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In recording and reproducing skills involving the fingertips, a sensor that measures tactile information 
of fingertips is important. However, when the sensor covers the finger pad, the inherent sense of 
touch is compromised. We introduce a new tactile sensor, a pair of a vibration motor and a 6 degrees-
of-freedom sensor attached to a fingernail that enables tactile sensing without covering the fingertip. 
This sensor estimates finger contact information by measuring vibrations caused by an eccentric motor 
positioned on the fingernail. The time series of the acquired angular velocity and acceleration data 
were utilized to identify the edge orientation and the contact position of the touching object. The 
results of the conducted experiments indicated that this setup can simultaneously identify both the 
edge orientation and the contact position with an accuracy of 71.67%. Potential applications include 
remote tactile transmission, integration with a robotic finger, and the detection of grasping postures in 
real objects.
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Tactile sensation plays a critical role in various dexterous actions people perform with their hands. For instance, 
people can manipulate objects such as pencils or toothpicks without relying on visual input. However, performing 
the same task is more challenging when using a plastic finger cap. In such cases, people rely on tactile feedback 
to determine the position and orientation of the object they are handling.

If tactile information related to such dexterous operations can be recorded and transmitted remotely, 
the individual performing the task could act as a remote agent, facilitating remote work with tactile input. 
Additionally, recording tactile sensations during fine motor tasks could provide valuable insights for developing 
robots with dexterous manipulation capabilities1–3.

Recording tactile sensations during manipulation generally requires wearable sensors. Many wearable 
tactile sensors exist, with most designed as gloves4–6. However, gloves interfere with the natural sense of touch 
by covering the fingers. Although thin-film sensors have been proposed7–9, they often raise concerns about 
durability.

On the other hand, wearable tactile sensors that do not cover the finger pad have also been developed. These 
include sensors that detect fingernail color changes10–12, nail deformation13, and deformation of the side of 
the finger14. While these sensors are capable of measuring force, including its direction, they do not provide 
sufficient information about the contact location or shape of the object interacting with the finger.

The proposed method in this study is shown in Fig. 1, along with the coordinate system used in this paper. 
The tactile sensor consists of a vibration motor and a 6-degrees-of-freedom (DOF) sensor (acceleration and 
angular velocity sensors) mounted on the fingernail. The vibration motor generates vibrations, which are 
detected by the nearby 6-DOF sensor. When the finger makes contact with an object, the contact’s position 
and shape prevent vibration along specific axes. For instance, as illustrated in Fig. 1, when the finger touches an 
edge in the lateral (X-axis) direction, the back-and-forth sway of the finger (rotation around the X-axis) remains 
unaffected. However, the side-to-side sway (rotation around the Y-axis) is disrupted. By analyzing these changes 
in vibration, the system can estimate the contact position and shape. The vibration motor utilized in this setup 
is an eccentric motor, which simplifies the estimation process by providing two degrees of vibration freedom.

This proposal does not present a perfect tactile sensing method. For example, when touching a board 
with a punch hole, detecting the hole might be challenging. Nevertheless, this study introduces a new area of 
wearable tactile sensors. Figure 2 provides a functional classification of wearable tactile sensors. In the case of 
a convex shape of letter ‘A’, (a) refers to matrix-type sensors capable of recognizing the contact object’s shape, 
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which includes glove-type sensors. (b) represents sensors that detect force direction and magnitude, such as 
sensors that detect nail color changes. (c) shows sensors that detect the center of gravity of the contact, and (d) 
detects the outer edge, although conventional wearable tactile sensors rarely address these areas. For tasks like 
manipulating a pencil or toothpick, understanding contact position and edge orientation is important, and this 
study focuses on these areas.

We propose a wearable tactile sensor that does not cover the finger pad and enables the user to detect the 
contact position and edges. The key contributions of this paper are as follows:

•	 Demonstrating that using a vibration motor and 6-DOF sensor allows for estimating the edge and contact 
position without covering the finger pad.

•	 Showing that this method can estimate both the shape of an edge and the contact position simultaneously.
•	 Making it clear that whether all of the data from the 6-DOF sensor is required for estimating edge shape and 

contact position, or whether partial data are sufficient for identification.

Related work
Our research focuses on active sensing in the tactile field, particularly wearable tactile sensors and vibration-
based active sensing, which we will introduce here.

Wearable tactile sensor
Many tactile sensing techniques have been proposed to replicate the properties of human skin. Some sensors 
can measure skin temperature15,16, contact force17–19, or both20. The types of sensors include capacitive21–23, 
piezoelectric24, and piezoresistive25–27. One of the factors contributing to these advances in tactile sensing 
technology is the rise of flexible substrate, which are lightweight, thin, and bendable, allowing the hand to move 
freely without restriction28. In particular, ultra-thin sensors that adhere to the skin29,30 allow for precise sensing 
without impeding natural skin movement. However, these sensors must cover the skin surface, which interferes 
with the sense of touch during object interaction.

