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Abstract— Tactile sensing typically involves active exploration
of unknown surfaces and objects, making it especially effective
at processing the characteristics of materials and textures. A
key property extracted by human tactile perception in material
classification is surface roughness, which relies on measuring
vibratory signals using the multi-layered fingertip structure.
Existing robotic systems lack tactile sensors that are able to pro-
vide high dynamic sensing ranges, perceive material properties,
and maintain a low hardware cost. In this work, we introduce
the reference design and fabrication procedure of a miniature
and low-cost tactile sensor consisting of a biomimetic cutaneous
structure, including the artificial fingerprint, dermis, epidermis,
and an embedded magnet-sensor structure which serves as
a mechanoreceptor for converting mechanical information to
digital signals. The presented sensor is capable of detecting
high-resolution magnetic field data through the Hall effect
and creating high-dimensional time-frequency domain features
for material texture classification. Additionally, we investigate
the effects of different superficial sensor fingerprint patterns
for classifying materials through both simulation and physical
experimentation. After extracting time series and frequency
domain features, we assess a k-nearest neighbors classifier for
distinguishing between different materials. The results from
our experiments show that our biomimetic tactile sensors with
fingerprint ridges can classify materials with more than 7.7 %
higher accuracy and lower variability than ridge-less sensors.
These results, along with the low cost and customizability of our
sensor, demonstrate high potential for lowering the barrier to
entry for a wide array of robotic applications, including model-
less tactile sensing for texture classification, material inspection,
and object recognition.

I. INTRODUCTION

Touch, or haptic perception, is one of the five primary
senses enabling humans to make observations by interacting
with the environment. Tactile sensing provides environmental
and material information including surface texture, weight,
thermal conductivity, and geometry [1]. Human tactile per-
ception is attributed to the geometry and distribution of
subcutaneous mechanoreceptors embedded in the epidermis
and dermis of skin [2]. One such mechanoreceptor, Pacinian
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Fig. 1. Taking inspiration from human finger tips, we present the design,
fabrication, and characterization of a low-cost tactile sensor. Our sensor
mimics the layered tissue structure in finger pads, including the dermis,
epidermis, and fingerprint. An embedded neodymium magnet and Hall-
effect sensor array mimic the function of sensory corpuscles within human
fingers. Our sensor’s low-cost and customizability make them well-suited
for a wide range of tactile sensing applications in robotics. Human hand
(Cherus, CC-BY-SA-3.0) and skin structure (Nefronus, CC-BY-SA-4.0)
adapted from Wikimedia Commons.

corpuscles (Figure [I)), plays a vital role in fine surface
texture perception by transduction of 50-1000 Hz vibrations
to neuronal signals [3]-[6].

While humans rely on a complex hierarchical haptic sys-
tem to understand the physical world, many robots lack this
ability, relying instead on computer-vision approaches. Im-
plementation of haptic force feedback and surface roughness
detection could improve robot utility in active exploration [7]
by increasing gripping stability during manipulation [8],
[9], reducing risk of unsafe human-robot interactions [10],
and automating surface quality control processes [11], [12].
Additionally, robots equipped with cutaneous tactile sens-
ing could be well-suited to teleoperation with simultaneous
rendering of haptic virtual environments including surface
textures [13], [14]. Thus, a wide array of robotic applications
would benefit from the availability of a small-scale, low-cost
tactile sensor capable of surface characterization, including
manufacturing, quality control, and recycling robots as well
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as robots in human-robot teams.

To address the need for tactile sensation in robots, previous
works in tactile sensors have used a variety of technologies
such as resistive [15], optical [16], and capacitive sens-
ing [17], resulting in sensors with range of functionality,
resolution, and cost [18]-[20]. Specifically, visuotactile sen-
sors such as GelSight [21]-[23] can provide high resolution
texture information but can be costly, bulky, and require
complex computational overhead for processing data. In
scenarios where robots physically manipulate objects, vision-
based systems may be insufficient for measuring mechanical
properties compared to the performance of vibrotactile touch
sensors [5]. Many existing robotic tactile sensors do not
have biomimetic features such as mimicking the material
properties of skin or utilizing fingerprint ridges. However,
for material classification, fingerprints have been demon-
strated to play a significant role in amplifying vibrations
for transduction [24], [25]. Among the sensors that have
implemented biomimetic features, unimodal sensors such as
piezoelectric film-based PVDF sensors [26] may be relatively
easy to manufacture and process data, but may have insuf-
ficient degrees of freedom or dynamic range. Multimodal
sensors [27] combine many aspects of sensor technology to
enable collection of a range of materials’ mechanical and
thermal properties, and are available in a biomimetic form
factor, but require high cost and complexity of fabrication.

