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Liquid-Metal-Based Soft Pressure Sensor and
Multidirectional Detection by Machine Learning

Osman Gul, Jeongnam Kim, Kyuyoung Kim, Hye Jin Kim,* and Inkyu Park*

Electronic skin (e-skin) is an emerging technology with promising applications
in various fields, including human-machine interfaces, prosthetics, and
robotics. Soft and flexible sensors are vital components for the e-skin that can
mimic human skin’s sensing capabilities. Among soft sensors,
liquid-metal-based sensors have gained attention owing to their unique
properties, such as high electrical conductivity, stretchability, and elasticity.
Herein, a novel approach is presented that enables multidirectional pressure
sensing with a machine-learning approach from the transient response of the
liquid-metal-based soft pressure sensor for the e-skins. In this study, a soft
sensor is developed that utilizes liquid metal and has an array of
microchannels on a dome-shaped structure to detect pressures from multiple
directions. The transient response from six microchannels of the sensor is
used as the input for a convolutional neural network (CNN) to predict the
direction (classification accuracy of 99.1%) and magnitude (regression error of
20.13%) of the applied pressures in real time. Finally, a potential application

and stretchable to adapt to its
surroundings.(®! The development of
flexible and stretchable soft sensors has
gained rapid momentum, as they have a
wide range of applications, including hu-
man motion monitoring,”# healthcare
monitoring,®'!l and wearable robots.!'
Owing to its advantageous properties,
liquid metal has gained substantial uti-
lization in fabricating flexible and soft
sensors.[3-17] However, electronic skin
needs to be able to sense different types
of pressures, such as radial pressures,
which require the development of a soft
multidirectional pressure sensor.[18-21]
The development of soft multidirectional
sensors plays a pivotal role in increas-
ing the amount of data captured by

of the developed liquid-metal-based soft sensor as a human-machine
interface device is demonstrated by using it to control an RC model car
through multidirectional predictions (pressure direction and magnitude)

through machine learning in real time.

1. Introduction

The human skin is a remarkable organ that plays a crucial role
in our perception of the external world!'*) With the advent of
soft robotics, there has been a growing interest in developing
electronic skin that can mimic human touch-sensing abilities.[*]
For electronic skin to be effective, it must be highly flexible
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an electronic skin. Although previous
studies have developed multidirectional
pressure sensors, the investigation into
discerning the direction and magnitude
of applied pressure remains an unex-
plored domain.[?223] Soft sensors exhibit
hysteresis and nonlinearity, which makes
it challenging to implement conventional
calibration methods.[?*! Multidirectional pressure sensors have
been extensively developed in literature owing to their vast appli-
cation opportunities. Recently, the trend has shifted towards de-
veloping soft sensors with a focus on the design of the structure
and sensing materials. To achieve this, flexible and stretchable
sensing materials have been employed, resulting in various 3D
structures with different detection principles. The four-element
sensing structure is the most commonly used structure for mul-
tidirectional sensors, in which the four sensing elements are po-
sitioned at 90-degree intervals from one other, forming cube-like
structure. Through the four-element sensing structure, it facil-
itates measurement of multidirectional forces. Wide-ranged 3D
bump structures are used at the top of the sensing materials to
identify the applied multiaxial forces. Lee et al. demonstrated
trapezoid structure and CNT array as the sensing material.?’!
Pyo et al. also demonstrated a multiaxial force sensor case with a
3D dome structure at the top of the multiple NiCr piezoresistive
sensors.[?) On the other hand, Jung et al. proposed a multiax-
ial force sensor with the sensing materials placed on the side-
walls of the 3D bump structure.’”] Vogt et al. and Kim et al.
presented liquid-metal-based multiaxial force sensors with rigid
pressure transmission structures on the top of the liquid metal
channels.?®%] In these sensors, the multidirectional force is

[24
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generated by applied shear force to the four-sensing structure of
the sensor. Nevertheless, extracting directional information from
four-sensing element-based sensors’ setup when exposed to ap-
plied radial pressure remains a formidable challenge, primarily
because this method is primarily designed for shear force related
applications.

