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In this study, we show a new gesture recognition method for clothing-based gesture input methods using active and passive
acoustic sensing. Our system consists of a piezoelectric speaker and a microphone. The speaker transmits ultrasonic swept
sine signals, and the microphone simultaneously records the ultrasonic signals that propagate through the garment and the
rubbing sounds generated by the gestures on the garment. Our method recognizes a variety of gestures, such as pinch, twist,
touch, and swipe, by incorporating active and passive acoustic sensing. An important feature of our method is that it does
not require a dedicated garment or embroidery embedded since our system only requires a pair of piezoelectric elements
to be attached to the usual garment with a magnet. We performed recognition experiments of 11 gestures on the forearm
with four types of garments made from different materials and recognition experiments of five one-handed gestures on the
button of a shirt and the pocket of pants. The results of a per-user classifier confirmed that the f-scores were 83.9% and 95.9%
for 11 gestures with four different types of garments and 5 gestures that were selected assuming actual use, respectively. In
addition, we confirmed that the system recognizes five gestures, which can be performed with one hand, with 89.2% and
92.6% accuracy in the button and pocket sites, respectively.
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1 INTRODUCTION

Wearable devices, such as hearables and smartglasses, have become more prevalent in daily life. However, these
devices have the problem of operating because the user is required to touch the device itself to operate it, which
limits operability. To address this problem, researchers have attempted to develop methods to extend these
devices’ operability by using hand and skin touch gestures. Such methods include those using electromyography
sensors [14] and those using a pair of piezoelectric speakers and microphones [30, 47]. These methods require
the users to directly attach the sensing devices to their skin. Hence, the user may feel uncomfortable because
the devices give the user a strong sense of mechanics and wear [21]. To address this issue, smart clothing has
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attracted attention as a future wearable sensing device; it has the potential to sense rich user information, such
as gestures, posture, and biometric data, in a manner that is integrated into our daily lives [10]. Since most users
in their daily lives wear clothing, the surface of the clothing could potentially be used as a touch interface, and if
so, uncomfortableness can be reduced compared with the device being attached to the skin directly.

In regard to the research of input methods for smart clothing, most of them use conductive fibers to recognize
gestures by detecting changes in resistance or capacitive values caused by the stretching and contact with the
fabric. However, the use of conductive fibers requires a dedicated garment or embroidery embedding in the usual
garment; hence, a lot of dedicated garments or embedding costs are necessary to always use the gesture input
function with smart clothing since clothing has many roles, such as assisting in body temperature regulation,
body protection, and self-expression, and thus different clothing is worn for different usage scenarios. Therefore,
a user should be able to add smart clothing functions to a garment that they wear daily.

In this paper, we show a new gesture recognition method that uses the surface of usual garments as an input
interface with active and passive acoustic sensing (Fig. 1). We focus on garment deformation and the rubbing
sound generated by the gestures on the garment. Specifically, our method uses a pair of piezoelectric elements:
one for transmitting ultrasonic signals and one for recording both ultrasonic signals that propagate through the
taut garment and the rubbing sound during gestures. With these elements, our system can sense the deformation
of the garment using an ultrasonic signal that propagates through it, and finger movements by the rubbing sound.
As a result, our method recognizes a variety of gestures, such as pinching, twisting, touching, and swiping, on a
garment that is difficult to propagate acoustic signals and has a changeable shape. Moreover, since our system
only requires a pair of piezoelectric elements to be attached to the garment, it can be used for gesture recognition
on usual garments and can be easily reconfigured the interface to other garments or sites by simply re-mounting
the device.

The main contribution of this paper is the investigation of the relationship between acoustic sensing and
garments (performance of each gesture, multiple garments/sites, effects of attaching/detaching the device, and
effects of noise) and a deeper understanding of our system. As a result, the feasibility of our system in the most
stable environment (under sitting conditions in the room), which is considered a possible usage scenario, was
fully demonstrated. However, the position of this paper is a basic investigation of the feasibility of our system, not
a study of its performance while walking or in many actual usage environments. In summary, the contributions
of this paper are:

e We show a new gesture recognition method that uses the surface of usual garments as an input interface
with active and passive acoustic sensing, which enables the user to input a variety of gestures on the
garment and reconfigure the interface to other garments or sites by simply re-mounting the device.

e We implement a prototype device and investigate the effect of the acoustic properties of garments on
gesture recognition through gesture experiments on the forearm using four different types of garments
with 12 participants.

