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Abstract: Modern robots fall behind humans in terms of the ability to discriminate between textures
of objects. This is due to the fact that robots lack the ability to detect the various tactile modalities
that are required to discriminate between textures of objects. Hence, our research team developed
a robot fingertip module that can discriminate textures of objects via direct contact. This robot
fingertip module is based on a tactile sensor with multimodal (3-axis force and temperature) sensing
capabilities. The multimodal tactile sensor was able to detect forces in the vertical (Z-axis) direction as
small as 0.5 gf and showed low hysteresis error and repeatability error of less than 3% and 2% in the
vertical force measurement range of 0–100 gf, respectively. Furthermore, the sensor was able to detect
forces in the horizontal (X- and Y-axes) direction as small as 20 mN and could detect 3-axis forces
with an average cross-talk error of less than 3%. In addition, the sensor demonstrated its multimodal
sensing capability by exhibiting a near-linear output over a temperature range of 23–35 ◦C. The
module was mounted on a motorized stage and was able to discriminate 16 texture samples based
on four tactile modalities (hardness, friction coefficient, roughness, and thermal conductivity).

Keywords: robot fingertip; texture discrimination; multi-modal; tactile sensor

1. Introduction

The texture of an object that a person feels is determined based on similar past
experiences with the physical quantities transmitted from the object. Even for identical
objects, some may deem it to be soft as the product is relatively softer than an object that the
person had experienced before, whereas others may find the object to be rough. As a result,
companies that manufacture products that come into direct contact with human skin (e.g.,
cosmetics, car seats, etc.) employ numerous methods to analyze the touch experienced by
people when using their products. As a notable method, selected individuals discriminate
the texture of objects based on prior training with tactile reference samples (e.g., TouchFeel
Box [1]). However, as this method is based on tactile sensations experienced by humans,
the results are likely to be affected by subjective information. To accurately discriminate
the textures of objects in an objective manner, it is necessary to build a robot that can detect
physical quantities that are transferred from objects. However, current-day robots lack
the adequate tactile sensing capabilities to be able to detect physical quantities that are
necessary in discriminating textures of objects [2]. Therefore, tactile sensors that are able to
mimic the tactile sensation of humans have garnered interest as a method for overcoming
the aforementioned limitations. The tactile sensing capability of humans is a recognition
method via direct contact that involves the sensing of physical quantities generated by
static touch and dynamic touch [3–5]. The main difference between the two methods
of touch is the movement of the finger. For example, the thermal conductivity of an
object can be detected by simply placing one’s hand on the object, whereas the roughness,
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friction coefficient, and hardness of an object require relative movement between the object
and one’s finger. Such physical quantities (hardness, friction coefficient, roughness, and
thermal conductivity) are referred to as tactile modalities, which are important indicators
in discriminating and recognizing objects. In other words, for a robot to discriminate the
textures of objects, a tactile sensor capable of multimodal (3-axis force and temperature)
sensing capabilities is essential to detect various tactile modalities. Therefore, numerous
studies are in progress to develop tactile sensors with multimodal sensing capabilities that
can be implemented into robots.

Chathuranga et al. [6,7] developed a soft biomimetic fingertip that can measure micro-
vibrations and force modalities using five commercial accelerometers and seven commercial
force sensors, which are placed under a polyurethane rubber layer. The developed soft
biomimetic fingertip was able to discriminate seven texture samples. However, the force
sensors that were used lacked the sensitivity to detect various materials, and the hysteresis
errors of the sensors could further increase due to the rubber layer. In addition, although
multiple force sensors were used to detect static force distributions, the sensing area of a
single force sensor was too large compared to the size of the designed fingertip, rendering it
difficult to detect force distributions in practice. Petriu group [8,9] applied multiple sensors
(a 32-taxel tactile array, a 9 DOF MARG sensor, and a deep pressure sensor) to a compliant
structure to develop a bio-inspired tactile sensing module. However, to avoid interference
from external magnetic fields—a flaw of the magnetic sensors used in the module—the
researchers arranged the angular rate sensor and the gravity sensor on a single layer. As a
result, this increased the sensor signal processing complexity. Adelson group [10–12] used
an elastomer-embedded camera to develop an optical GelSight sensor with excellent spatial
resolution. This sensor detects the hardness, surface geometry, and incipient slip of objects
by using an internal camera to detect deformations caused when a transparent rubber
layer coated with a reflective membrane comes into contact with the object. However, due
to its mechanisms, the sensor is limited in terms of how small it can be manufactured.
Furthermore, the sensor lacked the sampling rate to be used in robotics. Above all, as the
aforementioned sensors were developed with a focus on vibrations and force modalities,
none are able to detect temperature, which is necessary to measure the inherent thermal
conductivity of an object. On the other hand, the BioTac (SynTouch LLC, Los Angeles,
CA, USA) fingertip sensor [13–15] is also able to measure thermal conductivity. However,
the BioTac sensor struggles to directly obtain information regarding an object’s friction
coefficient, which is measured using horizontal direction forces.

