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Abstract

As the number of applications for tactile feedback technology rapidly increases, so too does the need for efficient, flexible, and extensible
representations of virtual textures. The previously introduced Single-Pitch Texel rendering algorithm offers designers the ability to
produce textures with perceptually wide-band spectral characteristics while requiring very few input parameters. This paper expands
on the capabilities of the rendering algorithm. Diverse families of fine textures, with widely varied spectral characteristics, were
shown to be rendered reliably using the Texel algorithm. Furthermore, by leveraging an assistive algorithm, subjects were shown to
consistently navigate the Texel parameter space in a matching task. Finally, a psychophysical study was conducted to demonstrate
the rendering algorithm’s resilience to spectral quantization, further reducing the data required to represent a virtual texture.
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Significance Statement

The growing demand for high-quality multimedia transferred through global communication networks necessitates reliable and ef-
ficient techniques to compress such data with as little perceptual effect as possible. While well-established lossy digital formats exist
for media in the domains of visual (e.g. JPEG) and audial (e.g. MP3) media, no such format exists for tactile (touch-sense) media. This
work investigates one means of achieving a data-efficient, lossy virtual tactile texture representation, with the intention of enabling
the transfer of touch-sense media through an interconnected network devices utilizing haptic feedback technology.

Introduction

The addition of touch to the well-established modalities of vision
and hearing as a viable avenue of virtual information transfer is
rapidly becoming a reality in a wide variety of applications (1).
Spurred by the advent of myriad technologies capable of produ-
cing artificial touch stimulation (2), it is reasonable to expect the
prevalence of tactile feedback mechanisms to become increasing-
ly prevalent with time.

One motivating factor for development of touch-enabled tech-
nology is the Tactile Internet, a hypothetical network structure with
latency low enough to enable “real-time” interactions (3). Such an
infrastructure would, among other benefits, allow for remote op-
eration of machinery, equipment, and specialized tools by
subject-matter experts, effectively expanding the reach of speci-
alized skill sets worldwide. The advent of 5G communication net-
works, and development of 6G, both cast the Tactile Internet as a
quickly approaching reality (4).

A critical obstacle toward achieving the Tactile Internet is de-
vising haptic codecs capable of compressing touch-based data
into a format that is simultaneously compact enough for rapid

transmission while still containing all perceptually relevant infor-
mation (5). Such codecs have received ample attention in recent
research (6), with varied approaches leveraging strategies like a
linear prediction scheme (7), discrete wavelet transforms (8),
and quantization of signal spectral component amplitudes (9) to
reduce the data load of a recorded tactile signal without affecting
the user’s experience. Notably, haptic codecs like these function
by starting with a maximum-data signal and apply compression
by removing aspects of the signal that are not perceived by the
user.

An alternate path toward achieving low-data-load tactile sig-
nals is building a virtual texture from elementary tactile features,
adding complexity until perceptual similarity to the target refer-
ence is achieved. This approach is apparent in Hassan et al. (10),
where the researchers deliberately generated new virtual textures
by connecting psychophysical perceptual space and the space de-
fined by measured tactile quantities (like normal force and swipe
velocity). While this technique is effective at generating new
realistic-feeling virtual textures, the need to use previously ac-
quired data may limit the algorithm’s ability to render an arbitrary
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virtual texture conceived by a texture designer, especially those
that cannot be represented by a physical, measurable texture.

Background

Surface haptics technology

Although generating virtual texture stimuli for perception by a
user can be accomplished through a variety of means (graspable
tool-based, wearable, moving pin arrays, etc.) (1), the ubiquity of
touchscreen-based devices in the modern world suggests that fo-
cusing on the interaction between a bare fingertip and a flat device
surface represents a viable path toward deploying touch-sense
feedback on as many existing devices as possible (2). With this
goal in mind, a logical focus is Surface Haptics: technology with
the core intent of providing touch-sense stimuli to the user via
control of the forces between the user’s fingertip and the device's
active surface (11). The control of tangential (in-plane) force on
the fingertip has particular utility in reproducing the feedback
useful for texture discrimination (12).

In this study, the tangential force between the flat device sur-
face and the user’s fingertip is controlled via ultrasonic friction
modulation, leveraging the effect of reduction in sliding friction
along a surface by applying normal (out-of-plane) vibrations at
ultrasonic frequencies (>20kHz) with displacement on the order
of a few micrometers (13). This reduction in friction has been es-
tablished as dynamic levitation caused by both the intermittent
contact between the asperities of the fingertip and the vibrating
surface (14, 15) as well as the so-called squeeze film of air trapped
beneath the fingertip (16, 17).

To utilize ultrasonic friction reduction for the purpose of vir-
tual texture rendering, the primary author’s laboratory developed
the Tactile Pattern Display (TPaD) (pictured in Fig. 1), combining
optical finger position sensing with a borosilicate glass active sur-
face vibrated out-of-plane at 34 kHz using piezoelectric actuators
(18). One-dimensional virtual textures are stored on an on-board
microcontroller (PIC32) in the form of a 19,200-element array.
Each element gives the relative numerical amplitude of the carrier
signal, which controls the magnitude of friction reduction. During
playback, the amplitude of vibration is set by the value assigned to
the element corresponding to the current finger position at a re-
fresh rate of 8,333 Hz.