e We show that the average f-score of the per-user classifier of 11 gestures for four types of garments was
83.9% and that of five gestures considering actual use was 95.9%, which reveals that the user can use our
system on multiple garments.

e We show that the average f-score of the per-user classifier of five gestures for the button site experiment
was 89.2% and that for the pocket site experiment was 92.6%, which reveals that the user can use our system
on multiple sites.
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Fig. 1. Assumed scenes of system use. a: Earphone control. b: Smart glasses control. ¢: Smart home appliance control.
d: User wearing the device. The user stretches the garment for the propagation of the ultrasonic signal during gestures.
The experiment was conducted in the most stable environment where the system is expected to be used (seated state) to
investigate our system's basic performance comprehensively.

2 RELATED WORK

The goal of this study is to perform gesture recognition with a usual garment surface as an interface by acoustic
sensing. Our method intersects with previous studies in three main areas: smart clothing, garment-mounted
devices, and acoustic sensing.

2.1  Smart Clothing

Many studies on smart clothing range from basic research to realize an embedding method with high performance
in terms of implementation cost, durability, and sensing accuratyd 9, 26 29, 32, 34 36 38 39 4§ to research
for practical applications.

In the research on ber embedding methods, RESi|[and Project Jacquard3f] are novel sensing approaches
that enable a yarn-based resistive pressure sensing and capacitive touch capabilities, respectively. ITexYZ [
is a method for the rapid and e ortless manufacturing of textile mutual capacitive sensors using a commodity
embroidery machine. Wu et al4f proposed a dual-sided woven touch sensor that can recognize the interactions
on the top of the bottom surface of the sensor. They also evaluated the performance of gesture recognition by
embedding sensors in the cu of a denim jacket.

Most research on practical applications focused on gesture recognitl@nl[g 37, 41, 45 49, posture esti-
mation [7, 8, 24, 25 27], and vital sign sensing17, 19 20 4Q. In regard to gesture recognition, there are two
mainstream methods: one is to use the surface of a garment as an interface to recognize touch gestures by
embedding conductive bers, and the other is to use the Doppler e ect to recognize touchless gestures by placing
conductive bers to act as antennas. In the former study on touch gestures, SmartSla@vs b sleeve-shaped
device with a grid of conductive parts that recognizes nine gestures, including twirl, twist, fold, push, and stretch,
with 89.5% accuracy. In the latter study on touchless gestures, Fabri¢giatilizes Doppler motion sensing with
embedded conductive bers to recognize touchless gestures, such as rub, swipe, and thumb slide. The evaluation
results reported a 92.8% cross-validation accuracy and 85.2% leave-one-session-out accuracy with 11 touchless
gestures and one touch gesture. In regard to posture estimation, studies have been conducted to estimate a posture
by recognizing bends and twists in various parts of the body using conductive bers embedded in clothing as
stretch sensors. Corinne et akf] proposed a garment prototype using strain sensors to recognize upper body
postures. Their evaluation showed that the recognition accuracy was 97.0% for 27 upper body postures when the
classi cation was adapted to the individual participant. Ruibo et &4[proposed a system that estimates elbow
joint angles by sensing the resistance change due to strain and pressure with o -the-shelf conductive fabrics and
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a micro-controller. The evaluation results reported that the median error W&9® across users with di erent

arm sizes under motions with various speeds and magnitudes. In regard to vital sign sensing, Phyi@rhag

two types of textile-based sensors that obtain pressure changes in the textile due to cardiac and respiratory
rhythm and estimate heart rate and respiration rate with high accuracy. Li et &l] [mplemented a continuous
perspiration level monitoring system by sensing the amount of sweat absorption using conductive bers covered
with cotton braids. In addition to the aforementioned research on the practical application of smart clothing, Wu

et al. [5( proposed a pocket-based textile sensor that detects user input and recognizes everyday objects that a
user carries in the pockets of pants.

These studies using conductive bers require a dedicated garment or embroidery to be embedded into each
garment; hence, the user needs to prepare a dedicated garment and embroidery embeddings for each scenario. By
contrast, our system consists of a pair of piezoelectric devices that are easy to attach and detach; therefore, our
method can recognize gestures on usual garments, and the interface can be recon gured to other clothing or
sites by simply re-mounting the device.

