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Abstract: Traditional tactile sensors primarily measure macroscopic surface features but
do not directly estimate how humans perceive such surface roughness. Sensors that mimic
human tactile processing could bridge this gap. This study proposes a method for predict-
ing macroscopic roughness perception based on a sensing principle that closely resembles
human tactile information processing. Humans are believed to assess macroscopic rough-
ness based on the spatial distribution of subcutaneous deformation and resultant neural
activities when touching a textured surface. To replicate this spatial-coding mechanism, we
captured distributed contact information using a camera through a flexible, transparent ma-
terial with fingerprint-like surface structures, simulating finger skin. Images were recorded
under varying contact forces ranging from 1 N to 3 N. The spatial frequency components in
the range of 0.1-1.0 mm ! were extracted from these contact images, and a linear combina-
tion of these components was used to approximate human roughness perception recorded
via the magnitude estimation method. The results indicate that for roughness specimens
with rectangular or circular protrusions of surface wavelengths between 2 and 5 mm,
the estimated roughness values achieved an average error comparable to the standard
deviation of participants’ roughness ratings. These findings demonstrate the potential of
macroscopic roughness estimation based on human-like tactile information processing and
highlight the viability of vision-based sensing in replicating human roughness perception.

Keywords: spatial frequency; macroscopic surface texture; PLS regression

1. Introduction

The influence of texture perception on consumer purchase decisions and product
evaluation is well documented. Tactile impressions can enhance or diminish a product’s
perceived value or preference [1-5]. To automate the design or inspection process, a sensory
system capable of emulating human perception is essential.

Thus far, many measurement systems have been proposed to estimate tactile sensations
perceived by humans [1,6-11]. For instance, Richardson et al. [6] utilized a commercial
multi-modal tactile sensor to predict the probability distributions of subjective scores
describing the tactile properties of materials. Their system established a correspondence
between the tactile sensor outputs and human perceptual ratings. Similarly, Hashim
et al. [10] estimated perceived material properties, such as surface roughness, hardness,
and thermal characteristics by integrating outputs from multiple measurement systems,
including friction measurement devices, indentation testers, and profilometers. Among
these studies, fabric hand value has the longest research history and links the mechanical
and thermal properties of fabrics with subjective tactile sensations [1,12].
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In this study, we focus on the perception of surface roughness, one of prominent
tactile modalities [13,14]. When estimating perceived roughness using sensors, many tactile
sensors utilize vibrational information generated as the sensor probe moves across the
surface [9-11,15-24]. This approach aligns with the principle of temporal coding [25,26],
wherein humans perceive microscopic roughness by relying on skin vibrations induced
when a finger slides over a textured surface. In this context, these tactile sensors employ
a roughness evaluation method that corresponds to human perceptual mechanisms for
microscopic roughness, which refers to surface roughness features with asperity spacing
on the order of several hundred micrometers or less.

On the other hand, in macroscopic roughness perception, the principle of spatial
coding [25] is dominant. Macroscopic roughness refers to surface roughness where the
spacing between protrusions exceeds several hundred micrometers. When the fingertip
contacts such rough surfaces, the spatial distribution of skin deformation is detected by
slowly adapting type I (SAI) mechanoreceptive units, which respond to static pressure
or strain energy [27-29]. These units are densely distributed in the epidermis layer be-
neath the fingertip, with several dozen units present within an area of approximately
1 cm? [30,31]. The spatial distribution of their activity correlates with the perceived in-
tensity of macroscopic roughness [32-34]. Since the deformation distribution within the
subcutaneous tissue is closely related to the deformation distribution on the skin surface, it
is possible to estimate the perceived intensity of macroscopic roughness based on the spatial
frequency spectrum of skin surface deformation [35,36]. A point of this roughness coding is
that the human finger does not need to slide over textured surfaces; however, the pressing
motion is satisfactory to capture the macroscopic surface roughness [37-39]. In other words,
roughness information that does not require a sliding motion for perception is regarded as
macroscopic roughness.

While the estimation of perceived intensity for microscopic roughness based on the
principle of temporal coding has been widely implemented in engineering field, there are
few examples of estimating macroscopic roughness perception using spatial coding, while a
simulation study was reported previously [40]. Although previous studies have associated
roughness perception with surface topography images, which contain spatial distribution
information of surface protrusions [3,41], these approaches did not adhere to the spatial
roughness coding mechanism. For example, Chen et al. [3] calculated average surface
roughness values from topography images of textures to explain perceived roughness.

This study aims to estimate macroscopic roughness perceived by humans using
a tactile sensor based on the principle of spatial coding. As mentioned earlier, tactile
sensors employing this principle are extremely rare. To achieve this, it is necessary to
acquire distributed deformation information from a sensor probe that mimics the structure
and stiffness of a human fingertip in contact with rough surfaces. For this purpose, an
image sensor (camera) is the most practical option. The method of capturing soft material
deformations using an image sensor has been widely employed in tactile sensing [42—46].
However, most existing approaches focus on accurately measuring the topography of the
contact surface rather than estimating roughness perception.

In this study, a transparent resin pad with stiffness similar to that of a human finger
was pressed against surfaces with macroscopic roughness. We then computed the spatial
frequency components of the contact regions from camera images. By applying a weighted
summation to these computed frequency components, we estimated macroscopic roughness
as perceived by humans. The weights were determined through statistical learning to
ensure that the frequency components accurately reflect perceived roughness intensity, as
measured in a separate experiment involving human participants.
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The pad used in our study is equipped with fingerprint-like patterns similar to those
of a human finger. Although these patterns are not necessary for estimating macroscopic
roughness, they are useful for estimating microscopic roughness during sliding motions. To
allow for future extension of the sensor toward broader-band surface roughness estimation,
we deliberately included fingerprint structures on the pad (see Section 2.2).

