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Abstract— Ring-shaped devices are small, socially acceptable
wearable devices that are gaining attention as health tracking
and input devices. Although various ring-shaped input devices
have been developed, they are limited in the direction of
rotation when worn, requiring the user to be aware of the wear
direction while wearing or operating the device. We propose the
SkinRing, a ring-shaped device that enables gesture input on the
side of the finger, regardless of the wear direction. The SkinRing
consists of eight photo-reflective sensors attached to a ring,
which is put on the index finger and acquires skin deformation
information for gesture identification when the thumb touches
the side of the index finger. The initial calibration of the
hand’s opening and closing allows for input independent of
the direction of rotation of the ring when worn. A user study,
where the identification results of nine gestures were given,
shows an average accuracy of 87.8%.

I. INTRODUCTION

Rings are prevalent accessories that have been extensively
researched for interactive functionalities. Because of their
small size and social acceptability, rings have attracted
attention for use as input devices, and various ring-shaped
input devices have been developed. Yet, due to their ring-
shaped form factor, the input space is often limited to one-
dimensional input [1], [2]. To expand this input capacity,
previous studies have utilized the surrounding skin area [3],
[4]. For instance, EFRing [3] harnesses electric field sensing
to facilitate two-dimensional gesture input on the adjacent
skin. FingerSound [4] uses a contact microphone and a
gyroscope sensor to enable two-dimensional gesture input
on the palm of the hand. Furthermore, users of ring-shaped
devices often need to ensure the device’s correct positioning
on their finger to maintain accurate input coordinates. This
makes it difficult to operate the device when users cannot
see the hand and cannot reposition the device. Therefore, in
order to improve the usability of the ring-shaped device, it is
effective to enable input independent of wear direction and
to eliminate the need to adjust the direction of rotation of
the ring when wearing it.

We propose the SkinRing, a ring-shaped device that en-
ables gesture input on the side of the finger independent
of wear direction (Figure 1 (c)). The SkinRing consists of
eight photo-reflective sensors attached to a ring that irradiates
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Fig. 1. (a) Direction of infrared radiation. (b) Calibration movement of
hand’s opening and closing. (c) SkinRing detects gesture input when the
thumb touches the index finger. (d) Input with your hands down.

infrared light onto the finger. Photo-reflective sensors are
mounted at equal intervals around the ring to ensure that,
through calibration, input is independent of wear direction of
rotation. Therefore, the SkinRing always allows input on the
same plane even when the ring is rotated, enabling intuitive,
eyes-free input. Moreover, the SkinRing allows for thumb
gestures by tracing the skin of the index finger. This provides
tactile feedback to both fingers, which is necessary for eyes-
free input. With the SkinRing, you can even input with your
hands down (Figure 1 (d)).

In this study, two levels of identification are used: the
first is identification of the wear direction of ring rotation
in which the ring is worn, and the second is gesture identi-
fication. We extracted features from the time-series data of
skin deformation when the hand is opened and closed and
identified the wear direction of ring rotation with random
forest classification. Then, we extracted features from the
time-series data of skin deformation when the thumb touched
the index finger and identified the gestures with random
forest classification also using the result of the identification
of the wear direction. A user study, where the identification
results of nine different gestures were given, revealed an
average accuracy of 87.8% for gestures in eight different
wear directions of rotation with calibration. This indicates
that gesture input independent of wear direction of ring
rotation is sufficiently feasible and therefore contributes to
promoting comfortable and convenient input methods.
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II. RELATED WORK

A. Ring-shaped Input Devices

A lot of hand-based input methods have been studied,
which allow humans to make minute movements. These
include two main types of devices: wristband-type devices
worn on the wrist [5], [6], [7] and ring-shaped devices worn
on the finger [8], [9], [10], [11], [12], [13], [14], [2], [15],
[3], [4]. These wristband-type devices have the advantage
of being able to identify gestures using the entire hand, but
they also have the disadvantage that the devices are large
and conspicuous. In contrast, ring-shaped devices are smaller
devices that can identify gestures.

