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Abstract— With the introduction of variable friction displays,
new possibilities have emerged in haptic texture rendering on
flat surfaces. In this work, we propose a data-driven method
for realistic texture rendering on an electrovibration display.
We first describe a motorized linear tribometer we developed to
collect lateral frictional forces from the textured surfaces under
various scanning velocities and normal forces. We then propose
an inverse dynamics model of the display to describe its outputinput relationship using nonlinear autoregressive with external
input (NARX) neural networks. Forces resulting from applying
a pseudo-random binary signal (PRBS) to the display are used
to train each network under the given experimental condition.
A comparison between the real and virtual forces in frequency
domain shows promising results for recreating virtual textures
similar to the real ones and also reveals the capabilities and
limitations of the proposed method.

I. I NTRODUCTION
Texture rendering has been one of the challenging topics in
the haptics community. Realistic haptic texture rendering not
only provides richer information but also improves user experience. With the introduction of variable friction displays,
new possibilities have emerged in haptic texture rendering
on touchscreens. Collectively called surface haptics are the
technologies to vary surface friction acted upon the user’s
finger, enabling programmable tactile interaction. There exist
two major approaches in surface haptics: electrovibration
[1]–[3] and ultrasonic vibration [4]–[7]. Whereas the former
increases the surface friction by modulating attractive electrostatic force, the latter decreases the friction by vibrating
the surface at an ultrasonic frequency and creating an air
gap. These technologies have the potential to be integrated
into consumer electronics such as mobile phones and tablets.
In particular, electrovibration has the advantages that it
requires only electrical components and that the friction can
be controlled uniformly on the screen. Many applications
can benefit from this added functionality, such as Internet
shopping, education, security authentication, entertainment,
and etc. In this work, we use an electrovibration display for
realistic texture rendering by creating an inverse dynamics
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model of the display and then using it for synthesizing
actuation signals.
A. Electrovibration Display
Mallinckrodt et al. was the first to discover a rubberlike sensation when a coated metallic surface connected
to a 110-V power line is touched by a grounded finger
[8]. This phenomena is called electrovibration and can be
explained based on the electrostatic attractive force between
a finger and a conductive surface supplied by a high alternating voltage [9]. Most of the early electrovibration
displays consisted of an array of electrodes developed either
for texture rendering [10], [11] or pattern rendering [12].
With TeslaTouch project [1] that presented a capacitive
transparent panel enabling variable friction on touchscreens,
the interest in electrovibration has recently been revived
[13]–[17]. While TeslaTouch was a more desktop solution,
Tixel [18], an electrostatic film developed by Senseg, targeted
hand-held devices. Senseg later commercialized Feelscreen,
a 7” tablet with an electrostatic display based on Tixel,
which has since been used in several projects [19]–[21].
Apart from such efforts for fabrication, several studies have
been conducted to investigate various properties of electrovibration. The polarity effect of square wave actuation
signal was studied in [22], and a comparison between sine
and square waves was given in [23]. Using a tribological
method, Meyer et al. showed an expected square law of the
electrostatic normal force as a function of applied voltage
[13]. A more detailed and improved model including the
frequency-dependent electrical properties of human skin was
studied in [24]. Kim et al. proposed a current control method
to provide uniform friction intensity regardless of operation
condition on an electrovibration display [16], and Kang et al.
investigated low voltage operation of electrovibration display
while providing the same perceptual strength [17].
B. Data-driven Texture Rendering
Data-driven, or measurement-based haptic rendering, is a
general approach that uses recordings from real objects to
generate realistic haptic feedback in virtual environments
[25], [26]. It provides a unified framework to capture and
display a diverse range of physical phenomena, while not
requiring complex contact dynamics simulation.
There have been many studies in the literature for datadriven texture rendering. In a series of work by Lang et
al., a hand held device, called WHaT, is used to obtain
surface texture and compliance [27], [28]. A height profile
is built from acceleration data for texture modeling, and a