A high resolution and high dynamic range but low-cost
tactile sensor would lower the barrier to entry for precise
determination of applied forces and torques as well as surface
texture classification. Recently, magnet-elastomer-based tac-
tile sensors, including work by members of our group [28],
have demonstrated these capabilities in addition to robustness
and repeatability while maintaining a small form factor [28],
[29], although high density sensor arrays can be challenging
to fabricate [30], [31]. These tactile sensors embed a magnet
in a compliant elastomer and use Hall effect sensors to detect
magnetic field gradients corresponding to magnet movement.
Multiple degrees of freedom enable the user to determine
contact direction, force, and torque in multiple dimensions.

In this work, we extend the sensing capabilities of magnet-
elastomer-based tactile sensors by adding biomimetic fea-
tures, including fingerprint ridges, and evaluate their effect on
material texture classification. We hypothesized that magnet-
elastomer-based tactile sensors with artificial fingerprint
ridges will be able to classify material texture with higher
accuracy than sensors without fingerprint ridges.

By utilizing two layers of elastomer with different moduli,
we take inspiration from the epidermis and dermis struc-
ture of human skin to represent the Pacinian corpuscle
mechanoreceptor. In addition, we demonstrate a simple and
scalable manufacturing process for customizing tactile sen-
sors. Through both simulation and physical experimentation,
we evaluate the material classification capabilities of the sen-
sor with a high-dimensional clustering method. We believe
this work expands current capabilities in robotic sensing and
makes tactile sensors more accessible, bringing robots one
step closer to human levels of tactile perception.

Fig. 2. We fabricated three sensor designs to evaluate the hypothesis: A - a
spherically curved surface with fingerprint ridges, B - a flat surface without
ridges (used as the control group to provide baseline results against designs
with artificial fingerprints), and C - a flat surface with fingerprint ridges

II. METHODS
A. Sensor concept and fabrication

Our low-cost tactile sensor is designed to use magnetome-
ters (Melexis MLX90393) and a magnet embedded within
an elastomer that is attached to the PCB [28]. When force is
applied to the elastomer, the elastomer deforms and moves
the magnet, thereby changing the magnetic field detected by
the magnetometer through the Hall effect.

The geometry of the tactile sensor’s elastomer layers
are designed to mimic the structure of a human finger’s
epidermis and dermis layers. The epidermis layer is 2 mm
thick and the dermis layer is 3 mm thick. A 2 mm N50
cube magnet (SuperMagnetMan C0020) is centered between
the layers. For some sensor designs (Figure [2)), the external
surface of the epidermis layer is curved to represent the
curvature of human fingers and/or patterned with ridges to
represent human fingerprint ridges with a depth of 80 um,
width of 400 pm, and wavelength of 600 pm [32]-[34].

To fabricate the tactile sensors, we designed a custom
mold for injection molding the multiple layers of elastomer.
The elastomer was cast onto the PCB to encapsulate the
magnetometers and magnet in a two step process for creating
the dermis layer and then the epidermis layer. We used
stereolithography (Form 2, Clear v4 resin) to 3D print two
molds for the epidermis and dermis layers before rinsing in
isopropy! alcohol for 10 minutes and post-curing at 60°C for
30 minutes. The molds were mounted to the PCB along with
a silicone gasket and a rigid acrylic backing plate to prevent
elastomer leakage during casting (Figure [3). The epidermis
layer (Young’s Modulus, E ~ 145 psi [35]) was fabricated
using Smooth-On Mold Star 30 (£ = 96 psi) and the dermis
layer (E' ~ 20 psi [36], [37]) was fabricated using Ecoflex
00-10 (E = 8 psi). To adhere the silicone rubber to the sensor
PCB, we applied DOWSIL 1200 OS primer to the PCB
prior to casting. Magnets were encapsulated in the sensor
by placing the magnet in a cavity in the dermis casting prior
to casting the epidermis layer.