In the field of neurophysiology, discussions often center on the relationship between
individual spatial frequency components of neural activities of SAI units or skin deforma-
tion and human roughness perception [32-34,36]. However, no consensus has been reached
regarding the most effective frequency components across different studies. Given this
context, an approach that links multiple frequency components to roughness perception is
more rational.

This approach may represent the most fundamental method for estimating the inten-
sity of perceived macroscopic roughness. Nevertheless, its application in tactile sensors has
been limited. By exploring the engineering applications of spatial coding for roughness
estimation, this study is significant in advancing the field. Furthermore, clarifying its
capabilities provides valuable insights for the broader tactile measurement community.

2. Apparatus
2.1. Workbench Configuration

The workbench setup is shown in Figure 1. A camera (L-836, Hozan Co., Ltd., Osaka,
Japan; 1920 x 1080 pixels) was mounted on a metal frame at a 45-degree angle, positioned
to capture the contact surface between the roughness specimen and the compliant pad, the
details of which are described in Section 2.2. The contact area was captured from the side
of the transparent pad. The camera was angled to reduce the amount of scattered light. The
camera was fitted with a lens (L-600, Hozan Co., Ltd., Japan), capturing an image area of
5.5 cm x 3.1 cm, corresponding to a resolution of 349 pixels per centimeter.

To apply pressing force to the pad and specimen, a z-axis stage (LV-912S, MISUMI
Co., Ltd., Tokyo, Japan) was utilized. A digital scale (Home Coordy 2 kg, AEON Topvalu
Co., Ltd., Chiba, Japan) was employed to measure the applied force. The scale enabled the
measurement of the force at the moment each image was captured.

Compliant pad

Camera

Figure 1. Workbench configuration. The camera was positioned to capture images of the contact
area on the compliant plastic pad. A z-axis stage applied pressing force vertically from above
the specimen.



Sensors 2025, 25, 2598

40f21

2.2. Transparent and Compliant Pad with Ridges

A transparent compliant block with ridges was designed, as shown in Figure 2. The
block had a box-like shape with dimensions of 60 mm in length, 35 mm in width, and
50 mm in height. Its surface featured a fingerprint-like pattern, with ridge and groove
widths of 0.5 mm. These dimensions were approximately twice the size of human adult
fingerprints [47]. Further downsizing is anticipated in future iterations.

The block was fabricated using polyvinyl chloride plastisol (Plastic Worm, Two-L Co.,
Ltd., Shiogama, Japan), a material with a Young’s modulus of 0.17 MPa, which closely
resembles the softness of the fat layer in the human finger [48]. The material was cast into a
female mold produced via additive manufacturing using a Form 3 printer (Formlabs Inc.,
Somerville, MA, USA).

Notably, the human finger consists of multiple layers with varying stiffness. Some previ-
ous studies have mimicked this structure by employing a two-layer configuration [18,24,49].
However, for the purpose of this proof-of-concept study, our pad adopts a simplified
single-layer structure. Accordingly, the potential effects of this simplification on roughness
estimation are not addressed in the present work.

0.5 mm 0.5 mm_

50 mm

60 mm

Figure 2. Transparent compliant block with fingerprint-like ridges, made from polyvinyl chloride
plastisol.

The integration of fingerprint-like features into tactile sensors has been a focus of
research for decades [50,51]. Finger ridges play a crucial role in active tactile explo-
ration, such as sliding, by amplifying signals from surface microscopic asperities [24,52-57].
During grasping, these ridges enhance grip stability and contribute to even force
distribution [54,58-60]. Notably, fingerprints are not required for estimating macro-
scopic surface features. In fact, they may introduce noise in vision-based sensing meth-
ods—particularly when their dimensions exceed those of actual human fingerprints. Specif-
ically, the 1 mm period synthetic fingerprints used in this study can interfere with accurate
imaging of surface roughness that includes spatial patterns near 1 mm in scale. Never-
theless, to explore the possibility of integrating sensing capabilities for both macroscopic
(image-based) and microscopic (vibration-based) roughness estimation, the compliant pad
in this study was intentionally equipped with fingerprint-like patterns.

To clarify the effect of synthetic fingerprints on image-based roughness sensing,
we conducted a comparative test using a smooth pad made of the same plastic mate-
rial. The smooth pad yielded clearer contact images, which may contribute to improved
estimation accuracy.
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2.3. Roughness Specimens

The roughness specimens used in this experiment were fabricated via additive manu-
facturing (Form 3, Formlabs Inc., Somerville, MA, USA) using Tough Resin V5 (Formlabs
Inc., Somerville, USA). Each specimen measured 50 mm in length, 20 mm in height, and
10 mm in width, as shown in Figures 3 and 4. To enhance the study’s generalizability,
two types of roughness features were employed: circular and rectangular.