heuristic model for compliance. The acceleration model is
further improved by fitting infinite impulse response (IIR)
filter models on automatically segmented data [29].
Another series of work has been contacted by
Kucknbecker’s group for data-driven texture rendering based
on contact accelerations. In [30], a hand-held probe is used
to collect contact accelerations from texture samples under
constrained conditions. To each data set, an autoregressive
(AR) model based on linear predictive coding (LPC) is
fitted, and its inverse is used to synthesize accelerations. For
scanning velocities and normal forces not used in training
the models, acceleration values are calculated by a model
the coefficients of which are bilinearly interpolated from
four adjacent models. Later, they improved their stylus by
adding a force sensor and two voice-coil actuators to the
three-axis accelerometer for haptic interaction with a tablet
[31]. This stylus was used for both data collection and
texture rendering employing the same LPC-based model.
Their model was further refined by replacing LPC with an
autoregressive moving average (ARMA) model to better
handle the weak stationary nature of the data and also to
reduce the size of model [32]. They later allowed manual
unconstrained data collection from texture samples using
the same stylus [33]. The recorded vibration data is parsed
into short segments, and an AR model is fitted to each
segment. By interpolating nearby models, synthetic texture
signals in response to user movements is created.
A special attention to anisotropic textures has been also
given. Shin et al. compared texture modeling using unified and frequency decomposed neural networks with the
former being capable of handling anisotropic patterns [34].
In addition, a dedicated data-segmentation and interpolation
method based on Radial Basis Function Network (RBFN)
for anisotropic textures is proposed in [35].
Despite these endeavors using conventional or customized
haptic interfaces, little work has been done on data-driven
texture rendering using electrovibration displays. In the only
relevant work [15], Ilkhani et al. proposed a data-driven
texture rendering method by recording accelerations from
three real materials and playing them back on an electrovibration display. Throughout a user study, they showed
higher similarity between data-driven textures and real ones
in comparison with square wave patterns. In their extended
work [36], they applied the same approach to the data taken
from Penn Haptic Texture Toolkit [37] and performed multidimensional scaling (MDS) analysis to create a perceptual
space and extract underlying dimensions of the textures.
Their results confirmed roughness and stickiness as the
primary dimensions of texture perception.
C. Our Approach
In this work, we propose using neural networks for datadriven texture rendering on an electrovibration display. While
most research groups have considered contact acceleration
data as the salient feature of surface texture, in this attempt
we instead focus on lateral frictional forces. The main reason
stems from the fact that an electrovibration display modulates

friction on the sliding medium; thus choosing lateral force
to study the textural behavior of surface is more natural
and appropriate. We designed a linear motorized tribometer
for accurate and easy force measurements from the surface
of real texture sample and also that of an electrovibration
display. By actuating the display with a full-band pseudorandom binary signal (PRBS) and collecting the resultant
lateral forces, we inversely train a neural network to learn an
appropriate input signal from the measured forces. Next we
collect forces from real samples and use the trained networks
to generate corresponding PRBS-like actuation signals. The
generated signals are applied to the display and once more
the frictional forces are collected. A comparison between the
real and virtual forces in frequency domain shows promising
results and reveals the capabilities and limitations of the
proposed technique.
II. DATA C OLLECTION
This section describes the hardware we use to collect
lateral frictional forces. We then introduce the use of a
capacitive touchscreen panel as an electrovibration display.
A. Tribometer
We developed a motorized linear tribometer for precise
force measurement. It consists of two parts: a moving
platform and a measurement stylus (Fig. 1). The platform
includes a linear servo motor (MX80L, Parker, USA) capable
of following a trapezoidal acceleration profile with a travel
distance of 8 cm. The motor comes with a dedicated motor
drive and a power supply (VIX250IH and XLPUS, Parker,
USA). The stylus is made of stainless steel equipped with
a six-axis force/torque sensor (Nano 17, ATI Industrial
Automation, USA). A sensitive touch pen is attached to the
lower end of the stylus to interact with the texture sample.
A mass component at the top adjusts the total weight of the
stylus and hence the normal pressure. The shaft is supported
by a linear bearing and attached to the motor carriage using
an aluminum link. The measurement stylus resembles a
simple mechanical mass-damper system subject to Coulomb
(dry) friction between the shaft and the linear bearing.
Each data collection trial starts with placing a texture
sample on the mounting seat under the touch pen. A custom
C++ program sends movement commands to the motor
driver via RS232 and records the force data using a data
acquisition card (PCI-6229, NI, USA) at 1 kHz rate. In this
study, the data was taken under nine experimental conditions:
three scanning speeds (3, 4, and 5 cm/s) and three vertical
pressures (60, 85, and 110 g).
We apply a high-pass filter to the collected force data with
a cut off frequency of 10 Hz to remove the different DC
biases the force sensor encountered during moving left or
right. We then manually extract the segments corresponding
to the constant scanning speed from each data set. The
segments are then concatenated to make a data stream for
the texture sample under the given experimental condition.

