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Multiple spatial spectral components of static skin
deformation for predicting macroscopic roughness perception

Qingyu Sun1, Shogo Okamoto1,2, Yasuhiro Akiyama3, and Yoji Yamada1,4

Abstract—A previous study suggested a relationship between the spatial
spectrum of finger pad skin deformation and perception of macroscopic
roughness features. This study tested a new hypothesis that macroscopic
roughness perception is the result of a weighted linear combination of
multiple spatial spectral components of skin deformation. Experiments
were conducted by capturing close-up images of finger pad deformation
while the pads were pushed onto specimens with macroscopic features.
Additionally, the roughness perceptions of these specimens were collected
using a magnitude estimation method. The combination of spectral
components predicted the roughness perception more accurately than
any single spectral component. This suggests that roughness perception
is mediated by multiple Gabor filter-like neural systems with different
spatial periods, such as visual perception.

I. INTRODUCTION

Roughness is a fundamental property of texture perception [1]–
[3]. Many neurophysiological and psychophysical studies have elu-
cidated the perceptual mechanisms of this property. For example,
neurophysiological studies have found that slowly adapting type-
I (SAI) units play a significant role in perceiving macroscopic
surface roughness [4]–[6]. SAI units are responsible for sustained
skin deformation and pressure [7], and their neural activity can be a
function of local stress in the skin [8], [9]. In contrast, fast-adapting
units mediate microscopic roughness features [10]–[12]. These units
are sensitive to skin vibrations caused when the finger slides over
textured surfaces. In psychophysics, the relationship between surface
features and roughness perception has been extensively studied. For
example, the inter-dot spaces of dot scales and groove widths of
grating scales are considered the primary determinants of the per-
ceived roughness [13]–[17]. Humans typically feel the most intense
roughness for grating scales with groove widths in the range of 2.0
to 4.0 mm [11], [14], [15], [18]–[20].

Thus far, neurophysiological studies have mainly focused on how
afferent units respond to roughness features and skin deformation [4]–
[6], [9], [21], [22]. Psychophysical studies have primarily focused on
the dependence of roughness perception on roughness features [13]–
[17], [23]. Although roughness perception, skin deformation, and
afferent activation occur after touching rough surfaces, few studies
have attempted to link skin deformation and perceived roughness
when touching rough surfaces. For example, Taylor and Ledermann
proposed that the penetration of the finger pad skin into the grooves
could be the determinant of the perception of macroscopic rough-
ness [24]. Okamoto and Oishi pointed out that the spatial spectral
components of the surface deformation of finger skin are highly
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correlated with the roughness perception of macroscopic grating
scales [25].

In [25], the authors predicted the perceived roughness using a
single spatial spectral component of the finger pad deformation
and the outputs of a single Gabor filter, which is a classical basis
function for wavelet transform. They found that components with
wavelengths ranging from 2.45 to 4.00 mm exhibited high correlation
with subjective roughness. These wavelength values are close to those
used in neurophysiological studies [11], [18], [26], where roughness
perception was estimated based on Gabor-filter outputs of spatial
neural activation plots of SAI units. These studies [18], [25]–[27]
considered the existence of an optimal wavelength for the Gabor
filter and an optimal spatial frequency for estimating macroscopic
roughness perception. Tymms et al. estimated the roughness percep-
tion based on the simulated spatial variation of compressive strains
in an elastic model pressed on roughened surfaces and found that
the optimal spatial distance for computing the spatial variation was
smaller than 2.4 mm [28]1. In other words, they hypothesized that
there is only one type of Gabor-filter-like neural detector for SAI
activity that is responsible for macroscopic roughness.

This study focused on the question of whether there may be
multiple types of detectors with different sensitive wavelengths and
how the linear combination of these detector outputs may contribute
to roughness perception. This is a natural expansion from simple
cells to complex cells in the primary visual cortex, where a simple
cell functions as a Gabor filter, and different simple cells exhibit
sensitivities to different spatial wavelengths. The combination of these
simple cells innervates other neural cells for complex processing of
visual information [29].

