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For real leather and artificial leather, it is quite difficult for an untrained person to distinguish
between the two just by scanning their fingers over the surfaces. We found that the scanning results
of these materials did produce FFT results that were discernable. As shown in the inset images of
Figure 10c,d, cattle leather and polyurethane leather have similar surface structures with many grains
and pores. The FFT results showed a similar spectral distribution, which made it understandable
why it would be difficult to distinguish between them just by relying on touch. However, there were
features that stood out. In the frequency range from 8 to 22 Hz, the ESD of the cattle leather was 2 times
larger than that of the polyurethane leather. This shows that our sensor may be used to detect fine
differences between artificial and real leather.

The results of Figure 8c show that the contact depth was an essential factor in detecting more
detailed surface characteristics. Varying the contact depth, we measured the change in the frequency
spectrum between two fabrics with different hardness. As seen in the optical image of Figure 11a,b,
the harder fabric had tight weaves and the softer fabric had hair-like structures. The topmost spectrum
was recorded when the 10-Hz fingerprint peaks started to appear. Then the fabrics were scanned with
the sensor pressed on its surface with the pressure depth increasing in 20-um steps toward a 200-pum
total depth. In the low-contact depth, we observed similar frequency spectra, which showed no specific
peak except for fpr despite the significant visual differences between the two fabrics. Increasing the
contact depth, we observed the appearance of peaks at 1.6 Hz and 0.2 Hz and their harmonics with a
1.2-mm period of the hard fabric and a 10-mm period of the soft fabric. Comparing the two FFT results,
the harder-fabric FFT showed more distinct peaks appearing as the scanning pressure increased to that
of the softer-fabric FFT. We can conclude that the frequency spectra taken at various contact depths can
give additional hardness information, which will aid in increasing the ability of the biomimetic tactile
sensor to distinguish between various materials and which may make tactile sensor-based material
identification a reality.

(a)

Figure 11. FFT results of tactile sensor output induced by scanning (a) a hard fabric with tight weaves
and (b) a soft fabric with hair-like structures, increasing the contact depth. Inset images show SEM and
optical images of the two different fabrics (scale bars indicate 1 mm).
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7. Discussion

Previously reported tactile sensors that were based on measuring scanning vibrations commonly
used accelerometers and microphones [32,33]. These sensors were built into or on top of an artificial
finger, and vibration damping could occur, which would reduce the accuracy of the results. Since
our biomimetic tactile sensor would be in direct contact with an object, it could effectively detect
the vibration information induced by the interaction between the ERs and the contact object without
damping. Our SKIN showed tactile sensitivity that was high enough to detect sub-100-um surface
structures of a sheet of papyrus. It has been reported that ERs show good tactile sensitivity on surfaces
with structural periods that are 0.5-2 times as long as that of the ERs [26]. When varying the design of
the ER period, the tactile sensitivity may be adjusted to the target sensitivity, which may be required
for various applications.

Conventional fingerprint identification security systems can detect the surface structure of human
finger pads but cannot discriminate between finger pad replicas. In the results in Figure 9, it is shown
that our biomimetic tactile sensor had the capability of discriminating between a human finger pad and
its replica, which may make them applicable for future security systems. By utilizing its mechanical
flexibility, if we incorporate the biomimetic tactile sensor into the previously reported tactile stiffness
sensor [34], it may be possible to develop a portable tactile measurement system that can detect surface
roughness as well as stiffness, which will make tactile surface recognition possible.

8. Conclusions

We developed a SKIN with a bilayer structure with different elastic moduli that mimics human
ER and epidermis characteristics. When a hard ER and a soft epidermal board were used for the SKIN,
we improved the effectiveness of transferring surface shear forces into vertical vibrations. The SKIN
with a hard SU-8 ER and a soft PDMS epidermal board showed 6.85 times higher tactile sensitivity than
did the one fabricated using only the soft PDMS. We optimized the ER dimensions and the epidermal
board thickness, and the biomimetic tactile sensor with the optimized SKIN was able to detect a
75-um period and a 20-um height difference in a contact surface. Our sensor also showed an ability to
sense the difference between contact with a human finger and a PDMS replica with the same surface
structure. In addition, we demonstrated that it was possible to discern the differences in textures of
paper, leather, and fabric using the biomimetic tactile sensor. With further development and through
use of the sensor’s mechanical flexibility, our biomimetic tactile sensor may make texture-recognizing
artificial fingers a possibility.
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Abstract: Flexible tactile sensor with contact force sensing and surface texture recognition abilities is
crucial for robotic dexterous grasping and manipulation in daily usage. Different from force sensing,
surface texture discrimination is more challenging in the development of tactile sensors because of
limited discriminative information. This paper presents a novel method using the finite element
modeling (FEM) and phase delay algorithm to investigate the flexible tactile sensor array for slippage
and grooved surfaces discrimination when sliding over an object. For FEM modeling, a 3 X 3 tactile
sensor array with a multi-layer structure is utilized. For sensor array sliding over a plate surface,
the initial slippage occurrence can be identified by sudden changes in normal forces based on wavelet
transform analysis. For the sensor array sliding over pre-defined grooved surfaces, an algorithm
based on phase delay between different sensing units is established and then utilized to discriminate
between periodic roughness and the inclined angle of the grooved surfaces. Results show that the
proposed tactile sensor array and surface texture recognition method is anticipated to be useful in
applications involving human-robotic interactions.

Keywords: finite element modeling; surface texture; grooved surface; tactile sensor array; wavelet
transform; spectral analysis; inclined angle

1. Introduction

Flexible tactile sensors have been widely utilized in robotics, prosthetic hands, and medical
surgery [1,2]. For grasping and manipulation tasks, the robotic hand with integrated tactile sensors can
perceive tactile information between the hand, fingers, and grasped objects. This tactile information
plays an important role and can be used for robotic feedback control [3,4]. For daily grasping in robotic
and prosthetic hands, if the applied grasping force is too low, objects may slip through the hand, while
fragile objects may be damaged when the applied force is too large. Furthermore, the roughness,
texture, material hardness, and contour of the objects also affect the requisite grasping force [5].
Therefore, robotic dexterous manipulation generally requires integrated tactile sensors on the robotic
hand with force sensing as well as object texture and contour shape recognition abilities.

The tactile sensor array is usually designed with several sensing units arranged in a row/column
configuration and can be used to measure distributed contact forces [6,7]. In the past decade,
developments in the tactile sensor array have attracted many researchers, and several types of tactile
sensor array have been proposed [8-10]. Recently, we utilized conductive rubber as the sensing
material to develop a flexible tactile sensor array with 3 X 3 sensing units which can be worn on the
finger of a robotic hand and can measure three-axis contact forces during grasping applications [11,12].
The contact behavior of the sensor array with objects affects the contact force sensing performance
of the tactile sensor array we developed. Analytical modeling was conducted to study the sensing
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performance and mechanical behavior in many researches. The basic structure of the tactile sensor is
usually first simplified into a combination of cylinders, cuboids and other basic geometries. Then a
lumped parameter model can be developed to analyze the mechanical properties of the tactile sensor.
Zhang et al. [13] utilized the Stribeck friction model to study the mechanical behavior between a rigid
gripper and the gripped object during the initial slippage phase. They found that the induced normal
force changes suddenly when slipping occurs due to change in the static/dynamic friction coefficient.
Ho et al. [14,15] simplified the fingertip into a bundle of beam to calculate localized displacement for
slip detection.