Hence, our research team developed a robot fingertip module that can discriminate
textures of objects based on a tactile sensor with multimodal (3-axis force and temperature)
sensing capabilities to detect various tactile modalities. The multimodal tactile sensor
that was applied to the module had a single-cell structure comprised of four U-shaped
strain gauges based on boron-doped single crystalline silicon, which enabled the sensor
to measure 3-axis forces. In addition, a thin serpentine-shaped gold wire was designed
to simultaneously detect the temperature of the module. However, temperature sensing
capabilities alone are insufficient to detect thermal conductivity, which is related to the
flow of heat. As such, we integrated a heater based on enameled copper wire (Elektrisola
Korea Co., Ltd., Siheung-si, Korea) to the module to maintain the module temperature
above room temperature. This enabled the flow of heat when the module came into contact
with an object that had been placed at room temperature. Therefore, the multimodal
tactile sensor mounted on the module exhibited excellent sensitivity by detecting vertical
(Z-axis) forces as small as 0.5 gf. Moreover, the sensor showed a low hysteresis error and
repeatability error of less than 3% and 2% in the vertical force measurement range of 0 gf
to 100 gf, respectively. In terms of horizontal direction (X- and Y-axes) forces, the sensor
was able to detect forces as small as 20 mN. As such, the sensor could detect 3-axis forces
with an average cross-talk error of less than 3%. In addition, the sensor demonstrated
its multimodal sensing capability by exhibiting a constant degree of change according
to thermal stimuli applied to the module over a temperature range of 23 ◦C to 35 ◦C.
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Furthermore, the robot fingertip module was mounted on a motorized stage to enable both
static contact and dynamic contact between the module and the object. Based on the sensor
measurement results from both forms of motion, four tactile modalities (i.e., hardness,
friction coefficient, roughness, and thermal conductivity) were calculated to discriminate
the texture of the object.

2. Design and Fabrication of the Robot Fingertip Module

A tactile sensor with multimodal sensing capabilities is required to measure the
various tactile modalities of objects. Additionally, the sensor must possess sufficient
sensitivity to be able to discriminate between various materials. Hence, in accordance with
strategies proposed in previous studies [16–18], we designed a hybrid-type 3-axis force
sensor that possesses the excellent sensitivity and repeatability characteristics of single-
crystalline silicon and the mechanical flexibility of polymer-based elastomers. Furthermore,
we designed a tactile sensor with multimodal sensing capabilities by adding a gold wire-
based temperature sensor. By using such inorganic substances as sensing materials, the
developed sensor possesses greater mechanical and chemical stability and exhibits superior
repeatability characteristics and lower hysteresis errors compared to other sensors that use
organic sensing materials (such as carbon-polymer mixed sensors). These characteristics
are crucial as they are directly related to sensor durability. The sensing layer structure
with the advantages mentioned above is as follows. The sensitivity of the 3-axis force
sensor, which is based on the strain gauge method, is determined by the gauge factor
of the material of which the gauge is comprised, with higher values resulting in greater
sensitivity. In the case of single-crystalline silicon, of which our sensor was comprised,
the gauge factor depends on the doping concentration (in our case, 9.0 × 1018 ions/cm3);
generally, the value falls within the range of −120~180 [19,20]. This value is rather high
considering how the gauge factor is approximately 2~4 for metals [21] and approximately 6
for graphene [22]. Therefore, to measure 3-axis forces using single-crystalline silicon-based
strain gauges, four U-shaped strain gauges were arranged at 90-degree intervals (N, E, S,
W) to form a cell. Most importantly, the sensor was designed with a single cell as it is more
suitable compared to array types when measuring roughness, a tactile modality that is
necessary to discriminate the texture of objects. This is because roughness measurements
require fast Fourier transform (FFT) analysis with high-speed sampling. In the case of
the temperature sensor, gold was used as it produces stable sensor outputs according to
thermal stimuli. However, since gold is also a metal, the sensor can react to strain changes
in addition to thermal stimuli. As such, the sensor was designed with a thin gold wire
with a serpentine shape to only react to temperature. In general, it is known that the elastic
stretchability of a wire designed in a serpentine shape improves as the arc angle (in our
case, 180◦) increases [23]. The design of the sensing layer of the multimodal tactile sensor
is illustrated in Figure 1a.