We captured close-up images of the finger pad deformation while
pushing the pads against grating scales with macroscopic features.
Gabor filters of various wavelengths were applied to the images of
surface deformation of the skin to compute the spatial spectrum. The
subjective roughness values for the grating scales were then measured
using magnitude estimation. We established two types of estimators
for the subjective roughness. The first estimator uses a single Gabor-
filter output that responds intensely to a specific wavelength value.
The second estimator uses a weighted linear combination of the
outputs of multiple Gabor filters with different wavelengths. These
two types of estimators were compared in terms of their estimation
accuracy. If the latter estimator outperforms the former, it suggests
that multiple types of Gabor filter-like detectors with sensitivities to
different wavelengths exist. If the performance of these two types of
estimators are comparable, it suggests that only one type of Gabor-
filter-like detector is sensitive to a specific spatial wavelength function
for macroscopic roughness perception.

This study extends the study conducted in [25] where the relation-
ships between the spatial spectral components of static skin deforma-
tion and macroscopic-roughness perception were investigated. They

1They computed the variation of strains between two separate circular
regions instead of points. Hence, their definition of distance is different from
those in other studies.
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Fig. 1. Five types of grating scales: (a) rectangular, (b) shallow rectangular,
(c) circular, (d) triangular, and (e) double- or triple-sinusoidal surfaces. (f) 3D
view of grating scales.

concluded that the spectral components with wavelengths ranging
2.45–4.00 mm nearly equally predicted roughness perception. To
determine which component best predicts roughness perception, they
used rectangular, circular, and triangular roughness grating scales in
their experiment. By contrast, we investigated the effect of combining
multiple components, for which more complex roughness scales must
be adopted. Roughness scales with two or three spatial frequency
components were used in this study.

II. METHODOLOGY

The protocol for this experiment was approved by the Institutional
Review Board of the School of Engineering, Nagoya University (#19-
9).

A. Grating roughness scales

Six types of 3D-printed grating scales were used: rectangular,
shallow rectangular, triangular, circular, double-sinusoidal, and triple-
sinusoidal, as shown in Fig. 1. The printer was Form 3 (Form-
labs, MA) with a nominal resolution of 25 µm. After printing
the specimens, we visually and haptically inspected their surfaces
and verified that they had no recognizable microscopic patterns.
The dimensions of the specimens were 50 × 20 × 10 mm. The
rectangular specimens were defined by the groove and ridge widths,
whereas the shallow rectangular specimens also included the groove
height. The groove height of the shallow rectangular specimens was
designed so that the finger skin would reach the bottom of the

grooves. Shallow and deep grating scales lead to different roughness
perceptions, even if they have the same groove width and ridge width.
Shallow macroscopic-roughness specimens elicit a smaller roughness
perception than deep specimens [30]. Hence, we included both deep
and shallow rectangular scales to investigate the contribution of the
magnitude of skin deformation. Triangular specimens were defined
based on the vertex angle and groove width. Circular specimens were
defined by their diameters and intervals between two neighboring
semicircular shapes. To extend our experiment to a wider variety of
surfaces, we introduced double- and triple-sinusoidal specimens. The
surfaces of the triple-sinusoidal specimens were defined by the sum
of three sinusoidal functions as follows:

d(x) = a1sin(2π
x

λ1
) + a2sin(2π

x

λ2
) + a3sin(2π

x

λ3
), (1)

where a1,2,3 and λ1,2,3 denote the amplitude and spatial wavelength,
respectively, in millimeters. The double-sinusoidal specimens were
defined by the first two sinusoidal functions. Two or three sinusoidal
components were superimposed with no phase differences. The λ
values were chosen such that they differed by at least 0.5 mm
and were not multiples of each other. Furthermore, we adjusted the
amplitudes such that the double- and triple-sinusoidal specimens are
approximately divided into two groups. In one group, the finger pads
could reach the bottom of the grooves, whereas in the other group
they could not. Some specimens were excluded because they had
large peak heights and the finger pads could not contact the surfaces
in multiple separated areas.

