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Machine learning-assisted flexible dual modal
sensor for multi-sensing detection and target
object recognition in the grasping process
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Multi-modal information data is important for the grasping process of robotic fingers. Simultaneous

bimodal perceiving of non-contact proximity distances and contact pressure stimuli is widely desired for

artificial intelligence electronics, such as electronic skin and health monitoring. It is a challenge to

independently detect and process different signals for target recognition without cross-coupling. A

machine learning-assisted flexible dual modal sensor (FDMS) was developed for robotic electronic skin

application to simultaneously engage in proximity distance and contact pressure measurements to fully

process perception during grasping. FDMSs with a multi-layer structure (polydimethylsiloxane film,

conductive silver paste, silicone rubber, and hydrogel film in layers) were developed for robotic electronic

skin application. FDMSs with conductive silver coils were designed for proximity perception due to the

variable capacitance value. A single electrode mode triboelectric nanogenerator (TENG) sensor with

frictional electric effect and electrostatic induction was applied for contact pressure measurements. The

AlexNet neural network was adopted to target material and hardness recognition from FDMSs in the

robot-grasping process, and it achieved a success recognition rate of 93.49% for different materials and

92.22% for different hardness values. Compared to other algorithms, the performance of the AlexNet

neural network was superior for target material recognition, which would improve human–robot interaction

ability. The robot electronic skin exhibited dual perception feedback capability in proximity and contact

perception with excellent flexibility and stability, which has great potential for human–robot interactions,

soft robotics, and biomedical applications.

1. Introduction

With the rapid development of robotics technology, it is
increasingly important for safe interactions to occur between
robots, humans, and other objects with the assistance of
multi-data sensing during the operation process.1–3 For
intricate tasks performed by the robot in more diverse and
complex environments, it is particularly crucial for robots to
possess perceptual sensing abilities similar to those of human
skin.4,5 Some inherent limitations remain for traditional rigid
sensors interacting with soft objects due to the lack of
flexibility and adaptability.6

Flexible substrates based on polymer materials such as
polydimethylsiloxane (PDMS), polyethylene terephthalate
(PET), and polyimide (PI) have been adopted for flexible
sensor systems for multi-sensing data collection.4,7–9

Therefore, it is more demanding and challenging to develop
a flexible multi-functional sensor to detect multi-sensing data

to improve friendly human–machine interactions and full
perception in the grasping process.

Flexible electronic skin (e-skin)10,11 is a new type of sensor
that mimics the multi-sensory functions of human skin, and
has wide applications such as in human–robot interaction
(HRI),12,13 structural health monitoring,14 and smart
wearable devices,8,15 and can be applied to detect various
sensing parameter measurements such as proximity,
temperature, and humidity.16–18 Flexible tactile sensors with
thin-film thermistors have been developed to implement
multimodal perceptions of pressure, temperature, matter
thermal property, texture, and slippage.19–21 A self-powered,
skin adhesive, and flexible human–machine interface
(SSFHMI) based on a frictional nanogenerator has been
developed for multi-sensory data recording and multiple
interactions with a microcontroller and a programmable
touch operation platform.9,22

We propose the construction of a capacitive proximity and
pressure dual modal sensor designed with spiral electrodes,
which uses cross-linked calcium alginate film as the
dielectric layer and can achieve continuous human–machine
interaction.23 The bionic skin is used for droplet
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environment reconnaissance measurements by converting
various dynamic droplet-sliding behaviors into electrical
signals based on triboelectricity.4 A hybrid resistive-
supercapacitor (HRSC) has been developed that can achieve
high sensitivity over a wide linear range, and expand
application scenarios in prosthetic sensing and electronic
skin.24 Biomimetic electronic skin (BES) has been applied to
robots, and excellent dynamic/static perception and material
cognition functions have been achieved.5,13 The electronic
skin achieved spatial mapping applications based on dual-
mode sensing (proximity and pressure) through edge and ion
electron effects, such as non-contact measurements of three-
dimensional (3D) objects and contact recognition.25,26

Flexible sensors with machine learning algorithms have
been designed as intelligent cognitive systems for real-time
recognition of target objects.27–29 Machine learning-driven
micropyramid array bimodal (MAB) electronic skin was
developed to enhance multi-sensory capabilities.8,30 With the
assistance of multi-layer perceptrons and convolutional
neural networks, the MAB e-skin was trained to learn
proximity and pressure sensing modes with 6 materials and
10 surface shapes, thereby achieving precise perception of
different objects within one proximity pressure cycle.22,31

High-performance bimodal sensing with high tactile
sensitivity and biocompatibility is required in robotic
electronic skin for multi-sensory data recording in the
operation process. Flexible dual modal sensors combined
with machine learning technology should be designed and
developed for multi-sensory data collection and full process
perception to achieve target recognition in the grasping
process of robot finger manipulation.