Tactile sensor without finger pad coverage
Several approaches have been developed to acquire information about contact objects without the need to 
cover the finger pad. One such method involves detecting changes in nail color. Fallahinia12 measured grip 
force by detecting nail color changes using deep neural networks. Abu-Khalaf et al.10 employed a stretchable 
board that adapts independently of fingertip shape, while Ando et al.11 developed a wearable fingernail sensor 
designed for augmented reality applications. Sakuma et al.13 proposed a method for identifying complex human 
actions by capturing fingernail deformations. Sathe et al.14 measured contact force and joint angle by measuring 

Fig. 2.  Functional classification of wearable tactile sensors.

 

Fig. 1.  Proposed method. A vibration motor and a 6-DOF sensor are attached to the fingernail. The motor 
induces vibrations, and the sensor captures changes caused by contact.
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the deformation of the human skin on the sides of the finger. Funato et al.31 estimated contact 3-axis force by 
examining bone-conduction sounds produced by transducers attached to the phalanges of the hand.

These studies all demonstrated effective techniques for gathering tactile information without covering the 
finger pad. As noted earlier, these methods are well-suited for estimating the direction and magnitude of force as 
outlined in the functional classification of wearable tactile sensors (Fig. 2b).

Finger skin ability to detect direction of force
The ability to perceive the direction of force applied to the skin of the human fingertip is critical for recognizing 
both the contact position and the outer edge. Bensmaia et al.32 demonstrated that humans are particularly 
sensitive to the direction of tactile stimuli, especially at reference angles like 0◦ and 90◦. Birznieks et al.33 
reported that peripheral mechanoreceptors around nail actively respond to directional forces applied to the 
finger pad. Similar investigations into edge direction recognition have been conducted using robotic systems; 
Rongala et al.34 employed a piezoresistive sensor array on a robotic finger to identify the direction of each edge 
by measuring the pressure distribution when tracing the surface of the edge in different directions.

Active sensing using vibration
In many Human-Computer Interaction (HCI) studies, various methods have been proposed to detect contact 
position using a combination of vibration input and measurement. For instance, GripSense35 utilizes a 
smartphone’s built-in vibration motor and an angular velocity sensor to estimate grasping posture. VibPress36 
applies vibration damping to estimate the pressing force and identify whether the user is pressing from the side.

Several studies have explored contact sensing on various body parts. Li et al.37 developed authentication 
system for users by using vibration through their head. Liu et al.38 detected the face touch by analyzing vibrations 
transmitted from the hand, while FingerPing39 employed a speaker on the finger and multiple microphones on 
the wrist for gesture recognition.

Similar methods can be used for sensing including the environment. Konishi et al.40 utilizes a speaker and 
a microphone to conduct user authentication when the door handle grasped. VersaTouch41 identifies fingertip 
position by analyzing vibrations from multiple vibration motor on a desk. VibroScale42 repurposes a smartphone 
as a weight scale by inducing vibrations, and Ali et al.43 leverage smartphone vibrations to infer the object 
beneath it. Dementyev et al.44 demonstrated that similar active sensing can be achieved using the back EMF of a 
vibrator, eliminating the need for separate vibration sensors.

Vibration-based active sensing in HCI is primarily applied to grasping, detecting body-to-body contact, and 
interaction sensing with objects on a desk. There are, however, few examples of finger-worn sensors. VibEye45, 
for instance, is a finger-mounted sensor that utilizes a vibration motor and accelerometer to identify the material 
of an object by analyzing vibration propagation during grasping. However, while effective in identifying material 
types, it does not estimate other contact information.

In robotics, there are several examples of vibration-based active sensing for contact position, with a focus on 
its use in robotic fingers. Backus et al.46 proposed a method to estimate contact position by vibrating the robot 
finger joint, identifying the resonance frequency through Phase-Lock-Loop control, and deriving the contact 
position from this frequency. Mitra et al.47 also presented a method to identify contact position by measuring 
the vibration input and the resulting resonance frequency.

System
Figure 1 provides an overview of the device and its XYZ axis definitions. In the proposed method, both the 
vibration motor and the sensor are mounted on the nail side, ensuring that the finger pad is not obstructed. 
The vibration motor is a disk-type brushless motor (LBV10B-009, Nidec), and the sensor is a 9-DOF sensor 
(BMX055, BOSCH), primarily used to measure acceleration and angular velocity (only utilized 6-DOF data 
here). These components are affixed using double-sided tape (#1522H, 3M), with the vibration motor securely 
attached to the nail using high-strength tape (Kalolary) typically used for false nails. The total weight of the 
device affixed to the nail is approximately 2 g.