These shapes, excluding the double- and triple-sinusoidal and shal-
low rectangular scales, were also used in [25]. Although most previ-
ous psychophysical studies adopted only a single type of scales [14]–
[17], [26], we used all six types of grating scales mentioned above.
We originally designed over 60 different specimens and then excluded
those with similar subjective roughness perceptions while maintaining
a variety of shapes. The specific parameters of the 37 specimens used
are listed in Table I.

B. Participants

Ten university students (22 ± 2.0 (mean and standard deviation)
years) participated in this experiment after providing written informed
consent. The objectives of this study were not explained to the
participants before the experiments.

C. Magnitude estimation of roughness perception

Magnitude estimation tasks were conducted to measure partici-
pants’ subjective roughness perceptions of the specimens. A circular
grating scale with a diameter of 2 mm and groove width of 0.25 mm
was used as the modulus with a roughness value of 100. All the
specimens were rated relative to the modulus (i.e., if the roughness
of one specimen was perceived to be three times that of the modulus,
its roughness perception was 300). The participants were required to
place their index finger parallel to the specimen and push it with a
force of 300 gf according to an electric scale. This pressing force, i.e.,
300 gf, lies in the range of the values at which roughness perception
functions fairly [31]. Fig. 2 shows the variations in pressing force
in typical trials. The participants identified the roughness magnitudes
after removing their fingers from the stimulus. No sliding motion was
allowed on the specimens. Each specimen was tested three times, and
the specimens were presented in random order. A total of 111 trials
(37 specimens × three repetitions) were conducted in randomized
order for each participant. The participants wore a pair of glasses
whose lenses were blurred by translucent tape, so that they could not
see the detailed shapes of the specimens.
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TABLE I
PHYSICAL PARAMETERS OF 37 GRATING SCALES

Ridge Groove Vertex Circular Groove Sym-
width width angle diameter height bol
(mm) (mm) (◦) (mm) (mm)

Rectan- 0.75 1.0 - - 3.0 a
gular 0.75 1.75 - - 3.0 b

1.0 1.0 - - 3.0 c
1.0 2.25 - - 3.0 d
1.5 1.5 - - 3.0 e

Shallow 1.0 2.25 - - 0.25 f
rectan- 1.0 2.25 - - 0.5 g
gular 0.75 1.0 - - 0.25 h

0.75 1.75 - - 0.25 i
Tri- 0 1.0 30 - - j
angular 0 1.5 30 - - k

0 1.75 30 - - l
0 2.75 45 - - m
0 4.0 60 - - n

Circular 0 0 - 1.0 - o
0 0.5 - 1.75 - p
0 0 - 2.5 - q
0 0 - 3.0 - r
0 0 - 4.0 - s

a1
(mm)

a2
(mm)

a3
(mm)

λ1
(mm)

λ2
(mm)

λ3
(mm) Symbol

Double-sin 0.2 0.25 1.5 3.5 t
0.2 0.4 1.5 2 u
1 1 2 3 v
0.05 0.15 1.5 2.5 w
0.15 0.35 1.3 2.1 x
0.35 0.2 1 1.7 y
0.3 0.2 1.7 3.8 z

Triple-sin 0.1 0.3 0.2 1 1.6 2.2 1
0.1 0.2 0.15 1.2 2.7 4.3 2
0.1 0.25 0.2 1.6 2.3 3.1 3
0.2 0.2 0.2 1 1.6 3.3 4
0.2 0.15 0.25 1.1 2.7 3.4 5
0.2 0.25 0.2 1.3 2.1 3.1 6
0.15 0.2 0.1 1.3 2.4 3.1 7
0.15 0.1 0.15 1.6 2.4 3.9 8
0.3 0.4 0.2 1.2 1.8 2.9 9
0.15 0.35 0.4 1.3 1.9 3.4 10
0.25 0.4 0.3 1.2 1.7 2.8 11
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Fig. 2. Example profiles of normal force during magnitude estimation trial.
Profiles of the three trials are shown.

For our subsequent analysis, we used the median values of three
trials for each roughness scale. The values were then shifted such that
the mean was zero for each individual according to the computational
requirements described in Section II-F.