A machine learning-assisted flexible dual modal sensor
was developed for robotic electronic skin application and
applied to multi-sensory data measurement and target
recognition in the grasping process. Different machine
learning algorithms were adopted to target material and
hardness recognition by flexible dual modal sensor. The
main contributions of the work are:

(1) The flexible dual modal sensor (FDMS) with proximity
distance and contact pressure sensing function abilities,
which was designed to fully and simultaneously process
perception in the grasping process of the robotic fingers. A
flexible dual modal sensor with multi-layer structure (PDMS
film, conductive silver paste, silicone rubber, and hydrogel
film in layers) was developed for robotic electronic skin
application. A flexible conductive silver coil integrated into
the FDMS was designed for contact distance perception due
to the variable capacitance value. The single electrode mode
triboelectric nanogenerator (TENG) sensor integrated with
the FDMS was used for contact pressure measurements with
a frictional electric effect and electrostatic induction. A
flexible dual modal sensor can provide stable and reliable
tactile sensing signals in the grasping process.

(2) The AlexNet neural network, which was developed to
target material and hardness recognition with dual channel
sensing data from the FDMS in the robot-grasping process.

Obstacle avoidance of the robotic fingers was achieved based
on the proximity sensors with conductive silver coils in the
FDMS. It achieved a success recognition rate of 93.49% for
touching different materials and 92.22% for the different
hardnesses of the grasped object by the proposed AlexNet
neural network. The AlexNet neural network-assisted flexible
dual modal sensor was developed for multi-sensory data
measurement and target recognition in the grasping process,
which would improve the HRI ability from robot information
signal to human.

The main work is arranged as follows: the design and
principle of robotic electronic skin based on the FDMS with
proximity distance and contact pressure measurements are
depicted in section 2. The material preparation and
fabrication process of the FDMS are described in section 3.
The electrical performance of the FDMS with proximity
distance and contact pressure function ability has been
illustrated in section 4. The experimental results
demonstrated that the AlexNet neural network has been
sufficiently developed to target material and hardness
recognition with dual channel sensing data from the FDMS
in the robot-grasping process. This article ends with a
summary and conclusion.

2. Design and principle

Robot electronic skin is designed to simulate human skin's
perception ability for proximity distance and contact pressure
measurement in the robot-grasping process. Fig. 1(a) depicts
a FDMS composed of PDMS film, conductive silver paste,
silicone rubber, and hydrogel film. The FDMS was laminated
onto a robot finger for proximity distance and contact
pressure measurements. Fig. 1(b and c) shows the working
principle of the FDMS for proximity distance and contact
pressure measurements. Fig. 1(b) depicts the working
principle of proximity perception of the FDMS with
conductive silver coils due to the variable capacitance value.
The potential φt of the electrode of the conductive silver paste

Fig. 1 (a) Schematic diagram of FDMSs for robot grasping
manipulation. (b) Working principle of proximity perception of the
flexible dual modal sensor. (c) Working principle of contact pressure
perception of flexible dual modal sensor. (d) Robot electronic skin
based on flexible dual modal sensors achieves multifunctional
perception through machine learning.
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is computed by conformal mapping methods due to the
variable proximity distance:

φt ¼ Φt −
Q

4πε0

1
2d

− 1ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
4d2 þ 4ds sinθ þ s2

p
 !

φr ¼ Φr þ Q
4πε0

1
2 d þ l sinθð Þ −

1ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
4d2 þ 4ds sinθ þ s2

p
 !

