The spectro-
gram data is converted to a spectrogram image, trimmed to only 
the band where the Doppler shift occurs, and 80×45 image data is 
generated. Since the gesture detection model operates continuously, 
we opted for a smaller image size to reduce computational costs. 
Binary classifcation between everyday actions and gestures is gen-
erally not highly challenging because everyday actions and specifc 
gestures exhibit distinct patterns and characteristics. Consequently, 
we decided to use a smaller image size compared to the gesture 
classifcation model. For the color bar, the minimum and maximum 
values were set at 0.5 dB and 2.0 dB, respectively, during image 
generation. 

Figure 4: A: prototype devices, B: device confgurations (blue 
line: playback signal path, red line: recording signal path). 

3.3.2 Model Training. We collected spectrogram image data of ges-
ture movements and daily activities and developed a deep learning-
based binary classifer. The model architecture consists of three 
convolutional layers with 32, 64, and 128 flters, respectively, fol-
lowed by batch normalization and max pooling layers. These layers 
lead to fully connected layers with 128 and 64 units and culminate 
in a softmax layer for two-class classifcation. We set the training 
parameters with a batch size of 16 for 20 epochs and implemented 
early stopping with a patience of fve epochs. The detection algo-
rithm retains the predictions from the last three instances, and if 
more than two of these are for a gesture, the gesture is determined 
to have occurred. 

3.4 Gesture Classifcation Model 
When a gesture is detected, the system extracts a 1.9 s sound leakage 
signal and generates a spectrogram image following the procedure 
described in Section 3.3.1. The cutout length was set to cover 98% 
of the annotated mid-air gesture data. Since gesture classifcation is 
a multi-label task, higher resolution 160×90 size images were used 
as input. Spectrogram images of the target gesture were collected 
to create a multi-classifcation model that predicts the gesture type. 

3.4.1 Data Augmentation. EarHover users lack tactile feedback 
and visual confrmation of their actions, leading to hand position 
and angle variations during gesture execution. We applied two data 
augmentation methods to spectrogram images to generate a robust 
CNN model for this motion noise. 

First, we adjusted the color bar of the spectrogram images to 
refect the intensity changes due to varying distances between the 
hand and the device. This simulates the hand position variability. 

https://Hz�22.05
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HandSwipe - OneFinger
(HandSwipe - OF)

HandSwipe - TwoFinger
(HandSwipe - TF)

HandSwipe - Palm
(HandSwipe - P)

HandSwipe - Fist
(HandSwipe - F)

Twist - OneFinger
(Twist - OF) 

Twist - TwoFinger
(Twist - TF)

Twist - Palm
(Twist - P)

Twist – Fist
(Twist - F)

Approach - OneFinger
(Approach - OF)

Approach - TwoFinger
(Approach - TF)

Approach - Palm
(Approach - P)

Approach - Fist
(Approach - F)

Recede - OneFinger
(Recede - OF)

FingerSwipe - Down
(FingerSwipe - D)

FingerSwipe - Up
(FingerSwipe - U)

Grip - Open
(Grip - O)

Grip - Close
(Grip - C)

Squeeze - Close
(Squeeze - C)

Squeeze - Open
(Squeeze - O)

HandSwipe
Bring it close to your ear and let go.

Twist
Twist 90 degrees and then put it back.

Approach
Bring to the around ear from the front.

Recede
Bring to the front from the around ear.

Recede - TwoFinger
(Recede - TF)

Recede - Palm
(Recede - P)

Recede - Fist
(Recede - F)

FingerSwipe
One finger swipes around the ear.

Grip
Palm opens or closes.

Squeeze
Palm opens or closes sequentially from the bottom.

Draw
Draw in the air.

Draw - CircleForward
(Draw - CF)

Draw - CircleBackward
(Draw - CB)

Draw - X
(Draw - X)

Phone - Down
(Phone - D)

Phone - Up
(Phone - U)

Phone
Make a phone gesture.

Figure 5: Tested 27 mid-air gestures. 