Many ring-shaped input devices have been studied. These
devices include those that allow input by directly touching
the ring [12], [13], by touching a flat surface or other
object [8], [13], by estimating hand posture [9], [10], and
by using air gestures [11], [13].

Many studies also use the skin itself as an input surface.
These studies have the advantage of using the skin surface
as an interface to provide tactile feedback. For example,
OptiRing [14] used low-resolution camera-based sensing to
enable thumb-to-index finger gesture input, such as stateful
pinch, swipes, and continuous one-degree-of-freedom input.
Waghmare et al. [2] used active electrical field sensing and
changes in the electrical impedance of the hand to enable var-
ious functions, including one-dimensional gesture input and
user identification. Zhang et al. [15] enabled one-dimensional
gestures of the thumb on each of the other fingers using an
inertial measurement unit and a contact microphone. There
are also devices that specifically enable two-dimensional
gesture input. These include EFRing [3], which enables two-
dimensional gesture input using electric field sensing. Zhang
et al. [4] enabled two-dimensional gesture input with the
palm of the hand using a contact microphone and a gyro
sensor.

However, these devices that enable two-dimensional ges-
ture input have limitations concerning the direction of rota-
tion of the ring, requiring users to be cautious while wearing
them. In this study, we propose a method to overcome this
limitation by implementing calibration techniques, which
allows for input independent of the direction of ring rotation
and a more user-friendly experience.

B. Skin Deformation Detection

There are several studies that use photo-reflective sen-
sors to detect skin deformations on body parts other than
the finger. Some interface with ears [16], or cheeks [17],
while others recognize facial expressions using earrings [18],
glasses [19], and masks [20] through skin deformations.
Some studies have also incorporated skin deformation into
input methods using hands, which are capable of minute
movements. Kitamura et al. [21] proposed a fingernail-type
device that uses skin deformation of fingertips to identify
micro gestures drawn on the index finger with the thumb.
Ogata et al. [22], [23], [24] developed a wristwatch-type
gesture input device using skin deformation of the wrist.

They also proposed an input method that is performed
by wearing a band-type device and moving the skin with
the finger. Furthermore, they proposed a method to detect
external pressure and finger rotation through a ring-shaped
device.

However, the possibility of gesture identification with
this ring-shaped device [24] has not been mentioned. In
this study, a wide range of practicalities is considered by
measuring the accuracy of gesture identification using a ring-
shaped device that detects skin deformation.

III. SKINRING

We first explain the principle of skin deformation detection
and then present the hardware we used. Finally, we describe
in detail the identification system, including the calibration
and gesture identification methods used.

Fig. 2. Photo-reflective sensors detect skin deformation.

A. Principle of Skin Deformation Detection

In this study, photo-reflective sensors are used to detect
skin deformation. A photo-reflective sensor emits infrared
light from a light-emitting element and detects the reflected
light with a light-receiving element. The amount of reflected
light varies depending on the distance between the object
and the sensor, allowing the distance to be measured. When
the hand is opened or closed, or when the thumb traces the
side of the index finger, the skin near the ring undergoes
deformation. The skin deformation is detected by measuring
the distance between the photo-reflective sensor and the skin
of the finger, as shown in Figure 2, and the sensor values
are used to calibrate the direction of rotation of the ring and
identify gestures.

B. Hardware Design

The device made in this study is shown in Figure 1 (a).
Eight photo-reflective sensors (SG-105: Kodenshi Corp.) are
attached to a ring made by a 3D printer. Based on symmetry,
the number of sensors was considered to be four or 16,
but eight was chosen for this study because four sensors do
not provide sufficient identification accuracy and there is not
enough space on the ring to attach 16 sensors. These sensors
emit infrared light to the finger. We measured the finger sizes
of the experiment participants and then made two types of
devices to fit the participants’ finger sizes: a large size and
a small size. The diameter of the large size is 21 mm, and
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Fig. 3. Calibration and gesture identification.

