
2015 IEEE World Haptics Conference (WHC) 
Northwestern University 
June 22–26, 2015. Evanston, Il, USA 

978-1-4799-6624-0/15/$31.00 ©2015 IEEE 

	   Modeling and Synthesis of Tactile Texture with Spatial Spectrograms

for Display on Variable Friction Surfaces

David J. Meyer, Michael A. Peshkin, and J. Edward Colgate

Abstract— Texture modeling strives to encapsulate the im-
portant properties of texture in a concise representation for
interpretation, storage, and rendering. Models for tactile texture
have yet to describe a representation that is both percep-
tually complete and sufficiently compact. In this work, we
take inspiration from models of visual and auditory texture
and propose a spatial spectrogram representation of tactile
texture that separates localized features from textural aspects
using a windowed Fourier decomposition. We investigate the
length scales at which humans can perceive localized features,
and represent textures as spectrograms that capture those
local features. Additionally, we demonstrate a reconstruction
algorithm capable of recreating texture from a spectrogram
representation with no perceptual consequence.

I. INTRODUCTION

The successful digitization of auditory and visual infor-

mation is in evidence every time music or a video plays on

an electronic device. In contrast, while the tactile modality

provides another important pathway for information, the

digitization, transmission and replay of this information

remains primitive. In order for this to change, more ad-

vanced display technologies and digitization techniques are

both needed. With regard to display, recent developments

in surface haptics would appear to provide a method for

displaying rich tactile textures and shapes in a digitized,

programmable fashion. This paper addresses the digitization

challenge, specifically with regard to tactile textures.

To enable the digitization of textures, it is crucial to have

an understanding of how they are perceived, and to develop

a model for representing what is perceived. A texture model

comprises a set of functions that compute statistical param-

eters representing the texture. We seek a texture model that

computes parameters such that textures co-located in the pa-

rameter space are perceptually equivalent. Furthermore, it is

desired that any two textures are perceptually distinguishable

if and only if they exhibit different parameters as determined

by the model. The development of a texture model with the

aforementioned characteristics will both provide insight to

tactile perception and facilitate synthesis of texture for haptic

display.

II. BACKGROUND

Much of what is currently known about texture comes

from studies of preattentive visual perception [1]. In this

field, a successful approach has been to employ banks of
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length-scale and orientation specific spatial filters to repre-

sent the first stage of texture discrimination [2], [3]. Statistics

taken on the outputs of these filter banks have been used to

synthesize textures that, in early visual perception, are in-

discriminable from the input textures [4]. Similarly, analyses

of sound textures have typically employed banks of band-

pass filters that mimic the filtering done by the cochlea[5].

The resulting representation of sound data has been separated

into two different types of information: the slowly varying

envelopes of the band-passed filtered signals, and the rapidly

varying fine details of the sound. Several studies have shown

the usefulness of representing sound texture signals in this

manner, both for understanding perceptual information and

for measuring and synthesizing natural sound textures [6].

Slowly varying envelopes were discovered to be important

in the perception and interpretation of speech, while the

high-frequency fine details of sound were more important

for sound location [7]. Combining the statistics from both

the time-varying envelopes and the finer spectral content has

been shown to produce higher-fidelity reproductions of sound

than using spectral content alone [8], [9].

Haptics researchers have also proposed parameter-based

models of texture for synthesis and discrimination, but

standard approaches have been slow to emerge, perhaps

because there is no universally accepted method for tactile

texture display and measurement, as exists for sound and

vision. Multi-dimensional scaling (MDS) techniques have

suggested that natural tactile textures can fall into three or

four orthogonal dimensions: roughness, hardness, coldness,

and potentially stickiness [10], [11]. Unfortunately, MDS

techniques do not model texture in a way that is useful for

synthesis or computational storage, as the technique obtains

data by polling the human perception directly. A few studies

have combined MDS techniques with adjective-scale ratings

and physical measurements of textured surfaces [12], [13].

Alternatively, some modeling techniques that analyze the

vibratory signatures of textures have been proposed. Spatial

spectra [14] and temporal spectra as a function of normal

force and velocity of contact have been rigorously studied in

efforts to perform texture discrimination [15], [16] as well as

texture synthesis in tool-based interactions [17]. While these

studies have shown the ability to make predictions about

tactile perception, they have not yet led to a computationally

efficient method of texture representation and synthesis with

demonstrated perceptual relevance.