8>>>>><
>>>>>:

(1)

where t and r represent the charged particles; d denotes the
distance between the object and the electrode; S denotes the
electrode gap; l denotes the width of the electrode; θ denotes
the angle between the electrode plane and the surface of the
object; Q denotes the charge of the equivalent electrode; ε0
denotes the vacuum dielectric constant; and Φt and Φr

denote the initial potentials when no object is near the
electrode.

Therefore, the variable potential ΔVtr would be changed by
the two charged particles due to the approaching process of
the object, and it is represented as:

ΔV tr ¼ φt − φrð Þ −V tr≈
Qs2

32πε0d3
sin2 θ þ 1
� �

(2)

where ΔVtr represents the variable potential difference
between two charged particles, and Vtr denotes the potential
difference between two charged particles without an external
object.

Let Q = CV and ΔVQ = ΔQV, and import them into eqn (2),
and it is rewritten as:

ΔCtr

Ctr
¼ ΔV tr

V tr
¼ Ctrs2

32πε0d3 sin2 θ þ 1
� �

(3)

where ΔCtr denotes the variable capacitance of the electrode
during the approaching process, and Ctr denotes the
capacitance value of the electrode.

Due to the transformation relationship between the
conductors and insulators, the variable capacitance ΔCtr is
rewritten as:

ΔCtr ¼ Ctr
2s2

32πε0d3
εt − ε0
εt þ ε0

sin2 θ þ 1
� �

(4)

where ε0 and εt denote the dielectric constants of vacuum
and objects, respectively.

Eqn (4) represents the geometric parameters of the
electrode related to the detection accuracy. When the gap s
increases or the distance d decreases, the detection accuracy
tends to increase. The proximity distance detection accuracy
increases with the increasing dielectric parameter εt.

Fig. 1(c) depicts the principle of the single-electrode mode
TENG sensor with a stretchable acrylamide (AAM)/NaCl
hydrogel for contact pressure perception based on the
frictional electric effect and electrostatic induction, which
would induce charge transfer and generate periodic currents
during the contact and separation process of the external
objects. Therefore, it is possible to measure the contact
pressure (between the electrodes with objects) by FDMS with
the TENG sensor.

Fig. 1(d) shows the target object recognition ability of the
robotic finger with the FDMS and machine learning
algorithm when grasping different objects. Through a large
amount of training data, the neural network recognizes the
material, hardness, and other characteristics of the target
objects with the FDMS system. In the field of HRI, it is
necessary for robots to acquire greater intelligence
capabilities with multi-sensing data to adapt to diverse
environments and complicated tasks.

3. Material preparation and
fabrication

The material selection and fabrication processes play an
important role in the mechanical and electrical properties of
FDMSs, mainly including the preparation of proximity
sensors in capacitive mode, contact pressure sensors in
TENG mode, and integration of FDMSs with multi-sensory
function. Fig. 2(a) shows the material preparation and
fabrication process of the proximity sensor. First, 15 g of
PDMS solution was mixed with 1.5 g curing agent in a ratio
of 10 : 1, and then, the solution was warmed on a heating
plate at 75 °C for 15 min. The PDMS film was subsequently
peeled off from the glass wafer.

A mask with a conductive silver coil pattern was placed on
the PDMS film, and screen printing technology was adopted
to transfer the silver coil onto the PDMS film with a spiral
pattern. After the conductive silver paste was curried in the
air, it was covered with another PDMS film. The conductive
silver paste acted as the electrode for the proximity sensor,
and possesses the advantages of excellent conductivity, good

Fig. 2 (a) Material preparation of FDMSs with the proximity sensor. (b)
Fabrication process of the AAM/NaCl hydrogel for the TENG pressure
sensor. (c) Schematic diagram of the assembly process of FDMSs with
a multi-layer structure. (d) Optical image of an FDMS with proximity
distance and contact pressure-sensing function ability. (e) Optical
image of an FDMS in the bent format. (f) Optical image of the robot
finger with FDMSs. (g) Optical image of the robot finger in the grasping
process.
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processing performance, high stability, and strong wear
resistance. The proximity sensor can be used for contactless
distance measurement between the object and the sensor,
and is used as a shielding layer to avoid capacitive coupling
between the experimental object and the metal part of the
robotic finger.