In this study, we varied the minimum sound level from 0.0 dB to 
0.5 dB in 0.05 dB increments, resulting in an 11-fold augmentation. 

Second, we applied stretching to the spectrogram images: vertical 
stretching to represent frequency changes due to speed variations 
and horizontal stretching to mimic diferent gesture durations. We 
scaled each image horizontally and vertically by 1.00x (original), 
1.05x, and 1.10x, resulting in three variations for each axis. This 
approach produced nine versions per original image, resulting in a 
nine-fold data augmentation. 

3.4.2 Model Training. We collected gesture spectrogram images 
and performed data augmentation before building a deep learning-
based multi-class classifcation model. The model architecture in-
cludes four convolutional layers of 32, 64, 128, and 256 flters each, 
followed by batch normalization and max pooling layers. After 
fattening, the model includes fully connected layers of 128 and 64 
units, ending with a softmax layer for multi-class classifcation. We 
set the training parameters with a batch size of 16 for 200 epochs 
and implemented early stopping with patience of 20 epochs. 

4 IMPLEMENTATION 
Figure 4 shows two experimental prototype devices and device 
confgurations. Commercial in-ear/open-ear devices generally do 
not allow recording in the high-frequency range (8–10 kHz>) to 
minimize power consumption and avoid capturing unnecessary 
noise. This is because the microphone in these devices is primarily 
designed to record human voices and low-frequency noise (40– 
1500 Hz) for noise canceling [11]. Therefore, we attached a separate 
microphone capable of high-frequency bandwidth recording to 
hearables to investigate the gesture recognition performance of 
EarHover. We used Apple’s EarPods [5] as an in-ear type device, 
Victor’s HA-NP35T [46] as an open-ear type, and audio-technica’s 
AT9904 [10] (omnidirectional) as an additional microphone. A mi-
crophone amplifer (audio-technica: AT-MA2 [9]) was used to am-
plify the measured acoustic data. The microphone and hearables 
were connected to a PC (ASUS Zenbook 14 UM425QA [8]) for record-
ing and playback, and an audio interface (Steinberg: UR22C [39]) 
was used for AD/DA conversion during playback and recording of 
the EarPods and AT9904. The HA-NP35T was connected to the PC 
via Bluetooth standard Ver. 5.1. 
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Figure 6: Ratings by all participants in terms of simplicity, social acceptability, and fatigue (reversed). 

The World Health Organization recommends a volume limit of 
80 dB for 40 hours per week for adults as a guide for volume settings 
in using hearables [52]. In this study, we considered the health risk 
and set the signal reaching the eardrum to approximately 45 dB, 
which does not cause health problems. The sound leakage signal is 
approximately 40 dB at the external microphone for both devices 
and is amplifed by approximately 35 dB through the amplifer. The 
signal recording program was implemented in Python 3.10, and the 
sampling rate was set to 44.1 kHz and the quantization bit rate to 
16 bits. 
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5 GESTURE SELECTION EXPERIMENT 
In this experiment, we formulated a set of gestures for EarHover 
based on three criteria: Doppler Shift Magnitude (DSM), Doppler 
Shift Similarity (DSS), and usability. DSM is the magnitude of the 
Doppler shift portion in the acoustic signal, and DSS is the similarity 
of the Doppler shift distribution among multiple acoustic signals. 
Our selection process, inspired by the methodology of Xu et al. [54], 
was adapted to meet our specifc needs and context. 

5.1 Mid-Air Gesture Design 
Yu-Chun et al. [16] conducted a Gesture Elicitation Study (GES) 
around the ear to explore user interaction, gesture classifcation, 
and design space. Several trends were observed in the defned mid-
air gestures. Hand shapes were categorized into fve types: one 
fnger, two fngers, palm, fst, and phone sign. Notably, apart from 
the phone sign, many gestures were defned by transitions between 
these shapes or the opening and closing of fngers. Gestures were 
also defned by the direction of hand movement and the trajectory 
of the fngertips. Our gesture design was informed by these trends 
and the necessity of inducing Doppler shifts, which is essential 
for our method. Figure 5 shows the 27 types of mid-air gestures 
conceived. The designed gestures include movements starting from 
the device in diferent directions (hand swipe, approach, recede, 
draw) and changing the shape or orientation of the hand around 
the device (fnger swipe, squeeze, grip, twist, phone). From these 
gestures, we determined the mid-air gestures to be used in the 
recognition experiments. 