In this study, we present a new solution to address the limi-
tations of existing multiaxial sensors. Our approach involves the
development of a soft sensor using liquid metal with a dome-
shaped design that enables discrimination of directional pres-
sures. Additionally, we leverage machine learning algorithms to
identify the direction and amount of applied pressure. The mi-
crochannels of the soft sensor were created using fused depo-
sition modeling (FDM). A 3D printed mold made of poly(vinyl
alcohol) (PVA) was embedded into the elastomer and dissolved
with water to create the microchannels. The empty microchan-
nels were filled with liquid metal, and a vacuum process was
applied to create the dome structure for multidirectional pres-
sure sensing. The microchannels within the liquid-metal-based
soft sensor exhibit a transient response when pressure is applied.
Specifically, each direction of the sensor indicates a distinct tran-
sient response when the pressure is applied, which helps to dif-
ferentiate between different directions of applied pressure. The
machine learning technique we have implemented is based on
dual-task 1D convolutional neural networks (CNN) which allows
real-time classification of the directions and regression of the
magnitude from the applied multidirectional pressures by their
distinct transient responses. The effectiveness of the sensor and
algorithm is demonstrated with human-machine interface ap-
plication where the sensor is used to control an RC model car.
The machine learning predictions, including direction and mag-
nitude of the pressure are used to control the vehicle’s real-time
movement.

2. Results and Discussion

2.1. Description of the Soft Sensor and Multidirectional
Detection Strategy

The liquid-metal-based soft sensor consists of two structures:
liquid-metal-based microchannel arrays with a multilayered elas-
tomer structure and a soft dome structure. Using the same elas-
tomer material as the multilayered structure ensures that the
dome structure is completely soft. Three straight microchannels
on the top layer and another three microchannels on the bottom
layer were designed in a cross-bar configuration (Figure 1a,b).
The liquid metal microchannel array was designed for the dis-
crimination of loading direction. The dome structure makes
it possible to discriminate various angles of applied pressure
(Figure 1c). Throughout this study, multidirectional pressures
were employed using an inclined structure (Figure S1, Sup-
porting Information). Thus, a simple matrix-based visualization
method is utilized to show applied pressure on each direction.
The minimum width of the microchannel was limited to 500 um
in the FDM 3D printing process. The designed sensor struc-
ture was confined to three microchannels, aiming to create the
smallest possible multidirectional pressure sensor achievable
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proposed multidirectional detection. In our prior study, experi-
ments focused on dome height and sensor sensitivity, revealing
that the highest dome structure resulted in wide ranged pres-
sure sensing.3% Consequently, we selected the maximum achiev-
able dome height through the vacuum application. Conversely,
lower dome heights pose challenges in discerning radial direc-
tional pressures within a narrow-angle range. Consequently, an
increase in dome height undoubtedly expands the radial direc-
tional sensing range. As the bottom microchannels and top mi-
crochannels are perpendicular to each other, they form three by
three matrix for spatial detection of the applied pressures. Fur-
thermore, the liquid-metal-based soft sensor can detect radial
pressure when applied in a 360° spatial range with an interval of
45°. Figure 1d demonstrates the machine learning approach used
for real-time regression and classification. The sensor response
data is divided into segments using a sliding window technique
to achieve real-time estimation of direction and magnitude of ap-
plied pressure. These segments are combined to create a tensor,
which is then processed by a 1D convolutional neural network
(CNN) architecture. The dual-task output of the CNN model pro-
vides information on the direction (classification) and magnitude
(regression) of the pressure in real-time.

2.2. Fabrication Process

The master mold for the sensor fabrication was designed using
a 3D modeling software, followed by its production through 3D-
printing using water-soluble PVA material (Figure 2a). Dragon
skin 10 (DS10) layer was spin coated on a glass wafer as the
bottom layer of the sensor (Figure 2b). After the first master
mold was placed on the bottom layer, a DS10 layer was spin
coated again to form the middle layer (Figure 2c,d). Following
the placement of the second master mold onto the middle layer,
the top layer of DS10 was spin coated as shown in Figure 2e,f and
Figure S2 (Supporting Information). After curing, water was in-
troduced to dissolve the 3D-printed PVA master molds within the
Dragon Skin, resulting in the formation of empty microchannels
(Figure 2g). Then, liquid metal (Galinstan) was used to fill the
empty microchannels (Figure 2h). Finally, a vacuum was applied
to fabricate a dome-shaped multidirectional sensor (Figure 2i-k).
A comprehensive explanation of the sensor fabrication process is
provided in the experimental section and dimensions in Figure
S3 (Supporting Information).