Fig. 1: Motorized linear tribometer. The measurement stylus
is attached to the moving platform using an Aluminum link.

B. Electrovibration Display
We use a capacitive touch panel (MicroTouch SCT3250,
3M, USA) to make an electrovibration display, as initially
proposed in [1]. It consists of a transparent conductive layer
coated with a thin insulator on top of a thick glass plate.
Applying a high voltage waveform (around 100 Vpp) to the
conductor and the electrically grounding human body modulates the friction between the sliding finger and the touch
panel. We use a high performance piezo driver (MX200,
PiezoDrive, Australia) that can amplify the input signal up to
200 Vpp. The panel also responds well to some touch pens;
we tested several types and found one that creates almost the
same level of electrostatic force as the human fingertip. The
main reason using the touch pen is to eliminate the effects
of the human skin properties that vary over time from force
measurements, in order for consistent data collection.
III. T EXTURE M ODEL
In this section, we describe how to make an inverse neural
network model of the input-output dynamics of the electrovibration display. We use this inverse model to synthesize
actuation signals from the force recordings in order to create
virtual textures on the display as similar as the real ones.
A. Inverse Dynamics Model
Our first goal is to develop a model that describes the
dynamics relationship between the input actuation signal and
the output frictional force of the electrovibration display. We
follow a classic system identification procedure to estimate
the system model based on observed input-output data. To
achieve this, we 1) define input and output variables, 2)
design proper actuation signals to drive the system, and
3) draw a dynamics model between the variables using an
appropriate framework.

1) Input and Output: As for our electrovibration display,
the input is actuation signal u[n], and the output is lateral
force fl [n]. An usual approach is to build a model g such that
fl [n] = g(u[n]) and then use the inverse model g −1 to obtain
u[n] for desired fl [n] such that u[n] = g −1 (fl [n]). Since an
electrovibration display exhibits considerable nonlinearity in
its behavior [13], [17], [23], nonlinear basis models such as
neural networks are appropriate for system identification. The
problem is that finding an inverse model for such nonlinear
systems is not always feasible. An alternative is to identify
the inverse model directly by using fl [n] as input and u[n]
as output. This approach, however, requires care to obtain
dense samples of fl [n], and we use neural networks for the
inverse model identification.
2) Pseudo-Random Binary Signals: Next we need a
proper actuation or perturbation signal to excite the system
and observe its response. An open-loop experiment is required for such data collection, and the input signal must
contain sufficient distinct frequencies in the frequency band
of interest [38]. We use a Pseudo-Random Binary Signal
(PRBS), which is a deterministic signal with white-noise like
properties. PRBS is widely used for identification of linear
systems [38] and occasionally for some nonlinear systems
[39]. In case of nonlinear systems, its applicability depends
on the nature of system nonlinearities. There are several
successful implementations [40], as well as some failed
attempts [41]. For example, a quadratic Wiener model can
be identified using a PRBS while a first-order Hammerstein
model cannot be. It is claimed that because the signal has
only two levels, it may not excite certain nonlinearities of the
system, so more input levels are required [42]. Nevertheless,
we show that PRBS works in our case and can adequately
capture the dynamic behavior of our electrovibration display.
A PRBS is characterized by three parameters: signal level
±c, order n, and clock period B. A PRBS fluctuates between
−c and +c; its maximum period is 2n − 1; and it has to stay
constant for at least B consecutive samples before it changes.
To have a full-band signal that spans the entire frequency
band up to the Nyquist frequency (sampling rate/2=500 Hz),
clock period must be set to 1. Furthermore, considering the
slowest scanning speed of 3 cm/s, it takes approximately
2667 ms for our tribometer to complete an 8-cm travel.
Therefore, the length of the PRBS should not be less than
the longest travel time. For a signal with n = 9 (PRBS9 for
short), the maximum length becomes 29 −1 = 511, and with
six repetitions, we get a signal with the total length of 3066
ms. This is slightly longer than the maximum travel time.
An example plot of PRBS9 with its frequency response is
given in Fig. 2. It can be seen that PRBS9 has a constant
frequency response in its entire frequency band. We use a
Matlab function, idinput() to generate our desired PRBS.
3) NARX Neural Network: With the PRBS in hand, we
can now actuate the panel with it and record resulting lateral
forces using our tribometer. In order to provide a proper
framework to build a model among the observed variables,
we use a NARX (Nonlinear AutoRegressive with eXternal
input) neural network [43]. NARX neural networks are well

(a) Open-loop training.