D. Skin images and spatial spectra

Similar to the magnitude estimation task, participants placed their
index fingers parallel to the specimens and applied a normal force of
300 gf. A cross-sectional image was captured using a digital camera

(a) Raw picture

(c) Determined spatial skin central deformation
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Fig. 3. (a) Original image of an index finger captured from the lateral side.
(b) Extracted finger deformation region. (c) Central curve (black) of surface
deformation region (red).

(3R-Viewter-500uv, 3R Solution Ltd., Japan; 500 million pixels) as
shown in Fig. 3a. The deformation curve of the skin surface was
obtained using Photoshop (ver. 2019, Adobe Inc., CA), in which the
quick selection tool and stroke functions were used to select the skin
border, as shown in Fig. 3b. The camera zoom was adjusted such
that the image resolution was 1200 pixels/cm. As shown in Fig. 3c,
the binarized images were processed using MATLAB (MATLAB,
2021a, Mathworks, MA, USA). The red area represents the region
extracted by the aforementioned process after removing the linear
trend. The central curve of this region was used to represent the
surface deformation of the skin.

We used a one-dimensional Gabor filter to compute the spatial
spectra from the processed curves of finger deformation. As shown in
Fig. 4a, the one-dimensional Gabor filter is a combination of a cosine
function with a spatial period (λ mm) and exponential attenuation.

g(x) = exp(
−x2

2σ2
)cos(

2πx

λ
), (2)

where σ denotes the width of the amplitude attenuation and λ−1

denotes the central spatial frequency. σ was set to 1.1 mm as
described in [25], [26], [32]. Fig. 4b shows the extracted central
deformation of the skin, that is, the black border line in Fig. 3c. As
shown in Fig. 4c, for each λ value, the convolution was computed
between the Gabor filter and deformation curve as follows:

go(x) = (g ∗ y)(x) (3)

where y(x) is the skin displacement in mm normal to the contact
surface at position x. The maximum absolute output of the Gabor
filter is used as the value of the spatial spectral component for λ.

As shown in Fig. 4d, the spatial spectrum s(λ) is the set of
spatial spectral components for different λ values computed from
a single image of skin deformation. We vary the parameter λ from
0.35 to 4.95 mm with an interval of 0.2 mm. There may be no clear
boundary between microscopic and macroscopic roughness, although
most researchers agree that the mechanism for roughness perception
changes below or above the spatial wavelength ranging from hundreds
of µm to 1 mm [14], [33], [34]. Although we used the range of 0.35–
4.95 mm, a slight variation did not affect our final conclusions. For
example, the adoption of a range of 0.10–6.9 mm did not improve
the final estimation accuracy of the subjective roughness.

E. Weight function for the spatial spectra used to predict subjective
roughness

In continuous form, the subjective roughness value r is hypoth-
esized to be the integral of the weight function w(λ) and spatial
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Fig. 4. Computation of a spatial spectrum. (a) One-dimensional Gabor filter
with spatial period λ. (b) Skin deformation curve y(x). (c) Convolution output
between g(x) and y(x) (in blue). The maximum absolute value (red) is
the spatial spectral component of the spatial period λ. (d) Spatial spectrum
computed from an image of skin deformation for λ values ranging from 0.35
to 4.95 mm.

spectrum s(λ), as follows:

r =

∫ 4.95

0.35

s(λ)w(λ) dλ. (4)

In the discrete form, r is computed from the inner product of the
spatial spectrum vector s ∈ R24×1 containing 24 spectral components
for λ ranging from 0.35–4.95 mm with increments of 0.20 mm and
the perceptual weight w ∈ R24×1, as follows:

r = sTw. (5)

This formula holds for all trials, that is, all combinations of specimens
and participants, as follows:r1...

rn

 =

sT
1

...
sT
n

w, (6)

where n indicates the number of trials, and si (i = 1, ..., n) denotes
the spatial spectrum vector for the trial i. For all trials, (6) can be
rewritten as follows:

r = Sw, (7)

where r ∈ Rn×1 and S ∈ Rn×24 represent the vector of subjective
roughness and the matrix of spatial spectra, respectively. The spectral
components were normalized (z-scored) for individual participants
and λ values. Owing to this normalization, s is dimensionless.
Accordingly, w is also dimensionless. This process is necessary
because the magnitude of skin deformation varies among individuals
owing to the differences in skin hardness.