Control and measurement are managed by a microprocessor (ESP32 DevkitC, Espressif Systems). I2C 
communication is employed between the sensor and the microprocessor, facilitating the measurement of 
acceleration and angular velocity at approximately 1.4 kHz. The PC communicates with the microprocessor via a 
serial interface, handling data acquisition, visualization, and calculations in a Python environment.

A pseudo-DC voltage is applied to the motor using a 20 kHz PWM signal. During the experiments, the 
motor operated at a frequency of 169 Hz (measurement results as Supplementary Fig. 1), with the accelerometer 
recording a maximum acceleration of around 2.0 G. The angular velocity sensor measured a maximum angular 
velocity of 250 deg/s.

The proposed method employs an accelerometer and an angular velocity sensor, and a brushless vibration 
motor, which are expected to experience negligible effects from atmospheric pressure under standard operating 
conditions. In contrast, environments with extreme humidity may contribute to the degradation of electronic 
components in this wearable tactile sensor. This sensor operate effectively within a temperature range of − 40 
to 85 °C and exhibit sensing variations of ± 0.03%/K. Such variations are unlikely to meaningfully impact the 
sensor’s overall performance, ensuring reliability across diverse environmental conditions. The acceleration and 
angular velocity sensor utilized in this study operates without the need for prior calibration, and its accuracy 
remains unaffected by this condition.

Preliminary observation
A preliminary study was conducted by acquiring 6-DOF sensor signals and generating scatter plots for two of 
these signals. This preliminary observation was conducted by a single author. These scatter plots were used to 
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clearly observe the phase difference between two signals of the same period. If the signals were ideal sinusoidal 
waveforms, the scatter plot would form an oval shape. The scatter plots demonstrated robustness to variations 
in vibration frequency. The six sensor value combinations were considered: X–Y axis acceleration, Y–Z axis 
acceleration, Z–X axis acceleration, X–Y axis angular velocity, Y–Z axis angular velocity, and Z–X axis angular 
velocity. Some typical examples are provided below.

Figure 3 demonstrates the changes in scatter plots with X–Y axis angular velocity (see Supplementary Movie 
1). (a) When the finger is not in contact with anything, the plot forms an ellipse, with angular velocity around the 
Y axis exceeding that of the X axis, potentially due to the finger’s inherent rotational characteristics. (b) When an 
object (the tip of a tweezers was used here) is in contact with the finger pad, the ellipse shrinks in the direction of 
the X axis. (c) With increased pressure applied to the finger, the scatter diagram becomes smaller as a whole. This 
is thought to be because vibrations are absorbed more, suggesting that information on contact area or contact 
pressure can also be obtained.

Figure 4 illustrates the changes in scatter plots with Z–X axis angular velocity (see Supplementary Movie 2). 
(a) Without contact, the angular velocity around the Z axis is larger than that around the X axis. (b) When contact 
occurs near the first joint of the finger, the plot extends along the X axis. (c) Contact with the hemispherical part 
of the finger’s end results in a near-circular plot, suggesting that these changes may enable the estimation of 
contact location along the anterior-posterior direction of the finger.

Learning procedure
The data processing simplifies the problem of identifying the shape and position of edges to a task of classifying 
vector data derived from physical contact with an object. This study employed machine learning to design an 
algorithm for identifying contact target patterns based on 3-axis acceleration and angular velocity data. As 
outlined in Fig. 5, the method for extracting vector data from a scatter diagram involves converting data points 
(xn, yn) into polar coordinates (r, θ), where:

	
r =

√
x2

n + y2
n, θ = arctan

(
yn

xn

)
.� (1)

For this analysis, 1024 data points were utilized, and the sensing period of 1.4 kHz allowed data collection in 
approximately 0.7 s. To counteract gravitational offset, the average acceleration was subtracted. The range of θ 
(0◦ to 360◦) is divided into 36 bins, each representing an interval of 10◦:

	 ∆θm = [θm, θm+1), where θm = m × 10◦, m ∈ [0, 35].� (2)

For each interval ∆θm, the value of r(θm) is calculated as the total number of points within that angular range:

	
r(θm) =

∑
i:θi∈∆θm

1.� (3)

This results in a vector containing 36 data points for each scatter plot. This vector is represented as:

Fig. 4.  Scatter diagram with Z–X axis angular velocity. (a) non-contact, (b) contact near the first joint, (c) 
contact at the finger end.