B. Prediction of sensor performance through simulation

To predict the sensor’s behavior on a variety of surfaces’
roughness and to assess the ability of resulting features to
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TABLE I
SENSOR CONTACT SIMULATION PARAMETERS

- g Simulation Parameter Units Parameter Values
Apply adhesion
[ Fabricate PCB H d::n l:sr::;ld H epld3el: nl::slx:x:olds prl;)(,)nvgg{ ;n_PCB Initial VXave}in%th mm (1)606i50.254(1), (ig(()), 0.60, 5.98
rimer mplitude um A N A
T Survey Velocity ~ mm/s 25, 50, 100
Solder Cast . 0.27, 0.33, 0.36, 0.39, 0.42,
L o I/(’; beoard eplderr:sls e Embed magnet Cast dermis layer Wavelength Wavelength mm 045’ 048, 051’ 054’ 0.57
Sweep Amplitude pm 10, 25, 50
Velocity mm/s 25, 50, 100
Amblitude Wavelength mm 0.24, 0.30, 0.60
Svr&)lee Amplitude pm 15, 20, 30, 35, 40, 45
P Velocity ~ mm/s 25, 50, 100

Fig. 3. The sensor fabrication process. Sensor PCBs are fabricated as
previously described [28]. A two-stage molding process uses custom 3D
printed dermis and epidermis molds. Prior to casting, primer is applied to
the PCB, which is then mounted onto the dermis mold for casting the first
layer. After curing, the magnet is embedded in a cavity in the dermis and
the second elastomer layer is cast using the epidermis mold. Finally, PCBs
are released from the initial board and soldered to the final I/O board.

enable surface classification, we created a transient simu-
lation of the tactile sensor. We generated a 2D model of
the sensor and a sinusoidal surface using SolidWorks and
imported the geometry into ANSYS (Figure ). Two sensor
geometries were represented: (1) a flat sensor without ridges
and (2) a flat sensor with parallel fingerprint ridges. We
created three batches of configurations by varying contact
surface geometry and simulation parameters including sensor
velocity, surface amplitude, and surface wavelength (Table[l).
The X and Z coordinates of the four corners of the simulated
magnet, and outer two corners of the simulated PCB were
recorded and exported from ANSYS to CSV files using a
custom ANSYS Parametric Design Language (APDL) script.
This simulated sensor data was later processed to extract
features for surface classification.
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Fig. 4. A meshed sensor with fingerprint ridges from the 2D sensor
simulation environment in ANSYS. The rough surface is parameterized
to allow batch simulation with design points. The neodymium magnet is
modeled as a rigid body embedded within the two elastomer layers. Relative
movement between the magnet and the PCB is used to calculate triaxial
magnetic field values that would be sensed by a magnetometer on the PCB.

C. Experimental data collection for material classification

To collect experimental sensor data for material classifi-
cation, we constructed a 2-axis Cartesian robot to repeatably
mimic the motion in our design simulations. A 250 mm-long
horizontal linear stage driven by a stepper motor formed
the X axis. The X axis was mounted to two parallel,
75 mm-long linear stages that were oriented vertically to
form the Z axis. The tactile sensor was mounted to the
X axis carriage. A TB67S128FTG stepper driver with 128
microstepping was used to drive the Z axis based on step
and direction commands. The X axis was driven by a
TMC5160 stepper driver with 256 microstepping through SPI
using the TMCS5160’s built-in motion ramp generator. The
resolution of Z axis control was 0.4 um, and the resolution
of X axis control was 0.2 um. A US Digital EM2 encoder
and 2000 LPI encoder strip was used to measure X axis
displacements with a resolution of 3.2 um, and an RLS LM 13
encoder with 1.0 um resolution was used to measure Z axis
displacements. Hall effect sensor data from the tactile sensor
and position data from the encoders was sent to a Teensy
4.1 microcontroller, and subsequently recorded over 1000 Hz
serial communication to a PC using PuTTY 0.70. Although 3
MLX90393 magnetometer chips were attached to the tactile
sensor’s PCB, we collected data from a single MLX90393
chip to improve our data collection frequency to 340 Hz. The
MLX90393 chips were configured with a conversion ratio of
approximately 1.0 uT/LSB.

To test our hypothesis that magnet-elastomer-based tactile
sensors with ridges will be able to classify material tex-
ture with higher accuracy than sensors without fingerprint
ridges, each sensor was tested on six material samples of
different roughness (Figure [5): three acrylic samples, two
wood samples, and one aluminum sample. The three acrylic
samples and one wood sample were etched with different
patterns using an Epilog Helix laser. Each sample measured
approximately 190 x 40 x 3 mm and was mounted to a
rigid acrylic plate on the base of the gantry. We used a
Zeiss LSM800 confocal microscope with Zeiss ConfoMap
to characterize the surface roughness of each material prior
to sensor testing (Table [I).