F. Computation of the weight function via partial least-squares
regression

To solve for w in (7), a multiple regression approach is typically
adopted and w is computed as

w = S+r, (8)

where S+ is the generalized inverse matrix of S. However, due
to collinearity among the explanatory variables (i.e., spectral com-
ponents), we employed another approach known as partial least-
squares (PLS) regression. PLS is a combination of multiple regression
analyses and supervised principal component analysis (PCA). PLS
uses the scores of the principal components (PCs) as explanatory
variables that are correlated with objective variables (i.e., subjective
roughness values). The PCs are independent of each other; thus, the
problem of collinearity can be circumvented.

Therefore, the computational method of PLS regression was
adopted in this study. The matrix of spatial spectra S and the vector
of subjective roughness r are decomposed into the scores of the u
PCs as follows:

S =

u∑
i=1

tip
T
i +E (9)

r =

u∑
i=1

aiti + e, (10)

where ti ∈ Rn×1 denotes the score of the ith (i = 1, ..., u) PC
pi ∈ R24×1, and E and e denote the model errors. The number of
PCs, denoted by u, was selected to maximize the prediction accuracy
in a cross-validation method, as discussed in Section III. ai is the
coefficient of ti. Note that ti ⊥ tj (i 6= j) and collinearity are not a
concern in (10).

In contrast to PCA, PLS regression analysis, determines the PCs pi

and their scores ti in a supervised manner using the objective variable
r. ti is computed such that the covariance with ri is maximized as
follows:

ti =
SiS

T
i ri

‖ST
i ri‖

, (11)

where ‖ ‖ denotes the L2 norm. Then, as least-squares solutions, pi

and ai are computed as follows:

pi =
ST

i ti
‖ti‖

(12)

ai =
rT
i ti
‖ti‖

, (13)

where S1 = S and r1 = r. Si and ri are the explanatory and
objective values, respectively, after excluding the influence of the
PCs up to the i− 1th component:

Si = Si−1 − ti−1p
T
i−1 (14)

ri = ri−1 − ai−1ti−1. (15)

Using the coefficients a and PC vectors p, we calculate the weighting
vector w as:

w =

u∑
i

aipi. (16)

III. RESULTS

A leave-one-out cross-validation method was used to determine
the number of PCs for PLS regression. For this computation, all
participants, except for one who was used as the testing dataset, were
used as the training dataset. The test participants were then switched
to calculate the mean estimation performance of the regression
models. R2 was calculated for the estimation of subjective roughness
using the PLS models, and it was the highest (0.636) when two PCs
were used. The R2 value was 0.630 when only the first PC was used.
Therefore, we selected the first two PCs for PLS regression.

Fig. 5a presents the relationship between the reported and estimated
subjective roughness values for all trials with ten participants when
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the first two PCs were incorporated into the weighted linear model.
The correlation coefficient was 0.78 (R2 is 0.61). Table II lists the
mean absolute errors (MAE) of the two estimators, i.e., single spatial
spectral component and weighted spatial spectrum. The participants’
subjective roughness ranged from approximately −100 to 200, and
the overall MAE was 27.77 and 23.53 for the single spatial com-
ponent and weighted spatial spectrum, respectively. The weighted
spatial spectrum exhibited smaller estimation errors, particularly for
the rectangular, circular, and triple-sinusoidal specimens.

The average correlation coefficient between the reported and es-
timated subjective roughness values was 0.82 ± 0.023 (mean and
standard error), with maximum and minimum values of 0.91 and
0.69, respectively, when the model was executed for individuals.

𝑟𝑟 = 0.72

Spatial wavelength 𝜆𝜆 (mm)
0                     1                      2                      3                     4    4.35           5

C
or

re
la

tio
n 

co
ef

fic
ie

nt

0.7

0.6

0.5

0.4

Fig. 6. Correlation coefficients between single spatial components and
reported subjective roughness.