Texel rendering

The Single-Pitch Texel-rendering algorithm, here referred to as
Texel rendering, was introduced in Burns et al. (19) and demon-
strated to efficiently recreate multifrequency virtual textures us-
ing a notably low number of input parameters. The rendering
algorithm is summarized here.

Three parameters are first chosen by the texture designer: the
physical length of a single Texel, the spectral mean of the pitch
distribution (“Central Pitch”), and the spectral width (SD) of the
pitch distribution (‘Irregularity”). These parameters are used to
build a pitch distribution that is Gaussian in log-frequency space.
Starting at the left end of the texture, a value is drawn from the
pitch distribution and used as the frequency for the Texel's
“pitch,” that is, a sinusoidal oscillation filling a single Texel length
(initially with random starting phase of oscillation). This process
is repeated for additional Texels, continuing to the right on the
display (with phase of oscillation continuous across the borders
of adjacent Texels) until the target texture length is achieved.
This process is summarized in Fig. 2. For this study on fine-scaled
textures, the amplitude of oscillation is held constant throughout.

In future work, amplitude modulation will be used to introduce
coarse texture features.

The requirement of continuous phase of oscillation at the borders
between adjacent Texels allows for textural features to be rendered
with wavelength greater than the chosen Texel length. As demon-
strated in Fig. 3, a texture with features of oscillation frequency be-
tween 0.1 and 0.4 cycles/mm (that is, features with wavelength
between 2.5 and 10mm) can be reproduced with Texels of length
0.25mm, as each Texel's ending phase must match the starting
phase of the next Texel. In this way, several adjacent Texels can
form features with wavelengths well beyond the chosen Texel length.

Due to the log-scale nature of the input parameters of Central
Pitch and Irregularity, in the remainder of this work, we will
report both in units of dB with a reference value of 1 cycle/mm,
abbreviated herein as simply “dB.” Values are computed using
Xap = 10log,;(Xepm /(1 cycle/mm)), where Xgp and Xepm are a
parameter value in dB and cycles/mm, respectively. (Here, the
power-quantity formula for decibels is used for the convenience
of defining 10 cpm = 10dB.)

In Burns et al. (19), the Texel-rendering algorithm was shown to
efficiently recreate the sensation of a virtual texture with multiple
frequency components present at all positions, provided that a
texel length below 1 mm was used. Furthermore, the spectral pa-
rameters of distribution location and width were reliably tuned by
participants to recreate reference textures, thereby representing
effective dimensions for texture design.

In this work, we further test the utility of this rendering algo-
rithm through matching tasks with a variety of reference textures
encompassing a diverse set of wide-band spectral characteristics.
Families of textures investigated included superpositions of mul-
tiple sinusoidal signals, spectrally shaped white noise signals (so-
called colors of noise), and periodic nonsinusoidal waveforms. Each
of these bear spectral characteristics not readily reproduced by a
single log-normal distribution in spectral space, as is required by
the Texel rending. Thus, achieving perceptually similar versions
of these textures using the Texel-rendering scheme represents a
significant test of the algorithm’s extensibility.

Furthermore, in this work, we investigate the effect of quantiz-
ing the spectral components of a Texel-rendering texture on the
perceptual outcome. By leveraging the demonstrated inaccuracy
in frequency judgement during human vibrotactile perception
(20, 21), the discretization of oscillation frequencies available to
the rendering algorithm could greatly reduce the amount of
data required to store the texture without perceptual effect.

Optimization techniques
While the Central Pitch and Irregularity-rendering parameters were
previously shown to give texture designers enough flexibility to
predictably match various reference fine textures composed of
white noise with Gaussian-shaped spectral amplitude (19), navi-
gating the 2D parameter space to recreate any arbitrary virtual
texture is a nontrivial task. Modifying the Central Pitch and
Irregularity parameters individually is referred to in this work as
free exploration, which was found to be a difficult-to-use method-
ology for users in a texture matching task, especially for those
with little experience tuning virtual textures. Accordingly, we de-
vised an assistive human interface based on established optimiza-
tion algorithms that simplified the required user input while
converging on a Texel rendering that the user perceives as a
good match for a reference texture.

The use of optimization algorithms in turning virtual texture
parameters has previously found success. In Pescara et al. (22),
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Fig. 1. TPaD surface haptics device.

the researchers use an evolutionary optimization algorithm to
personalize the vibrotactile signals generated by a wearable de-
vice to maximize discrimination and positive sensation in the
subject. Notably, the algorithm required only three pieces of
preference information from the subject per iteration.

In Pescara et al. (23), the same researchers as Pescara et al. (22)
approach the problem of improving vibrotactile signal discrimin-
ation by using a genetic optimization algorithm to tune the stimu-
lus to an individual subject’s sensory preferences. While
discrimination performance universally improved, the tuning pa-
rameters generated by the group of users differed greatly. This ap-
proach demonstrates the success of a generative optimization
algorithm responsive to preference input from a test subject.