Three sensor designs were selected for experimentation,
with two sensor designs based on our 2D simulation results:



TABLE 11
MATERIAL SAMPLE SURFACE ROUGHNESS CHARACTERISTICS

Material Description Ra(um) Rt (um) Rp (um)

Aluminum Un-etched 0.795 9.37 3.68
Wood Un-etched 5.74 453 14.6
Acrylic Lines, 1.3mm 7.04 110 18.7
Acrylic Lines, 0.5mm 10.9 71.6 31.1
Acrylic Cross-hatched 15.3 264 52.6
‘Wood Roughly-etched 23.8 180 51.5

(1) flat finger tip without ridges, (2) flat finger tip with
parallel ridges, as well as a third design inspired by whorls
in human finger tip geometry [38] that could not be captured
in the 2D simulation: (3) a spherical finger tip with ridges.
During each trial, the sensor was homed to identify the
surface contact Z position. Surface contact was determined
by calculating the exponential moving average (o = 0.12)
of the sensor’s Z axis magnetic field reading. A contact
detection threshold of 10 LSB was set after determining
that it corresponded to a contact force of 1.53 £0.41 g. For
each trial the sensor was tested for 3 consecutive repetitions
in both positive and negative X-direction translation at 25
mm/s, 50 mm/s, 100 mm/s and 150 mm/s to mimic human
exploratory surface scanning speeds [39]. Between trials, we
changed the material and/or the sensor. We repeated this
process sequentially over 3 trials, for a total of 3 sensors
X 6 materials x 4 velocities x 2 directions x 3 repetitions
x 3 trials = 1296 data points. Using this data, we determined
the sensor’s repeatability across trials after re-positioning the
material and sensor relative to each other.

(4
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Fig. 5. Three examples of materials used in the experimental sensor tests.
(a) acrylic etched with lines spaced 0.5 mm apart, (b) acrylic etched with
a cross-hatch pattern spaced 0.9 mm apart, (¢) wood roughly etched with a
stochastically chosen profile. Confocal laser scanned images were used to
extract surface roughness parameters from each material.

D. Data processing

The simulation data was processed to extract sensor data
features for use in surface classification based on surface

parameters such as wavelength and amplitude. From the sim-
ulations’ coordinate data recorded in the CSV files, we cal-
culated the displacement and angular rotation of the magnet.
We then calculated the 3-axis magnetic field time series data
that would be seen by an MLX90393 chip positioned on the
PCB using MATLAB [40]. The simulated magnetic fields,
which had been simulated at a minimum sampling frequency
of 5000 Hz, were resampled to a consistent 5000 Hz and then
downsampled to 333 Hz for a similar data output frequency
as the experimental sensor. Once the time series data of
the simulated magnetic field was calculated, simulations and
experiments followed the same data processing pipeline with
their respective sampling frequencies.

Both experimental data from the gantry and calculated
data from the simulations were split based on sensor design
before processing both time domain and frequency domain
(FFT) data using MATLAB. The experimental time series
data was resampled for even spacing in time prior to FFT
analysis. A 2 Hz high-pass filter was applied to the data
to remove DC effects. From the time series data for each
experiment or simulation, we collected statistical features
including mean, peak-peak amplitude, standard deviation,
skewness, and kurtosis of magnetic field values for each axis.
From the FFT, we extracted statistical features including the
spectral centroid, standard deviation, skewness, and kurtosis
of the power spectrum along both the frequency axis and the
power spectral density axis. In addition, we located up to 20
of the largest peaks, if available, with at least 2 prominence
in the FFT power spectrum. Then we extracted the statistical
features of the 20 peaks along both the frequency axis and
the power spectral density axis. Features with the same units
were normalized together to a range of [0, 1] using minimum
and maximum values.

For evaluating the classification ability of the two simu-
lated sensor designs and three experimentally tested sensor
designs, we used the k-nearest neighbors method (k-NN,
k = 5) with Python. Randomized cross validation was
applied with Repeated Stratified K-Fold with 5 folds for a
80%/20% training/testing split.

E. Statistical methods

We performed a power analysis (o« = 0.05,3 = 0.80)
on preliminary simulation and experimental results from k-
NN (k = 5) using 5 folds with Repeated Stratified K-Fold
and 10 repeats for a total of 50 models. This provided the
minimum model count for determining statistical significance
between sensors in further analyses. For analyses where the
experimental data was split by velocity, we created 300
models for each sensor based on power analysis results.
To determine statistical significance, we used ANOVA and
Tukey post-hoc tests (o = 0.05).