 

Fig. 3.  Scatter diagram with X–Y axis angular velocity. (a) non-contact, (b) contact with the finger pad, (c) 
strong pressure with the finger.
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	 r = [r(θ0), r(θ1), . . . , r(θ35)].� (4)

Six scatter plot pairs were generated from six data sets, and the resulting vectors were concatenated to produce 
a final vector with 216 points. These pairs—AxAy (X axis and Y axis acceleration), AyAz (Y axis and Z axis 
acceleration), AzAx (Z axis and X axis acceleration), GxGy (X axis and Y axis angular velocity), GyGz (Y axis 
and Z axis angular velocity), and GzGx (Z axis and X axis angular velocity)—collectively form the final 216-point 
vector:

	 R = [rAxAy, rAyAz, rAzAx, rGxGy, rGyGz, rGzGx].� (5)

In the learning phase, when we classify N contact states, contacts were applied to each pattern five times, 
resulting in (N + 1) × 5 contacts data including non-contact instances. The vector data collected from these 
contacts were used as training data. A Support Vector Machine (SVM) was employed for class classification, with 
the SVM library in Python 3 used as the training environment.

SVM is a widely used machine learning algorithm that identifies the optimal boundary, or hyperplane, to 
classify data into distinct categories. In this study, SVM was employed to classify the vector r, which represents 
processed sensor data. The hyperplane is expressed mathematically as w · x + b = 0, where w denotes the weight 
vector, x represents the input data (here, r), and b is the bias term. SVM operates by maximizing the margin, 
which is the distance between the hyperplane and the closest data points in each class, known as support vectors. 
For datasets that are not linearly separable, SVM applies a kernel function to transform the data into a higher-
dimensional feature space, facilitating accurate classification of the vector r. This method enables separation of 
contact data derived from sensor measurements.

Results
Individual estimation
Figure 6 illustrates the identification accuracy rates for the four types of edges touched, with error bars indicating 
the standard error of the mean accuracy rate for ten trials per participant (See Methods section for the detail of 
the evaluation). Horizontal axis represents the sensor pairs utilized for estimation, and vertical axis represents 
the percentage of correct answers.

Independence of sensor conditions was confirmed via chi-square test (p > 0.05). A Shapiro–Wilk test 
indicated normality across all conditions, as no p-value was below 0.05. Mauchly’s test for sphericity showed 
equal variability across groups (p ≥ 0.05). A one-way repeated measures ANOVA on correct response rates for 
each sensor type revealed a significant difference (F (8, 72) = 9.79, p = 0.00054 < 0.05). Bonferroni post-hoc 
test showed significant difference between pairs:

AxAyAzGxGyGz and AxAyAz (p = 0.025 < 0.05), AxAyAzGxGyGz and AxAy (p = 0.029 < 0.05),
AxAyAzGxGyGz and AyAz (p = 0.0059 < 0.01), AxAyAzGxGyGz and AzAx (p = 0.004 < 0.01),
GxGyGz and AxAyAz (p = 0.0048 < 0.01), GxGyGz and AxAy (p = 0.0015 < 0.01),
GxGyGz and AyAz (p = 0.0119 < 0.05), GxGyGz and AzAx (p = 0.0044 < 0.01).

The highest identification accuracy was observed for the GxGyGz condition (76.75% correct response), followed 
closely by AxAyAzGxGyGz (74.75%). Notably, conditions using only angular velocity data (GxGy: 64.25%, 
GyGz: 57%, GzGx: 67.75%) outperformed those using only acceleration data (AxAy: 47.25%, AyAz: 51.25%, 
AzAx: 50%). The GxGyGz condition produced the highest accuracy overall. This is consistent with the fact that 
the motor rotation occurs around the z-axis, and finger oscillation is predominantly along the x-axes and y-axes.

Fig. 5.  Procedure for obtaining a vector from a 6-pair scatter plot.
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Figure 7 provides the confusion matrix showing the recognition results when four edges were touched (see 
Methods section). Pattern 1 represents a longitudinal line, pattern 2 a lateral line, pattern 3 a diagonal line from 
the upper left to the lower right, and pattern 4 a diagonal line from the front right to the back left. The data reveal 
that, across all sensor conditions, pattern 1 (longitudinal line) was most often confused with patterns 3 and 4 
(diagonal lines). Pattern 2 (lateral line) was most often confused with either pattern 3 or 4 as well. For example, 

Fig. 7.  Confusion Matrix of the four edge shape identification experiments, for each sensor data pair used. The 
numbers in the table represent percentages (%).