(b) Close-loop evaluation.

Fig. 2: An example PRBS9 with n = 9.

Fig. 3: Block diagram of the training and evaluation of
NARX network. y[n] is the reference signal (PRBS9) and
x[n] is the external input (recorded lateral force).

suited for addressing nonlinear dynamics systems [39], [44],
[45]. A NARX network has a close-loop structure with a
feedback loop connecting the output to the input (Fig. 3(b)).
The past values of both input and output are used to predict
the future output. The defining equation for the NARX model
is:
y[n] = f (y[n − 1], ..., y[n − ky ], x[n − 1], ..., x[n − kx ]), (1)
where y[n] is the output to be predicted and x[n] is the
external input exciting the system. ky and kx are the tap
delays for feedback and external input, determining the
numbers of past values involved in the estimation process.
The next step is to determine the number of hidden layers
and the number of neurons in each layer, as well as the
size of tap delays for each input sequence. We tested several
different combinations and obtained nearly perfect performance with three layers that have 15, 10, and 5 neurons,
respectively, and both tap delays of 10. We use the Matlab
neural network toolbox for training and evaluation. Training
is initiated by removing the feedback loop and inputting the
desired target sequence along with the external input to the
network (Fig. 3(a)). In our case, x[n] = fl [n] and y[n] =
u[n], where u[n] is the designed PRBS9. For evaluation, we
close the feedback loop by removing the reference PRBS9
from the input and instead feeding the estimates back (Fig.
3(b)). A result of close-loop evaluation of the trained network
is given in Fig. 4. The estimated PRBS (dashed red line)
almost perfectly follows the reference PRBS (solid blue line).
B. Synthesizing Actuation Signals
For synthesis, we train inverse neural networks for different lateral scanning velocities and normal forces since the
two variables affect texture responses to large extent [46],
[47]. We obtain one neural network for each combination of
scanning velocity and normal force. These inverse neural networks enable us to synthesize actuation signals for a texture
material scanned under the same experimental condition.

Fig. 4: Example result of the training and evaluation of
NARX network. For clarity, only 300 ms of the recordings
are shown. The blue solid line is the reference PRBS9, and
the dashed red line is an estimate from the neural network.

To this end, we first collect lateral forces from the surface
of a real material using our tribometer under different scanning velocities and normal forces. We normalize each force
sequence to handle the variability between readings from
different materials. The same process is applied to the forces
collected from the electrovibration display before training
neural networks. Then we input each force reading to the
corresponding trained neural network to generate a PRBSlike actuation signal. The estimated actuation signal attempts
to recreate similar textural patterns to the real material once
applied to the capacitive touch panel. However, these signals
are only applicable to the same experimental conditions under which they were obtained. For arbitrary scanning velocity
and normal force, we apply linear interpolation between the
closest neighbors in the velocity-force grid similarly to [30],
[34]. More details are provided in Section IV-C.
C. Error Metric
To assess the synthesis accuracy of virtual textures, we first
visually compare the FFT plots of real and virtual textures,
and then compute a relative spectral rms error as an error
metric [30], [34]:
Es =

RM S(F(fv [n])) − F(fr [n])
RM S(F(fr [n]))

(2)

Fig. 5: Six texture samples used in the evaluation. From left
to right: dotted sheet (TS1), chair fabric (TS2), felt fabric
(TS3), painting canvas (TS4), transparent plastic sheet (TS5),
and scrunched paper (TS6).