III. RESULTS

A. Fingerprint ridges improve surface classification in sim-
ulated sensors across velocities tested

Classification of material surface properties based on sim-
ulated sensor data using k-NN was significantly improved
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(a) Three sensor designs used for experimental data collection; the flat surface without ridges acts as the baseline control group to compare

against designs that incorporate artificial fingerprints . (b) Illustrated mesh of the ANSYS simulation which mimics the exact physical experimental setup.
(¢) k-NN (k = 5) classification accuracy versus scanning velocity (25 mm/s, 50 mm/s, 100 mm/s) for simulated flat surface sensors with and without
ridges. (d) k-NN (k = 5) classification accuracy for physical sensor experiments across four scanning velocities (25mm/s, 50 mm/s, 100 mm/s, 150 mm/s).
Red arrows indicate improved classification accuracy with the help of fingerprint ridges.

(p << 0.05) when sensors included biomimetic fingerprint
ridges (Figure [6c). For the three translation velocities sim-
ulated, ridged sensors classified surface wavelengths > 8%
more accurately than flat, ridge-less sensors. The largest gap
in performance was observed at a velocity of 25 mm/s where
the ridged sensor resulted in a classification accuracy of
98.1 + 3.8%, whereas the flat sensor had a classification
accuracy of 85.4 + 7.9%.

B. Fingerprint ridges improve material classification at
lower scanning velocities

To evaluate the effect of scanning velocity on classification
accuracy, the experimental results were split by scanning
velocity and assessed using k-NN (Figure [6d). Classification
accuracy was highest for the flat sensor with fingerprint
ridges at all velocities (p < 0.05), which demonstrated the
highest accuracy of 82.7 & 6.8% at a velocity of 25 mm/s.
The addition of curvature to the sensor surface was observed
to significantly decrease accuracy across these velocities
relative to the flat sensor with ridges. The flat sensor without
ridges resulted in the lowest classification accuracies at
all velocities, although the observed difference in accuracy
between the flat sensor without ridges and the flat sensor
with ridges decreased from a gap of 17.8% at a velocity of
50 mm/s to a gap of 7.7% at a velocity of 150 mm/s.

C. Fingerprint ridges improve material classification without
prior knowledge of velocity

The ability of the three sensor designs to accurately
classify samples of different materials was assessed using
k-NN without splitting results by velocity (Figure [7). The
classification accuracy for the flat sensor with fingerprint
ridges was significantly higher (p << 0.05) than the other
sensors for the un-etched aluminum, roughly-etched wood,
and two acrylic samples with etched lines. The spherical
sensor with ridges demonstrated the highest accuracy for
the un-etched wood sample. For the cross-hatched acrylic
sample, both the spherical sensor and the flat sensor without
ridges performed similarly, with accuracies of 75.1 + 4.7%

and 73.5 + 3.8%, respectively. The largest gap in classifica-
tion accuracy between sensors was observed for the acrylic
sample with etched lines spaced at 1.3mm, with accuracies
of 96.1+1.2% and 57.14+6.2% for the flat sensor with ridges
and the spherical sensor with ridges, respectively.

Experimental Classification Accuracy on Different Materials
(n=50 trials per Sensor-Material experiment, total 900 trials)
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Fig. 7. k-NN classification (k = 5) accuracy of each sensor against

different material samples (in order of increasing roughness from left to right
columns) with outliers removed for better visualization. Significance bars
indicate comparisons where p < 0.05. These experiments are conducted
assuming no prior knowledge about scanning velocities, which is considered
extremely challenging for material classification tasks using a low-cost
tactile sensor without any prior ground truth sensor calibration.

IV. DISCUSSION

Based on our simulations and experimental results, we
have demonstrated that our low-cost, magnet-elastomer-
based tactile sensors generated sufficient data to allow ma-
terial classification with high accuracies. Additionally, we
have demonstrated that the addition of biomimetic fingerprint



ridges to this sensor improved material classification across
a wide range of scanning velocities.

Our 2D simulations of sensor performance provide a
design tool for screening the effect of biomimetic features
prior to sensor fabrication. Based on these simulation results,
we were encouraged to test the addition of fingerprint ridges
to our magnet-elastomer-based tactile sensor experimentally,
as they indicated improved sensor performance across the
scanning velocities tested. This approach could be used in
the future to test additional designs and to expand to 3D sen-
sor simulations. Overall, the simulation classification results
showed a higher variance than the experimental results. This
may be due to the reduced number of samples available for
applying k-NN to simulated data.