Figure 7: Flow of derivation of Doppler shift magnitude 
(DSM) and Doppler shift similarity (DSS). 

5.2 Procedure 
In a quiet laboratory, we measured each mid-air gesture fve times 
with participants seated in a chair, ensuring no refective objects 
were around. The 11 participants (male: 8, female: 3) were all right-
handed, with a mean age of 27.9 years (standard deviation: 10.7 
years). Participants used their hearables a mean of 4.13 days per 
week. The devices that participants used daily were either canal, 
in-ear, or open-ear type. 

First, participants put the device on their right ear. The exper-
imenter illustrated each mid-air gesture and verbally explained 
it to the participants. Participants practiced the gestures for sev-
eral minutes. For the measurement, the experimenter ensured the 
participant’s hand was on their lap before starting the signal play-
back and sound leakage measurement, then displayed the mid-air 
gesture illustration. The participant was asked to perform the dis-
played mid-air gesture and then return the hand to the lap. This 
process was repeated fve times for each mid-air gesture. After 
completing the data measurements, participants completed three 
questionnaires. A scale of 1 to 7 was used, with 7 being the highest 
rating. (1: very bad, 7: very good) 

• Simplicity: How easy is it to perform the gesture accurately? 
• Social acceptability: How socially acceptable do you feel this 
gesture is? 

• Fatigue: How tiring is the gesture? (Note: scale has been 
inverted for analysis) 
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Figure 8: Average ratio of the white area for 27 gestures. 

Figure 9: Average cross-correlation values of the white area for 27 gestures. 

The experiment took about 2 hours, and participants were com-
pensated with about 15 US dollars. The experiment was approved 
by the ethics committee of the authors’ institution. Figure 6 shows 
the average score of the questionnaire for each gesture. The av-
erage of the three indices was 4.89 for simplicity, 3.96 for social 
acceptability, and 4.63 for fatigue. 

5.3 Gesture Selection 
5.3.1 Doppler Shif Magnitude. Mid-air gestures with low DSMs 
are more likely to be difcult to distinguish from daily activities, 
resulting in a higher false detection rate. Therefore, we frst selected 
mid-air gestures with high DSMs. For comparison, we need to 
quantify the DSM. In this study, we performed a binary image 
transformation on each pixel of the spectrogram image to make the 
area where the Doppler shift occurs white and the rest black based 
on a threshold value (Figure 7). We used the ratio of the white area 
to the binary image’s total size as a measure of DSM. Figure 8 shows 
the average ratio for each mid-air gesture. Those with a value less 
than 1.5 were targeted for deletion, and the following nine gestures 
were deleted: Approach - P, Recede - OF, Recede - P, HandSwipe -
OF, Recede - TF, Approach - TF, FingerSwipe - U, Approach - OF, 
Draw - X. 

5.3.2 Doppler Shif Similarity. Discriminating between gestures 
with high DSS is likely to be challenging, and removing one from 
the recognition target is desirable to improve the performance. 
The comparison method calculates the cross-correlation between 
diferent gestures of the binary images generated in Section 5.3.1. 
The maximum value of the cross-correlation is used as the DSS 

evaluation index to compare the similarity between each gesture 
(Figure 7). In this study, we randomly extracted fve images for 
the binary image set of the remaining 18 candidate gestures. We 
calculated the maximum cross-correlation value between the fve 
images for all gesture pairs and obtained the average. Figure 9 
shows the average of the maximum cross-correlation values of the 
gesture pairs. The average cross-correlation value among all pairs 
was 0.45. Among the pairs with a value of more than 0.60, one 
is removed from the pair with the highest value in order. In this 
study, the gestures with the lower scores on the questionnaire were 
removed, and the following six gestures were removed: HandSwipe 
- P, HandSwipe - F, Twist - P, Twist - F, Recede - F, Grip - O. 