The human body perceives tactile texture in a much more

complex way than vision or sound. Visual textures are signals

in two-dimensional space only, and sound textures are signals

125



in time only. Because visual channels are limited in band-

width and spatially localized, Gabor filters are well-suited

to serve as basis functions for visual texture representation.

Similarly, since the cochlea effectively decomposes sound

into a series of different frequency bands, band-pass filters

and their respective amplitude envelopes are an appropriate

first processing step for sound texture modeling. Tactile

perception, on the other hand, is mediated by a collection

of neural receptors that detect spatial variations and tem-

poral variations. The contributions of three different types

of mechanoreceptors in the skin allow for complex signal

processing of mechanically derived signals as a fingertip

scans over a texture [18]. Because of this complexity, it is

not trivial to assign a set of basis functions for a model.

A simplified yet still elusive problem is that of modeling

texture perception on a surface haptic device. Friction mod-

ulation surface haptic devices, such as TPad [19], [20], have

only one degree of freedom for actuation; they can simply

display a variable level of friction between the fingertip and

surface. Because of this limitation, true spatial information

is not presented to the fingertip. Therefore, the major tac-

tile perception pathway for surface haptics would appear

to be the Pacinian channel, which encodes high-frequency

vibrations as the finger scans across a textured surface.

Since the Pacinian corpuscles are very poor at resolving

spatial information [21], the texture signal is perceived as

a function of time. Motivated by the use of short-time

Fourier transform-like analyses in both vision and sound, we

propose a method for texture representation that distinguishes

localized features from spectral vibrations, via a windowed

Fourier decomposition that creates a spatial spectrogram.

The main parameters in a windowed Fourier decomposi-

tion are the size of the window and the spatial resolution

of the sampled windows. The size of the window dictates

the resolution and range of the spatial-frequency domain

represented by the model. A wider window provides finer

resolution in the spatial-frequency domain, which is desirable

for making texture distinctions. However, for a given window

overlap, a wider window decreases the spatial localization

accuracy of the representation, which negatively affects rep-

resentation of localized features. In this work, we investigate

the length scale at which localization accuracy is important

for early tactile perception.

III. FEATURE LOCALIZATION

A. Haptic Display

The friction modulation device used in this work is a TPad

that employs ultrasonic vibration to reduce surface friction.

Because there is only one actuator, two touch points cannot

be separately friction-controlled, and therefore, all interaction

is limited to a single touch point only. The rendering of

texture on the surface is achieved by controlling the friction

based on the state of the fingertip in contact. Relevant state

variables include touch position and velocity, and possibly

touch pressure, although we did not make use of touch

pressure for the work presented here.

To study texture perception effectively, the haptic actuator

must be able to render textures in a way that exceeds the

human discrimination thresholds. In the case of friction

modulation, this is achieved by building a device that can

modulate friction with a wide temporal bandwidth. The

device developed for these experiments has been presented

in previous publications and is shown to perform well over

the range of frequencies relevant to tactile perception [22],

[23]. Friction values are commanded at an 8.33 kHz rate.

The touch point location is measured at the same 8.33 kHz

rate using a custom single-axis optical sensor that provides a

resolution of 5.3 microns. For the purposes of this research,

the friction level varies only as a function of touch location.

B. Test Textures

We designed a set of textures to test participants’ ability

to detect spatially localized events. The textures are formed

from a 1/f noise signal band-limited between 5.0 mm and

25 microns in spatial wavelength. A square wave of varying

wavelength is used in full amplitude modulation to create

‘gaps’ in the noisy texture. Wide gaps in the texture (e.g.

5mm) are easy to perceive as localized features on the

display. Small gaps (e.g. 0.1mm) are difficult to detect as

they are felt as part of the texture. We measured participants’

ability to detect these gaps as a function of gap size. As

a distractor, we formed a texture having the same spectral

content as the gap-containing texture, but with randomized

phase. Shown in figure 1 are two such combinations of

modulated texture and its distractor, side-by-side.