From our experimental results, both ridged sensors had
higher material classification accuracy than the ridge-less
sensor at all scanning velocities. The flat sensor with fin-
gerprint ridges maintained the highest classification accuracy
with > 7% improvement over the ridge-less sensor, but the
gap in accuracy to other sensors decreased at the highest
scanning velocity tested. The difference in accuracy between
the flat sensor with ridges and the spherical sensor with
ridges suggests that the curved geometry may affect the
distribution of contact forces acting on the spherical sensor
relative to the flat sensor. It is possible that insufficient
contact pressure results in few ridges interacting with the
material samples and low vibration sensitivity. Further simu-
lation and experimentation is needed to determine the cause
for the sensor’s performance difference.

Interestingly, the classification accuracy of both types
of sensors with ridges appears to gradually decrease with
increasing scanning velocity while the classification accuracy
of the ridge-less sensor gradually increased. A non-linear
relationship between classification accuracy and scanning
velocity was observed for the flat sensor both in the ex-
periments and in the simulations, with the lowest classifica-
tion accuracy being observed at 50 mm/s. As the velocity
increased above 50 mm/s, the classification accuracy of the
flat sensor began to improve. One possibility is that this may
be related to the resonant frequency of the sensor. Additional
studies are needed to investigate this effect and perform
modal analyses of the sensor designs.

One advantage of our tactile sensor is its independence
from modeling for accurate classification results. Compared
to previous work, our proposed method is not reliant on
engineered models and does not require high resolution
conversion between sensor readings and physical units. This
allows us to avoid extremely time-consuming sensor calibra-
tion procedures against expensive ground truth force sensors.
To extend the sensor’s independence from exterior knowl-
edge, we evaluated the sensor’s ability to classify materials
without splitting our results data by velocity. The ridged
sensors demonstrated the highest classification accuracy for
five material samples, suggesting that the tactile sensor could
be used in low-cost robotic applications where encoders and
other robotic state sensors may not be accessible. Interest-
ingly, we did not detect a noticeable correlation between

sensor accuracy and surface roughness using the Ra metric.
In the future, studies with alternative roughness metrics and
new material samples may explore the sensors’ ability to
predict continuous surface roughness parameters in addition
to discrete classification. Furthermore, modifications to the
sensor’s design and data processing could improve robustness
and utility. As the sensor currently uses a single magnetome-
ter, the size could be reduced to match the magnetometer’s
footprint (4 mm) while maintaining its current capabilities.
Implementation of additional magnetometers with gradient-
based classification features could improve immunity to
external magnetic fields [41], while monitoring for change
in classification accuracy due to reduction in sampling fre-
quency. Further characterization of the sensor could modify
sensor gains and stiffness for adjustable dynamic range and
determine fatigue cycling effects.

A. Limitations

Although our 2D simulation provides a solid foundation
for sensor design, a few limitations should be noted. First, the
simulation time and storage requirement is greatly increased
with decreasing time step size. To simulate the faster scan-
ning velocities, the time step must be reduced substantially.
On the computer hardware used in this study, this resulted
in being unable to simulate the 150 mm/s scanning velocity.
In the future, this model should be further improved to
allow simulation of a wider range of scanning velocities
and include nonlinear material properties. In addition, higher
experimental scanning velocities may be possible through
modifications to motor microstep control or higher sensor
sampling frequency. Second, the use of 2D modeling, though
it reduces computational time, limits the type of scanning
behaviors and surface geometries that can be simulated. A 3D
model could be developed in the future to allow exploration
of more complex design spaces. However, these limitations
did not interfere with testing our overall hypothesis.

V. CONCLUSION

Developing reliable tactile sensors for material classifica-
tion can be difficult because of limited degrees of freedom
and resolution pertaining to the sensor data. The presented
sensor design and fabrication procedures provide a feasible
solution by utilizing a low-cost magnet-elastomer structure
with dual layers, which is modeled on human subcuta-
neous anatomy. Furthermore, results from both simulation
and real-world experiments suggest that fingerprint ridges
significantly improve the sensor’s ability to classify materials
with varying surface properties across a range of velocities.
We also verified that sensors with fingerprint ridges are
better at classifying materials even without prior information
about the scanning velocities. Further work to improve
the tactile sensor could utilize additional magnetic field
sensory information, create a tactile array, or tune sensor
geometry for higher classification accuracy. We believe that
this biomimetic tactile sensor has high potential for a wide
array of robotic applications, including texture classification,
material inspection, object recognition and sorting.
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