2.2 Garment-Mounted Device

Several studies have focused on devices that can be attached and detached from a garment for gesture recognition.
For example, Whack Gesture$ is a casual eyes-free accelerometer-based device attached to a user's pocket,
which can recognize a tap gesture. Zipprd] is a zipper-shaped device with an infrared (IR) sensor, capacitive
sensor, and ngerprint sensor. The research explored the possibilities of interaction with ubiquitous zipper-
bearing objects, with a focus on opportunities for foreground and background interactions. SensorS#aps [
is a button-shaped device with a low-power wireless 9-axis inertial measurement unit (IMU) sensor that can
recognize tap, touch, and rotation gestures.

As with our study, the feature of these studies is that the device can be re-mounted from usual garments easily
and quickly. In contrast to these studies, we focused on a gesture recognition system that uses the surface of
usual garments as an interface to recognize a rich context of touch and motion gestures.

2.3 Acoustic Sensing

Acoustic sensing can be broadly classi ed into two types: active and passive. Research on gesture recognition
and the construction of touch interfaces using each type is summarized as follows:

2.3.1 Active Acoustic SensiAgtive acoustic sensing is a sensing technique that transmits acoustic signals
using speakers and captures the propagated or re ected signals using microphones. The system recognizes the
state of the target by analyzing the captured signals. Watanabe etld.gnd Kubo et al. 3 proposed a gesture
recognition method using the propagation of an ultrasonic signal through a body. The Sound of T&tEh [
recognizes on-body touch and hand gestures using transdermal ultrasound propagation. Takemuraiét al. [
proposed a wearable sensor system that estimates the angle of an elbow and the position of a tapping nger
using bone-conducted sound. These studies focus on the recognition of movement and shape of a human body
by applying sound to it. In addition, several studies focus on using existing objects as touch interfaces and
recognition sensors, 33 43. For example, Touch & Activate3f is an acoustic touch sensing technique that
recognizes a rich context of touches, including grasp on existing objects. SenseSurfhised sensing system

that can recognize an object and its position on an acrylic at plate.

2.3.2 Passive Acoustic Sendiagsive acoustic sensing recognizes a user's input and context by capturing and
analyzing the sounds generated by a user's actions. The Sound of One Haretpgnizes ngertip gestures,
such as tapping, rubbing, and icking, by analyzing bone-conducted sounds. Stifés[a hand-held interaction
device that can classify the sound generated by actions, such as scratching and rubbing. Scratch thjzut [
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Fig. 2. Ultrasonic signal propagation and rubbing sound of garments.

Fig. 3. Gesture recognition flow for our method.

an acoustic-based input technique using the unique sounds generated by scratching the surface of textured
material. Skinput L7 estimates the tapped position on the skin by the sound propagated through the body using
a microphone array. BackPadf] identi es which nger is tapping on the back of a smartphone by analyzing the
sounds generated by it. To e€d[]] recognizes the tap position around a device using acoustic time di erences of
arrival correlation. Mingshi et al.4] proposed an input method that can recognize gestures and handwriting
by analyzing the sound generated by sliding ngers on a table. EarBudd¥ fecognizes gestures on a surface
around the ear, which was implemented in a commercial-o -the-shelf earbud.

Our method recognizes the context of touches on an object like Touch & Activategnd surface gestures
like EarBuddy p2. In contrast, we focused on garments as a gesture interface. Note that, clothing is di cult
for acoustic signals to propagate and its shape is not as stable as the target used in previous s3adiek [
To address this problem, we used active and passive acoustic sensing simultaneously to recognize a variety of
gestures, even for objects such as garments that are di cult to propagate ultrasonic signals.

3 OUR GESTURE RECOGNITION METHOD

In our gesture recognition method, users attach a pair of piezoelectric elements to their clothing. One is used
to transmit ultrasonic swept sine signals through the garment, and the other is used as a microphone to record
acoustic signals from the garment. Generally, when the garment is deformed (e.g., when the user touches the
garment with a nger), ultrasonic signals obtained at the microphone change due to the cloth's deformation and
absorption of the signals into the human body. When the garment is rubbed (e.g., when the user passes a nger
across the garment), a rubbing sound is generated by friction (Fig. 2). Furthermore, both the ultrasonic signals
and rubbing sound obtained during the gesture di er for each gesture due to the deformation of the garment,
trajectory of the movement, and time that a gesture takes to nish. Hence, the frequency response changes for
each gesture. With this phenomenon, our system recognizes a variety of gestures on a garment using active and
passive acoustic sensing. Speci cally, our system detects the occurrence of a gesture on the garment and then
extracts features from the sounds of the gesture to be classi ed with machine learning. Fig. 3 shows the gesture
recognition ow of our method. In this study, we use ultrasonic swept sine signals for active acoustic sensing as
they are beyond the range of human hearing.
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Fig. 4. Measurement environment (le ) and position of the weights for deformation (right) shown as red dots.