Fig. 6: Force-velocity grid for cross-validation. mi indicates
mass and vj scanning velocity. For experimental conditions
highlighted by blue squares, the actuation signal is obtained
from the corresponding trained neural networks. For others
marked by red circles, the signals are obtained by linearly
interpolating neighbors.

where F(·) is the operator for fast Fourier transform and
RM S is for computing the root mean square in the frequency
domain. In addition, fv [n] denotes virtual forces and fr [n]
real forces. We set the length of FFT equal to the sampling
frequency, 1000 Hz, to generate a smooth and less spiky
spectrum with the main components easy to distinguish.
A smaller value of Es indicates higher similarity between
two spectra and hence higher similarity between virtual and
real textures. We also applied the same error metric over
repeated recordings of the same real material under the same
experimental condition in order to establish a baseline (lower
bound) of this metric.
IV. E XPERIMENTAL R ESULTS
In this section, we evaluate the performance of our method
of recreating virtual textures similar to the real ones. We
present FFT plots for visual comparison and Es values for
objective evaluation. For that, we collected force data using
the tribometer from six texture samples shown in Fig. 5.
As shown in Fig. 6, we use four out of nine experimental
conditions (blue squares) to train four neural networks and
four others (red circles) for cross-validation.
A. Baseline Performance
We first evaluated the similarity between the repeated
measurements from the same material under the same experimental condition to establish a baseline for our error metric
Es . Ideally, Es should be zero in such cases, but due to

various noises and uncertainties, we expect the values of Es
greater than zero. The baseline FFT plots for the six materials
are given in Fig. 7 with the Es values. Average Es values
are shown on top of the columns for each material, and on
the left of the rows for each experimental condition.
Several observations can be made from Fig. 7. Visually,
the repeated measurements look very similar, and for some
materials such as dotted sheet, they are almost identical.
The smallest Es is 0.07 (dotted sheet), and the largest
is 0.33 (felt fabric). On average, dotted sheet showed the
highest consistency between repeated readings (Ēs = 0.09),
while felt fabric showed the lowest (Ēs = 0.26). Among
the experimental conditions, (m1 , v3 ) showed the highest
consistency (Ēs = 0.15), while (m3 , v1 ) showed the lowest
(Ēs = 0.22).
We can also observe the effects of increasing scanning
speed and vertical mass (normal force) on the spectra.
Increasing the scanning speed tended to shift the main
frequency component to right (to higher frequencies). This
can be seen by comparing the first and second rows and the
third and fourth rows. However, with heavier mass, only the
level of power density increased, which can be confirmed by
comparing the first and third rows and the second and fourth
rows. Furthermore, for dotted sheet the spectrum shapes
were almost the same in all the conditions. For chair fabric,
the shape changed with scanning speed but not with mass.
For plastic sheet, additional main components appeared with
heavier mass. It seems that the minor components in m1 are
emphasized in m3 .
B. Training Performance
Next, we examine the similarity between virtual forces
generated by synthesized PRBS-like actuation signals and
real texture forces. Initial examinations showed that when the
actuation signal is amplified with the default gain (equal 1.0
correspond to 100 Vpp), in some cases, the levels of virtual
power densities do not match those of real ones. Thus we
tested a range of gains from 0.6 to 1.4 with a step size of
0.2, and picked one that generated almost the same maximum
magnitude of power density (Table I).
The resulting FFT plots and Es values are shown in Fig.
8. In most cases, the neural networks estimated actuation
signals successfully so that the virtual spectrums were similar
to the real ones. Note that the Es values in Fig. 8 are
absolute ones, and they should be interpreted in reference
to the baseline Es values in Fig. 7.1
Among the six materials, painting canvas showed the
highest similarity (Ēs = 0.29), while chair fabric showed
the lowest (Ēs = 0.49). Plastic and dotted sheet showed
the second best performance with Ēs = 0.37, followed by
felt fabric and scrunched paper with Ēs = 0.44. A closer
look reveals that the three best materials have some sort of
uniform patterns on their surfaces, are made from sturdy
materials, and generally feel rough. In contrast, the three
1 It is unclear how to compare two different E values, e.g., it can be
s
additive or multiplicative, or neither.

Fig. 7: Baseline FFT plots with error metrics. Dotted black line is the first repetition, and solid green line is the second
repetition. The average errors are given inside parentheses on the top and left side.
TABLE I: Adjusted gains for each material (TS1–TS6) under
each experimental condition.
Exp. Cnd.