However, a sensing layer designed with inorganic materials poses the concern of being
vulnerable to impacts upon contact. Thus, this mechanical weakness was compensated by
adopting a hybrid structure in which a polymer-based elastomer was wrapped around the
sensing layer. There are various types of polymer-based elastomer materials, with the most
notable examples including Ecoflex, Dragon Skin, and PDMS. In our design, we wrapped
the sensing layer with PDMS (Polydimethylsiloxane, Sylgard 184, Dow Corning, Midland,
MI, USA), as its physical stiffness and adhesion can be easily controlled and since it is easy
to bond with other PDMS-based layers. The designed PDMS layers include a deformation
layer, a bump layer, and an encapsulation layer. The deformation layer, which corresponds
to an elastic sensing element, was located below the PI (Polyimide, 25 µm, DuPont Kapton®)
substrate (sensing layer) and served to generate a strain proportional to the contact force.
To improve the sensitivity of the sensor, we used a 50:1 ratio (base:curing agent) PDMS to
result in a deformation layer with soft physical stiffness [24]. However, this soft physical
property raised two issues. One was that PDMS with such soft physical properties is not
able to immediately return to its original state as it is deformed to a greater degree. As
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this is directly related to the hysteresis error of the sensor, a thin deformation layer with
a thickness of 700 um was used to limit its deformation. The other concern was that the
adhesive strength of PDMS increases as the physical stiffness becomes softer. Notably,
due to the strong adhesive strength of 50:1 PDMS, it is difficult to move a deformation
layer comprised of this material to a specific position once it is fabricated. This is similar
to the challenges involved with handling double-sided tape with both adhesive surfaces
exposed. Therefore, by designing the deformation layer above the PI substrate (adhesion
layer), it becomes easier to use as one side loses its adhesion. The bump layer is a layer
with cuboid-shaped bumps (W; 2.5 mm × L; 2.5 mm × H; 1.0 mm) that serves to ensure the
bump is positioned on the cell in a stable manner. In addition to concentrating the forces
onto the four strain gauges that constitute the cell to increase sensitivity, the bump serves
to determine the direction of the force by generating different strains on each strain gauge
according to the direction of the force [25,26]. Therefore, the bump has to transmit external
forces to the strain gauges without deforming its original shape, and thus it is advantageous
to fabricate bump with greater mechanical stiffness. However, if the bump is fabricated
using metal or plastic materials to improve mechanical stiffness, it will be difficult to ensure
the mechanical flexibility of the sensor and excessive concentration of strain could damage
the semiconductor strain gauges. Above all, it is difficult to attach bumps made of such
materials to the sensing layer. Taking such conditions into consideration, a bump layer
constituted of 5:1 (base:curing agent) PDMS was placed on top of the sensing layer [27].
However, even this design could not ensure the stability of the sensor performance as
the bump layer is not combined with the sensing layer. Thus, an encapsulation layer
constituted of PDMS with the same ratio was placed in between the sensing and bump
layers to serve as an adhesion layer with the bump layer and protect the sensing layer
from external physical/chemical contact. This multimodal tactile sensor has dimensions of
12 mm × 26 mm. The cross section of the sensor and the thickness details of each layer are
shown in Figure 1b.
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Figure 1. Conceptual diagram of a robot fingertip module with multimodal tactile sensing capability.
(a) An optical image about the sensing layer of the multimodal tactile sensor (w/o bump). (b) Cross-
sectional view of a multimodal tactile sensor and its dimension. (c) 3D exploded view of the
developed robot fingertip module with fingerprinted silicone skin.

To build a robot fingertip module that can discriminate the textures of objects based
on the multimodal tactile sensor designed in this structure, we designed a robot fingertip
(W: 16.6 mm × H: 36.16 mm × t: 18 mm) similar in size to a human fingertip. Aspects
that were considered when implementing the module included a heater that can maintain
the temperature of the module similar to human body homeostasis, artificial skin with
human-like fingerprints, and a sensor signal processing circuit board (described in detail
in Section 3.1) that can be embedded in the robot fingertip. To maintain the module
temperature above room temperature, a heater comprised of an enameled copper wire
with a diameter of 0.05 mm was wrapped (472 turns/8 layers) around a bobbin (inner
diameter: 1.5 mm, height: 4 mm), which was positioned on the metallic fingertip frame.
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The heater had an approximate output of 471 mW at a voltage of 3.3 V. As a result, heat
would flow as the module came into contact with an object placed at room temperature,
which then enabled the developed temperature sensor to detect temperature changes of
the module and measure the inherent thermal conductivity of the object. The artificial skin
of the module was designed to possess a stiffness corresponding to the Young’s modulus
range of the index finger (0.07 MPa–0.2 MPa) [28] by using Ecoflex 0030 (Smooth-on Inc.,
Macungie, PA, USA) [29]. Furthermore, a fingerprinted skin with human-like fingerprints
was used to induce vibrations when rubbing the object with the robot fingertip [30]. The
robot fingertip module is illustrated in Figure 1c.