For the circular gratings, seven diameter levels were designed, ranging from 2.0 mm
to 5.0 mm in increments of 0.5 mm. Unlike typical dotted roughness scales [32,33], the
hemi-circular bumps were arranged without spacing and were characterized by a single
parameter: diameter. Similarly, the rectangular specimens featured seven surface wave-
length levels, also ranging from 2.0 mm to 5.0 mm in 0.5 mm increments. The rectangular
specimens had a 1:1 ratio between ridge width (RW) and groove width (GW). Researchers
largely agree that macroscopic roughness consists of surface features with spatial periods
ranging from few hundred micrometers to 1.0 mm or greater [25,34,61,62]. Hence, spec-
imens with surface wavelengths below 2.0 mm should have been covered in this study.
However, the fingerprint patterns on the compliant plastic pad (with a period of 1.0 mm)
were approximately twice the size of actual human fingerprints. These synthetic finger-
prints were clearly visible in the camera images and interfered with features exhibiting
spatial periods of approximately 1.0 mm. Therefore, we set the minimum roughness period
to 2.0 mm. This limitation should be addressed by downsizing the fingerprint pattern in
future work. All specimens were sanded with #1000 grit sandpaper to remove unintended
microscopic asperities.

Throughout this paper, specimens are labeled using a two-letter code. The first letter
indicates the type of specimen, where “C” represents circular specimens, and “R” represents
rectangular specimens. The second letter corresponds to the size of the surface features.
For instance, “C3” denotes a circular specimen with a 3.0 mm diameter, and “R4” refers to
a rectangular specimen with a 4.0 mm wavelength.

Diameter RW G_W
Wavelength
20 mm
50 mm
(a) Circular specimen (b) Rectangular specimen

Figure 3. Dimensions of the specimens. Circular specimens are defined by the diameter of the
semi-cylindrical gratings, while rectangular specimens are defined by the wavelength (the combined
width of a ridge and groove). The ridge and groove widths are identical.

Figure 4. Examples of circular and rectangular specimens. (Left) Circular grating with a diameter of
5 mm. (Right) Rectangular grating with ridge and groove widths of 2.5 mm.
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3. Methods
3.1. Magnitude Estimation Method to Collect Roughness Perceived from Specimens

To collect subjective roughness values, the psychophysical method of magnitude
estimation was employed. This method is designed to quantify the relationship between
physical stimuli and the perceptions they elicit [63,64] and has been adopted by many
researchers for investigating humans’ roughness perception (e.g., [65]).

Magnitude estimation allows participants to assign numerical values to the perceived
intensity of a stimulus, specifically surface roughness in this study. A reference specimen
is designated as a baseline value, and participants then rate the perceived magnitude of
other stimuli relative to this reference. Participants indicate how many times stronger the
stimulus intensity feels compared to the reference.

In this study, subjective roughness data were acquired following the procedure out-
lined below:

1. A single specimen, labeled R3, was designated as the reference stimulus and assigned
a roughness value of 1.0. Participants could freely touch this reference specimen while
evaluating other specimens.

2. Only pressing motions were permitted; sliding motions were strictly prohibited.
This was enforced through clear instructions and continuous monitoring by the
experimenters. Any deviation from the instructed motion was promptly addressed
with a verbal reminder or, if necessary, by repeating the trial. The level of pressing
force was not instructed in order to encourage natural interaction.

3. To ensure that roughness estimations were based solely on tactile perception, partici-
pants wore glasses with textured stickers to block their vision.

4. After touching each test specimen with their index finger, participants rated its subjec-
tive roughness relative to the reference specimen.

5. This procedure was repeated until all randomly presented test specimens had been
evaluated within a single session.

6.  Each participant completed three separate sessions to ensure data reliability.

Data were collected from ten participants (mean age: 26.0 years), all of whom provided
written informed consent prior to the study. The procedure was approved by the institu-
tional review board of Tokyo Metropolitan University, Hino Campus (approval number:
R6-009, approved on 19 April 2024).

The final subjective roughness values were determined through a two-step process.
First, the median value of the three repetitions was calculated for each specimen and
participant. Then, the geometric mean of these median values was computed across all
participants for each specimen.

3.2. Acquisition of Contact Images

For the image acquisition procedure, the workbench in Section 2.1 was used. The steps
for image acquisition were as follows:

1.  Each specimen was mounted on the workbench, and a pressing force of 1 N was
applied. An image of the contact area was then captured.

2. The pressing force was increased to 2 N, and a second image of the contact area
was taken.

3. The pressing force was further increased to 3 N, and a third image of the contact area
was taken. This force is substantially greater than the pressing force typically exerted
by humans during surface roughness exploration [66,67].

4.  The specimen was replaced, and the imaging process was repeated for the next specimen.
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5. This procedure was performed 10 times for each specimen to capture multiple images,
accounting for slight variations across trials.

Figure 5 presents a sample image of the contact area. To isolate the contact area, each
original image was cropped to a width of 1900 pixels and a height of 150 pixels, as shown
in Figure 6a. Following cropping, the images were converted to grayscale, as illustrated in
Figure 6b. Next, the middle portion of the image was extracted horizontally, as depicted
in Figure 6¢. This process was applied to all images obtained from the specimens. Finally,
the extracted gray-level intensity was transformed into an amplitude spectrum using the
Fourier transform. In total, 420 images were processed (14 specimens x 3 force levels x
10 repetitions) for each of the two contact pads. All image processing was performed using
MATLAB (2024a, MathWorks, Inc., Natick, MA, USA).

(a) Image captured using the plastic pad with (b) Image captured using smooth plastic pad
fingerprint-like features

Figure 5. Pictures taken from the workbench. Specimen R3 was used as the sample.

(a) Cropped color image of specimen R3

(b) Grayscale of cropped Image

(c) Extracted line from image (b)

Figure 6. Image processing process. (a) Cropped version of original picture. (b) Grayscale version of

image (a). (c) A horizontal line extracted from the middle of image (b).