The researchers of Lu et al. (24) combine an evolutionary algo-
rithm with a Generative Adversarial Network (GAN) to produce
perceptually matching virtual textures for real reference textures.
In this approach, when a user selects the closest match to the ref-
erence among a group of virtual textures generated by the GAN,
the preference drives the evolutionary algorithm to select optimal
texture parameters (input to the GAN) toward matching the refer-
ence texture. This process repeats until convergence is detected.
This technique effectively approaches the best-match texture pa-
rameters using only preference data (in this case, best match to a
reference among several candidates), while presenting a substan-
tially simpler task to a user as compared to free exploration of
multiple parameter dimensions simultaneously.

Materials and methods
Reference textures

To test the viability of the Texel-rendering algorithm, a diverse set
of multifrequency reference textures was sought, summarized in

CCD Sensor

Piezoelectric
Actuators

Microcontroller
and associated

electronics

Infrared LED

Fig. 4. Rigorous testing of the algorithm would ideally include tex-
tures that do not intuitively lend themselves to successful imita-
tion by a string of single-frequency texels stochastically drawn
from a Gaussian distribution (in log-frequency space). To this
end, three families of fine textures were identified. Note that all
textures were scaled to have the same maximum amplitude.

The first family, Sums of Sinusoids, consisted of the equally
weighted superposition of two or more sinusoidal components
of differing frequencies. This resulted in oscillating, but dramatic-
ally nonsinusoidal, textural signals. Care was taken in the choice
of the discrete frequencies to avoid beat frequencies below 1
cycle/mm, which would be perceivable as coarse textural fea-
tures. The first texture in this family was an equally weighted
sum of a 2.5cycles/mm sinusoid with a 6 cycles/mm sinusoid.
The second summed 2.5, 6, and 8.5 cycles/mm. The third summed
2.5,6,8.5,and 11 cycles/mm. (These frequency values correspond
to 4.0, 7.8, 9.3, and 10.4 dB, respectively.) For brevity in figures,
these textures are named 2sin, 3sin, and 4sin, respectively.

The second family, Colors of Noise, collected three wide-band
spectral signals inspired by analogous audio signals of the same
name. Specifically, these textures included White Noise (with con-
stant power spectral density across all renderable frequencies),
Pink Noise (with power spectral density inversely proportional to
frequency), and Blue Noise (with power spectral density propor-
tional to frequency), named in figures White, Pink, and Blue,
respectively.

The third family, Shaped Waveforms, consisted of three textures
where a particular arrangement of spectral amplitude and phase
produce oscillating signals with recognizable shapes in the spatial
domain. All of these textures were constrained to have a
fundamental frequency of 1 cycle/mm. The three waveforms se-
lected were a square wave (containing odd-integer harmonics
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between the borders between adjacent texels. Adapted from a figure in Burns et al. (19) with permission from the authors and copyright holder (© 2021 IEEE).
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Fig. 3. Single-Pitch Texel rendering of features with wavelength greater
than the chosen Texel length. In this example, 40 Texels of length 0.25
mm render a texture with Center Frequency 0.2 cycles/mm (~ —7dB) and
Irregularity 0.1 cycles/mm (= — 10 dB). A) Spatial domain representation
of texture. Normalized friction for each Texel displayed in alternatingline
styles for clarity. B) Spectral domain representation of texture. The
underlying Texel frequency distribution (left axis) is overlayed with a
histogram of individual Texel pitch values used in the rendering (right
axis).

decreasing at a rate of 6 dB/octave), a triangle wave (containing
odd-integer harmonics decreasing at a rate of 12 dB/octave), and
a sawtooth wave (containing all integer harmonics decreasing at
a rate of 6dB/octave), named in figures Square, Tri, and Saw,
respectively.

In cases where a single representative texture from each family
was required to ensure testing was not prohibitively long, the fol-
lowing three were chosen on the basis of pilot studies indicating
they were sufficiently dissimilar from one another: The sum of
four sinusoids from the Sums of Sinusoids family (4sin); Pink
Noise from the Colors of Noise family (Pink); and the sawtooth
wave from the Shaped Waveforms family (Saw). These will be
called the Family Exemplars.

Equipment

All testing was performed using a TPaD (25), generating 1D spatial
texture maps 101.76 mm long with a resolution of 19,200 discrete
points. Texture maps and test subject graphical user interface
(GUI) controls were controlled via MATLAB R2021b on an
attached PC.

Due to the limitations set by the hardware used, Pitch and
Irregularity were limited for all testing to the following ranges.
Pitch: 0.01 to 94 cycles/mm (-20 to 19.7 dB); Irregularity: 0.001 to
3.16 cycles/mm (-30 to 5 dB).

To eliminate any contribution toward textural perception
made by sound cues, all subjects wore headphones playing Pink
Noise audio during all tests and confirmed before testing that
the volume level made inaudible any sounds produced by the
TPaD equipment.