The implementation of the designed module begins with the fabrication of the multi-
modal tactile sensor. The fabrication process of the tactile sensor can be subdivided into the
fabrication of the sensing layer and the PDMS layers. The initial stages of the sensing layer
fabrication process involve the transfer of a doped 100nm-thick single-crystalline silicon
layer from an SOI (Silicon-On-Insulator, SOITEC, Isere, France) wafer to a PI substrate
(sensing layer) via a previously reported dry-transfer method. The forms of the U-shaped
strain gauges were patterned onto the transferred silicon layer via the photolithography
process. Subsequently, etching equipment (ERR-5006, LAT Co., Ltd., Suwon-si, Korea)
was used to leave the pattern and etch the remaining parts. To fabricate the electrodes
of the strain gauges, deposition equipment (KVE-T2000, Vacuum Tech, Gimpo-si, Korea)
was used to deposit a metal layer (Cr: 5.7 nm/Au: 120 nm), and the electrode shape
was patterned via the photolithography process. The wet etching method was employed
to leave only the electrode shape to fabricate the 3-axis force sensor. Subsequently, the
sensing layer was spin-coated using Su-8 2005 (MicroChem Corporation, Westborough,
MA, USA) to fabricate an insulating layer that separates the temperature sensor from the
3-axis force sensor. Next, the temperature sensor was fabricated by patterning the shape
of the temperature sensor onto the insulating layer via the photolithography process and
placing it in the deposition equipment to deposit a metal layer (Cr: 5.7 nm/Au: 120 nm).
Once the deposition process was completed, the lift-off process was used to leave only
the temperature sensor shape to conclude the sensing layer fabrication process. For the
fabrication of the PDMS layers, the encapsulation layer was produced by pouring 5:1
PDMS directly on the completed sensing layer, conducting spin coating, and curing it
in an oven (70 ◦C) for 2 h. The bump layer was produced by pouring 5:1 PDMS onto a
metal mold and curing it in an oven under the same conditions as the encapsulation layer.
The fabricated encapsulation and bump layers were then combined via the O2 plasma
treatment process [31,32]. Next, the deformation layer was fabricated by attaching a PI
substrate (adhesion layer) to a wafer coated with 10:1 PDMS, pouring 50:1 PDMS on top
of the PI substrate, conducting spin coating, and curing at room temperature (23 ◦C) for
24 h. The tactile sensor fabrication process concluded by attaching the PI substrate (sensing
layer) combined with the bump layer on top of the produced deformation layer. To attach
the fabricated tactile sensor to the fingertip frame, a thin layer of 50:1 PDMS was applied
to the section where the sensor is to be located and cured in an oven (70 ◦C, 2 h), after
which the PI substrate (adhesion layer), the lowest layer of the sensor, was attached to the
section. Subsequently, the fingertip frame with the sensor attached was placed in a mold
dedicated to the fabrication of fingerprinted skin that was filled with Ecoflex 0030, and the
mold was then cured in an oven (70 ◦C) for 2 h to produce the fingerprinted skin. Lastly,
the heater and circuit board of the sensor were mounted in the space on the opposite end to
the sensor, and the remaining parts were mounted to complete the robot fingertip module
with multimodal sensing capabilities.

3. Experimental Setup & Procedure for Texture Discrimination
3.1. Experimental Setup

For the robot fingertip module with multimodal sensing capabilities to discriminate
the textures of objects, the module should be capable of vertically pressing (static contact)
and rubbing (dynamic contact) objects. Hence, we used a motorized stage to develop a
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texture discrimination platform capable of both types of actions, as shown in Figure 2.
The platform included a Z-axis motion stage, which enables the robot fingertip module
with the mounted multimodal tactile sensor to touch the surface of samples in the vertical
(Z-axis) direction, and an X-axis motion stage, which enables the module to scan the surface
of an object it is in contact with at a constant velocity. A laser displacement sensor (ZX-
LD100L, OMRON, Kyoto, Japan) was installed on the Z-axis motion stage to measure the
distance between the module and the object to enable control of the speed at which the
module approaches the object. Notably, the displacement data from the sensor becomes
the standard for measuring the hardness of the object. If an object is pressed (indentation)
with the same displacement, harder objects will produce larger contact forces whereas soft
objects like a sponge will produce smaller contact forces. In addition, a tension block that
provides compliance was installed to allow the robot finger mounted on the Z-axis stage to
move according to irregularities on the object surface and maintain a preloaded force in
a series of experiments so that variations of the contact pressure at a start of the sliding
motion among samples could be minimized. Furthermore, the robot fingertip module was
mounted on a rotary stage that was installed on the Z-axis stage; this enabled control over
the area of the module that was in contact with the sample by changing the contact angle.
A holder to place the texture sample corresponding to the object was installed on the X-axis
motion stage. The holder, which had dimensions of W: 60 mm × H: 150 mm, was designed
in the form of a flat and angular u-shape with a depth of 2 mm so that a 140mm-long texture
sample could be fixed. In addition, the holder was made of steel to enable a pad-shaped
rubber magnet located under each sample to attach to the holder, which aimed to minimize
the movement of the sample during the measurement process. To embed the circuit board
that processes the measurement signals from the tactile sensor onto the module, the circuit
board was developed with a two layer-structure (dimensions: W: 18 mm × H: 14.5 mm ×
t: 5.2 mm). One layer consists of an analog strain gauge signal amplifier circuit and the
other layer consists of an analog to digital converter and a digital circuit that performs
computation and communication functions. Additionally, the length of wiring to connect
the sensor and the circuit board was minimized, which also reduced the effects of external
noise. Therefore, the noise levels of the gauges processed using the developed circuit board
were maintained below 0.02%, which enabled sufficient discrimination of 0.5 gf Z-axis
force signals. Furthermore, by setting the internal timer interrupt generated every 2 ms
in the MCU (STM8L151G6) and measuring the voltage every interrupt cycle, the sensor
signals could be processed at a sampling rate of 500 Hz. Figure 3 shows the communication
method used to control the platform and the circuit board design.
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circuit board.