We used spatial frequencies ranging from 0.1 mm™~! (corresponding to 10 mm) to
1.0 mm~! (corresponding to 1 mm), comprising 45 discrete frequency components. These
data points served as predictors in the analysis. To mitigate the effects of environmental
brightness on the captured images, the spectral amplitudes were normalized to ensure that
the area under the spectral curve remained consistent across different images. Notably, this
process does not alter the spectral profile or peak positions.

3.3. Prediction of Roughness Perception from Weighted Spatial Spectra of Contact Area

In this study, Partial Least Squares (PLS) regression was employed as the primary
analysis tool. PLS regression is a statistical learning method that relates a set of predictors to
one or more response variables by identifying latent variables or components that predomi-
nantly determine the relationships between the predictors and response variables [68-72].
When there is only one response variable, the method is referred to as PLS1. For the
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computation of PLS1, we used the plsregress function of MATLAB (2024a, MathWorks Inc.,
Natick, MA, USA) that uses the SIMPLS algorithm [73,74].

The analysis aims to establish a relationship between the predictor matrix X € R"*?
and the response vector y € R"*1. Here, X represents the matrix of p independent variables
(predictors), and n denotes the number of samples, given by n = 140 (14 specimens x
10 repetitive measurements). In this study, the predictors correspond to the spatial spectral
components computed from the contact area images, with p denoting the number of
components used for prediction. The response vector y consists of the subjective roughness
values of the specimens, obtained through the magnitude estimation method described in
Section 3.1.

In this study, the response variable is univariate (y € R"*1); therefore, the vector of
covariances between X and y is computed as follows:

sa = X0, (1)

Here, s, € RP*1 represents the covariance vector. We use X, and y, (a =1, ..., A), instead
of X and y, respectively. A denotes the total number of extracted components. In the
algorithm of PLS, we start froma = 1,and X; = X and y; = y.

Next, the weight vector is extracted:

Sg
lIsall”

L 2)
where r, € RP*! is the weight vector for the ath PLS component. The notation || e ||
represents the Ly-norm.

The score vector is then computed as follows:

t, = Xgrg. (3)

Here, t, € R"*! represents the score vector of X,, which corresponds to the projection
of the predictor matrix X, onto the weight vector r,.
Next, the loading vector p, € RP*! is computed as follows:

X,
Pa tTt,

(4)

which quantifies the contribution of each predictor to the latent factor £,.
Next, the regression coefficient for a-th component b, is computed from the following;:

T
b _taya
“T Ty,
at*a

)

The above computation is performed for the ath component. To compute the next com-
ponent, X, and y, are deflated to ensure that it remains uncorrelated with the previously
extracted components:

Xa+1 =X, - tapz; (6)
Yor1 = Yo — bata- )

The final regression model is expressed as follows:

A
§=X) bara+7 (8)

a=1
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where §j and § represent the predicted values and the mean of the response variable y,
respectively. Note that b, and r, are determined using the training dataset. This formula
can then be applied to predict y values for the test dataset X.

The predictors in this study were the amplitudes of spatial frequencies ranging from
0.1 to 1.0 mm™~!, comprising 45 discrete components. When roughness prediction was
based on images obtained under a pressing force of either 1 N, 2 N, or 3 N, the number of
predictors was p = 45. When combining datasets from all three pressing forces (1N, 2 N,
and 3 N), the number of predictors tripled to 135 (p = 135).

To determine the optimal number of principal components (A) for the PLS model,
leave-one-out cross-validation was employed. Leave-one-out cross-validation is a special
case of cross-validation where the number of folds equals the number of instances in the
dataset. Thus, only a single sample is held aside for validation in each iteration.

These processes—namely, the establishment and cross-validation of the PLS models—
were conducted separately for images captured using pads with and without fingerprint-
like ridges. This allowed for a direct comparison of performance between the two types of
sensor pads.

3.4. Performance Indices

We employ two performance indices: root mean squared error (RMSE) and overlap
coefficient (OVL).

For the RMSE calculation, we refer to the geometric mean of participants” estimates.
For each sample, the error between the predicted value and the participants’ mean estimate
was computed, and the RMSE was then derived from these errors.

However, participants’ estimates naturally vary across individuals. Thus, evaluating
only the RMSE may not fully capture the alignment between predicted and actual distribu-
tions. To address this, we also employ the overlap coefficient (OVL), a metric that quantifies
the similarity between two probability distributions by measuring the shared area under
their curves [75,76]. This measure is particularly useful for comparing a model’s predicted
probability distribution with the actual data distribution.

The OVL is defined as follows:

OVL = /j:o min( f;(x), f2(x)) dx, 9)

where f1(x) and f,(x) are the probability density functions of the two distributions. The
OVL value ranges from 0 to 1, where 1 indicates perfect overlap (identical distributions), and
0 indicates no overlap (completely distinct distributions). For the calculation of OVL values,
the distributions of perceived and estimated roughness were approximated as normal
distributions. This assumption was made due to the limited sample size (10 samples per
distribution), which made it challenging to reliably determine the actual distribution type.