For a tactile sensor array with a more complex structural design, numerical modeling will be an
effective approach to study the performance and contact behavior of the tactile sensors. Dao et al. [16]
presented a numerical model in Marc Mentat software that analyzed the normal stress distribution
of the sensing units when an external force is applied and identified the optimal location for the
arrangement of piezoresistors. Youssefian et al. [17] developed a finite element modeling (FEM) of the
tactile sensor by adopting nonlinear elastic material properties to study the induced stress and strain
when a normal force is applied to the outer surface of the tactile sensors. In these proposed numerical
models, the structure of the tactile sensors needs to be simplified into beam and plate structures for fast
calculation convergence. Therefore, this will inevitably affect the accuracy of the mechanical behaviors
of the tactile sensors for external force sensing, like the filtering effects of the sensor’s top cover material
is neglected [18]. Thus, to analyze the sensing performance and contact behavior, an accurate 3D FEM
model of the tactile sensor array needs to be developed, and this is a goal of this research.

As mentioned earlier, the surface roughness, hardness, texture and contour shape of the object affect
the sensing performance of the tactile sensor array. For surface texture recognition, two approaches
have been validated to have the ability to extract the object’s features. (1) Using a tactile sensor array
with high-density sensing units to measure the contact forces when it touches the object’s surface.
Then the measured force values are plotted into a gray scale figure, which can be used to discriminate
between the contour shapes of the objects using an image processing algorithm [19,20]. (2) Using a
spectral analysis algorithm to analyze the measured forces when the tactile sensor slides along the
surface of the objects. Oddo et al. [21] utilized a 2 X 2 tactile sensor array to measure the normal
forces when sliding over the patterned surfaces, and fast Fourier transformation (FFT) was used to
discriminate between the surface roughness and periodic information from the grooved surfaces.
Further, they developed an approach using a machine learning algorithm (k-NN classifier) and wavelet
transform to classify the surface texture [22]. In 2012, Fishel et al. [23] utilized a biologically inspired
tactile sensor (BioTac) to measure tactile vibrations and reaction forces when exploring surfaces with
different textures. The Bayesian exploration algorithm was then used to analyze the force data obtained,
and 117 types of textures were successfully identified. This algorithm requires plenty of input data for
the improvement of accuracy, and this limits the application of the BioTac sensor for surface texture
recognition. Therefore, based on the obtained reaction forces of the tactile sensor array, an effective
surface texture recognition method still needs to be developed.

Therefore, the proposed tactile sensor for surface texture recognition still needs to be investigated,
the present surface recognition method can still not be used for practical usage. To fill this research gap,
we developed an accurate 3D FEM model of the tactile sensor array to study the sensing performance
and contact behavior of the sensor when contacted with objects. Based on the measured contact forces
of the tactile sensor array, a novel approach based on phase delay algorithm for grooved surface
recognition is developed and verified by both FEM modeling and experimental validation. The main
content of this paper is divided as follow: Section 2 presents the structure and working principles of the
tactile sensor array on which 3D FEM modeling was conducted. Section 3 describes the experimental
setup and procedures. Two sets of experiments were conducted: slippage detection and surface texture
recognition when the sensor array slides over the object’s surface. The FEM simulation, experimental
results, and discussion are presented in Section 4.
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2. Design of Tactile Sensor Array and FEM Modeling

2.1. Flexible Tactile Sensor Array

Of the tactile sensing principles, piezoresistive sensing is selected because of its relatively simple
structural design and good anti-noise performance. Highly sensitive INASTAMOR pressure conductive
rubber (from Inaba Rubber Co. Ltd., Osaka, Japan) is utilized as the sensitive material and cut into
small pieces of round-shaped chips with a diameter of 3.0 mm. The structural design of the 3 x 3
flexible tactile sensor array is illustrated in Figure 1a,b. This sensor array mainly consists of three layers:
top polydimethylsiloxane (PDMS) bump, a middle room temperature vulcanizable (RTV) adhesive
layer with conductive rubber chips, and bottom electrodes on a thin film of polyethylene terephthalate
(PET). The thicknesses of these three layers are 0.8, 0.5 and 0.1 mm, respectively. The distance between
adjacent units is about 3.5 mm, and thus the overall dimensions of the tactile sensor array are 20 mm x
16 mm x 1.4 mm. A detailed structural design of the flexible tactile sensor array can be found in one of
the references [12].

'l PDMS

Electrode [MPET

Conductive RTV
B Rubber B A dhesive

Figure 1. (a,b) Structure of the flexible tactile sensor array; (c) Fabricated tactile sensor array.

The patterned electrodes underneath the rubber chip have four side electrodes and one central
common electrode, which generates four resistors (Rq, Ry, Rz and Ry) and divides the sensing unit into
five areas, as shown in Figure 1b. Thus, these four resistors can measure the changes in resistance for
external three-axis force sensing. Typically, as the tactile sensor array is worn on the finger of a hand
for grasping and touching objects, the external force will be exerted over the sensor array, and the
induced deformation of the PDMS bump and conductive rubber chips will change the resistances of
these four resistors.

2.2. FEM Modeling

For FEM modeling, the finite element mesh of the 3D tactile sensor array model with dimensions
of 20 mm X 16 mm X 1.4 mm is shown in Figure 2a. The accurate 3D geometry of the bump, rubber
chip, and substrate film layers were converted to the FEM mesh using ABAQUS (v6.14, Dassault
Systemes Simulia Corp., Providence, RI, USA). Both “structured” and “sweep” algorithms for element
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mesh were utilized. The bump layer, rubber chip and surrounding RTV adhesive, and the PET film
were connected using the “tie” function to lock the nodes onto the surfaces. To ensure perfectly tied
surfaces, the mesh (node positions) on the mating surface must be consistent. For mesh convergence,
the region of the bump and rubber chip and other contact regions were finely meshed, as shown
in Figure 2b. Altogether, the tactile sensor array was meshed using 78,885 eight-node hexahedron
elements. The element numbers in each layer are as follows: bump (53,236 elements), conductive
rubber chip (10,368 elements), RTV adhesive (14,001 elements) and bottom PET film (1280 elements).
For boundary conditions, the PDMS bump, conductive rubber chip, RTV adhesive, and PET film
layers were merged together. The underside of the PET layer was confined by the displacement
boundary condition.

(@) /=
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Figure 2. (a) 3D finite element modeling (FEM) model of flexible tactile sensor array; (b) Close-up view
of sensing unit.

The mechanical properties of the PET film were adopted from a previous study while Young's
modulus and Poisson ratio are about 3000 MPa and 0.47 [24]. For the conductive rubber, PDMS and
RTV adhesive, uniaxial compression tests were conducted according to American Society for Testing
and Materials (ASTM) standards [25]. The measured nominal stress versus nominal strain curves for
the rubber, PDMS and RTV adhesive materials are shown in Figure 3.
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Figure 3. Measured nominal stress versus strain curves of rubber, room temperature vulcanizable
(RTV) and polydimethylsiloxane (PDMS) materials.