 

Fig. 6.  Identification accuracy rates for four different edge shapes. Results for each sensor condition, along 
with standard errors, are presented (*: p < 0.05, **: p < 0.01). Statistical analysis was performed using one-
way repeated measures ANOVA with Bonferroni correction (n = 10).
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in the AzAx condition, pattern 1 was never confused with pattern 2 but was confused with pattern 3 in 7% and 
as pattern 4 in 23%. In the GxGyGz condition, pattern 2 was confused with pattern 1 in 3%, but it was mistaken 
for patterns 3 and 4 in 21% and 10%, respectively. In contrast, longitudinal lines were rarely confused with lateral 
lines, and lateral lines were rarely confused with longitudinal lines in any condition. This is likely due to the 
substantial difference in contact areas between the fingers and the surface. When touching longitudinal versus 
lateral lines, whereas the contact areas were more similar when comparing longitudinal and diagonal lines or 
lateral and diagonal lines, resulting in analogous vibration patterns.

Figure 8 depicts the accuracy rates for identifying six different pins touched (see Methods section). The 
chi-square test confirmed the independence of the conditions (p > 0.05), and Mauchly’s test for sphericity 
showed equal variability (p ≥ 0.05). However, a Shapiro–Wilk test demonstrated non-normality in one of the 
nine conditions (p = 0.016). As a result, a Friedman test was performed to assess the correct response rates for 
each sensor condition (p = 0.00037 < 0.05), confirming a significant difference. Post-hoc analysis using the 
Nemenyi test identified significant differences between all conditions except for those involving the six-sensor 
condition (AxAyAzGxGyGz), AxAyAz, and GxGyGz. Nemenyi test also demonstrated significant differences 
were found between AxAyAz and AxAy (p = 0.0024 < 0.05), GxGyGz and AxAy (p = 0.001 < 0.05), 
GxGyGz and AzAx (p = 0.0029 < 0.05), and GxGyGz and GyGz (p = 0.0012 < 0.05). When analyzing 
identification accuracy rates, similar to the findings for edge identification, the condition utilizing six types of 
sensor data (AxAyAzGxGyGz) exhibited the highest accuracy (91.33%), followed by the condition using three 
angular velocity data (GxGyGz), which achieved an accuracy of 88.17%. The lowest accurate condition was 
AxAy, with an accuracy of 59.17%. The AxAy condition also had the lowest accuracy in the edge identification 
task, indicating that detecting both the shape and the contact position is challenging when relying solely on the 
AxAy condition.

Figure 9 provides the confusion matrix for each of the nine conditions when six different pins were touched. 
Pattern 1 refers to the upper-left pin, pattern 2 to the middle-left pin, pattern 3 to the lower-left pin, pattern 4 to 
the upper-right pin, pattern 5 to the middle-right pin, and pattern 6 to the lower-right pin. Across all conditions, 
pattern 5 (middle right pin) was frequently confused with pattern 6 (bottom right pin).

Simultaneous estimation
Figure 10 illustrates the identification accuracy rates for 12 distinct edges, with results displayed for each sensor 
information combination used. The independence of the conditions was confirmed through a chi-square test 
(p > 0.05). Mauchly’s sphericity test indicated equal variance (p ≥ 0.05), and the Shapiro–Wilk test verified 
normality across all conditions (p > 0.05). A one-way repeated measures ANOVA was applied to the percentage 

Fig. 8.  Identification accuracy rates for six different pins. Results for each sensor condition, along with 
standard errors, are presented (*: p < 0.05, **: p < 0.01). Statistical analysis was performed using Friedman 
test with Nemenyi post-hoc test (n = 10).
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Fig. 10.  Identification accuracy rates for twelve different edge shapes. Results for each sensor condition, 
along with standard errors, are presented (*: p < 0.05, **: p < 0.01, ***: p < 0.001). Statistical analysis was 
performed using one-way repeated measures ANOVA with Bonferroni correction (n = 10).

 

Fig. 9.  Confusion Matrix of the six pins identification experiments, for each sensor data pair used. The 
numbers in the table represent percentages (%).
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of correct responses for each sensor combination (F (8, 72) = 17.87, p = 0.0000019 < 0.05), revealing 
significant differences. Post-hoc Bonferroni analysis indicated significant differences between several conditions:

AxAyAzGxGyGz and AxAy (p = 0.000062 < 0.001), AxAyAzGxGyGz and AyAz (p = 0.000089 < 0.001),
AxAyAzGxGyGz and AzAx (p = 0.000262 < 0.001), GxGyGz and AxAy (p = 0.000451 < 0.001),
GxGyGz and GxGy (p = 0.000700 < 0.001), GxGyGz and GyGz (p = 0.000782 < 0.001),
AxAyAzGxGyGz and GxGy (p = 0.001723 < 0.01), AxAyAzGxGyGz and GyGz (p = 0.002536 < 0.01),
AxAyAzGxGyGz and AxAyAz (p = 0.001396 < 0.01), AxAyAz and AxAy (p = 0.002327 < 0.01),
GxGyGz and GzGx (p = 0.002355 < 0.01), AxAy and AyAz (p = 0.002601 < 0.01),
AxAyAzGxGyGz and GzGx (p = 0.016523 < 0.05), GxGyGz and AyAz (p = 0.010130 < 0.05),
GxGyGz and AzAx (p = 0.039235 < 0.05).