4. Results

Figure 7 shows the normalized amplitude spectra of the contact area by different
roughness specimens and contact force levels. The amplitude spectrum contains two
distinct peaks: one at 1 mm ™!, representing the frequency of the fingerprint-like ridges on
the sensor pad, and another corresponding to the wavelength of the specimen.
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(a) Amplitude spectra from rectangular x5 05 mm=2 (b) Amplitude spectra from circular —C2: 05mm*
specimen with 1 N pressing force —R25:04 mm™ specimen with 1 N pressing force —C25:04mm™"
R3: 033mm™t C3: 033mm™t
—R3.5:029 mm™! —(C3.5:029 mm™!
—R4: 025mm™* —C4: 025mm™!
51 R4.5:0.22 mm7* 51 €4.5:0.22 mm~?
508 —R5: 0.2mm 208 —Cs:
3 8
2 0.6 E 0.6
5. 04 .04
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< 0.2 < 0.2
0 L L L L L 0 L L L L L
0 0.2 0.4 0.6 0.8 1 0 0.2 0.4 0.6 0.8 1
Spatial frequency (mm~1) Spatial frequency (mm™1)
(c) Amplitude spectra from rectangular [——g2. 05 mm-1 (d) Amplitude spectra from circular —C2: 05mm !
specimen with 2 N pressing force —R2.5:04 mm™* specimen with 2 N pressing force —(C2.5:04mm™!
R3: 0.33mm™! C3: 033mm™!
—R3.5:029mm™* —C35:029 mm™?
——R4: 025mm™* —C4: 025mm!
51 R4.5:0.22 mm~? 51 ; C4.5:0.22 mm™!
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3 S
E 0.6 E 0.6
204 5. 0.4
g g
< 0.2 < 0.2
0 ‘ ‘ ‘ ‘ ‘ 0 ‘ ‘ ‘ ‘ ‘
0 0.2 0.4 0.6 0.8 1 0 0.2 0.4 0.6 0.8 1
Spatial frequency (mm™1) Spatial frequency (mm™1)
(e) Amplitude spectra from rectangular g5 05 mm—T () Amplitude spectra from circular —C2 05mm*?
specimen with 3 N pressing force —R2.5:04 mm™? specimen with 3 N pressing force —(C2.5:04mm™?
R3: 033mm™ C3: 033mm™
—R3.5:029 mm ™! —C3.5:029 mm™?
- 1 —R4: 025 mm_i = 1 —C4: 025mm™!
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O L L L L L 0 L L L L L
0.2 0.4 0.6 0.8 1 0 0.2 0.4 0.6 0.8 1
Spatial frequency (mm™1) Spatial frequency (mm™1)

Figure 7. Amplitude spectra from all specimens and all pressing forces. Each curve represents the
average across 10 repetition for one specimen.

Based on cross-validation, the number of principal components was determined for
each pressing force condition. For the contact pad with fingerprint-like ridges, the lowest
RMSE values were obtained when the number of principal components (A) was eight, eight,
ten, and twelve for the 1N, 2 N, 3 N, and combined conditions, respectively. Figure 8 shows
the case for the combined condition, where the RMSE reached its minimum value with
twelve components. Beyond this point, RMSE values slightly increased. For the smooth
contact pad, the optimal number of principal components was 11, 10, 12, and 15 for the 1 N,
2N, 3 N, and combined conditions, respectively.

Tables 1-3 show the results for the sensor pad with fingerprint-like ridges.

Table 1 presents the results of the magnitude estimation method and predictions using
PLS regression. The first column lists the labels of the specimens. The second column
shows the geometric mean and standard deviation of the magnitude estimates across the
participants for each specimen. Notably, larger ridge and groove sizes resulted in higher
roughness ratings, with C5 and R5 exhibiting the highest perceived roughness in their
respective types. The third column displays the mean roughness scores predicted by the
PLS model using datasets obtained under the pressing force of 1 N and standard deviation
for each specimen. Similarly, the fourth, fifth, and sixth columns display the predicted
values using datasets obtained under pressing forces of 2 N, 3 N, and a combination of all
pressing forces.



Sensors 2025, 25, 2598

11 of 21

0.3

Root mean square error

(]
000000000000000000000000

02 1 1 1 1 1 J
0 5 10 15 20 25 30

Number of principal components

Figure 8. Root mean square errors from leave-one-out cross-validation results, showing the variation
with the number of principal components. One hundred and thirty-five predictors (p = 135) were
used by combining datasets from 1 N, 2 N, and 3 N pressing forces. The error reached its minimum
value (red circle) with twelve principal components (A = 12). The RMSE values for 11, 12, and
13 components were 0.22330, 0.22326, and 0.22328, respectively.

Table 1. Results using the pad with fingerprint-like features. Perceived and estimated roughness
values under four different predictor datasets. Values are presented as mean =+ standard deviation.

Perceived Prediction
Specimen Roughness Dataset Dataset Dataset Dat.aset.
1N 2N 3N Combination
R2 037+013 080+0.25 075+£023 0.76+0.23 0.62+0.25
R2.5 066+018 1.03+0.19 1.03£0.19 1.04+0.18 0.96 £0.16
R3 1.00 1.13+£014 1124014 1.124+0.13 1.10£0.13
R3.5 1.14+£026 1274+0.15 125+0.17 1.24+0.17 1.25+0.14
R4 1.39+035 133+0.18 133+£0.18 131+0.17 1.35+0.17
R4.5 148+049 1464018 147+0.19 149+0.19 1.50 £0.14
R5 1.53+037 141+£020 143+020 1.44+0.18 1.53 +0.18
C2 070026 090+024 086=£022 0.86+0.21 0.78+£0.21
C2.5 1.23+012 113£0.15 1.10+£0.16 1.09+0.18 1.08 £0.16
C3 1.29+024 118+0.13 1.18+0.13 1.17+0.13 1.19£0.11
C3.5 1.39+033 123£0.14 127+£015 1.2940.15 1.29+0.12
C4 141+043 129£0.15 132+£015 1.32+0.16 1.35+0.15
C4.5 1.65+055 146+021 148+021 1464021 1.50 £0.18
C5 1.72+064 135+£0.17 138+£0.16 1.38+0.16 1.46 +0.15

Table 2 presents the OVL coefficients quantifying the overlap between the distribu-
tions of predicted roughness scores and participants” estimates. The first column lists the
specimen labels. The second column shows the OVL values for predictions made under a
1 N pressing force. Similarly, the third, fourth, and fifth columns present the OVL values
for datasets obtained under 2 N, 3 N, and a combination of all pressing forces. It is noted
that as we did not collect the participants’ responses for R3, the OVL values for R3 were
not calculated.
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Table 2. Results using the pad with fingerprint-like features. Overlap coefficient (OVL) cal-
culated between the distributions of magnitude estimates and predicted values under different
pressing forces.