2.3. Response of Fabricated Pressure Sensor

When pressure is applied to the liquid metal microchannel, its
cross-sectional area is decreased and the electrical resistance is
increased as a consequence (Figure 3a). Equation 1 describes how
the microchannel’s height (Ah) changes when subjected to nor-
mal stress (o,). On the other hand, the second equation (Equa-
tion 2) represents the corresponding relative change in electrical
resistance.3132]

through the FDM 3D printing process. An increase in the num- 2 (1 — v2) wo,
ber of microchannels will lead to an improved resolution of the ~ Ah = -5 1)
Adv. Mater. Technol. 2024, 2302134 2302134 (2 of 11) © 2024 Wiley-VCH GmbH
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Figure 1. Overview of the liquid-metal-based soft sensor and multidirectional detection by machine learning. a) Schematic representation of liquid-
metal-based soft sensor composed of dome structure, elastomer, and liquid-metal-based microchannels. b) Image of the fabricated liquid-metal-based
soft sensor. ) Schematic representation of multidirectional pressure recognition by proposed liquid-metal-based soft sensor. d) Overview of the ma-
chine learning technique used to process transient responses of the liquid-metal-based soft sensor for the real-time multidirectional classification and

regression.
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The variables used in Equations 1 and 2 are as follows: w and
h represent the width and height of the microchannel, respec-
tively, v represents Poisson’s ratio, E represents Young’s mod-
ulus of the elastomer, and y is the correction factor. When the
normal stress (0,) is applied to the elastomer, the stress magni-
tude diminishes along the Z direction. The correction factor y
can be described as the factor of pressure for decreasing mag-
nitude of the applied pressure in the Z direction in relation to
the increase in the elastomer thickness. The finite element anal-
ysis (FEA) simulation conducted via COMSOL was utilized to in-
vestigate the stress distribution in the soft pressure sensor. Due
to the entire soft structure of the sensor, the stress is transmit-
ted from the top layer (X-layer) to the bottom layer (Y-layer), as
demonstrated in Figure 3b. The stress distribution in layers X
and Y increases when pressure is applied, the corresponding de-
crease in resistance change can be explained by Equation 2. The-
orical estimation of the correction factor y could be solved using
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through Boussinesq's method as in Figure S4 (Supporting Infor-
mation). Figure 3b-i,ii depicts the stress distribution on the sen-
sor under pressures of approximately 100 and 1000 kPa, respec-
tively. During the initial phase of pressure application (around
100 kPa), the X-layer experience deformation whereas the Y-layer
is subjected to some deformation also but remains notably less
deformed in comparison to the X-layer. Consequently, this leads
to no substantial change in resistance in the Y-layer of the sen-
sor. However, as the pressure increases to about 1000 kPa, both
X-layer and Y-layer undergo significant deformation. An increase
in the thickness of the elastomer layer impacts the correction fac-
tor y accordingly, leading to a reduction in resistance change of
the liquid-metal-based microchannels under the same applied
pressure. Experimental results corroborate these findings, with
the X-layer showing a higher relative resistance change than the
Y-layer under the same applied pressure (Figure 3c). In addi-
tion, the resistance change in the X-layer starts at approximately
50 kPa, while the Y-layer exhibits resistance change from approx-
imately 150 kPa, which can be attributed to the decrease in stress
transmission as the elastomer layer thickness increases. Further-
more, we conducted experiments to demonstrate the behavior of
the liquid metal-based pressure sensor. Figure S5 (Supporting

© 2024 Wiley-VCH GmbH
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Figure 2. Fabrication process of liquid-metal-based soft pressure sensor: a) Microchannel master mold based on PVA is fabricated by 3D printer.
b) Dragon Skin 10 (DS 10) layer is spin coated on a glass wafer. c) The first microchannel master mold is placed on the bottom layer. d) Additional
pre-polymer is spin-coated above them as a middle layer. ) The second master mold is placed perpendicular to the first master mold. f) Additional
DS 10 pre-polymer is spin-coated on the second master mold. g) PVA molds are removed by water intrusion. h) Liquid-metal (Galinstan) is injected by
syringe. i) The plane sensor is placed on a vacuum chamber. j) Vacuum pressure is applied to form a concave shape and elastomer is cast and cured to

generate a dome structure. k) Final sensor device is obtained.