All three stress-strain curves have nonlinear elastic behaviors, especially under large strains.
The hyper-elastic Yeoh model [26] was used in the ABAQUS software to represent the nonlinear
properties of the conductive rubber, PDMS and RTV adhesive materials. For these incompressible
materials, the strain energy density function can be expressed as

W(l) = Cy(I; =3) + Co(I; = 3)* + C3(I; - 3)° )

where [; stands for the first invariant of the Green deformation tensor and C; is the material parameter.
Under the circumstance of uniaxial compression, Equation (1) can be transformed into the form that
describes the relation between the stress ¢ and strain ¢ as

0=2C1(A=A"2) +4C (A3 =34 +1+3172-2173)

2
+6C3(A% =643 + 342 +91 - 6 - 9172 + 12173 —47174) @

where A is the elongation and equals to 1 + .
By using the least squares fitting, three parameters (C;, Cp, and C3) in the Yeoh model for rubber,
RTV adhesive, and PDMS are obtained, and these are listed in Table 1.

Table 1. Material properties of rubber, RTV, and PDMS materials.

Yeoh Model
Material C G G Poisson Ratio
Conductive rubber 0.5686 0.0540 —-0.0181 047
RTV adhesive 0.5551 —-0.0356 0.0027 0.48
PDMS 0.7997 0.2881 —-0.0375 0.47 [27]

3. Experimental Setup and Procedure

3.1. Experimental Setup

The entire experimental setup is shown in Figure 4. It mainly consists of an xyz linear motion
stage and a three-axis commercialized force sensor. The developed flexible tactile sensor array was
attached to a plastic loading bar, which was mounted to a z-axis motion stage. A scanning circuit based
on digital signal processing (TMS320F2812, Texas Instruments Inc, Dallas, TX, USA) was designed
and used for the distributed normal and shear forces measurement [12]. During the experiments,
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two types of surfaces (flat surface and grooved surface) made using stereolithography (SLA) technique
were utilized. The flat surface was used for slippage detection when the loading bar and tactile
sensor array slid on the surface. The grooved surfaces with different patterns were used for surface
texture recognition.

Stepping
Motor

2% -
7 3 Unit: mm
Grooved Surface

Sensor Array

Circuit
Figure 4. Experimental setup for the validation tests.

3.2. Experimental Procedure

During the experiments, the motion speed of the linear stage was controlled by the stepping
motors. To reduce the inertia effects, the sliding movement of the loading bar and tactile sensor array
should be lower than 1.0 mm/s. For experimental validation, two sets of experiments were conducted:

Slippage detection. First, the loading bar with a tactile sensor array compressed the flat surface
for 8 s, and the induced compression force was increased up to 20 N. This force was a little large than
that of FEM simulation, because this force is sufficient to overcome the effect of the death zone, and
make the output voltage of each sensing unit clear enough (over 0.5 V) for further analyses. Secondly,
this is followed by a holding stage that lasted for 15 s. Thirdly, the loading bar and tactile sensor array
slid along the plate surface for about 25 s at a constant speed of 0.25 mm/s.

Surface texture recognition. Three grooved surfaces with different spatial periods of 0.9, 1.2,
and 1.5 mm were utilized. The inclined angle («), defined as the angle between the grooves and the
y-axis, was set as 0-60° with an increment of 15°. The tactile sensor array first compressed the grooved
surface for about 3 s, and then held for 10 s. The induced compression force was also kept as 20 N.
Then, the loading bar and tactile sensor array slid along the grooved surfaces for about 40 s.

The sampling rate of the scanning circuit for the generated forces sensing was set as 0.1 kHz.
For each experimental set, three repeated tests were carried out repeatability.
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4. Results and Discussion

4.1. Slippage Detection in Sliding Movement

By using the developed FEM model, the sliding movement of the tactile sensor array over the
flat surface was analyzed. During the simulation, the sliding movement is divided into two steps.
Step I—compressing and holding: the tactile sensor array was vertically compressed against the flat
surface until the total reaction force reaches up to about 15 N. This force was a little lower than that of
experimental tests with the aim to improve the convergence property and the convergence effectiveness
of sliding movement during FEM simulation. As for each sensing unit, the force difference between
experimental and FEM simulation can be further decreased to about 0.56 N. Then this step was held
for 1 s to maintain the normal force of 15 N. Step II—sliding: the sensor array was moved sliding along
the x-axis direction at a speed of 1.0 mm/s. Because our developed tactile sensor array has extremely
low weight less than 10 g, the moving speed lower than 1.0 mm/s can be considered as the quasi-static
state movement. So, the moving speed lower than 1.0 mm/s has little effect on the FEM simulation
predicted forces and will greatly reduce the simulation time.

FEM simulation results for each sensing unit at the end of the compression and sliding stages
are shown in Figure 5. In Figure 5a,c, the generated normal stress along the z-axis is symmetrically
distributed at the cross-section view of the sensing unit during the compression stage. During the
sliding stage, the compression stress in the left region (marked as L) is generally increased and becomes
greater than that in the right region (marked as R), as shown in Figure 5b,d. This phenomenon has been
confirmed by other studies [11,12] and can be attributed to the torque caused by the friction between
the flat plate and the PDMS bump. The shear deformation of the sensing unit also occurred during
sliding movement. This can be explained as the localized displacement occurred at the contact region
of the PDMS bump [14,15]. The lower boundary of the hemisphere-shaped bump cannot immediately
follow the movement of the upper part of the tactile sensor due to the friction in the contact region.
Thus, gross slippage will be generated as the distance between the contact region and the PET substrate
is stretched long enough to overcome the effects of friction.

(d) A-A

+8.54e-02
-2.25e-02
-1.30e-01
-2.38e-01
-3.46e-01
-4.54e-01
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-7.78e-01
-8.86e-01
-9.94e-01
-1.10e+00
-1.21e+00

Figure 5. The stress distribution in the cross-section view of the sensing unit at the end of (a) compress
and (b) sliding. A-A cross-section at the end of (c) compress and (d) sliding.

The normal force generated at the left and right areas of the sensing unit are extracted based on
the simulation results, as shown in Figure 6a. In Figure 6a, the sliding direction of the tactile sensor
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array along the flat surface can be observed as from the red area to the blue area. The normal forces
obtained at both the left and right area are gradually increased from zero to 0.07 N at the loading
stage. During the sliding stage, the normal force at the left area is increased significantly, while the
generated normal force in the right area is decreased. Though the force’s amplitude was generally
small, the relative change rate almost reaches 100%. Therefore, the sliding direction can be identified
based on the obtained normal force curves in the left and right areas.
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Figure 6. (a) Simulated normal force extracted from the left and right area of the patterned electrodes in
the sensing unit (b) Measured voltages of Ry and R3 when sliding along a flat surface, DSWT analysis
of the simulated normal force in left area (c) and right area (e) DSWT analysis of the measured voltages
in Rq (d) and Rj (f).