3.2. Experimental Procedure

Figure 4 shows the flow chart describing the experiment performed using the texture
discrimination platform to discriminate between texture samples. The experiment was
divided into a training mode and a texture discrimination mode. The training mode was a
learning step, and the texture discrimination mode was a step in which arbitrary samples
were discriminated based on the learned data. The method of operation was as follows.
First, the positions of the motion stages (X-axis stage and Z-axis stage) were initialized
before conducting measurements under each mode. In the case of the training mode, the
number of measurement repetitions was inputted. The averages and standard deviations
of each of the four tactile modalities could be obtained through repeated measurements.
The error of the average value decreases as the number of repetitions increases; thus, we
conducted 10 repeated measurements to sufficiently minimize the error of the average
values. Next, to ensure the robot fingertip module approached the texture sample in a
stable manner, the Z-axis stage, which has a displacement sensor, was set to approach the
sample in two phases. In the first phase, the relative positions of the sample to be measured
and the module was determined using the displacement sensor, and this information was
sent to the stage as feedback. The stage then rapidly closed the distance between the
module and the sample (Fast approach). Afterwards, the module approached the texture
sample until the moment of contact at a slow, constant speed (Slow approach). When the
tactile sensor in the module detected contact force, this signal was fed back to the stage
to halt the movement. Once the module and sample came into contact in this manner,
the static contact phase commenced. In this phase, the Z-axis stage moved in steps to
measure the hardness and thermal conductivity of the sample. First, the module moved
downwards in the vertical (Z-axis) direction by a total displacement of 1 mm over eight
equal steps, and the contact force was measured for each step. Through this method, the
hardness of the sample could be estimated by measuring the difference in contact force
between samples for a given displacement. After indenting to a depth of 1 mm, the contact
was maintained for 15 s to detect changes in the temperature of the module over time as
heat flowed from the module to the sample. This information could be used to obtain a
value representative of the thermal conductivity of the sample. The static contact phase
was completed by completing the aforementioned sequence of actions. For the following
dynamic contact phase, the X-axis stage was moved at a constant speed (10 mm/s) for 10 s
to scan the surface of the sample. This process provided data that could be used to measure
the friction coefficient and roughness of the texture sample. Lastly, the tactile sensor signals
obtained from each phase were analyzed in the time and frequency domains. Therefore,
in the training mode, repeated measurements were conducted for each sample to analyze
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the obtained sensor signals with specific formulas, and the obtained data (average and
standard deviation) were saved on a database. For the texture discrimination mode, a
specific sample was measured and the analyzed data were compared to the saved database
to discriminate which sample most closely resembles the texture sample being measured
using a specific algorithm (described in detail in Section 4). The overall process was
controlled using the LabVIEW software.
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3.3. Texture Samples

A total of 16 texture samples of various materials were selected to demonstrate whether
the robot fingertip module on the texture discrimination platform could discriminate the
textures of objects. As shown in Figure 5, the 16 selected samples were as follows (in
ascending order): Kimwipes, fine fabric, denim, leather, rubber, metal (Cu), wood, paper
box, metal (Al), acrylic, Styrofoam, hard sponge, soft sponge, leggings fabric, flannel fabric,
and toweling. The samples had dimensions of W: 60 mm × H: 140 mm and had slight
discrepancies in terms of thickness; however, all samples had thicknesses in the range of t:
1.9~25.2 mm. This thickness includes the rubber magnet (t: 1 mm) that is used to attach
and detach the sample to the holder. In addition, to measure the distance between the
sample and the robot finger without error using the laser displacement sensor attached to
the Z-axis stage, a piece of reflector paper was attached to each sample where the laser of
the distance sensor was beamed onto the sample.
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4. Results and Discussion
4.1. Multimodal Sensing Capabilities of the Tactile Sensor

The repeatability and stability characteristics of a sensor are as important as multi-
modal sensing capabilities when discriminating the textures of objects based on various
tactile modalities. Even if a sensor is able to measure numerous physical quantities, the reli-
ability of its measurements is compromised if the sensor has low stability and repeatability
characteristics. For example, a sensor with such characteristics would produce fluctuating
readings even when measuring a single sample, greatly hindering the effectiveness of
learning. As such, it is vital to conduct repeatability and stability evaluations in addition to
evaluations of the physical quantities that can be detected by the robot fingertip module
with the tactile sensor.

To evaluate the vertical (Z-directional) force measurement capability, the robot fin-
gertip module was placed on a precision balance (BSA6202S-CW, Sartorius, Göttingen,
Germany) with a resolution of 0.01 g and a metal tip with a diameter of 3 mm was attached
to the indenter connected to the 3-axis stage [16]. The metal tip was placed on the center of
the bump of the tactile sensor built into the robot fingertip module, and the vertical force
measurement capability of the sensor was evaluated. The vertical direction (Z-axis) force
measurement capability (Rz) serves as a measure of the two aforementioned characteristics
as well as the range of force the sensor is capable of detecting, and is calculated as the
average rate of change in resistance of the four strain gauges [33]. This can be expressed by
the following equation:

Rz =

(
1
4
×
(

∆RN

(RN)0
+

∆RE

(RE)0
+

∆RS

(RS)0
+

∆RW

(RW)0

))
× 100(%) (1)

∆Ri = Ri − (Ri)0 (2)

where ∆Ri is the change in resistance of strain gauge i; (Ri)0 is the initial resistance value
of strain gauge i; and i refers to the strain gauge located in the N, E, S, or W directions. As a
result of evaluating the vertical direction (Z-axis) force measurement capability using this
equation, it was found that the hysteresis error was low at 2.66% within the force range of
0–100 gf, and the sensor possessed the sensitivity to sufficiently discriminate forces as small
as 0.5 gf. In addition, the maximum detection force (100 gf) was applied to the module
1000 times to evaluate the repeatability characteristics. As a result, the repeatability error
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was also low at 1.96%, highlighting the excellent repeatability and stability characteristics
of the sensor. Data on the sensor characteristics are shown in Figure 6a,b.
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Figure 6. Multimodal sensing characteristics of the tactile sensor: (a) Output data about hysteresis
characteristic and sensing range. (Inset) Sensor resolution data according to 0.5 g step force. (b) One-
thousand repeated measurement data at maximum sensing normal force (100 gf). (c) 3-axis force
data related to the shear force vector generated by a 20 µm step motion in the Y-axis direction. (d)
Temperature sensor characteristics for the temperature range from room temperature (23 ◦C) to
human body temperature (35 ◦C).