Information) demonstrates the ability to recognize the frequency
from 0.37 Hz to 1 Hz for an applied pressure of 1000 kPa. The
output of the liquid metal-based pressure sensor shows a 2%
change at total within the frequency range of 1 Hz to 0.37 Hz.
Also, the response time of 190 ms and recovery time of 100 ms
have been validated by applying 1000 kPa as illustrated in Figure
S6 (Supporting Information). Moreover, the liquid metal-based
pressure sensor demonstrates remarkable durability during the
dynamic cycling experiment, spanning 1000 cycles (Figure S7,
Supporting Information).

We observed that the liquid-metal-based pressure sensor ex-
hibits a transient response before reaching a steady state due to
its soft structure and the use of liquid metal. In Figure 3d, the
transient response for each direction on the sensor is shown un-
der multidirectional pressure application. When the pressure is
applied to each sensor direction, the corresponding microchan-
nel exhibits a change in resistance. Furthermore, Figure 3d
demonstrates resistance change of directions of X1-Y1 (location
1), X2-Y2 (location 5), X1-Y3 (location 7), X3-Y3 (location 9) with
matrix-based visualization of multidirectional pressure applica-
tion for each direction as demonstrated in Figure 1c. When pres-
sure is applied in the normal direction (perpendicular) to loca-
tion 5, both X2 and Y2 microchannels exhibit changes in resis-
tance. All radial directions of the sensor subjected to pressure
applied at a 70° relative to the normal pressure direction to lo-
cation 5. As mentioned earlier in this section, the transmitted
stress decreases along the Z direction, leading to higher resis-
tance changes in the X-layer than those in the Y-layer for all cases.
Each multidirectional pressure generates a distinct transient re-
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sponse pattern, as observed in Figure 3d, and this feature pro-
vides the possibility of classifying the sensor output using ma-
chine learning algorithm. The detailed transient response of the
sensor under varying multidirectional pressure applications can
be found in Figure S8 (Supporting Information).

2.4. Classification and Regression with 1D CNN Machine
Learning Algorithm

Figure 4a presents an overview of the machine learning train-
ing and real-time prediction used for monitoring multidirec-
tional pressure. Figure 3d illustrates the transient responses of
each sensor to various pressure directions, which did not satu-
rate immediately after the pressure was applied. To achieve real-
time multidirectional detection, it is crucial to classify the di-
rection and to predict the magnitude of the applied pressure
even in the transient region. Therefore, the raw data in the tran-
sient response is preprocessed by the sliding window technique
and input into a 1D convolutional neural network (CNN) algo-
rithm. The model fitting is done by training the 1D CNN. Once
the prediction model is acquired, it is used for real-time pre-
diction of multidirectional pressure. The sensor signals also re-
quire data preprocessing before input into the prediction model.
Specifically, the data is segmented into sliding windows and fed
into the model. The prediction model processes the segmented
data and outputs the direction and magnitude of the multidirec-
tional pressure in real time, which is displayed through a Python
GUIL. Figure 4D illustrates the approach used in this study for

© 2024 Wiley-VCH GmbH
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Figure 3. Responses of the liquid-metal-based soft pressure sensor. a) Schematic illustration of the sensor under pressure application. b) The finite-
element analysis results in stress distribution on the sensor. (i) The stress distribution on the sensor under approximately 100 kPa for normal and
directional pressure. (ii) The stress distribution on the sensor under approximately 1000 kPa for normal and directional pressure. c) Relative resistance
changes of the sensor in response to applied pressure. d) Transient response of the sensor under varying multidirectional pressure applications.