Experimental design
Free exploration

To study the ability of a user to tune the two-parameter
Texel-rendering space to generate a desired tactile effect, the
Free Exploration test was designed, so-called as it tasked subjects
with matching Texel renderings to reference textures by freely
modifying the Central Pitch and Irregularity variables of the
Texel Rendering (with Texel length held constant at 0.25mm).
Note that, due to the constraint of continuous phase between
Texel boundaries, frequencies with period above the Texel length
can be rendered. For example, if a continuous series of several
Texels are assigned similar frequencies that fall below the Texel
length, the oscillation is rendered continuously across these
Texels.

The test sequence was as follows. During each of nine trials,
the left half of the TPaD (50.88 mm long) presented one of nine
reference textures, while the right half presented the Texel ren-
dering generated by the subject’s current Central Pitch and
Irregularity choices. Using two slider controls on the GUI
(Fig. 5), the subject was free to alter both Central Pitch and
Irregularity with the stated goal of matching the reference tex-
ture to the Texel rendering. When the subject was satisfied
with the match, confidence in the match was recorded on an-
other slider control from 1 (least confident) to 5 (most confident).
Following this, the Central Pitch and Irregularity settings could
be submitted and the trial ended. This was repeated for each
of the nine reference textures.

In previous work, the stochastic nature of the Texel-rendering
algorithm was demonstrated to have little perceptual effect when
the Texel length was sufficiently small, effectively transforming a
series of stochastically generated vibration frequencies into the
sensation of a homogeneous fine texture (19). To further test the
robustness of the rendering algorithm to changes in the choices
of Texel vibration frequencies, the Quantization Test was designed.
Here, quantization refers to the discretization of available texel
pitch choices.



Burnsetal. | 5

2sin Square
100
\ |
L‘u""w"f‘ "H |"""‘ “‘ |”'nH|\| u lr | l Ej
| \‘“Un |
0 ‘ Fr uch JS, L Frcuuenc (aBa
T 3sin
~100 A \ A
g ﬁ \M AH Ll A fﬁ\ / \ A A
Z lI“|" Ik "\"“\ L”l “ "'N N AVAVAVAY IR
u 5 10 f I“. \’ \, \ L- 5 10 ‘
E 0 J Frequency (dB) "'/ j / ‘l Frequency (dB)
8 4sin Blue
o 100 W
= h ﬂ \ m 4 /
v.. | | /
0 Frequ:ru:y (n‘g) Freq wf:\cy Eﬂ‘BU]
0 3 6 0 3 6 0 6

Pasition (mm)

Position (mm)

Posmon (mm)

Fig. 4. The nine reference textures used in this study represented by 6-mm long samples of the space-domain TPaD texture maps. TPaD amplitude refers
to the friction reduction amplitude achieved at any point through ultrasonic vibration between the TPaD surface and the test subject’s finger, scaled by
the maximum amplitude of the device. Inset: Fast Fourier Transform magnitude traces for each of the textures, normalized for visibility. Red:

commanded friction reduction spectral magnitude; purple: lateral fingertip velocity spectral magnitude acquired via laser Doppler vibrometer. (Note that

dB units are calculated with a reference value of 1 cycle/mm).
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Fig. 5. GUI for the free exploration test.

Quantization test

Quantization was performed by limiting Texel vibration frequen-
cies to a discrete set of values, effectively reducing the frequency
resolution of the texture. In practice, this was achieved by round-
ing the frequency to the nearest allowed value following its sto-
chastic generation. The amount of quantization was controlled
via the distance (in log space) between allowed values.
Log-spaced values (rather than linear-spaced values) were chosen
to explicitly match the log-normal nature of the underlying distri-
bution itself, which was determined in Burns et al. (19) to perform
well for both low-frequency and high-frequency means. For ex-
ample, if a quantization distance of 1 dB was chosen, frequencies
are rounded to the nearest multiple of 1dB ~ 1.26 cycles/mm fol-
lowing stochastic generation. Note that, in the nonquantized
state, the frequency resolution is bounded only by the limits of
the textural-rendering hardware (in this study, ~ -20dB ~ 0.01
cycles/mm).

The test sequence was as follows. During each of 27 trials, the
leftand right halves of the TPaD were split to present two different
textures. The left half of the display presented one of nine

Trial 1
Compare Texture 1 to Texture 2

Texture 1 Texture 2

Diﬁ‘ez'ent,‘l 2 3 4 'SSame

Submit Rating

van

Fig. 6. GUI for the quantization test.

reference textures, while the right half displayed a Texel render-
ing based either on the test subject’s Central Pitch and
Irregularity choices for the matching reference texture (made in
the Free Exploration Test) or a Texel rendering based on Central
Pitch and Irregularity choices made previously by the trained rater
(the first author). During the trials based on the three Family
Exemplars, the Texel rendering was either nonquantized or quan-
tized to one of three levels: 1, 3, or 5 dB. During each trial, the sub-
ject was tasked with rating the similarity between the left
(reference) and right (Texel) textures on a scale between 1 (com-
pletely different) and 5 (identical), input via a slider control on
the GUI (Fig. 6). Following this, the similarity rating could be sub-
mitted and the trial ended.