Fig. 5. Changes in frequency spectrum. a: Tension test. b: Deformation test.

3.1 Active and Passive Acoustic Sensing on the Cloth

Because we could not nd any studies that used acoustic signals to recognize gestures on garments, we conducted
preliminary investigations to examine whether ultrasonic signals propagating through clothing and a rubbing
sound can be used for gesture recognition on the garment. To test the possibility of gesture recognition using
active acoustic sensing, we observed the changes in the frequency response when tension and deformation were
applied to the cloth because such changes due to tension and deformation are expected to occur during gestures.
Fig. 4 shows the measurement environment. The cloth of the o -the-shelf jeans (100% cotton, non-conductive
bers, thickness:0’50mm) was cut into a rectangular shape and sewn so that tension weights could be placed on

it. We transmitted a swept sine signal that shifted from 18 to 48 kHz over approximat&lmsinto the cloth.

The sampling rate was 96 kHz, and 16-bit quantization was applied. The piezoelectric elements were a Thrive
OMR20F10-BP-310 for the speaker and a Murata 7BB-20-6L0 for the microphone; they werelgf@cedapart

on the cloth. We used a Roland OCTA-CAPTURE audio interface to convert signals from analog to digital and
digital to analog and a Lenovo ThinkPad X270 to analyze the data.

We observed the frequency spectrum in the following two tests: tension and deformation. In the tension test,
we placed &0 gdeformation weight at the midpoint between the two piezoelectric elements and varied the
tension weights t0100 g 150 g 200 g 250 g and300 g In the deformation test, we applied 800 gtension weight
and moved &0 gdeformation weight to the microphone side, the midpoint, and the speaker side. Fig. 5 shows the
changes in the frequency response in the tension and deformation tests, respectively. As shown in these gures,
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Fig. 6. Spectrograms during gestures on garment around the inside of forearm. a: Twisting. b: Drawing a circle.

changes in tension or deformation cause di erences in the frequency response on a usual garment. Therefore,
di erent gestures could generate di erent frequency responses since each gesture causes di erent changes in
tension and deformation in the garment, suggesting that active acoustic sensing could be used to recognize
gestures on such a garment.

Although active acoustic sensing is e ective for recognizing a stationary state, such as the way of touch, by
continuously analyzing the frequency response, it is ine ective at recognizing a non-stationary state, such as the
trajectory trace of a swiping gestured[]. In addition, we consider that passive acoustic sensing is e ective at
recognizing a non-stationary state because such gestures generate a loud sound at the interface between the
object and skin. To test the possibility of gesture recognition using passive acoustic sensing, we investigated
the changes in a frequency spectrogram to determine whether a rubbing sound is di erent depending on the
gesture. Speci cally, we attached a piezoelectric element on the o -the-shelf shirt (100% cotton, non-conductive
bers, thickness:0"33mm) around the inside of a person's forearm. Then, we recorded the sound when the same
person performed di erent gestures around the piezoelectric element. The sampling rate was 96 kHz, and a 16-bit
guantization was applied. The piezoelectric element was a Murata 7BB-20-6L0 for the microphone. Fig. 6 shows
the actual frequency spectrogram when the person performed a twist gesture and drew a circle, respectively. As
shown in these gures, the frequency spectrum's distribution, duration, and temporal variations were di erent
for each gesture. This result suggests that passive acoustic sensing could be used to recognize such gestures.

3.2 Gesture Part Extraction

Before recognizing a gesture, the system needs to detect the occurrence of gestures. In this study, we detect
gesture occurrences using a threshold based on a spectral moving average. By observing the spectrograms of
several gestures, we found that the sound caused by the gestures was loud in the audible range at the time of
contact between the garment and skin, and the spectral power remained high until the end of the gesture. Thus,
we use two moving averages: short-term and long-term moving averages. We rst use the short-term moving
average to detect the moment of skin/garment contact and then use the long-term moving average to determine
whether the gesture was performed. The moving averdge?!: © of the spectrogram is expressed in the following
equation:

B’
8 =1

Here,: is the: -th index of the spectrograms is the number of total periods, an@} is the overall value of the

&th spectral power. We estimate the gesture occurrence using': © with two di erent values: =g and=. for

the short-term and long-term moving averages, respectively. .Lée the start time of the gesture when the

two moving average values obtained in these two total periods exceed the threshold set for each. The audio
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data before and after the start time of the gesture is extracted at a xed length and used as the audio data of the
gesture for machine learning.