To validate the FEM prediction, experimental tests are conducted. Figure 6b shows the measured
voltages of the tactile sensor array in Ry and Rj resistors when the sensor array is compressing and
sliding on a flat surface. The experimental setup and procedure adopted are presented in the preceding
Section 3. Generally, the measured voltages of R; and R3 have greater variations while having almost
the same trends as that of the simulated normal force, as shown in Figure 6a. This is because the
sensitivity of the utilized conductive rubber material in tactile sensor is over 500 k(2 /N when the
applied force is lower than 0.7 N [12]. At the sliding stage, the measured voltage of R; is also increased,
and the voltage of R3 is decreased. Therefore, we can clearly distinguish the sliding occurrence and
direction from either the FEM simulated normal forces or the measured voltages at the side electrode
area and resistors.
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Initial slippage detection is proven to be important for robotic hand grasping. Wavelet transform
has been utilized to analyze the measured forces or voltages of the tactile sensors and demonstrates the
ability to identify the change of the derivation for initial slippage discrimination [28]. Here, we also
utilized the wavelet transform to analyze the simulated normal forces and measured voltages in
Figure 6a,b. Figure 6¢c—f shows the discrete sequence wavelet transform (DSWT) results of the simulated
normal forces and measured voltages of Ry and R3, respectively. We picked Coiflet as the mother
wavelet function and set its length equal to 6. Two peaks can be observed at the transition moments
from the loading to holding and from the holding to sliding stages, as shown in Figure 6c—f. The
variations of the wavelet coefficient at initial sliding are much greater than that after loading. Thus, by
setting a reasonable threshold value for the wavelet coefficient, the initial slippage can be distinguished
as the tactile sensor array contacts and slides along object surfaces. More details of this method for
slippage detection can be found in our previous study [11].

4.2. Surface Texture Recognition

4.2.1. Phase Delay Algorithm for Surface Texture Recognition

Spectrum analysis of the tactile sensor’s output voltages can be used to determine the spatial
periodical information of the utilized grooved surfaces. The spatial period value (D), defined as the
distance between two adjacent ridges (as shown in Figure 7b), can be calculated as:

D = v/MAF (3)

where v is the sliding speed, and MAF stands for the frequency with the maximum amplitude.

(a) T T T T T T T PN
No.l | “ |
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Figure 7. (a) Force-time curves of No. 1-3 units, (b) schematic view for the calculation of inclined angle o.
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In practical application, the grooved texture in the plate surface usually has an inclined angle of a.
Applying FFT to the obtained data may get us a fake spatial period value equal to D/cos(x). Therefore,
the inclined angle () also needs to be determined. For this purpose, we changed the distance between
the sensing units in each row and column to create different phase delays, as shown in Figure 7b.
We assumed that the force-time curves of one column of three sensing units are as shown in Figure 7a.
The horizontal movement ends at T, when No. 2 unit is at the center of the groove, which causes
the force-time curve to end at a minimal value. At Ty, the No. 3 unit will also be in a similar position
where it sustains the lowest pressure. If the sliding movement continues, the force of No. 1 unit will
drop to the same value at T3. In this condition, the movement path distances (AB and MO) can be
calculated as vt; and vt,, respectively, where t; and t, are the gaps between each moment, as indicated
in Figure 7a. If the distance AC (/1) or CO (I) is longer than that of D/sin(a), the inclined angle () can
be calculated using the anti-trigonometric function and can be expressed as

a= arctan(vi—ltl) 4)

The schematic diagram to calculate « is shown in Figure 7b. ACGH is first created as the same
as ACBA, where point H is located on line CO. Then, we connect point G and point M and create a
right triangle AGNM, where line GN is perpendicular to line MN. The angle ZMGN is the same as that
of inclined angle a. The length of GN and MN can be calculated as (I; ) and v-(t;—t;), respectively.
Thus, the inclined angle a can be calculated as

(g —t
a= arctan[M 5)

h-h

Also, the spatial period value (D) can be calculated as
D =v-cos(a)/MAF (6)

The procedure and flow chart of the phase delay algorithm for the grooved surface texture
recognition is shown in Figure 8. The whole procedure can be mainly divided into three modules.
In Slippage Judging module, the threshold based on wavelet coefficient is used. As the coefficient value
is larger than 0.002, the program will jump out of the first loop and enter the Data Preprocessing module.
The scanning circuit will sample the voltage data from three electrodes in the same column for 10's.
Using the low-pass filtering, the time gap (t; and f,) is calculated based on the cross-correlation function
analysis in this step. As for simulation, the force curves usually have an approximate sinusoidal shape.
As for real tests, the measured voltage signals will be affected by external noises and vibrations, making
the voltage curves not as good as that of the simulation results. Thus, we reconstructed the sine function
of the characteristic frequency in the time domain and input these new curves into the cross-correlation
function as shown in Figure 8. This step can be regarded as “band-pass filtering”, which can improve
the accuracy of the final results. After getting the reconstructed sine function, the program enters the
Period Calculating module. By using Equations (5) and (6), the inclined angle (@) and spatial period
value (D) can be calculated. Both maximum and minimum points of the cross-correlation curve will be
taken as two different inputs. Therefore, we can obtain two spatial period results in the end of this
module. If the difference between these two values is greater than 0.01 mm, the program will jump
back and sample another set of data for a new round of calculation. Otherwise, the mean value will
be output.
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Figure 8. Flow chart and procedure to calculate the inclined angle and spatial period value for the
grooved surfaces.

4.2.2. Spatial Period Discrimination

To verify the ability of the developed method for surface texture recognition, both simulation,
and experimental tests were performed when the tactile sensor array slid along the grooved surfaces.
For grooved surface recognition, the compression force was set as 15 N and 20 N for FEM simulation
and experimental tests, respectively. The applied force during experimental tests is a little larger.
The reasons are the measured output voltage of our tactile sensor array usually contains some noises
from the scanning circuit and environment. If the applied force is too small, it will affect the accuracy
of tactile sensor for surface texture recognition. Even the misjudging of the frequency characteristics
may be occurred, and leads to false result. For the utilized grooved surfaces, as shown in Figure 9a,
the inclined angle of the grooves on the plate is set as zero and spatial period as 0.9, 1.2 and 1.5 mm,
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respectively. As the sensor array slid along the surface, the measured voltages of one sensing unit for
these grooved surfaces are shown in Figure 9b. We can see that the variation of voltage signals increases
with the increase in the spatial period. For example, the grooved surface with 1.5 mm spatial period
has the highest variation in the voltage curve. It is because narrower groove makes the compressed
bumps of sensor less released.

Unit: mm

35 [——09mm

o

I
o

=
T

Amplitude (Normalized)
= =1
[i%] L=

0.0
0.0 0.5 1.0 1.5 2.0 2.5 3.0
Frequency (Hz)
(©

Figure 9. (a) Three grooved surfaces with different spatial periods of 0.9, 1.2 and 1.5 mm; (b) Measured
voltage; () Spectrum analysis for surface texture recognition.

Using the calculation procedure in Figure 8 (simplified, as there is no inclined angle), spectrum
analysis is conducted, as shown in Figure 9c. For comparison, the MAF and spatial periods of the
grooved surfaces in simulation and experimental tests are calculated and listed in Table 2. We can see
that the deviation of the calculated MAF and the spatial period from the real values are generally low
as the errors are usually smaller than 6.7%. Thus, we can conclude that plate surfaces with different
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grooved textures can be recognized successfully using the method developed and the proposed tactile
sensor array.

Table 2. Results of calculated spatial period and inclined angle in grooved surfaces.