5.3.3 Usability. To improve usability, gestures with low participant 
ratings were excluded; the average of the three indices was 4.89 
for simplicity, 3.96 for social acceptability, and 4.63 for fatigue. We 
removed from the target gestures those with simplicity lower than 
4, social acceptability lower than 3.5, or fatigue lower than 4, and 
the following fve gestures were removed: Approach - F, Squeeze -
O, Draw - CF, Draw - CB, Phone - U. 

The fnal selection included seven types of mid-air gestures: 
HandSwipe - TF, Twist - OF, Twist - TF, FingerSwipe - D, Grip -
C, Squeeze - C, and Phone - D. Figure 10 shows the Doppler shift 
of the seven selected gestures for each device. Section 6 evaluates 
these mid-air gestures’ detection and classifcation performance. 

6 SYSTEM EVALUATION 
We evaluated EarHover’s auditory impact on the user, gesture de-
tection performance, and gesture classifcation performance. 
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Figure 10: Spectrogram of selected seven gestures for each device. 

6.1 Auditory Impact on User 
Hearables is primarily used for listening to music and talking, and 
the sound quality is crucial. We investigated the auditory impact 
of using EarHover with music playback on the user. We created 
a “test music” by applying a flter to remove the frequency band 
(19.8–20.2 kHz) afected by the Doppler shift and then synthesizing 
it with the measurement signal (20 kHz). In this experiment, 20 
participants (male: 13, female: 7) randomly listened to the original 
and test music without prior knowledge and answered a question-
naire. First, participants were asked whether they thought the music 
difered on a Likert scale (S: Same, MS: Mostly the same, SD: Some-
what diferent, and VD: Very diferent). Participants who answered 
that the music was not the same were further asked whether they 
preferred the former or the latter. We tested three types of music 
of diferent genres (orchestral style/ rock style/ ambient style). 

Figure 11A shows the results of the audio impact for each device 
and each music genre. The average percentage of participants who 
perceived a diference was 10 (50.0%). Figure 11B summarizes the 
original and test music preferences for participants who noticed a 
diference. 

We conducted statistical tests to determine whether there are 
signifcant diferences in preferences for original and test music 
across devices and genres. We used Fisher’s exact test for the In-
Ear’s Rock and Open-Ear’s Orchestra, where no one responded to 
one scale, and a chi-squared test with Yates’ continuity correction 
for the others. The statistical test results at the 5% signifcance level 
indicated no signifcant diference in preference trends under any 
condition. These results suggest that the infuence of the EarHover 
system on music appreciation is minimal. In terms of user feedback, 
participants who preferred the original music tended to emphasize 
the clarity and balance of the sound, with some noting the presence 
or absence of high frequencies. Conversely, those who preferred 
the test music were inclined to seek the impact of low frequencies 
in their musical experience, with some commenting on the depth of 
the sound. Therefore, it can be inferred that although EarHover al-
ters the auditory experience to some extent, this alteration does not 
signifcantly afect the listener’s overall preference for music, indi-
cating that EarHover can be integrated into the listening experience 
without detracting from the enjoyment of music. 
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Figure 11: Results of sensory evaluation for each piece of mu-
sic. A: impact on music diferences, B: impact on preferences. 

6.2 Gesture Detection Performance 
We evaluated the detection performance of seven selected mid-air 
gestures in practical environments. 

6.2.1 Experimental Setup. We collected data on gestures and daily 
activities from 20 participants (male: 13, female: 7). All participants 
were right-handed, with a mean age of 27.5 years (standard devia-
tion of 9.93 years). Participants used their hearables a mean of 4.27 
days per week. The experiment took about 2 hours, and participants 
were compensated with about 15 US dollars. 