Overlap Coefficient (OVL)

Specimen Dataset 1N Dataset 2 N Dataset 3N Dataset

Combination
R2 0.24 0.27 0.27 0.46
R2.5 0.32 0.32 0.29 0.38
R3 — — — —
R3.5 0.67 0.72 0.75 0.66
R4 0.69 0.69 0.65 0.67
R4.5 0.55 0.57 0.56 047
R5 0.68 0.68 0.66 0.67
C2 0.69 0.72 0.73 0.84
C2.5 0.71 0.62 0.62 0.59
C3 0.66 0.65 0.64 0.61
C3.5 0.57 0.62 0.62 0.53
Cc4 0.52 0.52 0.55 0.52
C4.5 0.55 0.54 0.54 0.50
C5 0.38 0.37 0.38 0.38
Rectangular:
Mean + S.D. 0.52+0.20 0.54 +0.20 0.53 £0.20 0.55+0.13
Circular:
Mean + S.D. 0.58 +0.12 058 +0.11 0.58 +£0.11 057 +0.14
Overall:
Mean + S.D. 0.56 +0.15 0.56 +£0.15 0.56 £0.16 0.56 +£0.13

Table 3. Results using the pad with fingerprint-like features. Root mean squared error (RMSE)
calculated based on predicted values and magnitude estimates under different pressing forces.

Root Mean Squared Error (RMSE)

Specimen Dataset1 N Dataset 2 N Dataset 3N Dataset

Combination
R2 0.49 0.45 0.45 0.35
R2.5 042 0.42 042 0.34
R3 0.19 0.18 0.18 0.17
R3.5 0.19 0.20 0.20 0.18
R4 0.19 0.19 0.19 0.18
R4.5 0.18 0.19 0.19 0.15
R5 0.23 0.22 0.21 0.18
C2 0.31 0.27 0.26 0.22
C25 0.18 0.21 0.22 0.21
C3 0.17 0.17 0.17 0.15
C35 0.21 0.20 0.19 0.16
C4 0.19 0.17 0.18 0.16
C4.5 0.28 0.27 0.28 0.23
C5 0.42 0.38 0.38 0.31

Mean + S.D. 026 £0.11 0.25+0.09 0.25£0.10 0.21 £0.07
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(a) Overlap coefficient for rectangular specimens

1 r

Figure 9 presents a visualization of the data in Table 2, alongside the standard devia-
tions of human estimates and PLS predictions listed in Table 1. The trends in OVL values
differ noticeably between the two types of roughness scales. For the rectangular scale, as
shown in Figure 9a, OVL values largely remained around 0.6 for specimen sizes of 3.5 mm
or greater. In contrast, for the circular scale (Figure 9¢c), OVL values consistently decreased
as specimen size increased.

This difference can be attributed to two main factors. First, for the circular specimens
(Figure 9d), the standard deviations of human roughness estimates increased monotonically
with specimen size. Second, as shown in Table 1, the roughness scores for rectangular
specimens were estimated with relatively high accuracy for larger specimen sizes, such as
R4, R4.5, and R5. In contrast, the roughness scores for circular specimens were predicted
with relatively low accuracy, particularly for C4.5 and C5. As a result, for the circular
specimens, both the central value and spread of the distributions diverged between the
human estimates and the PLS predictions at larger specimen sizes.

(b) Standard deviation for rectangular specimens
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Figure 9. Results using the pad with fingerprint-like features. Overlap (OVL) coefficients
((a) rectangular, (c) circular) and standard deviations of human estimates and PLS predictions

((b) rectangular, (d) circular) for each specimen.

Similarly, Table 3 presents the RMSE for each specimen under different pressing
forces. We compared the combined condition, which exhibited the lowest mean RMSE
value of 0.21, with the other pressing force conditions using a signed-rank test (signrank
function, MATLAB 2024a) with a Bonferroni adjustment factor of 3. The RMSE values for
the combined condition were significantly lower than those for the individual conditions:
combined vs. IN: W =6, p = 4.8 x 1073; combined vs. 2 N: W = 14, p=72x 1074;
combined vs. 3N: W =0, p =12 x 10~

Tables 4-6 show the results for the smooth pad without fingerprint-like features.
Table 4 presents the roughness values estimated from images. As listed in Table 5, the mean
and standard deviation of the OVL coefficients were 0.59 &+ 0.17, 0.59 £+ 0.16, 0.55 £ 0.16,
and 0.57 £0.19 for the 1 N, 2 N, 3 N, and combined conditions, respectively. These values
are comparable to those obtained using the fingerprinted pad, as listed in Table 2. Table 6
shows the RMSEs between the perceived roughness values and those predicted using the
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smooth pad. Even with the smooth pad, combining images captured under three different
levels of pressing force led to improved prediction accuracy.