Spatial Period Discrimination (angle Inclined Angle Calculation (D = 1.2 mm)

=0°)
Real Real 5 5 o o o
D/mm 0.90 1.20 1.50 Angle 0 15 30 45 60
MAF | 111 078]  0.67] o | Error 0.00°] 11.51°| 29.12°| 44.10°| 62.53°|
Simulation  Error (Hz)  0.0% 6.0% 0.0% © 0.0% 23.3% 2.9% 2.0% —4.2%
D | Error 0.90 | 1.12] 150 D|Error 1.14] 1.31| 1.16| 1.14| 1.23|
(mm) 0.0% 6.7% 0.0% (mm) 5.0% -9.2% 3.3% 5.0% -2.5%
MAF | 1.06] 0.83] 0.67] o | Error 0.48°| 13.59°| 29.90°| 4547°| 61.50°]
Experiment Error (Hz) 4.5% 0.0% 0.0% / 7.4% 0.3% 1.0% -2.5%
D | Error 0.95] 120 150] DJError 1.25] 122 130 1.31] 1.19|
(mm) -5.6%  0.0% 0.0% (mm) -42% -17%  -83%  -9.2% 0.8%

4.2.3. Inclined Angle Calculation in Grooved Surfaces

To validate the developed method for the calculation of grooved surface with an inclined angle,
we set ] and /5 as 3.5 mm and 3.8 mm, respectively. For simulation and experimental tests, the grooved
surface’s spatial period is set as 1.2 mm and the inclined angle of the grooved patterns as 0°, 15°, 30°,
45° and 60°, respectively.

According to the calculation procedure and Equations (5) and (6), the inclined angle and spatial
period for simulation and validation tests are calculated as shown in Table 2. We can see that both
the calculated inclined angle and spatial period values for the simulation and experiments generally
match well with the pre-determined results. For angle calculation, the greatest errors (23.3% for the
simulation and 7.4% for the experiment) occur when the inclined angle equals 15°. It is because the
slope of the inversed tangent function is extremely steep when the inclined angle is lower than 20°.
Thus, even a small difference in the inputs would affect the accuracy of the calculated results. For the
angle in the range of 30° to 60°, the relative errors are greatly reduced and less than 5.0%, as shown in
Table 2. For the spatial period calculation, as it is also influenced by the sampling time, the error’s
variation shows a different trend compared with the previous one. Still, the biggest error is less than
9.2% for both simulation and experiment tests. Therefore, a plate with inclined arranged grooves on
the surface can also be recognized using the developed method.

Typically, the simulated force curves for the inclined angle of 0°, 30° and 60° are shown in
Figure 10a,c,e. The peak number in the force curve is decreased from 7 to 6 when the inclined angle
increased from 0° to 30°. The peak number dramatically drops to 3 when the angle is raised up to
60°. This is due to the inclined grooves will enlarge the horizontal gap distance between the adjacent
grooves. Under a uniform sliding motion, the larger angle will increase the time period, and in
turn leads to less peaks, as show in Figure 10a,c,e. These three figures also show the trends that the
overlapped force curves are gradually apart from each other. The green one is much closer to the red
one than that of blue one. This phenomenon verifies that the existence of phase delay which caused
by the inclined arranged grooves. Longer distance between elements 2 and 3 makes the phase delay
more obviously. As in Figure 10e, the variation of the force curves drops from 0.08 N to 0.04 N with
the increase of inclined angle. The curves stand for the total normal force applied on a fusiform area
as shown in Figure 5. The inclined grooves arrangement will increase the minimum contacted area
between the ridges and the fusiform area during sliding. Thus, the bump could not be fully released,
and making the force curve variation become smaller.
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Figure 10. Simulated normal force curves when the sensor array is sliding along the grooved surface
with an inclined angle & equal to (a) 0°, (¢) 30° and (e) 60°. Measured voltages from the validation test
for inclined angle calculation when « equals (b) 0°, (d) 30°, (f) 60°.

The measured voltage curves in real tests are shown in Figure 10b,d,f. Most phenomena discussed
in the simulation cases could be verified here, like the peak number drops from 8 to 4 when the angle
increases to 60°. The above results indicated that the grooved surfaces with different spatial period
and inclined angle arrangement could be successfully discriminated by using the proposed flexible
tactile sensor sliding motion and phase delay algorithm, thus may have potential in robotic grasping
tasks for surface texture recognition.

5. Conclusions

This study develops a methodology using FEM modeling and the Phase Delay Algorithm to
validate the flexible tactile sensor array for slippage and surface texture recognition in sliding motions.
The structure and working principle of the tactile sensor array and its 3D FEM modeling are presented.
The hyper-elastic Yeoh model is utilized to describe the material properties of PDMS, RTV adhesive,
and conductive rubber utilized in the tactile sensors. For the sensor array sliding along the flat surface,
both FEM simulation and experiments demonstrated that slippage occurrence and sliding direction
can be determined based on the simulated normal force and measured voltages in the side resistors’
region. For surface texture recognition, the Phase Delay Algorithm and its calculation procedure are
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developed. Results also showed that the grooved surface with and without inclined arranged grooves
can be successfully discriminated.

This study opens up the opportunity to study surface texture identification for a flexible tactile
sensor array in real applications. Optimal structural design of the flexible tactile sensor array including
electrode pattern’s design needs to be performed in future work. Further, the approach of using phase
delay algorithm and artificial neural network for the developed tactile sensor array for robotic hand
discrimination of unknown surface textures will also be conducted.
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Abstract: A few experimental studies on thermal tactile perception have shown the influence of the
thermal contact resistance which relates to contact surface roughness and pressure. In this paper,
the theoretical influence of the skin thickness and the thermal contact resistance is studied on the
thermal model describing the temperature evolution in skin and materials when they come in contact.
The thermal theoretical profile for reproducing a thermal cue for given contact thermal resistance
is also presented. Compared to existing models of thermal simulation, the method proposed here
has the advantage that the parameters of skin structure and thermal contact resistance in target
temperature profiles can be adjusted in thermal perception simulation according to different skin
features or surface roughness if necessary. The experimental results of surface roughness recognition
were also presented.

Keywords: thermal tactile perception; surface roughness; skin thickness; thermal perception
reproduction

1. Introduction

Thermal perception is a rich, emotive, and entirely silent information source. For example,
when our hands touch objects, thermal perceptions can provide information about their thermal
characteristics, and help us recognize materials [1]. More, it could be used as an alternative mobile
feedback channel when required, as it is silent for quiet environments, especially in electromagnetic
interference case where monitors or headsets cannot work normally.

To simulate exchanging information by thermal tactile, some thermal displays have been
developed for the reproduction of the thermal perception when a finger is in contact with a virtual or a
remote real object [2,3]. Different thermal properties make different thermal profiles which result in
different thermal tactile perceptions [4].

The relationship between the contact temperature evolution and the thermal characteristics
have been studied to develop thermal feedback systems [5,6]. The works presented theoretical and
experimental study of a model of heat exchange during hand-object interactions, and particularly
evaluated by comparing the theoretical values of temperature changes to those experimentally
measured [7,8]. The authors also studied how the contact area and contact pressure during hand-object
interactions affected the skin temperature changes.

When a finger contacts a material, not only the thermal characteristics of the skin and the material
but also the skin physical structure and their contact state have an influence on the heat exchange
during hand-object interactions. There are some significant factors affecting the heat exchange.

The work [9] proposed a model for heat transfer occurring between the finger skin and any
given surface based on an electrical analogy, and discussed the comparison between the model and
some experimental results by considering various phenomena like the applied pressure by the finger,
the speed of the blood circulation, the interface state. The experimental results [10] have shown that
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there was a small change in skin temperature as a function of the surface roughness of the contact
material. Some analyses of the relation between the skin temperature change and contact pressure in a
thermal display have been also presented with the aid of an infrared thermal measurement system [11].
A quantified model for local and overall thermal sensations in non-uniform thermal environments is
also proposed in [12].