3.3 Feature Extraction and Classification

Feature extraction was applied to the audio data of the gesture to increase machine learning e ciency. In this
study, we used features that are commonly used in sound recognition since each gesture has a di erent completion
time and spectral features, as shown in Fig. 6. Speci cally, we extracted spectral features and waveform features
from the audio data. For the spectral features, we used the linear frequency cepstral coe cients (LF&Ldh|[
contrast to the Mel-frequency cepstral coe cients (MFCCs), which are used for audio and speech recognition,
LFCCs use alinear lter bank to reduce the dimensions of the audio signal. We consider LFCCs to be suitable
features because MFCCs do not equally extract features from the target range, considering the characteristics of
human hearing. In addition to LFCCs, we used spectral features that are commonly used in sound recognition,
i.e., centroid, subband peak, ux, roll-o, atness, and bandwidth. For the waveform features, we extracted four
types of features: zero-crossing rate, root mean square, variance, and attack time, which are commonly used in
sound recognition. Except for the LFCCs, these features were extracted without change because they were not
Itered to match the characteristics of human hearing.

In the classi cation, we used a support vector machine (SVM) as a classi cation algorithm. Although other
classi cation algorithms, such as decision tree algorithms or ensemble learning algorithms, can be considered,
we selected an SVM because the recognition result was the best. The data used for training is automatically
extracted by the algorithm described in the aforementioned section; hence, the amount of data for each label is
unbalanced. To make the amount of data for each label equivalent, we oversampled the other label data to match
the amount of label data that was extracted the most.

4 |IMPLEMENTATION

Our implementation comprises hardware, which transmits ultrasonic signals and records the sound around the
garment, and software, which detects the gesture occurrence and predicts the gesture from the audio data.

4.1 Hardware

The hardware of our system consists of a pair of piezoelectric devices. The piezoelectric element on the speaker
side converts electrical energy into vibrations via the inverse piezoelectric e ect, generating sound. In contrast,
the piezoelectric element on the microphone side converts sounds into electrical energy with the opposite e ect.
For e cient audio transmitting and recording, it is important that the piezoelectric elements are in close contact
with the boundary surface. Hence, we adopted a method of pinching from both sides with magnets, which enables
the devices to be re-mounted easily and to adhere to the garment. Fig. 7a shows the implemented device, and
Fig. 7b shows the device and attaching structure. The top of the device was covered with glue so that the signal
strength propagating through the garment was su ciently larger than that propagating through the air. We
observed the spectrograms in real-time and did not nd Doppler shifts during gestures in the air. For signals
propagating through the human body, the part that touches the skin is the magnet at the bottom, and the magnet
and cloth are sandwiched between the piezoelectric element and the skin. Therefore, the signal propagating
through the human body is extremely small. We con rmed that there was no change in the spectrogram, although
we moved our ngertips and contracted the muscles on the inner side of the forearm while wearing the device.
Fig. 8 shows the con guration of the hardware used in this study. The piezoelectric elements were a Thrive
OMR20F10-BP-310 on the speaker side and a Murata 7BB-20-6L0 on the microphone side. We used a Roland
OCTA-CAPTURE audio interface to convert signals from analog to digital and digital to analog and a Mouse
Computer DAIV 4N to analyze the data.
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Fig. 7. Experimental devices. a: Implemented device. b: De-
vice and a aching structure. Fig. 8. Device configuration.

4.2 So ware

The sampling rate for transmitting/recording sound signals w@8kHz, and a 16-bit quantization was applied.

For the active acoustic sensing, we used a swept sine signal that shifted ¥®m48kHz over approximately

85ms (8,192 samples). For the frequency range, we used the maximum usable range considering inaudible for
humans (8kHz or higher) and the Nyquist frequencyl8kHz). For the signal transition time, we conducted
preliminarily gesture recognition experiments with two patterns of transition time: 8,192 and 16,384 samples.
However, there was no di erence in accuracy; hence, we selected 8,192 samples to reduce the window size for an
FFT. The speaker transmits the signal repeatedly, and the microphone records the response.