TABLE II
MEAN ABSOLUTE ERROR (MAE) OF THE TWO ESTIMATORS BASED ON

DIFFERENT SURFACE SHAPES

Type MAE by a single spatial
spectral component

MAE by weighted
spatial spectrum

Rectangular 22.76 17.46
Shallow rectangular 26.74 26.08
Triangular 40.38 37.24
Circular 22.47 12.62
Double-sinusoidal 26.02 24.84
Triple-sinusoidal 28.23 23.26
Mean 27.77 23.53

Fig. 5b presents the estimation performance of PLS regression after
averaging the individual responses. The correlation coefficient was
0.88. The triangular specimens tended to be underestimated except
for those with a groove width of 1 mm (denoted as ‘j’). In contrast,
the predictions for rectangular and circular specimens were relatively
accurate. The estimations for double-sin and triple-sin specimens
were also fairly accurate.

Fig. 6 shows the variation in correlation coefficients between the
single spatial spectral component and subjective roughness, which
generally increases to 0.72 at λ = 4.35 mm, although there is a local
peak at 1.15 mm.

We compared the spatial spectrum weighted by the two PCs and
the single spatial spectral component at 4.35 mm in terms of the
correlation coefficients between the reported and estimated subjective
roughness. The correlation coefficients were calculated for individual
participants and then normalized using the Fisher z-transformation
among all participants. The correlation coefficients obtained using
the weighted spatial spectrum (r = 0.82± 0.023, mean ± standard
error) were significantly higher than those obtained using the single
spatial spectral component (r = 0.75± 0.023)2 with t = −8.83 and
p = 9.97× 10−6 by a paired t-test.

Even when only the first PC was used in the weighted spatial spec-
trum, the correlation coefficient between the reported and estimated
subjective roughness was higher (r = 0.80 ± 0.027) than that of
the single spatial spectral component (t = 5.23, p = 5.40 × 10−4).
Therefore, the first PC was sufficient for testing our hypothesis. We
selected two PCs such that the R2 was maximized through cross-
validation, although the contribution of the second component was
minor.

Fig. 7 presents the weight vector w for the spatial spectral compo-
nents. As in (7), this links the subjective roughness with the spatial
spectra of skin deformation. The peak value lies at λ = 3.15 mm,
indicating that macroscopic roughness perception is most sensitive

2Note that 0.72 in Fig. 6 was calculated using all the samples of all
participants, whereas 0.75 was the mean of the correlation coefficients among
all individuals.
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to a wavelength of 3.15 mm. However, considering the confidence
interval, a true peak may exist approximately above 2.5 mm.

Fig. 8 shows the vectors p of the first two PCs obtained using PLS
regression. The first PC shows a perceptual peak at 2.95 mm, while
the second PC has a peak at 1.15 mm.

IV. DISCUSSION

In this study, we used six types of grating scales, in contrast to
previous studies that did not test specimens on different types of
scales (e.g., [14], [15], [17], [26]). As shown in Fig. 5, the roughness
perception for all types of grating scales can be estimated based on
the finger pad skin deformation; however, triangular scales tend to be
underestimated. A potential explanation for this is that the triangular
specimens were not perceived purely as roughness stimuli. They
also included pain stimuli owing to their pointed edges, although no
participant complained of unacceptable pain during the experiments.
In the magnitude estimation task, participants may have responded to
roughness plus pain perception; thus, the reported values were greater
than those obtained through pure roughness perception.

Although previous studies have considered the contribution of
a single spatial spectral component to macroscopic roughness per-
ception [18], [25]–[27], this study investigated the hypothesis that
macroscopic roughness perception is mediated by a weighted linear
combination of multiple spectral components. The single spatial
component for λ = 4.35 mm exhibited a correlation coefficient of
0.75 ± 0.023 with the reported roughness values. This correlation
coefficient was significantly lower than that for the linear combination
of spectral components, which was 0.82 ± 0.023. These results
suggest that humans utilize multiple Gabor filter-like detectors, such
as those in the visual system.