Fig. 2(b) depicts the fabrication process of the AAM/NaCl
conductive hydrogel, which was used as the electrode layer of
the TENG contact pressure sensor. First, 1.564 g of AAM powder
and 1.602 g of NaCl were dissolved in 10mL of deionized water,
and 0.006 g of N,N′-methylenebisacrylamide (MBAA) and 0.017
g of ammonium persulfate (APS) were then added as
crosslinking agents and photoinitiators for AAM, with
subsequent addition of 0.25% tetramethylethylenediamine
(TEMED) as a promoter relative to the weight of the AAM
monomer. The AAM/NaCl conductive hydrogel was poured into
a glass mold at room temperature, and then was subsequently
used for the fabrication of the TENG pressure sensor.

Liquid Ecoflex silicone with components A and B (in a 1 : 1
ratio) was mixed and then cured at room temperature for two
hours to create a silicone rubber film. The silicone rubber
film was then cut into a 5 × 5 cm section (the same size as
the hydrogel) that was used as the negative friction layer for
the TENG. Liquid Ecoflex silicone was covered on the
hydrogel and silicone rubber film to encapsulate the TENG
contact pressure sensor. The TENG contact pressure sensor
was created with a sandwich structure that consisted of
silicone rubber, hydrogel film, and silicone rubber, which
were assembled to make contact during pressure
measurements in the robot finger-grasping process.

Based on the proximity sensor unit with a conductive
silver coil pattern, the TENG contact pressure sensor with a
sandwich structure, and the FDMSs with multi-layers: the
PDMS film, conductive silver paste, silicone rubber, and
hydrogel film were assembled layer by layer, and a schematic
diagram of the FDMSs is shown in Fig. 2(c). The fabrication
of the FDMSs with an overall size of 50 mm × 50 mm × 3 mm
was completed at room temperature, and they were used for
contactless distance and contact pressure sensing to improve
the HRI performance. Fig. 2(d) shows an optical image of the
FDMS with proximity distance and contact pressure-sensing
function ability. Fig. 2(e) demonstrates the excellent flexibility
of the FDMS in the bent format, which is attached to the
surfaces of different objects for better achieving the multi-
sensing capability of the electronic skin (Fig. 2(f)). Fig. 2(g)
shows the robot finger with the FDMSs successfully grasping
the objects, which could be applied to multi-sensory data for
more accurate manipulation in the grasping process.

4. Results and discussion
4.1. Electrical performance of the FDMSs

FDMSs with the proximity sensor and TENG pressure sensor
units were applied for dual sensor data recording, and the
performances of the FDMSs were validated by different
experiments. The proximity sensor based on the capacitance

variance was used for proximity distance measurement, and
the working principle for proximity distance detection is
shown in Fig. 1(b). The electrode with a spiral coil structure
was designed as a large device capacitor for proximity sensor
measurement, which improves the performance of close
range sensing in capacitive mode with a large coupling area.
Fig. 3(a) shows the output capacitance performance of the
proximity sensor with a human finger at different distances.
The human finger moves to the proximity sensor from
undisturbed to a perceptible proximity distance
(approximately 10 cm), and then to full contact, resulting in a
capacitance change of 0.2 pF (from 1.34 pF to 1.14 pF), which
is 14.9% lower than the undisturbed value.

Fig. 3(b) shows a decrease in the variable capacitance rate
ΔC/C0 as the height of the human finger above the proximity
sensor (the proximity distance) decreases, which could be
applied to proximity distance detection and obstacle
avoidance. The proximity sensor is highly sensitive to fingers
at close distances (<1 cm), and the rate of change in
capacitance slowly decreases when the finger moves away
from the proximity sensor. It successfully detected the target
(human finger) at a distance of 10 cm with 2.1% ΔC/C0.

Fig. 3 (a) The proximity distance of fingers leads to variable
capacitance values. (b) The rate of variable capacitance with the
distance between fingers. (c) Output voltage signal and fitting curve
during a calibration test with different applied pressures. (d) The
output voltage response of the contact pressure-sensing unit during
cyclic testing under different forces. (e) The output voltage response
of the contact pressure-sensing unit during cyclic tests at different
frequencies. (f) Repletion tests of the pressure sensor units with 1000
cycles (the illustration shows the voltage changes in cycle 400–425).
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The contact pressure sensor based on TENG mode is
designed for contact pressure detection during the grasping
process of the robot finger, and the working principle of the
TENG pressure sensor is shown in Fig. 1(c). Fig. 3(c) shows
an increase in the output voltage from the TENG sensing unit
with the increasing pressure. The sensor is capable of two-
stage stable linear sensitivity for different pressure detection.
At the range of 0–0.45 N, the linear sensitivity of the sensor is
1.33 V N−1, and at the range of 0.45–5.2 N, the linear
sensitivity of the sensor is 1.39 V N−1. As the external pressure
continues to increase, the linear sensitivity of the sensor
gradually decreases due to the principle of resistive voltage
division.