Guided exploration test

Based on the results of the Free Exploration test, it was evident
that the navigation of the 2D parameter space defined by
Central Pitch and Irregularity to accomplish a matching task
was difficult for a subject naive to the Texel-rendering algorithm.
To alleviate this difficulty, the Guided Exploration Test was designed
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to allow a subject to navigate the parameter space with simple
comparison decisions, aided by an assistive algorithm.

The assistive algorithm devised for this study utilized features
of the gradient descent procedure (26) and the Nelder-Mead
downhill simplex method (27). With the goal of achieving the
best perceptual match between some reference texture and a tex-
elrendering, the algorithm searches the 2D texel parameter space
(axes: Pitch and Irregularity) using as input comparison data from
the human subject, iteratively shrinking the target parameter
space until a perceptual match is identified. During any one trial,
there is an amount of this 2D space remaining, inside which the
ideal perceptual match is believed to exist. The algorithm draws
vectors connecting the centroid of this remaining space to its
edges along each direction parallel to an axis and along each diag-
onal. A comparison pointis marked at each vector midpoint, total-
ing eight comparison points surrounding the remaining space’s
centroid. Each trial consists of four comparisons, as the subject
is asked to choose whether a comparison point or its opposite
(the comparison point lying on the parallel vector on the other
side of the centroid) feels more similar to a reference texture.
The subject can also choose “unsure,” meaning both textures
feel equally similar to the reference. The polygon described by
the eight comparison points is used analogously to the Nelder-
Mead simplex (27), building a set of trial points to establish an
ideal direction for optimization over the 2D space. While the sim-
plex generally uses the minimum of three points of function
evaluation to establish an approximation of the function’s local
behavior, the polygon here uses four “evaluations” (from binary
comparisons of eight total points) for this purpose. This redun-
dancy was found to perform well during pilot studies. Based on
the trial’s four points of comparison data, the algorithm builds
the so-called Pursuit Vector: the scaled sum of each vector contain-
ing a comparison point deemed “more like the reference texture”
(without contribution from each “less like the reference texture”
and “unsure” vector). This vector, like the search direction in the
gradient descent procedure (26), is an approximation of the direc-
tion pointing toward the optimal point (in this case, the texture
parameters for an ideal match), and is the direction and

Guided Exploration Test (Subject 12)

0 L
S -0t A
2 P
& ol _ .
= = 3
o]
o
=20
* Start point
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Pink
Saw
-30 i i i
-10 0 10 20

Central Pitch (dB)

Fig. 7. Guided Exploration test results for one subject. Lines connect
subspace centroids throughout the optimization algorithm’s progress
(line directions match that of the Pursuit Vector for each trial) and solid
dots indicate termination points.

magnitude of shift of the remaining parameter space’s centroid
at the end of the trial. The Pursuit Vector’s scaling factor was
chosen to constrain the vector’s maximum possible magnitude
to be half the amount that the remaining parameter space is de-
creased per trial, which ensured that the remaining parameter
space is always a subset of the space in the trial before it. At the
end of each trial, the parameter space is decreased and its cen-
troid moves according to the Pursuit Vector. The resulting space
is used as the remaining parameter space for the next trial. The
optimization algorithm terminates when the remaining space de-
creases to a single point, and this point is identified as the percep-
tual match to the reference texture. For algorithmic simplicity
and speed of testing, the parameter space decreased by the
same amount each trial (in this case, 20% of the initial maximum
axes lengths) along both axes, but future versions of this optimiza-
tion algorithm could utilize adaptive shrink rates as well as con-
vergence criteria not based solely on number of trials. Figure 7
visualizes the progress of the Guided Exploration optimization al-
gorithm throughout the test for one subject.

The test sequence was as follows. For each of three Family
Exemplars, 20 comparison trials are conducted. In each trial, the
subject is able to freely select the current reference texture and
two comparison textures using buttons on the GUI (Fig. 8), causing
the TPaD to present the selected texture. After exploring these
three textures, the subject confirms which (if either) of the two
comparison textures feels more like the reference texture and
submits their response, ending the trial. This continues for 20 tri-
als for each of 3 reference textures (totaling 60 comparison trials),
after which the user completes 9 rating trials. In each rating trial,
the subject is asked to rate the similarity between one reference
texture and one Texel rendering. These nine combinations in-
clude all permutations of the three reference textures and three
Texel renderings based on the parameters identified as ideal
matches by the optimization algorithm. The subject enters ratings
on a scale between 1 (completely different) and 5 (identical), input
via a slider control on the GUI (Fig. 9). Following this, the similarity
rating can be submitted and the trial ends.

Results

There were 18 subjects for the Free Exploration Test, 8 female; 8
subjects for the Quantization Test, 4 female; and 17 subjects for
the Guided Exploration Test, 6 female. Six subjects participated
in both the Free Exploration Test and Guided Exploration Test.
Subjects were instructed to use the index finger of their dominant
hand for texture exploration, but any finger on any hand to control

Trial 1 Tex 1

Reference

Texture A Texture B

Which texture feels more similar to the reference?

Texture A “Texture B *Unsure

Submit

Fig. 8. GUI for the Guided Exploration test matching trials.
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Rating 1/9
How similar do texures A and B feel?