identifying the direction and magnitude of the multidirectional
pressure. A sliding window of 1 s was employed to capture the
transient responses of all liquid metal microchannels. The mi-
crochannel responses were sampled at a frequency of 10 Hz, and
after preprocessing, the sensor signals were transformed into a
1 X 4 tensor that is fed into the 1D CNN algorithm. The input
data were processed through two convolutional layers with a ker-
nel size of 3 and 1024 filters. The output of the convolutional
layers was processed by a Dropout layer to prevent overfitting,
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followed by a MaxPooling 1D layer to reduce the dimensionality
of the output. The output was then flattened and passed through
fully connected layers for dual-task output. Finally, the output
layer of the model consists of 10 nodes corresponding to the ten
different directions of the applied pressure (including idle, mean-
ing no pressure). Additionally, the model generates a single out-
put for the regression (magnitude of the applied pressure). 24
cycles of training data, 8 cycles for validation, and 8 cycles for
testing, which correspond to 60%, 20%, and 20%, respectively,

© 2024 Wiley-VCH GmbH
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Figure 4. Classification and regression with 1D convolutional neural network (CNN) machine learning algorithm: a) Schematic diagram depicting the
progression from machine learning model training to real-time predictions encompassing multidirectional classification and regression tasks. b) The
CNN structure for dual-task as classification (direction of pressure) and regression (magnitude of pressure). c) Result of classification showing high
classification accuracy (>96.4%) for all the ten directions (including idle), with an overall accuracy of 99.1%. d) Regression data of pressure magnitude
(prediction) and measured pressure (reference).
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Figure 5. Real-time multidirectional pressure detection by machine learning algorithm. a) Result for normal pressure (i e, in perpendicular direction
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of the overall machine learning dataset were collected. The col-
lected machine learning data included a range of 300-800 kPa
with an increment of 100 kPa for training. In the case of vali-
dation, a range of 350-750 kPa with an increment of 100 kPa
data was obtained. However, for the testing data, values were
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randomly selected, such as 320, 430, and 570 kPa. The machine
learning training results are shown in Figure 4c,d. Figure 4c dis-
plays the confusion matrix, indicating an overall classification ac-
curacy of 99.1% and minimum classification accuracy of 96.4%.
Additionally, Figure 4d shows the predicted pressure magnitude
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in comparison to the reference load cell value which exhibits a
regression error of 20.13%.

2.5. Real-Time Multidirectional Pressure Detection

The process of conducting real-time machine learning was de-
picted in Figure 4a and explained in detail in the previous sec-
tion. An experiment was carried out to confirm the real-time ma-
chine learning outcomes in terms of the predicted direction and
magnitude of the applied pressure. Figure 5a shows the predic-
tion result of normal pressure (vertical to the sensor, i.e., perpen-
dicular direction to location #5) from real-time machine learn-
ing. Figure 5a-i illustrates the changes in resistance of the liquid-
metal-based soft sensor when varying normal pressures were ap-
plied (Video S1, Supporting Information). The experiment re-
sults indicate that the sensor can produce consistent and repeat-
able measurements for repeated pressure applications, which in
turn leads to consistent machine learning outcomes. As shown
in Figure 5a-ii, comparing the reference and predicted pressure
values for normal pressure reveals a good match between them.
In Figure 5b, the sensor is subjected to radial pressures applied
to directions 1, 3, 7, and 9(Video S2, Supporting Information).
Figure 5b-i displays the changes in resistance of the sensor for
different pressure directions (i.e., radial pressure at locations 1,
3,7, and 9). Figure 5b-ii compares the reference and predicted
pressures for each direction. The liquid metal soft sensor was also
subjected to radial pressures applied to locations 2, 4, 6, and 8, as
shown in Figure 5c (Video S3, Supporting Information). From
these results, we could confirm that the dual-task 1D CNN with
the developed pressure sensor was able to successfully predict
both the direction and magnitude of the applied pressure simul-
taneously. Therefore, this is a promising approach to detect mul-
tidirectional pressure in real-time for various applications such
as wearable devices, robotics, and human-machine interfaces.