The difference in the response of the sensing units to
different pressures is a key indicator for pressure detection.
Cyclic pressure tests were implemented on TENG contact
pressure-sensing units for different pressure sensors. The
pressure gradually increased from 0.5 N to 3 N with the same
frequency. Fig. 3(d) shows the change in output voltage of the
TENG pressure sensor under different forces with 1.87 V at
0.5 N, 2.72 V at 1 N, 3.51 V at 2 N, and 5.53 V at 3 N.
Therefore, excellent performance was exhibited by the contact
pressure sensor for external pressure sensing.

Fig. 3(e) depicts the collection of output voltages by the
TENG contact pressure sensor under different loading
frequencies. The pressure remained constant, and the
loading frequencies were set to 0.05 Hz, 0.1 Hz, 0.2 Hz, and
0.5 Hz, respectively. Within a certain frequency range, the
maximum output voltage remained at approximately 3.57 V
with the same external pressure. The output voltage of the
TENG pressure sensor maintained a stable value under
different loading frequencies at the same external pressure
load.

To further investigate the repeatability and durability of
the sensors under external forces, Fig. 3(f) depicts 1000 cyclic
pressure tests that were implemented under the same force.
The peak output voltage under different loads fluctuated
within a small range, while the overall trend of the output
voltage signal of TENG pressure sensor remained stable. The
magnified local image in Fig. 3(f) shows the detailed
situation of the output voltage. The initial output value of the
sensor was nearly 0 V without an external applied pressure.
When the applied force was 2 N, the voltage value fluctuated
around 3.86 V. The results of the cyclic test are basically
consistent, with good repeatability and durability.

4.2. Target object recognition

The perception and manipulation performance of the robotic
finger with electronic skin based on FDMSs was determined,
and it included obstacle avoidance analysis under proximity
sensing and target object recognition with different materials
and hardness in the grasping process using the AlexNet
neural network. Fig. 4(a) shows the experimental setup for
obstacle avoidance tests based on the proximity perception of
the FDMSs. It is important to evaluate the safety performance

of human–machine interaction for the robotic arm with
obstacle avoidance ability, and FDMSs with proximity ability
would provide an effective method to achieve obstacle
avoidance ability.

Fig. 4(b) shows an immediate decrease in the capacitance
value of the proximity sensor when a human finger
approached the robotic arm from the front. The robotic arm
moved back 5 cm to avoid collision, and the capacitance
returned to the initial level. Fig. 4(c) depicts a similar
performance for the proximity sensor, and the robotic arm
moved forward 5 cm. The proximity sensor and feedback
information successfully activated the obstacle avoidance
function of the robotic arm.

AlexNet neural network-assisted FDMSs are proposed to
target objects and hardness recognition in the robot-grasping
process with the help of robotic electronic skin. This study
did not directly apply the standard AlexNet architecture, but
implemented three key improvements to address the multi-
physics coupling signal characteristics of the flexible sensors.

Fig. 4 (a) Experimental setup of the robotic finger with electronic
skin. Obstacle avoidance test of the electronic skin (b) in the front and
(c) on the back. (d) Recording output voltage signals from robotic
electronic skin by grasping objects composed of different materials. (e)
Data visualizations for the different target materials produced by the
training process of the AlexNet neural network. (f) Confusion matrices
of different target materials. (g) Output signals produced by grasping
objects with different hardnesses. (h) Visualization for target objects
with different hardness properties. (i) Confusion matrix for identifying
objects with different hardness properties. (j) Success recognition rate
for different target materials by different algorithms. (k) Success
recognition rate for objects with different hardnesses by different
algorithms.
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First, by replacing the depth-separable convolutional layer,
the number of parameters required by the convolutional layer
was effectively reduced, and the computational efficiency was
improved. Second, the innovative introduction of
spatiotemporal attention modules enables the network to
adaptively focus on the spatiotemporal correlation features of
proximity contact events. Finally, a transfer learning strategy
was adopted to achieve recognition accuracy of greater than
90% on small datasets with only 1200 samples.