Texture A Texture B

Submit

vio

Fig. 9. GUI for the Guided Exploration test rating trials.

the GUI. The protocol was approved by the Northwestern
University Institutional Review Board, all subjects gave informed
consent, and all subjects were paid for participation.

In all box charts displayed here, filled boxes mark the data be-
tween the 0.25 quantile and 0.75 quantile (the interquartile range,
or IQR), with the central horizontal line marking the median.
Whiskers extend to the nonoutlier minimum and maximum,
with outliers (marked as dots) identified as points >1.5 times the
IQR away from the top or bottom of the box.

Texture matching

Texel dimensional choices

Figure 10a and b presents the Central Pitch and Irregularity
choices, respectively, made by subjects during the Free
Exploration Test, superimposed with the parameter choices of
the trained rater. Figure 11a and b presents the same for the
Guided Exploration Test. (Note that while the Free Exploration
Test used all nine reference textures, the Guided Exploration
test used only the three Family Exemplars.)

Figure 12a and b presents the parameter choices for the Free
Exploration Test and Guided Exploration Test, respectively, on
2D plots, superimposed with 95% confidence ellipses around the
expected mean (adapted from Batschelet (28)). Although Free
Exploration was tested for all nine reference textures, for ease of
comparison with Guided Exploration, we present only the Texel
parameters matching the three Family Exemplars for each test.

Figure 13 summarizes the subjects’ confidence in the Free
Exploration Test aggregated across all textures. Confidence rating
(divided into four bins) is plotted against distance between the test
subject’s Texel parameters and the trained rater’s parameters.

Similarity ratings

Figure 14a and b presents the similarity ratings made during the
Free Exploration Test and Guided Exploration Test, respectively, be-
tween the Texel rendering generated by the subject and its match-
ing reference texture. (Note that while the Free Exploration Test
used all nine reference textures, the Guided Exploration test used
only the three Family Exemplars.) Figure 14c portrays in a matrix
the average similarity rating between each reference texture
(rows) and the Texel rendering generated by the subject in the
Guided Exploration test for the named reference texture (columns).

Spectral quantization

Figure 15 summarizes how pitch quantization affects the efficacy
of the Texel rendering, as observed in the Quantization Test. For

each of the three Family Exemplars, the effect of quantization is
calculated as the similarity rating for a reference texture and its
unquantized Texel rendering minus the rating for the same refer-
ence texture and its quantized Texel rendering. In the figure,
change in similarity rating is plotted for each texture at each of
three levels of quantization.

Discussion

Parameter tuning through free exploration

The collected Texel parameters chosen during the Free
Exploration Test, shown in Fig. 10a and b, suggest that manually
tuning Central Pitch (the mean of the underlying distribution) to
match a reference represented an easier task than tuning
Irregularity (the width of the underlying distribution). This is ap-
parent in the higher variance in Irregularity choices (the height
of the box plots in Fig. 10b, average SD: 5.12 dB) as compared to
the same in Central Pitch choices (the height of the box plots in
Fig. 10a, average SD: 3.78dB). Such behavior may be due to the
fact that Central Pitch is naturally a more familiar perceptual di-
mension than Irregularity to a naive virtual texture user. While
Central Pitch is analogous to the audible pitch of a sound, no
such connection exists for Irregularity. Additionally, it is likely
that the just-noticeable difference (JND) for Irregularity exceeds
that of Central Pitch when both are measured in cycles/mm, but
the improved results from the Guided Exploration Test suggest
that the variability in Irregularity choices in the Free Exploration
Test is affected by factors beyond the threshold of human percep-
tion. For the Guided Exploration Test (Fig. 11a and b), average SDs
in Central Pitch and Irregularity choices (for all textures) are 2.42
and 2.90dB, respectively. Additionally, the range of values se-
lected during the Free Exploration test suggests that subjects
were capable of tuning Central Pitch more effectively than
Irregularity. While the mean value of Central Pitch varied signifi-
cantly from texture to texture (SD across means: 2.55dB), the
mean value of Irregularity did not (SD across means: 1.54 dB). In
short, Irregularity was not effectively used as a texture design par-
ameter during the Free Exploration Test.

The Central Pitch choices made in the Free Exploration Test re-
veal some notable trends (see Fig. 10a). In the Sums of Sinusoids
texture family, the mean value of Central Pitch chosen by subjects
follows a rising trend when additional (higher frequency) sinus-
oids are added, closely matching the Central Pitch choices of the
trained rater. This is in line with the results of (20), which demon-
strated that the dominant sensation when exploring a texture
composed of several discrete frequency components is a single
dominant frequency located at the weighted mean of the original
components. The Central Pitch choices for this family of textures
indeed follow a mean value near such a dominant frequency, in-
creasing as additional frequency components are added to the
high end of the spectrum. The sum of 2.5 and 6 cycles/mm (4.0
and 7.8dB) (2sin) produces a mean Central Pitch around 3
cycles/mm (4.8 dB); the sum of 2.5, 6, and 8.5 cycles/mm (4.0,
7.8, and 9.3dB) (3sin) produces a mean Central Pitch around 4
cycles/mm (6.0 dB); and the sum of 2.5, 6, 8.5, and 11 cycles/mm
(4.0, 7.8, 9.3, and 10.4 dB) (4sin) produces a mean Central Pitch
around 6 cycles/mm (7.8 dB).