We hypothesize a threshold gap size below which the

phase of the texture signal is not detected, and above which

the finger localizes the gaps on the surface. It is this dis-

tinction between localized features and textural features that

the windowed Fourier decomposition extracts and presents

in two dimensions. The hypothetical gap width is important

for a decomposition that captures perceptually relevant infor-

mation, as can be seen in figure 1 in the spatial spectrograms

of the designed textures. The spectrograms created with

a window of 2mm show hardly any distinction between

the 1mm modulated texture and its distractor, whereas the

0.2mm window decomposition makes obvious the spatial

distribution of spectral energy. We seek a window width for

the decomposition such that the spectrogram distinguishes

between textures that feel different, but not between those

that feel similar.

C. Experiment 1: Gap Detection

To determine the gap size threshold, we designed a two-

interval, forced-choice, one-up, four-down adaptive proce-

dure. For each trial, a texture created as shown in figure 1

was displayed. The subject was asked to report the side of

the display on which the gaps in the texture were rendered:

left or right. The procedure began with a gap width of 6

mm and decreased upon four consecutive correct answers

and increased upon one incorrect answer. The width was

changed by a factor of 16,8,4 and 2 on the first four reversals

respectively to speed up the rate of convergence. After the
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Fig. 1. Left: a modulated texture with 5mm gaps and its distractor. Right: a texture with 1mm gaps and its distractor. The spectrograms are deconstructed
forms of the texture with window widths of 2mm (middle) and 0.2mm (bottom). The 2mm spectrogram distinguishes 5mm features from the distractor,
but does not represent 1mm features as separate from the distractor. The 0.2mm spectrogram distinguishes both size features.

initial four reversals, the factor was calculated as 1+1/R,

where R is the reversal number. The gap widths of the final

6 reversals were averaged to obtain the detection threshold.
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Fig. 2. Seven participants converged to detecting gap sizes of 0.2mm to
2mm, with an average of 0.96mm. Three expert participants are shown in
dark color.

A touchscreen tablet placed on the table next to the TPad

provided written instructions, asked questions, and received

answers from the participant during the experiment. At the

start of a trial, the participant was instructed via the tablet

to feel the texture. One half-second later, to allow for the

subject to react, the texture was displayed on the TPad, with

gaps placed randomly on the left or right. Because we are

interested in a spectrogram representation that is independent

of exploratory procedure, participants were instructed to

explore the texture with any method they chose. After two

seconds the texture disappeared and the subject was asked

to identify the side of the screen on which the gaps were

presented: left or right. To facilitate faster learning, feedback

regarding correct or incorrect responses was given during

the first two reversals. A texture visual similar to figure

1 was shown and explained to the participants before the

start of the experiment. The procedure was reviewed by the

Northwestern University Institutional Review Board and all

participants gave informed consent before participating.

D. Results

Seven participants’ data are shown in figure 2. We observe

a wide range of thresholds, from 0.25mm to 2mm with an

average of 0.96mm. An eighth subject could not perceive the

texture gaps even at the widest possible rendering, and is

therefore not shown. Three participants stood out as experts,

characterized by their familiarity with the texture display and

stable threshold values; their data is shown in the dark lines.

These participants showed the ability to distinguish between

the gapped textures and the distractors down to gap widths

of 250 microns.

The purpose of this experiment was to discover the length

scales at which participants no longer felt spatial features

and instead felt textural features. The results suggest that

at distances shorter than 250 microns, phase information is

not relevant to early texture perception. The spatial spectro-

gram is therefore a perceptually relevant representation of

texture, because it discards phase information at high spatial

frequencies.

IV. TEXTURE RECONSTRUCTION

A. Algorithm

An ideal texture model not only provides a simplified

parameter space, but also a method for synthesizing texture

from those parameters. As we investigate the spatial spec-

trogram as a first-step analysis for texture representation,

we must also take note of the ability to construct textures

from the information in the spectrogram. We developed an

algorithm that uses the phase information stored in the DC

value of the Fourier transform at each window location

to initialize the phase for the inverse Fourier transform.

For each point in space, the friction value is a sum of

the points calculated from two overlapping windows in the

spectrogram.

127



n
o

rm
a

li
ze

d
 f

ri
c

ti
o

n
 le

v
e

l

position (mm)

0 20 40 60 80 100

0

1

0

1

0

1

0

1 A

D

C

B
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square wave, 100% amplitude modulated by a 6mm sine wave.
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Fig. 4. Texture B, a pure square wave, is shown along with its reconstruc-
tions from the two spectrograms shown. The spectrograms were created
with window widths of 20mm (middle) and 2mm (bottom).