TS1

TS2

TS3

TS4

TS5

TS6

(m1 , v1 )
(m1 , v3 )

1.4
1.0

1.0
1.4

0.6
1.0

0.6
0.6

1.4
1.0

1.2
1.0

(m3 , v1 )
(m3 , v3 )

1.0
1.0

1.0
1.4

0.6
1.0

0.6
0.8

0.6
0.6

0.6
1.0

worst materials are all made from soft fabrics with random
or no clear textural patterns on their surfaces. As for the
experimental condition, although (m1 , v3 ) showed the lowest
average error, error levels were similar regardless of scanning
velocity or normal force.
C. Cross-validation
We next show how well for an untested condition (marked
by red circles in Fig. 6) a linear interpolation between adjacent tested conditions (marked by blue squares), generates
an actuation signal. For example, U12 is obtained by taking
a weighted average between U11 and U13 with the weights
equal to the adjusted gains. Similarly U21 is obtained by
taking a weighted average between U11 and U31 . The FFT
plots along with Es values are given in Fig. 9.
An immediate observation reveals that taking average has
almost worked for the conditions with the same scanning
speed but with different mass; check the second row for
(m2 , v1 ) and the third row for (m2 , v3 ). Most of the main
components are preserved buy with some variations in the
power densities. However, in the conditions having the same
mass, (m1 , v2 ) in the first row and (m3 , v2 ) in the forth

row, the obtained spectra are clearly different from the references. It seems the main components of lower and higher
speeds appeared in the resulting spectra. This can be clearly
observed for dotted and plastic sheet. This behavior can be
explained based on the fact that the Fourier transform of a
linear combination of two time-domain signals will include
the main components of both spectra. This is evidently the
weakness of applied interpolation method. This effect is less
noticeable for materials with random textural patterns such
as felt fabric and scrunched paper.
We tested a smaller interval and performed interpolation
between (m3 , v1 ) and (m3 , v2 ) to obtain an actuation signal
for (m3 , 3.5 cm/s). From spectral plots (not shown here),
we could still observe the appearance of both components
in the resulting spectra but to a smaller extent; the average
error Ēs decreased from 0.70 to 0.65. It seems with smaller
velocity intervals, the accuracy of this linear interpolation
method increases. While reducing velocity intervals can be
a temporary solution, a nonlinear averaging or interpolation
scheme would be a better and ultimate solution.
The best performance is achieved for scrunched paper with
Ēs = 0.49 and worst for dotted sheet with Ēs = 0.78.
Among conditions, (m2 , v1 ) showed lowest error (Ēs =
0.55) and (m3 , v2 ) showed highest (Ēs = 0.70).
V. C ONCLUSIONS
In this study, we proposed an inverse NARX neural
network model to generate PRBS-like actuation signals to
mimic real textures on an electrovibration display. The
networks are trained based on the lateral forces collected
from the surface of display as a result of applying a fullband PRBS. Once trained, the networks are used to estimate

Fig. 8: FFT plots comparing virtual and real textural forces. Dotted black lines indicate real forces, and solid green lines
virtual ones. Average errors are given inside the parentheses on the top and left sides.

Fig. 9: FFT plots for cross-validation comparing virtual and real textural forces for the experimental conditions not used for
neural network training. Dotted black lines indicate real forces, and solid green lines virtual ones. Average errors are given
inside the parentheses on the top and left sides.

an actuation signal from lateral forces collected from real
samples. By comparing the spectra in frequency domain, we
showed promising results recreating virtual textures similar
to the real ones. We also showed preliminary cross-validation
results to estimate an actuation signal for untested experimental conditions by taking average between adjacent tested

conditions. This simple approach showed acceptable results
for cases with the same scanning velocity but not for cases
with the same mass.
For future work, we intend to conduct a human user study
to evaluate the perceptual quality of the textures generated
by our approach. In addition, to better address the nonlinear

nature of electrovibration display, we have plans to use mlevel pseudo-random signals (PRMS) instead of 2-level or
binary ones (PRBS) to perturb the display and identify its
dynamic system. Finally, we believe a more sophisticated
interpolation scenario can result in better estimation of
actuation signals for untested conditions.
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[23] Y. Vardar, B. Güçlü, and C. Basdogan, “Effect of waveform in
haptic perception of electrovibration on touchscreens,” in Proc. of
EuroHaptics. Springer, 2016, pp. 190–203.
[24] E. Vezzoli, M. Amberg, F. Giraud, and B. Lemaire-Semail, “Electrovibration modeling analysis,” in Haptics: Neuroscience, Devices,
Modeling, and Applications. Springer, 2014, pp. 369–376.
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