The significant differences among all conditions are summarized in Fig. 10. Similar to individual estimation, 
the condition involving all six sensor data types (AxAyAzGxGyGz, 71.67%) and the condition using three 
angular velocity data types (GxGyGz, 68.4%) achieved higher accuracy than the other conditions, with accuracy 
rates around 70%. The AxAy condition exhibited the lowest accuracy at 39.5%. Notably, unlike in individual 
estimation, the angular velocity condition and the acceleration condition displayed comparable accuracy levels, 
each around 50%.

Figures 11 and 12 provide confusion matrix for the recognition outcomes of 12 different edge positions and 
shapes. Numbers 1 through 12 correspond to the edges numbered 1 to 12 in the upper-left section of Fig. 11. 
Confusion occurred primarily within groups “1, 2, 3, 4”, “5, 6, 7, 8”, and “9, 10, 11, 12”. For example, edge 2 in 
the AxAyAzGxGyGz condition was frequently confused with edges 1, 3, and 4, while edge 6 in the GxGyGz 

Fig. 11.  Confusion Matrix of the twelve edge shapes identification experiments, for each sensor data pair used 
(The remaining pairs are shown in Fig. 12).
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condition was commonly mistaken for edges 7 and 8. The proposed method appears to be effective in detecting 
the center of gravity (e.g., “2, 6, 10”, “3, 7, 11”), but less accurate in detecting edge orientation (e.g., “5, 6, 7, 8”, 
“10, 11, 12”). This outcome aligns with the individual identification results observed in individual estimation.

Discussion
The primary goal of this study was to estimate the contact information without interfering with the inherent sense 
of touch by covering the fingertip. Equipped with a vibration motor and sensor on the nail side, the proposed 
method successfully resolved this issue by preventing the obstruction of tactile sensations caused by covering the 
fingertip. However, as this configuration measures vibration propagation, users still perceive vibrations from the 
device, which interferes with the original tactile sense. This introduces a new issue, raising concerns about the 
potential obstruction of tactile sensations in the finger due to vibrations.

The device provides a vibration of approximately 170 Hz, and feedback from participants indicated that the 
sensation was not particularly bothersome. This suggests that the vibrations from current setup are not intense 
to disrupt normal tactile feedback. Two possible future solutions include using either very low frequencies 
(around 5 Hz) to soften the stimulation or very high frequencies (up to 1 kHz) beyond the range detectable by 
tactile receptors. However, further research is needed to determine whether the finger can still detect vibrations 
effectively at these frequencies. Another potential solution is to apply vibration only at the moment of contact. As 
tactile sensations are primarily generated by touch, vibrations introduced only at the moment of contact would 
likely not interfere. For instance, at 170 Hz, each vibration cycle is 6 ms, and the shape of a contact object could 
be discerned after approximately 10 cycles. This setup currently collects data from about 1,000 points over 0.7 
seconds using a sampling rate of 1.4 kHz. However, much less time might be required for accurate identification 
since one cycle of data may suffice.

Since the vibration pattern changes with each use, a learning phase is always necessary before estimation. 
In individual estimation, four to six contact objects were tested, with five to seven patterns collected five times 
each, including a no-contact condition. This process took less than five minutes, allowing users to learn the 
system quickly. However, as the number of objects increases, the learning time will likely grow. To address 
this, an actively driven pin matrix could automate the learning process. An automated data collection system 
would allow for more extensive datasets and could enable the use of advanced learning algorithms, such as deep 
learning, in addition to the SVM model used in this study.

For this new tactile sensor to be applicable in practical settings, it must be capable of estimating force 
amplitude in addition to contact position and edge direction. On the other hand, force amplitude estimation 
may be relatively straightforward. It is because the transmission of vibration is inhibited as the pressing force 
increases, causing the amplitude to decrease. As a result, this study did not focus on force amplitude estimation. 
Future research will explore whether this sensor can estimate force amplitude simultaneously with other factors.