To validate the reconstruction and evaluate various window

sizes, we conducted an experiment using four heuristically

designed textures, shown in figure 3. These textures were

designed to incorporate small and large natural and synthetic

properties. Each texture was deconstructed into a spatial

spectrogram and then reconstructed using 7 different window

widths, varying from 20mm to 0.2mm. The square wave

texture with spatial wavelength of about 13mm is shown

in figure 4 with its spectrograms and reconstructions for

window widths of 20mm and 2mm.

B. Experiment 2: Reconstruction Fidelity

The three expert participants from Experiment 1 were

asked to return to evaluate the perceptual difference between

the original and the reconstruction for each of the 28 com-
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Fig. 5. Similarity ratings between textures and their spectrogram re-
construction. The average of all textures tested is shown in gray, each
texture is represented by its color. A similarity rating of 1 was described as
indistinguishable by every subject.

binations. For each trial, the subject was presented with a

control interface on the tablet to switch between the designed

texture and its reconstruction, although they were unaware of

which texture was the reconstruction. The subject was free

to explore each texture with an exploratory procedure for as

long as desired and could switch back and forth as necessary.

When the subject felt comfortable with an answer, he/she was

asked to rate the difference between the two textures on a

scale of 1 to 5, 1 being “very similar” and 5 being “very

different.” The first 24 trials consisted of reconstructions

that were spaced across the window size range to provide

a reference for the participants. These results were not used

in the analysis. In the following 56 trials each of the 28

comparisons was presented twice, all in a random order.

As with Experiment 1, the procedure was reviewed by the

Northwestern University Institutional Review Board and all

participants gave informed consent before participating.

C. Experiment 2 Results

All three participants data is shown averaged together

in figure 5. Each colored bar represents the data for the

respective texture, and the gray bar represents the average

of all the textures. Data further to the right indicate a higher

fidelity reconstruction from spectrogram. There is a clear

trend showing decreasing fidelity as window width increases,

although the point at which the reconstruction breaks down

differs between textures. At a window width of 0.2mm, the

data show a very strong indication of a rating of 1. All three

participants reported that a response of 1 indicated that they

could not distinguish between the two textures.
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V. DISCUSSION

Participant performance in Experiment 1 makes it clear

that some individuals familiar with feeling surface haptic

devices are highly attuned to subtle texture differences.

Discussion with these participants suggests that this is not

just a matter of sensory acuity, but that they are more

experienced with varying exploratory procedures to glean

tactile information from the display. Indeed, as the adaptive

procedure rendered smaller size gaps, the expert participatns

reported they were no longer feeling distinct gaps in the

texture, but only a slightly more rough feeling. This could

be an indication that non-uniformity of the distribution of

spectral energy in space contributes to the perception of

roughness. Such a result would be consistent with established

models of roughness perception [24], [25], although those

models are based on SAI afferent responses, which are

unlikely to be significant contributors in the case of the TPad

due to its extremely flat surface.

The fact that experts were cued by roughness instead

of gap detection at the small gap sizes is of interest.

At sufficiently small wavelengths, participants cannot feel

localized features, but phase information is apparently still

relevant. For a spectrogram, the phase information associated

with spectral content smaller than the window width is

discarded; thus, the only way to capture all distinctions

between textures is with a rather narrow window width, as

found in Experiment 1. However, other texture models may

capture roughness (as well as other qualitative aspects of

texture) in a different way, in which case their parameters

may not need to vary with such a fine spatial resolution.

The reconstruction of textures from the spectrogram rep-

resentation demonstrates that it has the ability to store

perceptually relevant information. All participants reported

that a response of 1 indicated no perceptual difference be-

tween textures, and that a response of 5 indicated immediate

and obvious distinction. It should be appreciated that this

experiment compared reconstructed textures with only their

own original designs. Had the reconstructions been used in

an identification task, or in comparisons with other textures,

it is very likely they would have been rated very similar for

window widths of 1mm and lower. At a 2mm wavelength,

the reconstruction evidently breaks down for one of textures,

but not for others.