This raises the question of what these two PCs indicate. As shown
in Fig. 8, each of the two PCs exhibit a peak in a certain spatial

period. The first PC has a peak at 2.95 mm. This value is close
to the results of former studies (2.8 mm in [18], [26]). This value
may be related to the activity of the SAI-unit system. The second PC
exhibits a peak at 1.15 mm. This may be mediated by the fast adaptive
(FA) units. In our experimental protocol, we asked the participants
to press their fingertips on the specimens until the electronic scale
showed a force of 300 gf; thus the fingers went through an active
pushing process. Therefore, the subjective roughness reported in our
experiment might have been due to the combined effect of SAI and
FA activities, although FA units were observed as a relatively minor
factor in our setting.

Here, we discuss the wavelength of the spatial component that is
most sensitive to the roughness perception. It is reasonable to assume
that such a wavelength is largely determined by the spatial distribution
of SAI units beneath the skin. The density of the SAI units at the
fingertip is approximately 70 units per cm2 [35], [36]. Based on
this density and the assumption that SAI units have equal spacing
distances, we performed calculations and found that the average
distance between two neighboring SAI fibers was approximately
1.45 mm. If each SAI unit is considered as a pressure-sensitive
element, then based on the sampling theorem, the system of SAI units
is suitable for detecting spatial wavelength components of 2.90 mm
or greater. This value is close to those used for the wavelengths of the
filters applied to the spatial activity plots of SAIs: 2.8 mm in [18],
[26] and 2.6 mm in [11]. Furthermore, in [25], which is the basis of
our study, the spatial spectral component of 2.66 mm exhibited the
largest correlation coefficient with roughness perception. As shown
in Fig. 7, the maximum perceptual weight was λ = 3.15 mm.
These values considerably overlap with the loci of the maximum
subjective roughness reported in [14], [15], [19], [37], where the
roughness perception expressed as a function of the spatial periods of
the grating scales and dot scales exhibited inverted U-shaped curves
with maximum values at approximately 2.0–4.0 mm. In a study using
the spatial spectra of finger pads [25], the spatial components between
2.45 to 4.00 mm exhibited equally high correlation coefficients
for roughness perception. Furthermore, Connor et al. [18] reported
that Gabor filters with λ = 2.0–4.0 mm exhibited equally good
performance in estimating subjective roughness. The SAI units are
not uniformly distributed beneath the skin, and each unit has several
branches with several Merkel cells at their ends [21]. Additionally,
the densities of the afferent units depend on finger size [38], [39].
Therefore, we cannot expect a unique optimal λ value. Instead, we
speculate that the spatial spectral components for wavelengths of
approximately 2.0 to 4.0 mm are equally sensitive to the perception
of macroscopic roughness.

Previous studies have suggested that in the relationship between
tactile acuity and finger size, small fingers lead to dense epidermal
ridges and SAI units [38], [39]. Although individual finger sizes were
not recorded in this study, if a correlation between finger size and the
most significant λ value in the perceptual weight vector is identified,
then we will have clues on how to determine the most suitable λ value
for different individuals. Moreover, although the finger pressing force
was controlled at approximately 300 gf in our study, humans do not
strictly control their pressing forces for roughness perception in their
daily lives. Our next challenge is to investigate how the pressing force
and its active control can be related to the spatial spectrum of finger
pad deformation in judging roughness.

V. CONCLUSIONS

A previous study investigated the link between the roughness
perception of macroscopic surface features and the spatial spectrum of
finger pad skin deformation [25]. To investigate this link further, we
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estimated the roughness perception using a weighted linear combina-
tion of multiple spectral components, in contrast to a previous study
that estimated the roughness perception using only individual spectral
components. Close-up images of the finger pads were captured when
the pads were statically pushed into the roughened specimens, and
their Gabor filter outputs were computed to acquire the spatial spectra.
The spectra were then linked to the subjective roughness values
reported in the magnitude estimation task by using the PLS regression
method. The weighted linear combination of spectral components
exhibited good agreement with the roughness perception with a
correlation coefficient of 0.82± 0.023, which is significantly higher
than the correlation coefficient (0.75 ± 0.023) computed from the
single spectral component. These results support the hypothesis that
roughness perception is mediated by a linear combination of the
outputs of multiple Gabor filter-like detectors for different spatial
wavelengths. These findings can help us further understand the
perceptual mechanisms of macroscopic roughness together with the
existing literature on roughness perception.
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