Table 4. Results using the smooth pad. Perceived and estimated roughness values under four
different predictor datasets. Values are presented as mean + standard deviation. The column for
perceived roughness is identical to that in Table 1.

Perceived Prediction
Specimen Roughness Dataset Dataset Dataset Dat‘aset.
1N 2N 3N Combination
R2 0374+0.13 0524022 0584+0.22 051+0.15 0.45+0.14
R2.5 0.66+0.18 0.854+020 0.88+0.19 091+0.16 0.78 +0.16
R3 1.00 1.08+£0.13 1.12+0.12 1.09+0.12 1.04 £0.11
R3.5 1.144+026 121+£013 1274+013 1.26+0.12 1.21£0.11
R4 1.39+035 130£0.15 130+0.14 1.31+0.13 1.34+0.12
R4.5 148+049 145+015 1464014 1.51+0.12 1.47 +£0.11
R5 1.53+0.37 145+016 145+020 1.49+0.15 1.49 +£0.12
C2 0.70+0.26 0.734+0.13 0.714+0.17 0.704+0.11 0.714+0.10
C2.5 1.23+012 116£013 1.134+0.12 1.07+£0.13 1.18 £0.10
C3 1.294+024 1254+0.09 1194011 1.184+0.13 1.25 £+ 0.09
C3.5 1.39+0.33 132+£010 1.26+£0.10 1.29+0.11 1.33 £ 0.09
C4 1414+043 1424010 1434013 1414012 1.43 £+ 0.09
C4.5 1.65+055 1.61+015 1594014 1.58+0.13 1.63 £0.13
C5 1.72+0.64 1.60£0.13 159+0.15 1.64+0.13 1.66 +£0.12

Table 5. Results using the smooth pad. Overlap coefficient (OVL) calculated between the distributions
of magnitude estimates and predicted values under different pressing forces.

Overlap Coefficient (OVL)

Specimen Dataset 1 N Dataset2 N Dataset 3N Dat'aset.
Combination
R2 0.62 0.51 0.63 0.77
R2.5 0.61 0.54 0.44 0.71
R3 - — — -
R3.5 0.66 0.62 0.59 0.58
R4 0.60 0.58 0.54 0.53
R4.5 0.48 0.46 0.41 0.39
R5 0.60 0.69 0.58 0.50
C2 0.66 0.78 0.60 0.58
C25 0.79 0.68 0.52 0.81
C3 0.57 0.61 0.65 0.56
C35 0.48 0.46 0.50 0.45
C4 0.38 0.47 0.45 0.36
C4.5 0.43 0.42 0.39 0.41
C5 0.36 0.39 0.34 0.33
Rectangular:
Mean + S.D. 0.65+0.16 0.63+£0.18 0.60 £0.19 0.64 +0.20
Circular:
Mean + S.D. 0.53+0.16 0.55+0.15 049 +0.11 0.50 +£0.17
Overall:
Mean + S.D. 0.59 +0.17 0.59+0.16 0.55+0.16 0.57 +£0.19
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Table 6. Results using the smooth pad. Root mean squared error (RMSE) calculated based on
predicted values and magnitude estimates under different pressing forces.

Root Mean Squared Error (RMSE)

Specimen Dataset 1N Dataset 2 N Dataset 3N Dataset

Combination
R2 0.26 0.30 0.20 0.16
R2.5 0.28 0.29 0.30 0.20
R3 0.15 0.17 0.15 0.12
R3.5 0.15 0.18 0.17 0.13
R4 0.18 0.17 0.15 0.13
R4.5 0.15 0.14 0.12 0.11
R5 0.17 0.21 0.15 0.12
C2 0.13 0.17 0.11 0.10
C25 0.15 0.15 0.20 0.12
C3 0.10 0.15 0.17 0.10
C35 0.12 0.16 0.15 0.11
C4 0.10 0.13 0.12 0.09
C4.5 0.15 0.15 0.14 0.13
C5 0.18 0.20 0.15 0.14
Mean + S.D. 0.16 = 0.05 0.18 +£0.05 0.16 £0.05 0.13+0.03

As discussed in Section 2.2, we aimed to compare the performance of the two types
of sensor pads. Under the combined-force condition, the RMSE values obtained using
the smooth pad (average: 0.13) were significantly lower than those obtained with the
fingerprinted pad (average: 0.21) (signed rank test, W = 6, p < 0.0017). This result
indicates that the presence of fingerprint patterns slightly degrades roughness estimation
performance, with an RMSE difference of approximately 0.08.

5. Discussion

Here, we evaluate the prediction accuracy of the pad with fingerprint-like structures,
using RMSE and OVL values as performance metrics.

We first compare the four pressing force conditions (1 N, 2 N, 3 N, and the combined
condition). The mean RMSE values across all specimens were 0.26, 0.25, 0.25, and 0.21
for 1N, 2 N, 3 N, and the combined condition, respectively. Statistically, the combined
condition exhibited lower RMSE values than the individual force conditions; however,
the differences in mean RMSE values were small, ranging from 0.04 to 0.05, which is
not practically significant. The mean OVL factors across all specimens were 0.56 for all
conditions. Since these indices did not show distinct differences among the four press-
ing force conditions, we do not currently have strong evidence to recommend a specific
pressing force.