Fig. 9 shows the software ow of our system. For gesture detection and the extraction of the gesture part,
we set=g to 2 and=. to 8. We extracted 196,608 samples (approxima2ed#8ns) for the gesture part; it begins
32,768 samples (approximate¢ins) before the start of the gesture. We use only audio data extracted using a
threshold.

For feature extraction, we ltered the audio data with a 32,768-point Hamming window that includes at least
three cycles of the swept sine signal. The window was shifted with 8,192 samples to extract the time variation of
the features. Therefore, we acquired 24 framEOE608 32768+8192, 1= 24 of sound arraysZ4 32769
from the audio data of the gesture part. We extracted the features described in Section 3.3 from each frame;
however, the attack time was extracted from the audio data of the gesture part. For the number of Iter banks,
we conducted preliminarily gesture recognition experiments with two patterns of Iter banks: 20 and 60 banks.
However, there was no di erence in accuracy; hence, we selected 20 banks to reduce the number of dimensions
of features. We removed the rst LFCC, which is the DC component. The total number of feature dimensions
obtained from the audio data of the gesture was 673.

We used a swept sine signal that shifts frob8 o 48kHz; hence, we categorized the audio data into three
frequency bandwidth patternailtrasonic rang€l8 48 kH2), audible rang€0 18 kH2, andall range(0 48 kH32).

From these frequency bandwidth patterns, we selecedible rang@ndall rangefor extracting features because

the recognition accuracy for the features generated by these two bandwidths had higher accuracy and was the
most robust to noise. The derivation of the selected frequency pattern is described in detail in Section 5.3. The
total number of dimensions of the features used for machine learning was 1,346 (8).3Ne implemented the
software for the measurements and data analysis using Python 3.7.

5 EVALUATION

First, we explain the experimental setup, including the selection of gestures and data collection procedures. Next,
we present the evaluation of gesture extraction and the preliminary experiments for selecting frequency patterns
that are important in the recognition algorithm. Subsequently, we present forearm experiments to evaluate
di erences in garments, the relationship between the amount of data and the recognition accuracy, and the
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Fig. 9. So ware flow of our system.

reusability of a classi cation model. Finally, we present experiments in the button and pocket parts to investigate
gesture recognition performance for other sites.

5.1 Experimental Setup

5.1.1 Gesturen this study, we conducted a gesture experiment using the area around the forearm as the basic
input area because it is the most studied position in related wor&s {11, 45 (Fig. 10). To design the gestures
used in our system, it is necessary to consider the following three conditions caused by the recognition algorithm
and device con guration of our system:

Deformation of the garment between the speaker and micro@estares must cause the garment to deform
between the speaker and microphone to change the propagation of the ultrasonic signal.

Asymmetrical gestures with respect to the speaker and microphermaovements of a gesture must be
asymmetric with respect to the line connecting the speaker and microphone with other gestures. This is
because two symmetric gestures, such as the upward/downward swipe where the nger crosses the line
perpendicularly, could generate audio data similar to each other.

Gestures without touching the devitke distance between the devices is seft@cm for the forearm
experiment, which is described in Section 5.1.2. Gestures between the speaker and microphone must be
performed by the ngertip because hand gestures have a high possibility of touching the element at this
device's distance.

We selected six gestures (twist, touch, swipe (right/left), and pinch in/out) that met the aforementioned conditions
from the related study that investigates the performance of gestures on garmé&tslp addition, we added ve
gestures (pick up, rotation, grasp, and circle (clockwise/anticlockwise)) that met the aforementioned conditions.
As aresult, we selected 11 gestures in total. A user pulls their sleeve to propagate the swept sine signal when
performing a gesture. In addition, a user performs the gesture between the microphone and speaker, except for
the rotation and grasp gestures. For the rotation gesture, the rotation angle was xed at 90 degrees. For the grasp
gesture, the position to grasp is on the backside where the device is located.

5.1.2 Data CollectioTable 1 shows the garments that were used in the forearm experiment. A garment consists
of various parameters, such as ber material, fabric thickness, weave, surface treatment, and ber thickness.
To investigate the e ect of these di erences on gesture recognition accuracy, we need to prepare the garments
that di er only in one parameter. However, it would have been di cult to prepare such garments, and the
combinations of the experiments would have become large. Therefore, we investigated the di erence in gesture
recognition accuracy following the type of garment (shirt, eece, and jacket) in this experiment. We selected
these garments because they are the outermost part of one's clothing. We collected the data for 12 participants
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