In the Colors of Noise texture family, the mean Central Pitch
choices loosely follow a trend related to the shape of the reference
texture’s spectrum: the mean Central Pitch was lower for Pink
Noise (which is dominated by low-frequency components) than
for Blue Noise (which is dominated by high-frequency compo-
nents) and White Noise (which has a flat distribution across all
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Fig. 11. Collected A) Central Pitch and B) Irregularity choices made during the Guided Exploration Test. For comparison, Free Exploration results are

superimposed.

frequencies). This suggests that the low-frequency content of a
Shaped Noise texture is a more salient perceptual detail than
the high-frequency content, dominating the sensation during
exploration.

In the Shaped Waveform texture family, mean Central Pitch
choices fall close to the fundamental frequency of the wave-
forms: 1cycle/mm (0dB) for all textures. As with the Sums of
Sinusoids textures, this is to be expected: the dominant sensa-
tion for these textures should indeed be some weighted mean
frequency of the components. Unlike the Sums of Sinusoids,
however, the Shaped Waveforms are spectrally composed of a
single high-amplitude fundamental frequency with many har-
monic frequencies with steeply decreasing amplitude (see
Fig. 4). The weighted mean, lacking any significant contribution
from the harmonic frequencies, remains close to the fundamen-
tal frequency, which closely matches the Central Pitch choices
made by the trained rater.

Furthermore, the Free Exploration Test results demonstrate
that variance in parameter choices, particularly Central Pitch, de-
pend on the reference texture family. The height of the box plots
in Fig. 10a demonstrate different average variance in Central Pitch
choices per texture family, with average SD values: 3.88 dB for
Sums of Sinusoids, 5.63dB for Colors of Noise, and 3.98dB for
Shaped Waveforms. While the Central Pitch choices for the
Sums of Sinusoids and Shaped Waveforms families have lower
SD (with means close to the Central Pitch choices made by the
trained rater), the Colors of Noise family has a higher SD in
Central Pitch choices. This is an expected effect of the perceptual
nature of the texture families: while the Sums of Sinusoids and
Shaped Waveforms textures are dominated by a few frequency
components and lack any wide-bandwidth noise signals, the
Colors of Noise textures have no such dominant frequency com-
ponents. (Compare the spectral signals of the reference textures
in Fig. 4.) Effectively, the choice of Central Pitch of the Texel
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Rendering for a texture in the Colors of Noise family has a smaller
perceptual effect than it does for the other texture families. When
matching to a high-bandwidth (noisy) texture, it seems to matter
more that the Irregularity parameter is high and less that the
Central Pitch parameter is located at some precise value. This is
not to say that the Central Pitch parameter is unused when
matching to noisy textures: note in Fig. 10a that the average
Central Pitch values were lower to match Pink Noise than those
to match White or Blue Noise.

The Free Exploration Test confidence ratings depicted in
Fig. 13 demonstrate that subjects tended to rate their confi-
dence in a match to a reference texture higher when their chos-
en parameters were close to those chosen by the trained rater.
This suggests that the high variance in parameter choices
(Fig. 10a and b) and low average similarity ratings between the
reference textures and their Free Exploration Test matches
(Fig. 14a), mean similarity rating 3.4 out of 5) may not be an in-
herent weakness of the algorithm but rather a byproduct of the
difficulty of the task of navigating the parameter space freely to
find a perceptual match to a reference texture. After all, if con-
fidence ratings tend to be higher when Texel renderings use pa-
rameters closer to those chosen by the trained rater, it is
rational to believe that matches exist but are not easily found
by all subjects.

Parameter tuning through guided exploration
When depicted on a 2D log-log plot as in Fig. 12a and b, the im-
provement provided by the Guided Exploration Test’s optimiza-
tion algorithm is apparent. Compared to the parameter choices
made in the Free Exploration Test, those made in the Guided
Exploration Test exhibit much tighter distributions in both the
Central Pitch and Irregularity dimensions, as visualized by the sig-
nificantly smaller confidence ellipses. It is notable that for the
Guided Exploration Test results, the variance in the Irregularity
choices (average SD across all textures: 2.90 dB) remains higher
than that of the Central Pitch choices (average SD: 2.42 dB), as it
did for the Free Exploration Test. This persistent difference, des-
pite the improved method of Guided Exploration, suggests that
the limiting factor may be intrinsically perceptual (i.e. a higher
JND) for Irregularity than for Central Pitch when both are meas-
ured in cycles/mm.