Fig. 4. Directions of ring rotation.

the diameter of the small size is 19 mm. The sensor values
acquired from the photo-reflective sensors are transmitted to
a laptop (ASUS: Zenbook 14) using an Arduino Pro Mini
3.3V. The sampling rate is approximately 80 fps.

C. Identification System

In this system, the wear direction of rotation of the ring is
initially predicted by calibration, and the predicted direction
of rotation is used in subsequent gesture identification to
enable gesture identification in any direction of rotation of
the ring.

1) Calibration: The purpose of calibration is to identify
the direction of rotation in which the ring is worn. In this
study, the hand is opened and closed twice from the closed
state as a calibration (Figure 1 (b)). Before gesturing, calibra-
tion movement is performed and eight sensor values of 160
frames each are acquired. After standardizing the time-series
data, each sensor data is divided into 10 parts in time-series
order (with 16-frame intervals), and five features (mean,
variance, maximum, minimum, and median) are extracted
for each part. The direction of rotation is then predicted
with a random forest (upper side of Figure 3). Based on
this prediction, the eight sensor gesture data is reordered to
reduce the effect of rotation of the ring and enable gesture
identification independent of wear direction of rotation.

2) Gesture Identification: After calibration, eight sensor
values of 160 frames each are obtained as gesture data,
and the order of the sensor data is rearranged to match the
wear direction of rotation predicted by the calibration after

standardization. Then, each sensor data is divided into 10
parts in time-series order (with 16-frame intervals), and five
features are extracted for each part just as in the calibration
process. Finally, the gesture is predicted with a random forest
(lower side of Figure 3).

Since the calibration process can only identify eight dis-
crete wear directions of rotation, it cannot predict the exact
wear direction. Therefore, in the gesture identification experi-
ment in eight wear directions (Figure 4) shown in Section IV-
C, we used not only the sensor data reordered to the actual
wear direction as training data at the time of evaluation,
but also the sensor data reordered to the two adjacent wear
directions: forward and backward. In the identification of
test data, in addition to the predicted probabilities for the
sensor data reordered to the wear direction predicted by the
calibration model, the predicted probabilities for the sensor
data reordered to the two adjacent wear directions were
calculated. Then the gesture with the highest probability
among all was chosen (Figure 5). We confirmed that this
method improves the accuracy of gesture identification. The
random forest classifier was created using the python scikit-
learn library.

IV. EVALUATION

A user study was conducted on 10 participants to measure
the identification accuracy of the SkinRing. There were eight
male and two female participants (mean age 23.3 years,
standard deviation 2.34 years), all of whom were right-
handed. The ring used varied between small and large sizes
according to the size of the user’s finger. Three participants
used the large size, and seven participants used the small
size. Participants wore the SkinRing on the index finger of
their right hand in the experiments. All experiments were
conducted indoors. All experiments were approved for ethics
application at the author’s home institution (ethics review
number: 2023-090).

A. Experiment 1: Gesture with Ring in One Wear Direction

1) Overview: In this experiment, as a baseline study, we
evaluated the gesture identification accuracy when partic-
ipants wore the SkinRing in one wear direction of ring
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Fig. 5. Identification method.

Fig. 6. Gesture set.

Fig. 7. Gesture identification accuracy in one wear direction.

rotation. We fixed the direction of rotation of the ring in
Direction0 with the wire pointing toward the back of the
hand, as shown in Figure 4, and a total of nine gestures
shown in Figure 6 were used to evaluate identification
accuracy. The gesture set used was from a previous study on
ring-based gestures [3]. Before the experiment, participants
practiced all gestures. In the experiment, one set consisted of
performing all nine gestures one time each, and participants
performed 10 sets of this. The ring was taken off and put
back on again after each set.