2.6. Application: Human—Machine Interface with
Multidirectional Pressure Detection in Real Time

The liquid-metal-based soft sensor with multidirectional pres-
sure detection and real-time machine-learning predictions can
be used as a soft human-machine interface for controlling var-
ious devices. We demonstrate the approach using an RC model
car controlled by real-time multidirectional pressure predictions.
Figure 6a depicts the process of implementing this. The sensor
signal is acquired from the sensor and then passed to the pre-
processing step. Afterwards, the preprocessed data is transmitted
to a real-time prediction model based on machine learning algo-
rithm. The model generates two outputs: classification for the
direction and regression for the magnitude of multidirectional
pressure. These outputs are sent to the RC model car via a Blue-
tooth module powered by an Arduino, which receives the com-
mands and controls the car’s movement. Figure 6b demonstrates
the remote controlling data generated by the liquid-metal-based
soft pressure sensor and machine learning algorithm (Video S4,
Supporting Information). Figure 6b-i displays the acquired raw
sensor data, while Figure 6b-ii shows the predicted direction of
the applied pressure. The directions of pressure on the locations
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of 6, 4, 2, and 8 correspond to the forward, backward, counter-
clockwise, and clockwise movements of the RC car, respectively
(Figure 6c). Figure 6b-iii depicts the predicted magnitude of the
applied pressure. The liquid-metal-based soft pressure sensor de-
veloped in this study can be used as a human-machine interface
to control various devices in real-time using machine learning.
Its ability to detect multidirectional pressures, along with its real-
time machine-learning prediction capabilities, makes it a promis-
ing candidate for use as a human-machine interaction device in
controlling a wide range of devices. Although this study demon-
strated the use of the sensor in controlling an RC model car, fur-
ther applications such as prosthetics, soft robotics, and entertain-
ment devices can be realized.

3. Conclusion

In this study, we introduced a new approach for developing a
multidirectional pressure sensing system using a dome-shaped
3D soft pressure sensor with multiple liquid metal microchan-
nels and machine learning algorithm. Our research involved the
application of a 1D convolutional neural network (CNN) based
machine learning algorithm to analyze these transient responses
of multiple liquid metal channels in order to identify both the
direction and magnitude of the applied multidirectional pres-
sures for advanced applications. The developed 1D CNN algo-
rithm has proven effective in real-time identification of both the
direction and magnitude of applied multidirectional pressures.
Hence, we were able to showcase a human-machine interface
application wherein the sensor was utilized to control the move-
ment of an RC model car in real time. Overall, the developed
liquid-metal-based soft pressure sensor with real-time machine-
learning-based predictions holds promise for diverse applica-
tions that demand the identification of direction and magnitude
of the applied pressure. These applications span across fields
such as robotics, prosthetics, virtual reality, and so on.

4. Experimental Section

Materials:  Dragon Skin 10 (Smooth-on, USA), Easy Release 200
(Smooth-on, USA), PVA filament (2.75 mm, Ultimaker, USA), Galinstan
(Santech Materials, China) were all used as purchased.

Fabrication Process: The 3D-printed master mold was designed by a
3D computer-aided design (CAD) program (Fusion 360, Autodesk, USA).
After modeling the mold, the 3D CAD file was converted to a STL file, and
which was then imported into the 3D printing software (Cura 4.10, Ulti-
maker, USA). After 3D printing with water-soluble PVA, the master mold
was carefully detached from the printing bed with a razor blade. Before
the spin-coating of Dragon Skin 10 (DS10) on the glass wafer, a releasing
agent (ER-200, Smooth-On Inc., USA) was coated on the glass wafer to re-
lease the elastomer easily. The pre-polymer mixture of DS10 was prepared
by mixing its components, A and B, with a ratio of 1:1. The mixed DS10
was degassed in the vacuum chamber for 10 min. As the bottom layer,
the glass wafer was spin-coated (600 rpm, 60s) with prepared DS10 and
cured at 70 °C for 2 h. Then, the first microchannel master mold based
on PVA was placed on the bottom layer, and additional pre-polymer DS10
was spin-coated (300 rpm, 60 s) above them as a second layer. After cur-
ing the second layer, the second master mold was placed perpendicular
to the first master mold. Then, the additional pre-polymer DS10 was spin-
coated (200 rpm, 60 s) above the second PVA master mold as the top
layer and cured at 70 °C for 2 h. After curing the specimen, small holes
were opened on the top layer at the ends of the molds for PVA removal.
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Figure 6. Demonstration of the liquid-metal-based soft pressure sensor for human—machine interface. a) Schematic diagram of real-time RC model
car controlled by machine learning prediction using the liquid-metal-based soft pressure sensor. b) Demonstration of the real-time machine learn-