The success of the Guided Exploration Test is further demon-
strated in the similarity ratings between reference textures and a
Texel rendering utilizing the subject’s chosen matching parame-
ters. While the similarity ratings made during the Free
Exploration test did not exhibit particularly high values for all tex-
tures (Fig. 14a, mean similarity rating: 3.4 out of 5), those made dur-
ing the Guided Exploration Test demonstrated high similarity
between reference textures and Texel renderings for all textures
(Fig. 14b, mean similarity rating: 4.6 out of 5). Additionally, the ma-
trix in Fig. 14c demonstrates that Texel renderings exhibit high
similarity ratings only with the reference textures they were tuned
tomatch: all “mismatched” pairings exhibited low similarity ratings
(mean similarity rating: 2.1 out of 5). This confirms that the increase
in similarity ratings for matches between the Free Exploration Test
and Guided Exploration Test were indeed effects of superior percep-
tual matching and not an effect related to the difference in test
methodology (such as the significantly increased test duration in
the Guided Exploration Test for each reference texture as compared
to that off the Free Exploration Test).

Pitch quantization

The effects of pitch quantization as shown in Fig. 15 demonstrate
several effects. First, it is evident that mean similarity ratings
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Texel-rendering matches made during the Free Exploration Test) for each
amount of quantization as compared to the similarity rating made in the
unquantized state. Superimposed dotted line highlights zero change.

decrease with increasing level of quantization (mean change in
similarity rating: —0.23, —0.33, and —0.64 for 1, 3, and 5 dB quant-
ization, respectively). Using a repeated measures ANOVA test, the
4sin texture showed a significantly decreased similarity rating
with quantization (P =0.03) and the Pink texture approached sig-
nificance (P =0.08). The Saw texture, in contrast, was essentially
unaffected by the level of quantization (P = 0.80).

Further analyses used one-sample t-tests comparing the mean
changein similarity to zero. Anull result is taken toindicate a neg-
ligible perceptual impact of quantization at the given level. On
this basis it is unlikely that quantization to the 1dB level has
any perceptual effect for any of the textures tested, as the similar-
ity ratings between Texel renderings and reference textures for
the unquantized and 1dB level quantization groups did not ap-
proach a statistically reliable difference (P=0.72, 0.42, and 0.43
for 4sin, Pink, and Saw textures, respectively). This suggests that
1dBlevel quantization is a safe method for texture designers tore-
duce the required data to store a virtual texture (by greatly redu-
cing the number of possible Texel pitch values) without
perceptual effect to the end user. Additionally, it is evident that
the effect of quantization is not homogeneous across texture fam-
ilies. Where the Saw texture saw no significant change in similar-
ity rating even at the highest level of quantization, 5dB, (P=0.72)
and the 4sin texture only showed a significant decrease in similar-
ity rating between the unquantized and 5dB level quantization

groups (P=0.05), the Pink texture was much more sensitive to
quantization. At the 3 dB quantization level, a significant decrease
in similarity ratings is already apparent (P=0.04). Comparing
these results to the Central Pitch/Irregularity choices for these
textures in Fig. 10a and b, it can be inferred that quantization is
less perceptible for textures with lower Irregularity values. This
result can be explained by the nature of human vibrotactile per-
ception. An unquantized low-Irregularity texture contains many
pitch values close to a mean value. Owing to the lossy nature of
human vibrotactile perception, the dominant sensation when ex-
ploring this texture would be the some weighted mean frequency
of excitation even when multiple frequencies are present, as dem-
onstrated in Friesen et al. (20). When this texture is quantized, it
amounts to shifting the closely distributed frequencies to a few,
or even a single, value. As the texture is already being dominated
by a single-frequency sensation, this shift is perceivable only
when the quantized frequency is misaligned with the original
dominant frequency by a sufficient margin. On the other hand,
an unquantized high-Irregularity texture contains many pitch
values across a large frequency band. Both the sensations of a
dominant weighted mean frequency and texture noisiness are per-
ceived, as demonstrated in Friesen et al. (29). In this case, quant-
ization is more easily perceivable at a lower level: as frequency
values are “rounded” to their nearest quantized value, the tex-
ture’s dominant frequency may remain stable (as with the
low-Irregularity textures), but the noisiness sensation is more eas-
ily affected. This is likely a result of the wide-band nature of the
high-Irregularity textures: as the widely distributed frequency
values are quantized, there is more opportunity for concentration
in one frequency band that was not originally dominant, produ-
cing a perceivable effect. The result suggests that, to guarantee
successful quantization, the spectral nature of the texture should
first be analyzed: the wider the distribution of frequency values in
the original texture, the lower the amount of quantization that
can be safely used.

Conclusion

In this work, the Single-Pitch Texel-rendering algorithm is con-
firmed to be both flexible: capable of producing close perceptual
matches with a wide variety of fine texture families; and practical:
with a parameter space navigable by a naive user. Aided by anovel
optimization approach, subjects repeatably matched reference
textures containing widely varying spectral characteristics with
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Texel-rendering surrogates, confirming the match through high
perceptual similarity ratings. Furthermore, Texel renderings
were found to be robust to a level of spectral quantization, exhib-
iting negligible perceptual effect when Texel pitch values were
quantized to steps of 1 dB ~ 1.26 cycles/mm. These results suggest
that the Texel-rendering algorithm is a strong candidate for the
compression of fine texture signals, offering a perceptually rich
texture sensation with relatively few input parameters.

Future work will include extending this algorithm to the ren-
dering of coarse textural features as well as standardizing the op-
timization algorithm of the Guided Exploration Test to better
capture convergence behavior during texture exploration.
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