6.2.2 Data Collection. Participants frst measured data on mid-air 
gestures. In this study, 20 rounds were measured in a sitting position 
(Stable), with a glove on the right hand (Gloves), in an environment 
with a person sitting next to the device side (Neighbor), while the 
participant was walking (Walking), and with music synthesized 
into the measurement signal (Orchestra/Rock/Ambient) were each 
measured for four rounds. For the Neighbor measurement, the 
participant and another person sat at a distance of approximately 
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50 cm with respect to the head position. We used the three test music 
pieces utilized in Section 5 for the music synthesized measurement. 
There were 20 participants in the Stable measurement, 12 of whom 
participated in the Gloves, Neighbor, and Walking measurements, 
and the remaining 8 in the Music measurement. We performed 
these measurements with two prototype devices and collected 4480 
gesture data per device. The measurement procedure followed the 
same steps as in Section 5.2. However, for the walking measurement, 
a gesture illustration was frst displayed, the walking state was 
established as the measurement start state, and the participants 
were asked to perform mid-air gestures while walking. 

We then measured the daily activities of the same 20 participants. 
We set up 11 diferent tasks and movements that are frequently 
performed in daily life: passing each other (passing), standing up 
and sitting down (up down), spoon-to-mouth, glasses on/of, smart-
phone tap, typing, reading aloud, head shaking, raising arms, jacket 
on/of, and picking up an object (picking up). We performed these 
measurements with two prototype devices and collected 187 min-
utes of motion data for the in-ear device and 178 minutes for the 
open-ear device. No participants reported hearing the 20 kHz signal. 

6.2.3 Detection Performance. First, we manually annotated and 
extracted the gesture portion of the data for training model genera-
tion and accurate performance evaluation. In the model generation, 
we used gesture and daily activity data, excluding that of the test 
user, as training data. Figure 12A and B show the false detection 
rate for each daily activity and mid-air gesture. The average false 
detection rate for daily activities was 2.5% for the in-ear device and 
1.0% for the open-ear device. The false detection rate was high for 
glasses on/of and a spoon-to-mouth, while the false detection rate 
was low for smartphone tap and typing. The movements with the 
higher false detection rate were hand movements, which may have 
occurred in refections and Doppler shifts of the sound leakage 
signal, similar to the mid-air gestures. 

The average false detection rate per gesture was 10.6% for in-ear 
devices and 10.7% for open-ear devices. The false detection rate for 
Twist - OF/TF was low. These mid-air gestures are performed by 
wrist rotation. Therefore, compared to other mid-air gestures, they 
could be executed without concern for distance from the device and 
were considered to be more stable. In terms of the false detection 
rate for each measurement environment, the false detection rate 
for Neighbor was the lowest for both devices (Figure 12C); since 
the Neighbor condition involved a person by the hand performing 
the gesture, it is thought that the hand position was unconsciously 
closer to the device, resulting in a stable Doppler shift. When we 
checked the false positive gesture data, many of the data showed a 
weak occurrence of Doppler shift. The results suggest the impor-
tance of stable gesture motion in gesture detection. 

6.3 Gesture Classifcation Performance 
We investigated classifcation performance on Stable data as a base-
line. The classifcation rate for each participant was calculated using 
10-fold cross-validation, with two rounds as test data and the re-
maining 18 rounds as training data. This study used the F-score, 
the harmonic mean of precision and recall, as an evaluation index 
for the classifcation rate. Figure 13 shows the classifcation rate for 
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Figure 12: False detection rate, A: daily activities, B: mid-air 
gestures, C: false detection rate of mid-air gestures aggre-
gated in the measurement environment. 

each participant. The overall classifcation rate was 79.7% for the 
in-ear device and 85.9% for the open-ear device. 

Figure 14 shows the confusion matrix for each device. Both 
devices showed signifcant confusion between Twist - OF and Twist 
- TF, with low classifcation rates. The similarity of these gestures 
was 0.53 (Figure 9), which was below the threshold but higher than 
the average of 0.45, indicating similar Doppler shifts. 