2) Results: We performed within-user and without-user
cross-validation on the 10 sets of sensor data acquired. In
within-user cross-validation, one set of gesture data was used

as test data and the remaining nine sets of gesture data were
used as training data for each individual, and in without-
user cross-validation, one person’s gesture data was used as
test data and the remaining nine people’s gesture data were
used as training data. As a result, the average within-user
identification accuracy of nine gestures was 90.7% and the
average without-user identification accuracy of nine gestures
was 67.2%. The within-user and without-user identification
accuracy for each user are shown in Figure 7. These re-
sults indicate that without-user identification is much more
difficult than within-user identification. This may be due to
the individual differences in finger size and gesture style.
It is difficult to unify skin movements among individuals
because skin moving gestures are not common, and this
method requires that a model be trained for each individual.

B. Experiment 2: Calibration of Wear Direction

1) Overview: This experiment evaluated the identification
accuracy of the wear direction of ring rotation predicted
by the calibration of the hand’s opening and closing twice
shown in Figure 1 (b). Participants performed the calibration
movement three times for each of the eight wear directions
of ring rotation shown in Figure 4. The angular interval in
each direction is 45 degrees. In Direction0, the wire points
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Fig. 8. (a) Identification accuracy of the direction of rotation. (b) Gesture identification accuracy in eight wear directions. (c) Identification accuracy of
nine gestures.

toward the back of the hand. The ring was taken off and put
back on again each time.

2) Results: We performed within-user cross-validation on
the acquired sensor data. One time calibration data for one
direction was used as test data, and calibration data other
than the test data were used as training data. As a result, the
average identification accuracy of eight wear directions was
58.8%. The confusion matrix is shown in Figure 8 (a). The
average distance error, which is the average distance between
the predicted label and the correct label when the distance be-
tween the label and the adjacent label is set to 1 for each wear
direction, was 0.413. The average identification accuracy was
99.2% when not only the actual correct label but also the
both neighboring labels were considered as correct labels.
These results and the confusion matrix reveal that calibration
cannot accurately determine the direction of rotation, but
it can make a prediction including the adjacent direction-
of-rotation labels, with a probability of almost 100%. The
adjacent wear directions are easily misidentified, and gesture
identification should take into account the possibility that the
gesture is in the wear direction next to the wear direction
predicted by calibration.

C. Experiment 3: Gesture with Ring in Eight Wear Direc-
tions

1) Overview: This experiment evaluated the gesture iden-
tification accuracy when participants wore the SkinRing in
the eight wear directions shown in Figure 4. Since the
gestures in Direction0 were recorded in Experiment 1 in
Section IV-A, participants performed three sets of gestures
in each of the remaining seven wear directions. One set
consisted of performing all nine gestures shown in Figure 6
one time each, and the ring was taken off and put back on
again after each set.

2) Results: We performed within-user cross-validation on
the three sets of sensor data for the eight wear directions
with and without calibration for each user. One set of gesture
data for one direction was used as test data and gesture
data other than the test data were used as training data. The
calibration model used was the within-user model created
from the data obtained in Experiment 2 in Section IV-B.
The results showed that the average identification accuracy of

nine gestures was 87.8% with calibration and 76.0% without
calibration. The identification accuracy with and without
calibration for each user are shown in Figure 8 (b), and
the confusion matrix of gesture identification accuracy with
calibration is shown in Figure 8 (c). Regarding the gestures,
it was observed that mistakes were easily made, especially
among the swipes (G3-G6) and check (G7) gestures. These
simple straight line gestures are more difficult to identify than
other gestures because the gesture times are comparable and
the increase or decrease in sensor values caused by the skin
moving in various directions is less characteristic in these
gestures.

The experimental results show that calibration facilitates
gesture identification independent of the direction of rotation
of the ring, as can be seen in the individual results. Consid-
ering the actual use of the device by users, it would be a
significant effort to perform 10 sets of all gestures in eight
wear directions in order to achieve the 90.7% identification
accuracy, which is the average identification accuracy of 10
sets of gestures in one wear direction. Therefore, the fact that
87.8% accuracy was achieved with only three sets of trials
is a major contribution of this study.