The horizontal direction (X- and Y-axes) force measurement capabilities of the sensor
are important as these physical quantities are used to measure the friction coefficient
of samples, which is not possible with the vertical direction (Z-axis) force measurement
capability. The difference in resistance change rates between the two gauges located
along the X-axis was used to calculate the X-axis force (Rx), and the Y-axis force (Ry) was
calculated in the same manner using the difference in resistance change rates of the two
gauges located along in the Y-axis [33]. This can be expressed by the following equations:

Rx =

(
∆RW

(RW)0
− ∆RE

(RE)0

)
× 100(%) (3)

Ry =

(
∆RS

(RS)0
− ∆RN

(RN)0

)
× 100(%) (4)

To evaluate the 3-axis force measurement capabilities, the outputs of the robot fingertip
module were compared with those of a commercial multi-axis load cell (model: SRI-
M3701A, Sunrise Instruments, Canton, MI, USA) with Fz, Fx, and Fy capacities of 100 N, 50
N, and 50 N, respectively. A metal tip with a diameter of 3 mm connected to the multi-axis
load cell was used to apply horizontal forces to the module. The test started with the
preloading of a vertical force of 10 gf, then the metal tip was moved in the (+) Y-axis
direction by approximately 20 µm, 40 µm, and 60 µm to apply 20 mN, 40 mN, and 60 mN
horizontal forces, respectively, while the sensor signals were observed. As the developed
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sensor comprises of a single cell to measure 3-axis forces, it is necessary to calculate the
cross-talk error (S), which indicates whether the sensor is able to independently measure
forces in each direction without the reading being affected by the signals of the other force
directions [34]. This is calculated by applying the maximum horizontal direction (in our
case, Y-axis) force to the module and comparing the changes in the force measurement
capabilities in the other directions (X- and Z-axes) to the changes in the horizontal (Y-axis)
direction force measurement capabilities before and after the force is applied. This can be
expressed by the following equations:

Sx =

∣∣∣∣∆Rx

∆Ry

∣∣∣∣× 100(%) (5)

Sz =

∣∣∣∣∆Rz

∆Ry

∣∣∣∣× 100(%) (6)

∆Ra = (Ra)After maximum movement − (Ra)before maximum movement (7)

where ∆Ra is the force measurement capability for direction a, and a refers to the X-, Y-, or
Z-axes. From the equations, Sx and Sz were calculated as 3.57% and 2.14%, respectively.
Thus, the developed sensor had sufficient sensitivity to detect horizontal forces as small as
20 mN, and the average cross-talk error was less than 3%. This highlights the 3-axis force
sensing capabilities of the sensor. Related sensor characteristics are shown in Figure 6c.

To evaluate the temperature sensing capabilities of the sensor, the fingerprinted skin
of the robot fingertip module was placed on a hot Plate (MSH-30D, Daihan Scientific,
Wonju, Korea) and the temperature of the hot plate was increased by 4 ◦C intervals within
the range of 23–35 ◦C. For accurate temperature measurements, a platinum resistance
thermometer with a resolution of 0.01 ◦C was attached to the hot plate. The resistance of
the temperature sensor was measured 30 min after each temperature increase to ensure the
heat from the hot plate had sufficiently transferred to the module to achieve equilibrium.
As shown in Figure 6d, the resistance of the temperature sensor increased by approximately
79 Ω as the hot plate temperature increased from 22.9 ◦C (approximately 2900 Ω) to 34.4 ◦C
(approximately 2979 Ω). The sensor resistance changed in a near-linear manner according
to the temperature increase of each interval. The temperature coefficient of resistance (TCR,
α) of the temperature sensor was calculated as 0.23 %/◦C, which is lower than the reported
TCR of gold (0.34 %/◦C) [35]. This is because the temperature sensor was fabricated by
depositing Au pellets, which resulted in a non-uniform crystal structure compared to
bulk Au.

4.2. Demonstration of Texture Discrimination

Since the performance of the robot fingertip module with the built-in multimodal
tactile sensor was verified, we attempted to demonstrate whether our module could
discriminate textures of objects. We conducted the experiments according to the aforemen-
tioned flow chart using the 16 selected tactile samples. First, 10 repeated measurements
were conducted for each sample under the training mode and the measurement results
were used to calculate the averages (m) and standard deviations (σ) for six specific indi-
cators (h, µ, 1st PSD, 2nd PSD, 3rd PSD, ϑ) that correspond to the four tactile modalities
(hardness, friction coefficient, roughness, and thermal conductivity). The calculated data
were used to build a database, which was used to perform the texture discrimination
experiment with arbitrary samples. The following paragraphs describe the calculation
methods and formulas for the specific indicators of each modality.