The predictive accuracy of the model was evaluated based on RMSE values for
14 distinct specimens. The RMSE values for the combined-force condition ranged from 0.15
to 0.35, which were smaller than or comparable to the standard deviations of perceived
roughness (0.12-0.64) for most specimens, as listed in Table 1. Under the combined force
condition, the largest RMSE values were recorded for R2, R2.5, and C5, with values of 0.35,
0.34, and 0.31, respectively. These results suggest that the estimation errors were generally
small compared to the variability in human roughness perception; however, for certain
roughness specimens, the estimation errors remained relatively large.
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Although a specific criterion for classifying the strength of overlap—such as strong,
moderate, or weak—using the overlap coefficient is not well established in the litera-
ture, the OVL factors of 0.56 fairly suggest moderate overlap between two probabilistic
density functions.

The analysis identified three specimens—R2, R2.5, and C5—that had OVL values
below 0.5 across all pressing force conditions. This is primarily due to the extremely small
or large standard deviations of perceived roughness for R2, R2.5, and C5, which were
0.13, 0.18, and 0.64, respectively. As a result, the distributions of perception and prediction
exhibited minimal overlap. These findings suggest that our roughness prediction method
does not fully capture the individual fluctuations in perception that are inherent to human
tactile sensation.

The prediction accuracy was higher when using the pad without fingerprint-like
structures. This suggests that the fingerprints may act as visual noise during the imaging
of the contact area. Nonetheless, the average difference in RMSE between the two contact
pads was 0.08, which is smaller than the standard deviation of human roughness estimates
listed in Table 1 (ranging from 0.13 to 0.64). One possible reason is that the fingerprint
pattern on the pad used in this study is approximately twice the size of actual human
fingerprints, and thus, downsizing the pattern could potentially lead to improved accuracy.
If such an attempt proves unsuccessful, another approach could be to use separate contact
pads for sensing macroscopic and microscopic roughness. Although our goal is to integrate
both functions into a single tactile sensor, it may be more effective to optimize each pad for
a specific roughness scale. In this case, a pad with fingerprint patterns could be used for
microscopic roughness sensing (to enhance vibration transmission during sliding), while
a pad without fingerprint patterns could be used for macroscopic roughness estimation
based on contact imaging.

During the magnitude estimation experiments, we observed that the results for circular
specimens differed from our expectations. We had anticipated that circular specimens
would feel smoother (i.e., less rough) than rectangular specimens as the latter have sharp
edges at the ends of ridges. However, the pressing experiment revealed that participants
perceived rectangular specimens as less rough than circular specimens of the same spatial
period (e.g., R2 compared to C2).

This discrepancy may be explained from the viewpoint of groove widths. Many
studies have shown that the roughness perception of grating scales with macroscopic
features is primarily determined by their groove widths [77-81]. Larger groove widths lead
to greater perceived roughness, provided that the ridge height is sufficient to prevent the
penetrated skin from reaching the bottom of the groove. The rectangular gratings used in
this study had a ridge-to-groove width ratio of 1:1; thus, for example, the groove width
of R3 was 1.5 mm. In contrast, for C3 (circular gratings with a diameter of 3 mm), the net
groove width—defined as the width where the finger pad does not contact the specimen’s
surface—was expected to be greater than 1.5 mm under natural pressing forces. Hence, in
our study, circular gratings were perceived as rougher than rectangular ones.

As shown in Figure 9b,d, human roughness perception becomes more variable as the
specimen size increases. This is likely a natural outcome consistent with Weber’s law: when
the stimulus magnitude is larger, the discrimination threshold in perception also tends to
increase. In other words, for larger specimens associated with higher perceived roughness,
the standard deviation of human responses also increases. In contrast, the output variability
of our sensor system remained nearly constant across specimen sizes, with a standard
deviation of approximately 0.2. This suggests that mimicking human spatial coding alone
is not sufficient to fully replicate the variability observed in human perceptual processing.

Here, we describe the limitations of this study.
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Although we tested two different types of roughness scales—rectangular and circular—
to investigate the generalizability of the method, additional types of scales should be
explored. For instance, random grating scales [57,82] are used to study human roughness
perception in scenarios more representative of daily life.

Furthermore, the fingerprint-like ridges of the compliant pad need to be downsized
to match the size of human fingerprints, and roughness specimens with smaller spatial
periods than those tested in this study should be examined in future research.

Our method is based on the contact area of the surface; however, SAI units are known
to respond to strain in the skin tissue [27-29]. Thus, our approach should incorporate
mechanical information, such as surface deformation, rather than relying solely on contact
area. We initially expected that combining images captured at different pressing forces
would provide insights into the penetration depth of the surface material into the specimens’
grooves, thereby improving prediction accuracy. However, the results indicated only a
slight advantage in utilizing images from multiple pressing forces. Future research should
explore more effective methods to leverage these images.

Another potential area for future research is minimizing the contact pad as its current
size is substantially larger than that of a human finger pad. It remains unclear whether the
pad needs to match the size of a human finger pad. Nonetheless, downsizing is generally
advantageous for industrial applications, provided that performance is maintained.

6. Conclusions

This study explores the potential of predicting macroscopic roughness using the
contact area of the sensor body as a predictor. Previous approaches primarily focused on
accurately representing topology of roughened surfaces. In contrast, we aimed to predict
roughness as perceived by humans, mimicking the principle of spatial coding in human
roughness perception. To achieve this, we analyzed the spatial spectra of contact images
captured between a transparent compliant probe and roughness specimens.

The findings revealed that estimated macroscopic roughness largely aligns with human
subjective roughness magnitudes, suggesting that roughness estimation based on spatial
frequencies in contact images correlates well with human perception of surface texture. For
future research, expanding the range of textural shapes and refining prediction models
would be valuable to enhance accuracy and applicability.
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