V. LIMITATIONS AND FUTURE WORK

A. Limitations

In this study, we proposed a method to enable input
independent of the direction in which a ring-shaped device
is worn. However, the proposed SkinRing has several limi-
tations. First, the usability of the device varies depending on
individual differences. Photo-reflective sensors emit infrared
light and measure the intensity of the reflected light, thus
the sensitivity of the sensors varies depending on the skin
color and individual features of the user’s skin surface.
Furthermore, because the size of the ring is fixed, the sensor
values vary depending on the thickness of the individual’s
fingers. In addition, the sensor values vary for the same
person depending on the degree of fingers swelling on any
given day. Therefore, in the future, it is necessary to calibrate
the initial sensor values with the ring on and to adjust the
sensitivity of sensors in addition to the calibration of the
wear direction of the ring. It is also important to ensure that
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the ring matches the thickness of an individual’s finger when
it is actually used as a product.

Another issue is that it takes time to learn the gestures to
move the skin. Some participants found it difficult to perform
the gesture using skin deformation. Some participants also
said that their fingers hit the ring when they gestured, thus
we need to consider the gesture position.

Moreover, although the experiment was conducted in-
doors, the SkinRing is affected by infrared rays contained
in ambient light, which limits its use in places with strong
sunlight. To solve this problem, it is necessary to shut out
other light coming toward the photo-reflective sensors. This
requires changes in the shape of the device.

B. Future Work

In this study, the three experiments were conducted con-
secutively with breaks, resulting in a long experiment and
not enough data per participant. In addition, the participants
were currently limited to young people. Therefore, we plan
to increase the number of participants and the amount of data
acquired in the future. Although only two sizes of devices
were used in this study, it will be necessary to use more sizes
of devices, because in practice, more suitable devices should
be provided to each user. Furthermore, if smaller photo-
reflective sensors than those used in this study are used, 16
of them could be attached to the device, and higher gesture
identification accuracy might be achieved.

Evaluation experiments have confirmed that the proposed
device is capable of gesture identification in a laboratory
environment. On the other hand, the without-user identifica-
tion accuracy is significantly degraded, and it is necessary to
construct a dataset for each user in the current situation. This
is thought to be due to the individual differences mentioned
in the limitations. As a solution, transfer learning in a pre-
trained deep learning model as shown in the study by Kikui
et al. [25] has the potential to improve the identification
accuracy constructing a small dataset for each user to use
the device.

In this study, we used random forest for gesture iden-
tification, but there are various other algorithms (Support
Vector Machine, Recurrent Neural Network, etc.). These
other methods should be tested in the future.

For practical use, a lock function should be added to
prevent users from unintended input while wearing the
ring. Furthermore, although this study only mentions the
possibility of wearing the SkinRing on the index finger, it
is also possible to wear it on the middle finger due to the
large gesture area on the skin and the user’s comfort during
gestures. The possibility of wearing the device on multiple
fingers would expand the use scenarios, such as when a
specific finger is injured. If the SkinRing can be used not only
for gesture identification but also for pointing operation, the
range of practical uses will be further expanded. We would
also like to prove its practicality by developing applications
for operations in VR that require eyes-free input, and for
visually impaired people for whom it is difficult to take into
account the direction of rotation of the ring. We believe that

the ultimate goal is to enable more comfortable input by
making the device wireless.

VI. CONCLUSION

In this paper, we propose the SkinRing, a ring-shaped
device that enables gesture input on the side of the fin-
ger independent of wear direction of rotation. The average
identification accuracy of nine different gestures was 87.8%.
We believe that this study contributed to the advancement
of ring-shaped input devices, as we found the advantage of
being able to ignore the direction of rotation when wearing
the ring-shaped device. The ring-shaped device which is
independent of wear direction of rotation enables eyes-free
input at any time unlike conventional ring-shaped devices. In
the future, we will work on increasing the ring size, pursuing
the possibility of wearing the device on the middle finger,
and implementing pointing operations in order to improve
the versatility of the device. At the same time, for practical
use, we will try to add a lock function to prevent malfunction
when the ring is worn and to promote comfortable input by
making the device wireless.

The ring-shaped device which is independent of wear
direction of rotation enables eyes-free input at any time
unlike conventional ring-shaped devices.
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