Fig. 12.  Confusion Matrix of the twelve edge shapes identification experiments, for each sensor data pair used 
(Continued from Fig. 11).
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In addition, it is not yet clear what kind of information this sensor cannot detect. For instance, in principle, if 
a shape is concave near the center (e.g., a ring shape in the shape of an O), the concavity in the center of the shape 
is considered to be undetectable. Nonetheless, as indicated in Fig. 2d, this sensor appears capable of detecting the 
convex outer shape of contact objects.

Although this sensor was tasked with identifying discrete patterns in this study, edge slope and contact 
position are continuous variables. Therefore, future training should focus on enabling the sensor to produce 
continuous outputs. Currently, the system assigns probabilities to patterns, with the highest-probability pattern 
selected as the estimate. By incorporating weighted probabilities, the proposed method may be able to provide 
continuous edge slope estimations.

Application
Potential application includes remote transmission of tactile sensations (Supplementary Movie 3), integration 
with robotic fingers (Supplementary Movie 4), and detection of object grasping postures (Supplementary 
Movie 5). In the remote transmission application, a user can feel the tactile feedback from what is touched by a 
wearing finger through an electro-tactile display. The transmitted information includes the object’s edge shape 
and location, and it is relayed to the electro-tactile display that reproduces the tactile sensation at the receiver’s 
end. In the robotic finger application, the device is mounted on the nail side of a 3D-printed robotic finger, 
mounted at the tip of robot hand (myCobot 320 Pi, Elephant Robotics). The main advantage of this setup is 
that it can be retrofitted to existing robotic fingers. Final application is detection of grasping postures in real 
objects. The orientations and positions of the edges utilized during the experiment were relatively simple. This 
application aimed to demonstrate that the proposed method can also be utilized in real-world grasping postures. 
The device was applied to an index finger grasping a screwdriver. Calibration was performed across various 
typical longitudinal, lateral, and diagonal grasping postures. These tests confirmed that the proposed method 
could detect different grasping postures. Detecting these postures is critical for recording, reproducing, and 
transmitting detailed movements.

Conclusion
This study introduced a new tactile sensor, a wearable tactile sensor designed to detect the contact position 
and the outer edge of contact objects without covering the finger pad. This sensor comprises a vibration motor 
and acceleration and angular velocity sensors mounted on the fingernail. The system analyzes finger behavior 
induced by excitation to estimate contact position and edge orientation. Acceleration and angular velocity data 
are paired, plotted as scatter data, and transformed into polar coordinates. The SVM algorithm was utilized for 
training. The experiments confirmed the effectiveness of this sensor to identify edges in different positions and 
orientations, achieving a 71.67% accuracy across 12 edges. High estimation accuracy was achieved when data 
from all three acceleration and three angular velocity axes were used, as well as when all 3 angular velocity axes 
were used. Future research will focus on developing algorithms to calculate pressing pressure, automating the 
learning process, and minimizing tactile inhibition caused by vibrations. Additionally, the sensor’s utility in 
teleoperation scenarios involving tactile feedback will be examined.

Methods
To evaluate the validity of the proposed method, two tests were conducted to assess whether the edge direction 
and the contact position could be accurately estimated independently (individual estimation). On the other 
hand, when a pencil or pen is grasped, the shape and position of its outer edges are recognized simultaneously. 
Sensors designed to target these areas must, therefore, estimate both the direction and position of the edges 
at the same time. If the proposed method can achieve this, it will demonstrate practical utility. We examined 
whether this sensor could estimate both the direction of the edges and the contact position simultaneously 
(simultaneous estimation).

Data collection
All experiments were performed in accordance with institutional guidelines and regulations. The Ethics 
Committee of the University of Electro-Communications approved the study (approval number H24021). All 
participants gave their informed consent to take part in the experiments.

Subjects
Ten participants (five females, five males, nine right-handed, one left-handed) were involved in each experiment. 
Each participant sat in front of the contact pattern placed on the electronic scale and wore the device on the 
index finger of their dominant hand.

Estimation target
The contact pattern was placed on an electronic scale. The pressing force was set at 100 g, and forces ranging 
from 80 to 120 g (±20%, determined by pilot study) were considered acceptable. The relative position between 
the finger and the contact pattern was adjusted by aligning the red “+” marks. the center of the finger pad was 
considered to correspond to the central point at the base of the nail. The base of the participant’s fingernail was 
aligned with the center of the contact pattern, indicated by a red cross in Figs. 13 and 14. The contact surface had 
a crosshair on its surface to mark its center, and the 6-axis sensor attached to the participant’s finger featured a 
red line to facilitate alignment. This setup ensured that participants could accurately align their fingers with the 
contact pattern.
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The contact pattern utilized in individual estimation
Figure 13 provides an illustration of the contact surface utilized during the individual estimation. The first 
contact surface includes four edge shapes, with different angles of 45 degrees each. The second surface comprises 
two longitudinal rows and three lateral rows, totaling six pins, one of which protrudes. While similar to Braille, 
the pins have a diameter of 3 mm, and the space between adjacent pins is 6 mm, exceeding the dimensions of 
standard Braille. The contact area was painted white and raised 10 mm above the base to prevent accidental 
contact with other parts of the instrument.