A wider window for spectrogram reconstruction indicates

a greater possibility for data compression. While these spec-

trograms were not data compressed, our goal is to represent

the spectral content with a set of parameters that greatly

reduces the data storage necessary to recreate the texture.

With a window width of 1mm, spectral data need to be stored

only once for each 0.5mm of space, and wider windows

lead to even fewer data points. It is interesting to observe

that certain textures are more susceptible to degradation

with increasing window width than others. On the basis of

these four textures only, it seems that textures with larger

features can withstand further compression before perception

is affected. It may be possible to calculate a statistic on the

texture to predict the widest window that can capture all

perceptual relevance in order to optimize a data compression

algorithm.

VI. CONCLUSION

In this paper, we have demonstrated that spatial spec-

trograms may be used to represent texture waveforms for

friction-modulating surface haptic devices. We experimen-

tally determined the smallest feature size participants could

locate during early texture perception, and found 0.25mm

to be a conservative estimate of this value. Additionally,

we reconstructed textures from spectrograms of a set of

pre-designed textures. We tested the similarity between the

reconstructed textures and the original textures, finding that

with a window size of 0.2mm, the reconstructions are

indistinguishable from their respective originals. Although

not developed here, it also seems likely that the spatial

spectrogram will enable the compression of texture data.

It is important to understand, however, that this work has

not addressed the realism of virtual textures as compared to

any physical counterparts, nor have the models taken into

account other variables of fingertip contact, such as velocity

and contact force. In light of these factors, it seems likely that

more sophisticated texture representation and reconstruction

techniques will ultimately be necessary.

APPENDIX

A. Spectrogram Decomposition

Given a texture, f , as a function of space x, one location on

the spectrogram is calculated by a discrete Fourier transform

with an N-wide Hanning window function. The spectrogram

is calculated at locations in space separated by half the

window width such that each window overlaps with its two

neighbors only. The function to calculate the spectrogram is:

S(xm,k) =

∣

∣

∣

∣

∣

N−1

∑
n=0

w(n) f (x
m+n−N

2
) e

−i2πk
n
N

∣

∣

∣

∣

∣

2

for

k = 0,1, . . . N
2

m ∈M,M=
{

N
2
(1,2, . . . 2L

N
−1)

} (1)

where S is the function of space (x) and spatial frequency

represented by normalized wave number (k). The window

function is represented by w and is centered at w
(

N
2

)

. L is

the number of points in the texture f (x). The upper half of

the standard discrete Fourier transform is discarded as this

information is redundant given real input.

B. Texture Reconstruction

The first step in reconstructing the texture is forming the

overall shape from the local DC values in the spectrogram.

This is just a sum of the DC values of the neighboring

spectrogram data. The initial shape is calculated as follows

dn =
1

N
∑

m∈An

√

S(xm,0), for n = 0,1 . . .L−1

An ⊂M= ∀m
{

m ∈M, −
N

2
≤ (n−m)<

N

2

}

(2)
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where d is the value at all points n in space and An is the set

of indexes of the spectrogram whose window encloses point

n. The overall shape is used to calculate phase values to be

used in the inverse transform as follows:

P(xm,k) = ∠

(

N−1

∑
n=0

w(n) d(x
m+n−N

2
) e

−i2πk
n
N

)

for
k = 0,1, . . . N

2

m ∈M

(3)

F(xm,k) =
√

S(xm,k)e
iP(xm,k) (4)

where P is only the phase information of the windowed

Fourier transform.

The inverse Fourier transforms are performed on F , which

contains the magnitude information from the spectrogram

and the phase information from the newly derived P matrix.

f (xn,m) derived below represents the texture value at point

xn based on the inverse transform from the spectrogram at

point xm.

f (xn,m) =
1

N

(

N/2

∑
k=0

F(xm,k)e
i2π(n−m+N

2 )
k
N

+
N/2−1

∑
k=1

F∗(xm,N − k)ei2π(n−m+N
2 )

N−k
N

)

(5)

To obtain the final reconstruction value, an overlap-add

method is used. f (xn,m) is windowed and summed over all

non-zero values (∀m ∈Mn) as follows:

f (xn) =
∑m∈Mn

f (xn,m)w(n−m+ N
2
)

∑m∈Mn
w2(n−m+ N

2
)

(6)
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