6.3.1 Classification Performance in Other Measurement Environ-
ments. The classifcation performance of other measured data was 
examined. In this experiment, we investigated the classifcation 
rate when only stable data was used as training data (non-data-
augmentation learning: NDA) and when a portion of the test en-
vironment data was incorporated into the training data (test-data-
augmentation learning: TDA). In TDA, we added data for three of 
the four rounds measured to the training data and evaluated the 
remaining one round. This was done in four diferent ways so that 
all rounds were evaluated. Figure 15 summarizes the classifcation 
rates for each measurement environment. The average for NDA 
was 64.3% for the in-ear device and 67.6% for the open-ear device; 
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Figure 13: Mid-air gesture classifcation rate using each test user’s own stable data as training data. 
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Figure 15: Mid-air gesture classifcation rate per measure-
ment environment using each test user’s own data as training 
data, A: in-ear device, B: open-ear device. 

the average for TDA was 86.3% for the in-ear device and 86.8% for 
the open-ear device. TDA improved the classifcation rate by 22.0 
and 19.2 points for the in-ear and open-ear devices, respectively. 

6.3.2 Five types of gesture classification performance. We investi-
gated how much the classifcation performance would improve if 
the number of gestures were reduced to fve. With fve types of 
gesture input available, basic operations such as music listening 
(play/stop, next song, previous song, volume up, volume down) 
and video calling (mute, video switch, volume up, volume down, 
exit) become possible on hearables. Due to signifcant confusion 
between “Twist - OF” and “Twist - TF,” and “Grip - C” and “Squeeze 
- C” as shown in Figure 14, we excluded “Twist - OF” and “Squeeze 
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Figure 16: Classifcation rate of fve types of mid-air gestures. 

- C,” which had smaller white areas in Figure 8 and reevaluated the 
classifcation rates. 

Figure 16 shows the classifcation rate for each measurement 
environment. The overall average for the in-ear device was 90.1%, 
and the overall average for the open-ear device was 90.9%. An 
improvement of 4.7 points for the in-ear device and 4.2 points for 
the open-ear device was observed in the classifcation rate compared 
to the seven-gesture classifcation. 

7 DISCUSSION 
We discuss the performance and limitations of the EarHover system, 
paving the way for future improvements and potential for sound 
leakage signal. 

7.1 System Performance 
7.1.1 Gesture Detection Performance. Gesture detection perfor-
mance was approximately 2% for false detection of daily activity to 
gesture and approximately 10% for false detection of gesture to daily 
activity. False detection of daily activities can cause unintended 
device operation, reducing usability and increasing the risk of miss-
ing important sounds like cars or footsteps due to sudden sound 
playback. Thus, a low false detection rate is crucial. On the other 
hand, false detection of a gesture requires the user to repeat the 
gesture, which reduces usability but poses little safety risk. Future 
research should investigate the impact of unintended device opera-
tions and repeated gesture action requests on users. Furthermore, 
to improve detection performance, it is necessary to investigate 
whether increasing the image size can capture the fne Doppler 
shifts during gestures that were previously undetected. This should 
be done while considering the balance between computational cost 
and performance. Also, IMUs and microphones in hearables to 
monitor user activity have been studied extensively [22, 40, 49]. We 



EarHover: Mid-Air Gesture Recognition for Hearables Using Sound Leakage Signals UIST ’24, October 13–16, 2024, Pitsburgh, PA, USA 

will use these methods to develop a detection model that dynami-
cally changes the detection model and threshold settings depending 
on the user context. 

7.1.2 Gesture Classification Performance. Our gesture selection 
process resulted in the inclusion of both Twist-OF/TF gestures, lead-
ing to frequent confusion between them. This indicates a faw in 
our selection process. Moving forward, it is essential to comprehen-
sively evaluate the actual recognition performance and confusion 
tendencies of candidate gestures to determine the optimal gesture 
set. 