The contact pattern utilized in simultaneous estimation
Figure 14 shows the contact surface utilized during the simultaneous estimation. The middle row of edges was 
identical to that employed in the four-way edges utilized for individual estimation, with the edge center aligned 
with the central axis, marked by the red “+” mark. In contrast, the edges in the top and bottom rows were offset 
from the central axis. For example, the top-left longitudinal edge was 4.5 mm to the right of the axis, while the 
bottom-right edge was positioned 7.5 mm below it. Consistent with the individual estimation, all contact areas 
were painted white and were 2 mm thick. The edges were 10 mm high, allowing the experiment to proceed 
without contact with other parts of contact surface.

Experimental procedure
The procedure is depicted in Fig. 15. The experiment included a learning phase and a test phase. After the 
device was properly attached to the index finger of the participant’s dominant hand, participants practiced 
aligning positions for all trial patterns. After completing the practice, they performed the learning phase and 
the test phase. During the learning phase, participants were first instructed to hold their finger stationary 
without touching anything, and the vibration data in this state were recorded (None in Fig. 15). Subsequently, 
participants were instructed to sequentially touch each of the contact patterns from left to right. As for the 
twelve edges, participants were instructed to touch from the top row to the bottom row and from left edge to 
right edge (see numbering in Fig. 11). When placing their finger on each contact pattern, participants carefully 
aligned the red line on the sensor with the contact pattern as previously described. Vibration data for each 
condition were recorded in the same manner. In the test phase, participants were instructed to touch the contact 
patterns sequentially as with learning phase. With the device-attached finger, participants carefully aligned it 
with the reference line. During this process, the mode of the ten estimation results calculated using the SVM was 
determined, and this mode was regarded as the estimation result for the corresponding contact pattern.

Fig. 14.  Patterns utilized in simultaneous estimation.

 

Fig. 13.  Patterns utilized in individual estimation. (upper) 4 types of edge patterns, (lower) 6 types of dot 
patterns.
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During the experiment, participants received instructions from the experimenter on which edge to touch 
next after completing contact with each edge. This ensured that participants could focus on aligning the relative 
position of their finger with the edge, without memorizing the order pattern.

In the experiment involving four-way edges, the learning phase consisted of five trials for five different 
conditions, including the non-contact condition and the four directional edges. During the test phase, 
participants touched the four edges sequentially, and the model’s predictions were recorded. This process was 
repeated ten times, resulting in a total of forty datasets per single person.

In the experiment using six pins, the learning phase consisted of five trials for seven conditions, including the 
non-contact condition. During the test phase, data were collected as participants touched the six pins ten times, 
resulting in a total of sixty datasets per single person.

In the experiment involving twelve types of edges used for simultaneous estimation, the learning phase 
consisted of five trials for thirteen conditions, including the non-contact condition. During the test phase, 
vibration data were recorded as participants touched the twelve types of edges across ten rounds, resulting in a 
total of one hundred twenty datasets per single person.

Conditions for the utilized sensor information
This study aims to determine whether it is necessary to use all of the 6-DOF sensor data or if identification can be 
achieved using only part of the data. The following conditions were tested simultaneously during the estimation:

•	 Using all 6-DOF sensor values (AxAyAzGxGyGz condition)
•	 Using all acceleration sensor values (AxAyAz condition)
•	 Using all angular rate sensor values (GxGyGz condition)
•	 Using acceleration values along the x-axis and y-axis directions (AxAy condition)
•	 Using acceleration values along the y-axis and z-axis directions (AyAz condition)
•	 Using acceleration values along the z-axis and x-axis (AzAx condition)
•	 Using angular velocity values around the x-axis and y-axis (GxGy condition)
•	 Using angular velocity values around the y-axis and z-axis (GyGz condition)
•	 Using angular velocity values around the z-axis and x-axis (GzGx condition)

AxAyAzGxGyGz condition employed the method outlined in the previous section (Fig. 5). For AxAyAz 
condition, for example, three vectors were derived from the scatter plots of the Ax-Ay, Ay-Az, and Az-Ax pairs 
using the same method as before. These vectors were then combined to form a single vector. In AxAy condition, 
the scatter plot of Ax-Ay pairs was similarly used to generate vector data through the same process.

Data availability
The datasets generated during and/or analyzed during the current study are available from the corresponding 
author on reasonable request.
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