However, some features still should be specified. For example, what influence do the finger skin
physical characteristics (The thickness of skin, the surface roughness) exert on thermal perception
during hand-object interactions?

The thermoreceptors which function as thermal sensors are scattered between the dermis and
epidermis [13]. The thermal perception originates from the temperature drop and its change rate
at thermoreceptors, which relates to physical and thermal properties, initial temperature difference,
thermal contact resistance, and other factors [14].

Finite-element calculations have been applied to simulation in the case of thermal contact
resistance in order to simulate flat and smooth surfaces of objects with different properties in virtual
reality [2]. The fingertip surface roughness was measured and the thermal contact resistance of the
finger was estimated based on an infrared camera during interaction phases to study the influence of
surface properties on thermal tactile perception [15]. With the addition of thermal contact resistance to
the thermal model, the temperature profiles of the skin and materials become more realistic.

However, the role of a fingertip skin thickness and the roughness of contact surface,
which influences the temperature drop at thermoreceptors, should be investigated more. The authors
in [13] have considered the thickness of the epidermis and dermis to model the temperature responses
at the cold receptors. The thermal model was studied from the consideration that the skin is not
regarded as homogeneous but as consisting of three layers of tissue that differ in terms of heat flux:
epidermis, dermis, and endodermis [16].

The skin thickness and the roughness of contact surface were both considered in the present paper
in order to study the thermal responses of the fingertip as it makes contact with materials with different
surface roughness. We believe it is helpful in modelling thermal tactile perception with considering
these factors.

2. Thermal Modelling

The condition of contact between a fingertip and a material is shown in Figure 1. The fingertip
has three layers: the inner layer is well known as the subdermal zone; the middle layer is the dermis;
and the outer layer is the epidermis. The thermal contact resistance is specifically considered here.

Constant
temperature

Cold receptor

Figure 1. The condition of contact between a fingertip and a material.
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As the subdermal zone is with large heat capacity and low heat conductivity, its temperature will
remain stable normally when the outside thermal stimulus changes. A thermoreceptor is a sensory
receptor that helps us get “cold” or “hot” sensations. The temperature and its change rate at warm or
cold thermoreceptors are the main source of cold or hot sensation [17].

Cold thermoreceptors are much more numerous than warm thermoreceptors by a ratio of up
to 30:1, and respond to the decreases in temperature over a temperature range of 5-43 °C [18,19].
The different depths of cold thermoreceptor may bring about different temperature drops. However,
the actual depth is dependent on the certain thickness of skin.

The thermal exchange between the skin and a material in contact with is a transient process and
is dominated by heat conduction. Normally heat flows from the skin to materials. And the thermal
contact resistance between the fingertip and materials is involved unavoidably in real contact. So,
it should be also considered in thermal modelling.

These total thermal resistances result in less temperature drop at thermoreceptors than that
in theory. For above considerations, an experimental system has been constructed to measure the
surface roughness [8]. And a device was also developed to implement the skin-object thermal contact
resistance measurement [20].

The whole thermal contact system with thermal resistance considered can be modelled as shown
in Figure 2.

Figure 2. Thermal contact system.

Ts(x,t) and Ty(x, t) refer to finger temperature and material temperature, and Ty and Ty are
their initial values. Here L is the thickness of skin, and d is the thickness of its dermis. And there is a
thermal sensor between the finger and material to measure the interface temperature. Here, the thermal
resistance which results in some temperature drop AT is denoted as R here.

Let A; be the thermal conductivity, c; be the specific heat, and p; be the density, then a; = % is

1
known as the thermal diffusion coefficient, and B; = (A;p;c;)? is the thermal contact coefficient, here

115



Micromachines 2019, 10, 87

i = S and M represents skin and material respectively. So, the governing Equations of the skin and
material can be expressed as:

s(x,t)  9%0s(x,t) [ Os(x,t)=1t=
ar ST o2 Os(x,t) =1,x= (1)
MOm(x, 1) _ . P0p(x,t) | Op(x,t)=0,t=0 (1b)
ot M 052 Op(x,t) =0,x — o0

where the relative residual temperature is defined:

Ti(x,t) — Tmo ;

0;(x,t) =
i(xt) Tso — Tmo

=5 M.
When t > 0, the boundary conditions are (L™, t) = 0y (L, t) + Af at the contact interface,
- +
and —Ag 395 () | = = Ay aGM My =1+ = w, t > 0. By introducing Laplace
transforms to Equatlons (1a) and (lb) they are transformed to the differential Equations in variable x:

dZGdSJE;c, D) _ 'Xis {sés(x,s) - 1} (2a)

dzéM(x,s) 1

= @SQM(X,S) (2b)
where s is the common Laplace complex variable.
1 1 -1 .
Let y = /3 = )375]4 = 5—1\5/1, H, = i%, H, = %/\S, 7= g-H = % and take the inverse Laplace

transform of Equatlons (2a) and (2b). The approximate solution of the temperature in skin and material
can be gotten as (3a) and (3b) according to the Laplace transform table in [21].

. B ¢ non (2n+1)L—x (2n+1)L +x
Os(x,t) =1— Bet B ”Z (—=1)"y {erfc {27\/@} —erfc {27\/@} _eSR} (3a)

o) = i &, O (P o) o)

— pHi(L—x)+Hagt L—x | _ oHi(L+x)+Hi’ast Ltx _
where esg = e 1(L—x)+Hi%ag erfc[Hlx//xSt—s— 2\/@] ef1(L+x)+Hi%as erfc[Hlx/(xst-i-z\/rsr], eMR =
L - 2 2Ltp(x—L
eHip(x—L)+Hy “SterfC[Hl\/i—&— ]42x )] _ eM[2L+pu(x—L)]+H; "‘Sterfc[Hl\/uzT,t-&- er\}‘/% )]
The temperatures in the fmgertlp skin and the material can be written as respectively:

Ts(x,t) = Tso — (Tsp — Tzvu))]%7

oP18

(" {erfe[ PRI —erfe[ BHRE —ese} (o)

Taa(x,£) = Tago + (Tso — Taao) 5% ; (—1)"y {erfc[M o L)} +erfe [%} —eMR}. (4b)

It is evident that the temperature drop at the thermoreceptors is dependent on not only Tg,
Tmo, Bs, Bm, &g, app, but also L, d, and the thermal resistance R. Here Bs and «g are the thermal
parameters characterizing the skin of fingertip, L and d are the physical parameters characterizing
the skin of fingertip, and R is the thermal resistance parameter characterizing the contact state for
thermal conductivity.
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Before simulating using the above thermal model, the thermal contact resistance can be given
from the following relation [15]:

0.95
o O8R; (H) )

c )\SFAa ?

where Agp = 2As-Aa (W/m-k) is the harmonic mean thermal conductivity of the contact interface,
As+Aq

Ry =[R2+ R2)"
average surface asperity slope, H = 12.5 g/mm? is the skin microhardness, and P is the contact
pressure. Here some parameters were adopted directly in the following simulation from the
reference [15]: Aa = 0.3, H = 125 g/ mm?, Rs = 21.69 um, and R; is for the surface roughness
of material. The contact pressure is given with a contact force of 2 N and contact area of 135 mm?.