prediction of direction and magnitude of applied pressure by machine-learning algorithm c) Demonstration of the RC model car control by real-time
machine-learning-based classification and regression of applied multidirectional pressure.
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The sensor was placed in the deionized water at 70 °C for a day. Consecu-
tive water intrusion was achieved by using a syringe through the holes to
remove the PVA mold, resulting in the fabrication of empty microchannels.
After drying the specimen at 70 °C for 30 min, galinstan was introduced
into the empty microchannels through the vacuum-filling method. An ad-
ditional layer of elastomer was used to seal the holes, which was applied
through spin-coating at 1000 rpm for 60 s. A vacuum chamber was uti-
lized to fabricate a 3D dome structure. The intersection area of horizontal
and vertical liquid-metal-based plane sensor was positioned onto a 5 mm
diameter hole. Applying a negative pressure to the plane sensor resulted
in the formation of a concave hill. Under Ap = -60 kPa, the maximum
height (H) of the dome was 2.1 mm when the total thickness of the plane
sensor was 1.6 mm. In order to maintain the dome-shape of the liquid-
metal-based soft sensor, DS10 was filled in the concave hill structure and
then cured. Once the curing process was complete, the vacuum chamber
was depressurized, and the final sensor structure was obtained. Finally,
electrical wires were connected to the reservoirs of each microchannel.

FEA Simulation: ~ Finite element analysis (FEA) was performed using
COMSOL to investigate the deformation of the liquid-metal-based soft
pressure sensor under applied normal and radial pressures. In Figure S9
(Supporting Information), the structure design of FEA simulation model
for normal and radial pressure cases are demonstrated. The Dragon Skin
10 and liquid-metal were modeled as Yeoh and Neo-Hookean hyperelastic
materials. The Young’s modulus of the Dragon Skin 10 used for the sim-
ulation were Epgqq = 125 kPa.33] The coefficients Cyg, Cyg, and C3, were
1.00 x 1077, 6.42 x 1072, 8.08 x 10~> MPa.[**] C;; = 0.5 kPa was used
for the coefficient of liquid-metal-based microchannels based on the shear
modulus of 1kPa.[*] To investigate the normal and radial pressure appli-
cation cases by FEA simulation, the sequence type is selected as physics-
controlled mesh with element size of “fine” (Figure S10, Supporting Infor-
mation)

Signal Processing:  The study utilized TensorFlow (version 2.7.0) as the
framework for implementing the supervised machine learning technique
to analyze the response of the liquid-metal-based soft sensor. The tech-
nique utilized 1D convolutional neural networks and a sliding window ap-
proach for real-time classification and regression of the applied pressure.
The graphical user interface (GUI) was developed using Python’s Tkinter
library to monitor the sensor data and the machine learning predictions.

Human—Machine Interaction Application: The movement of the RC
model car was regulated by sensor data obtained and used to adjust
the machine-learning results accordingly. Sensor resistance data were ac-
quired by connecting the sensor and a reference resistor in series to create
a voltage-dividing circuit (Figure S11, Supporting Information). The appli-
cation system was divided into computer and wireless communication to
the RC model car. The sensor was connected to an ADS1115 converter,
capable of providing a high precision of 16-bit resolution at a sampling
rate of 860 samples per second over the 12C interface. The acquired sen-
sor signals amplified and recorded by an Arduino Due were further pro-
cessed using PyCharm software for machine learning analysis. After an-
alyzing the sensor signal in PyCharm software, the results are sent from
the computer’s Bluetooth module to the RC model car’s Bluetooth module
(HC-05, Tenco Technology, USA). The motors of the RC model car are con-
trolled by the Arduino Uno board using the machine learning predictions
received via Bluetooth module.

Supporting Information

Supporting Information is available from the Wiley Online Library or from
the author.
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