Hardness (h) is an indicator of the rigidity of a sample and can be estimated using the
vertical direction force measurement capabilities of the tactile sensor by moving the module
after coming into contact with the sample in the vertical direction in eight steps (n). We
calculated hardness by averaging the vertical direction force measurement capability (Rz)
values detected by the sensor for the final four of the total eight steps. This is because there is
the potential for the contact area of the module with the sample to increase during the initial



Appl. Sci. 2021, 11, 5256 12 of 16

four steps, which can slightly alter the angle of the finger module, leading to horizontal
forces being applied in tandem with vertical forces. However, such a phenomenon does
not take place after the third step. The formula can be expressed as follows:

h =
1
4
×
(

8

∑
n=5

(Rz)n − (Rz)n−1

)
(8)

Friction coefficient (µ) is a proportional constant that refers to the degree of friction
between two surfaces in contact and is calculated by dividing the horizontal force by the
vertical force. We calculated the horizontal (Y-axis) direction force measurement capability
(Ry) and the vertical direction (Z-axis) force measurement capability (Rz) of the tactile
sensor when the module is rubbed on the sample (dynamic contact). This is because the
developed module moves in the Y-axis direction of the cell of the 3-axis sensor. This can be
expressed by the following equation:

µ =
Ry

Rz
(9)

By plotting the calculated values of the two indicators for the 16 samples on a single
graph, the graph could be viewed in quadrants, as shown in Figure 7a. As a result, it was
found that the samples could be categorized into groups. In particular, samples located in
the first quadrant, which had smooth surfaces, exhibited significant dispersion in terms of
friction coefficient due to the rubbing action (dynamic contact), resulting in the stick-slip
phenomenon. Conversely, no samples were located in the fourth quadrant, which indicates
that none of the samples measured by the developed platform had both high friction
coefficient and low hardness. According to the hardness data, Sample No. 11 (Styrofoam)
was measured as the hardest material despite the fact that the actual hardness of the
material is low, which reflects how humans struggle to determine differences in hardness
between Styrofoam and a relatively harder material like Sample No. 10 (acrylic). This is due
to the fact that international standards of hardness are measured by indenting a pointed
probe to a certain depth on a material. On the other hand, the texture discrimination system
developed in this study measures hardness similar to how humans press on materials with
their fingers, hence the difficulty in discriminating the samples with the exception of soft
materials, as in the case of Sample No. 13 (soft sponge).

Appl. Sci. 2021, 11, x FOR PEER REVIEW 13 of 16 
 

 
Figure 7. Mean and standard deviation data derived from 10 repeated measurements of 16 tactile sam-
ples for each indicator. (a) Hardness & Friction coefficient. (b) Roughness. (c) Thermal conductivity. 

Power Spectral Density (PSD) represents the contact energy. As the module moved 
horizontally while in contact with the texture sample, the magnitude (energy) of the de-
tected signal from the sensor changed according to regular or irregular bumps on the sur-
face of the sample. As such, this physical quantity is a good representation of the rough-
ness of the surface of the object [14]. The first, second, and third PSDs were obtained by 
converting time domain signals to the frequency domain through Fast Fourier Transforms 
(FFT), categorizing signals into the low frequency domain (0~1 Hz, 1st PSD), medium fre-
quency domain (1~10 Hz, 2nd PSD), high frequency domain (10~20 Hz, 3rd PSD), very 
high frequency domain (20~250 Hz, 4th PSD), and calculating the area of each frequency 
domain. The measured PSD values (1st, 2nd and 3rd PSDs) showed differences significant 
enough to discriminate samples as shown in Figure 7b, but the 4th PSD value did not ex-
hibit a meaningful difference in our experiments; therefore, we did not use the 4th PSD 
value as an indicator. 

Thermal conductivity (ϑ) is an inherent property of an object and is important in dis-
criminating between textures of objects. The built-in heater was used to maintain the tem-
perature of the module above the ambient temperature (at approximately 30 °C). As the 
module maintained contact (static contact) for a certain period of time (15 s in our experi-
ments) with the texture sample, which had achieved equilibrium with the ambient tem-
perature (20~23 °C), heat began to flow between the module and the sample. The resulting 
change in temperature of the module could be used to calculate a value representative of 
the thermal conductivity of the sample. However, since the degree of temperature change 
may vary depending on the ambient temperature, the measurements were normalized 
using the difference between the initial temperatures of the module and sample. The tem-
perature of the module was calculated using a linear equation obtained through the linear 
fitting of the temperature sensing capabilities of the temperature sensor. The equation to 
estimate the thermal conductivity of the sample can be expressed as follows: ϑ = 𝑇 − 𝑇𝑇 − 𝑇  (10)

where 𝑇  is the module temperature 15 s after contact with the sample, 𝑇  is the initial 
module temperature, and 𝑇  is the ambient temperature. According to the thermal con-
ductivity values of the 16 samples shown in Figure 7c that were obtained using the afore-
mentioned equation, Samples No. 11 (Styrofoam) and No. 13 (sponge) had high values com-
pared to the other samples. This is due to the insulating effect of these materials as a conse-
quence of their low thermal conductivities. Conversely, Samples No. 6 (copper) and No. 9 
(aluminum) had low values due to their high thermal conductivities, which indicates that the 
temperature decreased rapidly as the finger came into contact with the samples. 