The theoretical temperature evolutions of stainless steel (SS) for different thicknesses of epidermis
are shown in Figure 3. As denoted above, L is the thickness of fingertip skin, and d is the thickness of
dermis, then L — d is the thickness of epidermis. Here the initial temperatures of finger and material
are set as 36 °C and 20 °C, respectively. The thermal characteristics applied in the simulation have
been listed in Table 1. The simulation results show that the temperature evolutions at thermoreceptors
are quite different for different thicknesses of epidermis.

is the effective root mean square surface roughness, Aa is the effective absolute

—=—0.1mm
e 0.2mm
—4—0.3mm
v  0.4mm
—~ —¢—0.5mm
(@]
Ov
<4
2
o
@
(=N
£
5]
=
24 T T T 1
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Time (s)

Figure 3. The temperature evolutions at thermoreceptors for different thicknesses of epidermis
(Material = SS with absolutely smooth surface). SS—stainless steel.

Table 1. Thermal properties of stainless steel (SS) and skin.

Material A (W/(m-K)) p (kg/m3) c (Jlkg'K) B (W-s¥2/(m?.K))

SS 14.9 7900 447 7253.71
Skin 0.34 1200 3340 1167.36

The terms esg and epg are factors for thermal contact resistance. Comparing with the model
without considering thermal contact resistance, the factor esg will bring a temperature drop loss
at thermoreceptors:

|ATs(x, 1) = [SS}%F%ESRUSO = Twmol- (6)

For the same material, the temperature drop at thermoreceptors depends on not only the
initial temperature difference between skin and the material but also their thermal contact state.
The temperature drop will reduce with the increase of the thermal contact resistance.

The theoretical temperature evolutions at thermoreceptors with different surface roughness of
stainless steel (SS) are illustrated in Figure 4a, where each temperature drop and its change rate reduce
obviously with the increase of the surface roughness. And in Figure 4b, the steady-state temperature
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(replaced with the value at 20th second in the simulation) at thermoreceptors becomes higher with the
increase of surface roughness for the heat flux conducted out of the skin becomes less.

= Ra=0.4 ym
« Ra=1.6 ym
4+ Ra=12.5pm
Ra=50 ym

Ra=100 ym

N
3
\

N
3
L

Temperature(°C)
I
!

Steady-state Temperature ‘c

N
3
|

T T T
5 10 15 20 20 40 60 80 100

Time(s) Surface Roughness (um)
() (b)

Figure 4. The simulations for different surface roughness of SS: (a) The temperature evolutions
at thermoreceptors; (b) The relationship between surface roughness and steady-state temperature
at thermoreceptors.

It is shown in Figure 4b that the different surface roughness results in different steady-state
temperatures at thermoreceptors. Namely the absolute temperature drops for the same material are
also different after first several seconds of contact. And this may bring some different degrees of
thermal tactile perception.

Remark 1. From Figure 3, besides the initial temperature difference | Ty — Tpo| between skin and material
and their thermal properties, one factor influencing temperature evolution at thermoreceptors is the thickness of
skin. The thicker the skin, the smaller is the temperature drop at thermoreceptors.

Skin thickness varies considerably according to the race, age, sex and region of the body surface.
For example, for Korean population, the thickness of epidermis varies from 31 pm to 637 um, while
the thickness of dermis varies from 469 pm to 1942 um [22]. So, the factor of skin thickness should be
studied in thermal simulation.

Remark 2. Another factor is the thermal contact resistance. It is obvious in Figure 4a that each temperature
evolution at thermoreceptors is quite different from others as the contact surface roughness of each material
sample is not the same. So, does each steady-state temperature drop. Both of the theory and simulation results
show that the temperature drop at the thermoreceptors becomes less with the increase of the thermal contact
resistance. So, the influence of thermal contact resistance should be also considered in modelling for thermal
tactile perception.

Now consider how to simulate the thermal perception of a given material with the initial
temperature Tygp when considering the influence of both skin thickness and thermal contact resistance.

To reproduce an appointed thermal cue via a thermal tactile display, the contact temperature
should be controlled to track the corresponding target temperature profile. A thermal sensor
was situated between the fingertip skin and the material to measure the interface temperature.
The theoretical profile of the interface temperature can be gotten from the following Equation:

Tam(x, £)|LT < x = Tapgo + (Tsg — TMO)“'T”{erfc{”z(f/;—sLt)] +erfc{%] — eMR}\Ur —x. (7
Equation (7) derives from Equation (4b) when x approaches L*. Tpf(x, t)|LT + x denotes the
theoretical interface temperature of material side. It should be noted that the thermal contact resistance
can be adjusted in thermal perception simulation. The theoretical interface temperature profiles for
different surface roughness of SS are illustrated in Figure 5.

118



Micromachines 2019, 10, 87

32 4

30

S
@ 25 —=—Ra=0.4 ym
=2 —e*— Ra=6.3 ym
3 —a—Ra=25 ym
g —v— Ra=50 ym
26 =
K] +— Ra=100 pm
24 -
T T T T T T T 1
0 5 10 15 20
Time (s)

Figure 5. The theoretical interface temperature profiles for different surface roughness (material = SS,
Rs = 21.69 pm).

With the increase of surface roughness, the thermal contact resistance increases and the heat flux
out of the skin becomes less, and the steady-state temperature drop becomes less. So, the surface
roughness of material also results in some difference in thermal tactile perception.

From the definition in [4], the theoretical relative recognizing profiles with thermal resistance at
thermoreceptors can be gotten as:

Tso — Ts(d, 1 L—d L+d
v = 57950 *ST(Mot) - ;7{64{2\/@} ferfc{z\/%} 7ESR} ®

In ideal case, the relative recognizing profiles with the same thermal characteristics are consistent
for different initial temperatures. However, in real case, the thermal contact resistance has some
influence on relative recognizing profile as discussed above. The relative recognizing profiles of SS
with different surface roughness are illustrated in Figure 6.
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Figure 6. The relative thermal recognizing profiles (material =SS, Rs = 21.69 um).

Remark 3. It is feasible to apply relative thermal recognizing profiles to thermal tactile perception simulation
with adjusting the parameter of thermal contact resistance. Due to inter-individual variations, it is difficult to
set the initial skin temperatures exactly or thermal contact resistances to specific ones. However, we can manage
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to measure them and provide some approximate values. As soon as they are determined, the theoretical profiles
are then gotten, and the corresponding thermal cues can be reproduced by a thermal tactile display.

3. Experiments

The two experiments have been presented here. The first experiment is designed to study the
influence of the thermal contact resistance on the thermal recognizing profile. The second one is aimed
to verify the influence of the skin thickness and investigate the difference between real and simulated
surface roughness recognition.

3.1. Influence of the Surface Roughness on the Thermal Recognizing Profiles

In order to evaluate the influence of thermal contact resistance on thermal modelling,
an experiment was designed to investigate the evolution of interface temperature for different surface
roughness of the same material. One set of temperature profile was measured for different surface
roughness of SS.

The object with different surface roughness was standard samples processed by surface
shot-peening, whose surface sizes are 20 mm x 23 mm or 50 mm x 46 mm with the thickness
of 3 mm. As is shown in Figure 7, it is divided into 8 parts of different surfaces roughness. The object is
made of nickel alloy using precision electroforming technology and has an advantage of high hardness,
good abrasion resistance and good rust prevention. It makes this experiment safe and reliable.