Our classifcation performance was lower compared to Xiu et 
al. [54]’s touch gesture input method, achieving an 8-gesture clas-
sifcation rate of 95.3%. This is due to the instability of gesture exe-
cution in EarHover, as users could not verify their actions through 
touch feedback or visual observation. Repeated practice and use 
are efective in achieving stable gesture operations. We plan to 
incorporate systems that provide auditory and vibratory feedback 
during practice sessions to facilitate efcient learning. We also 
plan to conduct long-term research to understand how recognition 
performance improves with continued use. In addition, improve-
ments are needed where the recognition system adapts to stable 
user actions, such as through online learning that incorporates 
high-quality gesture operation data into the recognition model. 

In this study, we evaluated gesture classifcation using individual 
models. The results of the Leave-One-Subject-Out Cross-Validation 
model (LOSOCV model) showed a signifcantly low classifcation 
rate of about 48% for seven mid-air gestures. This is believed to 
be due to the variability in users’ reproduction during gesture 
execution and the fact that the shape of the hands and ears difers 
among users [17], resulting in diferent refection characteristics 
of the sound leakage signal for each individual. Even when adding 
each user’s data to the LOSOCV model, the individual models still 
performed better given the same amount of data. In the future, 
we aim to enhance the individual model training by efectively 
utilizing data from other users. This could involve identifying and 
extracting data points that closely resemble a specifc user’s data, 
thereby enriching the training dataset and potentially improving 
model accuracy and personalization. 

7.2 Limitations 
This study utilized a prototype device equipped with an additional 
external microphone to validate the EarHover concept. In the fu-
ture, we aim to conduct evaluation experiments using the built-in 
microphones of commercial hearables. This transition will enable a 
more robust demonstration of EarHover’s compatibility and func-
tionality with standard hearables. Platforms proposed by Yetong 
et al. [14], which allow direct access to these built-in microphones, 
will be instrumental in further refning EarHover’s integration and 
efectiveness. We also used an external power source, which is 
not feasible for mobile systems. We will focus on using MEMS 
microphones and amplifcation circuits that can be embedded in 
hearables. 

In the auditory impact experiment, most participants were be-
tween 21 and 23 years old. To further validate the practicality of 
EarHover, it is crucial to conduct studies involving teenagers, who 
generally have a broader auditory range. 

The resulting gesture set does not necessarily result in the ges-
ture set with semantic and understandable mappings, instead it is 
a more random set of gestures that work well for the system and 
are rated as comfortable. We have to investigate a balance between 
the gesture set with semantic and the EarHover’s performance. 

7.3 Future Works 
Environmental noise and ambient light noise have afected existing 
research on touch gesture methods. The sound leakage signal used 
in our method can also detect hand motion during touch gestures. 
For future work, we would like to investigate multimodal appli-
cations such as a noise-robust touch gesture recognition system 
using sound leakage signals. 

We found that daily activities like raising the hand can refect 
sound leakage signals, leading to false detection in mid-air gesture 
recognition systems. This challenge also hints at the potential for 
employing sound leakage to recognize user movements. Future 
work will explore leveraging this signal for detailed hand motion 
capture and a broader contextual understanding of user posture 
and movement patterns. 

8 CONCLUSION 
In conclusion, this study introduces EarHover, the frst mid-air 
gesture input system for hearables using sound leakage, integrated 
with built-in speakers and external microphones. This pioneering 
system ofers contactless, noise-free interactions, enhancing the 
usability of hearables by overcoming the limitations of touch-based 
inputs. We developed 27 distinct mid-air gestures for EarHover, 
selecting seven for their discriminability and user preference. Our 
experiments in various real-world scenarios confrmed EarHover’s 
minimal impact on music listening and its efectiveness in gesture 
recognition, showcasing the practicality and adaptability of the 
system across diferent device types. By integrating with standard 
hearables components, EarHover minimizes cost while maximizing 
compatibility, marking an advancement in hearables technology. 
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