The texture discrimination experiment was performed with the training database 
that was constructed using the aforementioned equations. First, an arbitrary sample was 
measured according to the process flow chart to obtain values (x ) for each indicator (j). 
Next, we confirmed whether x  was within the range of m ± σ  of the 16 samples for 
each indicator to calculate a weight value (𝑤 ). The method of calculating 𝑤  is as follows. 

Figure 7. Mean and standard deviation data derived from 10 repeated measurements of 16 tactile samples for each indicator.
(a) Hardness & Friction coefficient. (b) Roughness. (c) Thermal conductivity.

Power Spectral Density (PSD) represents the contact energy. As the module moved
horizontally while in contact with the texture sample, the magnitude (energy) of the
detected signal from the sensor changed according to regular or irregular bumps on
the surface of the sample. As such, this physical quantity is a good representation of
the roughness of the surface of the object [14]. The first, second, and third PSDs were
obtained by converting time domain signals to the frequency domain through Fast Fourier
Transforms (FFT), categorizing signals into the low frequency domain (0~1 Hz, 1st PSD),
medium frequency domain (1~10 Hz, 2nd PSD), high frequency domain (10~20 Hz, 3rd
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PSD), very high frequency domain (20~250 Hz, 4th PSD), and calculating the area of each
frequency domain. The measured PSD values (1st, 2nd and 3rd PSDs) showed differences
significant enough to discriminate samples as shown in Figure 7b, but the 4th PSD value
did not exhibit a meaningful difference in our experiments; therefore, we did not use the
4th PSD value as an indicator.

Thermal conductivity (ϑ) is an inherent property of an object and is important in
discriminating between textures of objects. The built-in heater was used to maintain
the temperature of the module above the ambient temperature (at approximately 30 ◦C).
As the module maintained contact (static contact) for a certain period of time (15 s in
our experiments) with the texture sample, which had achieved equilibrium with the
ambient temperature (20~23 ◦C), heat began to flow between the module and the sample.
The resulting change in temperature of the module could be used to calculate a value
representative of the thermal conductivity of the sample. However, since the degree of
temperature change may vary depending on the ambient temperature, the measurements
were normalized using the difference between the initial temperatures of the module and
sample. The temperature of the module was calculated using a linear equation obtained
through the linear fitting of the temperature sensing capabilities of the temperature sensor.
The equation to estimate the thermal conductivity of the sample can be expressed as follows:

ϑ =
Tc − Ti

Ti − Ta
(10)

where Tc is the module temperature 15 s after contact with the sample, Ti is the initial mod-
ule temperature, and Ta is the ambient temperature. According to the thermal conductivity
values of the 16 samples shown in Figure 7c that were obtained using the aforementioned
equation, Samples No. 11 (Styrofoam) and No. 13 (sponge) had high values compared to
the other samples. This is due to the insulating effect of these materials as a consequence
of their low thermal conductivities. Conversely, Samples No. 6 (copper) and No. 9 (alu-
minum) had low values due to their high thermal conductivities, which indicates that the
temperature decreased rapidly as the finger came into contact with the samples.

The texture discrimination experiment was performed with the training database
that was constructed using the aforementioned equations. First, an arbitrary sample was
measured according to the process flow chart to obtain values (xj) for each indicator (j).
Next, we confirmed whether xj was within the range of mj ± σj of the 16 samples for each
indicator to calculate a weight value (wj). The method of calculating wj is as follows. If xj is
within the range of a specific sample for the corresponding index (mj − σj ≤ xj ≤ mj + σj),
wj is set as zero. If this is not the case (xj

〈
mj − σj, xj

〉
mj + σj), wj is calculated by ranking

in ascending order the difference between the measured value with the average values
of each sample using argrank

(∣∣mj − xj
∣∣). Here, the maximum value is 16. In this manner,

the sum of the weight values (∑ wj) is obtained by adding all calculated wj values of each
sample for the six indicators. Using this result, the following equation is used to calculate
the degree of similarity (Yk) with each sample.

Yk =
p × q − ∑ wj

p × q
× 100(%) (11)

where k is the tactile sample number ranging from 1 to 16, p is the number of tactile
samples accumulated in the database, and q is the number of indicators. As a result of
performing the texture discrimination experiment using our method with Sample No. 2, for
example, the probability of Sample No. 2 was the highest (77.15%), as shown in Figure 8.
Ninety-eight percent accuracy was obtained after repeating the texture discrimination
experiment 50 times.
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5. Conclusions

Our research team developed a robot fingertip module based on a multimodal tactile
sensor capable of detecting various tactile modalities to realize a robot with human tactile
sensing capabilities. The robot fingertip module was mounted on a texture discrimination
platform based on a 2-axis motorized stage to simulate static and dynamic contact on
16 texture samples. The experiments allowed the module to measure four tactile modalities
(hardness, friction coefficient, roughness, and thermal conductivity) and discriminate
arbitrary samples following training. This allowed us to take a step closer to implementing
robots with the ability to quantify textures of objects. This research can contribute to
the advancement of various industries related to objects that come into contact with our
skin, such as textiles, automobile seats, and cosmetics. In the future, we would like to
develop an array-type sensor capable of detecting a greater variety of tactile modalities
(e.g., depth, humidity) to more accurately discriminate textures of objects. Furthermore, we
are planning to discriminate the textures of a wider array of objects by integrating artificial
intelligence [36] with the sensor.
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