Figure 7. The samples with different surface roughness (material = SS).

The participant cleaned his right hand before starting the experiment. A platinum thin-film
thermal sensor (polyimide with foil backing, Minco 5651) was glued to the fingertip of the right index
finger with a biocompatible cyanoacrylate to decrease thermal resistance of contact.

The initial temperature of skin was about 35 °C, warmed and maintained with a hot-water bag
beforehand. The room temperature was maintained at 24 °C, and also measured by a thermal sensor
whenever necessary. The participant was instructed to place his right index fingertip on each sample
in turn. The contact time for each trial lasted more than 25 s. However, the change of the contact
temperature was only recorded in first 25 s for the transient process is over. Every temperature
evolution was measured by the sensor, and illustrated in Figure 8.
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Figure 8. The experimental temperature evolution for different surface roughness (material = SS).

The experimental temperature evolutions in Figure 8 are similar to those in Figure 4. With the
increase of the surface roughness of SS, the steady-state temperature drop (approximately replaced
by the values at 25th second) also becomes less. This verifies that the surface roughness of SS affects
the thermal tactile perception during hand-object interactions. The perception will become weaker
because of the increase of the thermal resistance.

The comparisons between simulation and experimental data at 20 s are shown in Table 2. There are
slight differences between simulation and experiment. Due to the limited sensor size and the spherical
surface of the roughness samples (50 pm and 100 um), the actual contact pattern including contact
area and the contact pressure is different from others by degrees, resulting in a large deviation from
the theoretical value.

Table 2. Comparisons between simulation and experimental data.

Roughness (um) Simulation Data (°C)  Experiment Data (°C)  Errors (%)

0.4 25.704 25.776 0.280
1.6 25.729 25.751 0.086
125 26.269 26.340 0.270
50 27.338 28.116 2.84

100 28.820 30.021 417

3.2. Experiment of Recognition of Different Surface Roughness

The second experiment was designed to measure subject’s ability to identify SS samples with
different surface roughness, and investigate the difference between real and simulated surface
roughness recognition. The participants are thirty normal healthy adults including twelve women
and eighteen men aged between 18 and 45 years in experiments. They were all right-handed, but with
different occupations, for example, student, teacher, worker, farmer, etc. Before the experiment,
they were simply trained to contact samples with about 2 N pressure expertly. Besides, their skin
thickness was estimated by calculating the dimension of the skin’s bio-speckles [23].

According to their skin thickness, the participants are split two groups: group A and group B.
Each group has fifteen participants. The group A has five men and ten women, whose skin thickness
is smaller than 800 um, 600-750 um. The group B has twelve men and three women, whose skin
thickness is greater than 800 um, about 900-1200 um.

The experimental material is SS, whose surface roughness is listed in Table 3.
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Table 3. Roughness of experimental sample.

Roughness Number Roughness Value (R;, pm)
1# 1.6
2# 12.5
3# 50
4# 100

Each participant’s index finger was first cleaned in order to not interfere with the contact.
The participants’ initial fingertip skin temperatures ranged from 35.5 °C to 36 °C, warmed beforehand
with a hot-water bag, and measured by a radiation thermometer just before touching. The room
temperature was maintained at about 20 °C. In experiment there was a Platinum thin-film thermal
sensor (also S651) glued with thermally conductive silicone which can decrease the thermal contact
resistance between the sensor and samples. The sensor also helps to prohibit the surface texture
tactile perception.

At the beginning, four stainless steel samples with different surface roughness were shown and
presented to thirty participants by thermal feedback to become familiar with them.

In the real surface roughness recognition experiment, four stainless steel samples with different
roughness were presented to participants randomly with three repetitions of each sample. Participants
were forbidden to watch the procedure. When making contact with a sample they were instructed
to judge it. No feedback was given regarding the correctness of each judgment. The contact time for
each trial was not more than 20 s. After finishing the real material recognition experiment, participants
could touch the samples again and reviewed their thermal cues. The results were labeled into two
group A and B with real material.

In the next simulated surface roughness recognition experiment, the theoretical thermal cues
are reproduced from the Equation (7). Except the skin thickness, the physical properties of skin and
contact state in thermal reproduction were chosen as the same in the above simulation for simplicity.
The mean skin thickness was set as 650 pm for group A and 1000 um for group B, respectively.

The thermal tactile display device applied to simulate the different thermal cues has been
developed [24]. It consists of a Peltier pad, two thermal sensors for ambient temperature and contact
temperature, a radiation thermometer for finger temperature and four pressure sensors for the force of
touch. The maximum difference of temperature between the cold and hot sides is more than 80 °C.

The target temperature profiles were given by the theoretical temperature based on Equation (7).
As long as the initial skin and material temperatures also their thermal characteristics were set
respectively, then the corresponding target temperature profile was specified for the given surface
roughness and skin thickness.

Four samples with different simulated roughness were presented to participants randomly with
three trials. After hearing a sound cue, a participant put the right index finger on the sensor attached
on the Peltier pad. At the same time, the temperature profile was set to the corresponding target
one. The participants took their hands back to the hot-water bag after speaking out the choice of the
simulated roughness. The contact time for each trial was also not more than 20 s.

The two groups’ responses in term of the correct percentage of roughness recognition for both
real and their corresponding simulated samples are illustrated in Figure 9.
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Figure 9. The proportions of correct recognition of two groups for real and simulated SS samples.

As shown in Figure 9, the correct proportion of surface roughness recognition goes up slowly with
the difference of the thermal recognition profiles which become more obvious, as shown in Figure 8.
However, the correct proportions of surface roughness recognition are still not quite high. The sample
with surface roughness 1# (R, = 1.6 um) is often confused with other samples, both for the real and
simulated samples. And the results also indicate that when only thermal cues are available, surface
roughness recognition is quite not definite even when there is obvious difference of roughness.

On the other hand, comparing the correct recognition proportions of group A and group B for
the same real surface roughness, the proportion of the group A is higher than that of the group B to a
certain extent. This means that the skin thickness has some influence on thermal perception.

As pointed out above, thicker skin will bring about less temperature drop at thermoreceptors in
contact with real material. For simulated material, however, this difference becomes less because the
temperature drop loss is compensated according to our thermal model.

With the addition of thermal contact resistance to the thermal model, the temperature profiles
of the skin and materials become more realistic. Although the different surface roughness can be
recognized by the thermal tactile perception to a certain extent, the thermal perception is a complex
process. It also relates to the participant’s psychological response. However, the results show at least
that the influence of surface roughness on thermal perception is existed basically in experiment.

Comparing to previous thermal simulation methods, the one proposed here has an advantage
that the parameters of skin structure or surface roughness in target temperature profile can be adjusted
in thermal simulation experiment according to different skin feature or material surface roughness
if necessary.

4. Conclusions

This paper investigated the factors influencing thermal tactile perception based on
thermoreceptors. Thickness of skin and thermal contact resistance have been considered in thermal
modelling, and the theoretical temperature profiles in skin and material have been presented when
they contact with each other. Also, a method has been proposed to reproduce thermal cues for different
skin thickness and surface roughness. With the consideration of thermal contact resistance in thermal
modelling, the temperature profiles of the skin and materials become more realistic. The experimental
results of roughness recognition for real and simulated materials indicate that material roughness and
the skin thickness influence the thermal perception.
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