An FDMS with a TENG contact pressure sensor would
collect the contact pressure signal for grasping different
objects with different materials and hardness values. The
data acquisition card would collect the real-time output
signal of the TENG sensor for visualization, with further
processing during grasping. The dataset for different
target materials and hardness with five objects was
constructed by FDMSs. Fig. 4(d) shows the output signals
of the robotic finger grasping five different materials:
rubber dolls, glass cups, plastic bottles, paper rolls, and
wooden tubes. The corresponding output voltage signal
from the flexible dual modal sensor with the TENG sensor
unit was recorded for feature extraction and imported into
the machine learning algorithm for target object
recognition.

For each material, 240 samples were collected, and of
these, 192 samples were placed in the training set and 48
samples were included in the validation set. The total of 1200
samples, including 960 samples in the training set and 240
samples in the validation set, was adopted by the AlexNet
neural network for target material recognition. In the
experiment, a batch_size of 32 and a learning rate of 0.0001
were used, and the Adam optimizer was used for training to
calculate the loss value using the cross-entropy function.
After observation, when the training iterations reached
approximately 100 times, the accuracy of the model tended to
stabilize.

Each sample was converted into a two-dimensional
image with a size of 224 × 224 × 3, which was then
imported into the proposed AlexNet neural network for
further data processing. The AlexNet neural network was
adopted to train the data, with 93.49% successful
recognition accuracy. Fig. 4(e) shows the classifying results
for different target materials, and blue, orange, green, red,
and purple points represent rubber dolls, glass cups,
plastic bottles, paper rolls, and wooden tubes, respectively.
Fig. 4(f) shows the confusion matrix for classifying results
of different target materials, and different target objects
were successfully recognized by FDMSs and the AlexNet
neural network.

Robot electronic skin with the AlexNet neural network was
applied to the softness and hardness recognition of different
objects. Different volumes of water were injected into the
bottle, which was adopted to imitate the softness and
hardness of the different objects. Fig. 4(g) shows the output
signals of the grasping of empty bottles, 1/4, 2/4, and 3/4
volumes of water, and filling bottles with water. For each

object with different hardness, the grasping signal was
recorded by FMDSs, and 240 samples were divided for further
processing, of which 192 samples were placed in the training
set, and 48 samples were placed in the validation set. A total
of 1200 samples, including 960 samples in the training set
and 240 samples in the validation set, was imported into the
AlexNet neural network for hardness recognition of different
objects.

In the experiment, a batch_size of 32 and a learning rate
of 0.0001 were set, and the Adam optimizer was used for
training to calculate the loss value using the cross-entropy
function. After observation, when the training iterations
reached approximately 100 times, the accuracy of the model
tended to stabilize. The AlexNet neural network was adopted
to train the data from the FDMSs with 92.22% successful
recognition accuracy. Fig. 4(h) shows the data visualization
results with empty bottles, 1/4, 2/4, and 3/4 volumes of
water, and bottles filled with water. Fig. 4(i) shows the
confusion matrix of the classifying results of different
hardnesses, and objects with different hardnesses were
successfully recognized by FDMSs and the AlexNet neural
network.

Fig. 4(j) shows different algorithms (CNN, ResNet18,
Vgg16, MobileNet, SVM, DenseNet, ConvNet, and AlexNet)
that were adopted to recognize the different target
materials (Fig. 4d), with a 0.679, 0.6733, 0.7656, 0.8338,
0.6971, 0.7969, 0.8759, 0.9349 success recognition rate,
respectively. Fig. 4(k) shows that different intelligent
algorithms (CNN, ResNet18, Vgg16, MobileNet, SVM,
DenseNet, ConvNet, AlexNet) were adopted to recognize
the target objects with different hardnesses (Fig. 4g), with
0.6247, 0.7482, 0.6668, 0.7939, 0.5953, 0.8286, 0.8941, and
0.9222 success recognition rates, respectively. Success
recognition rates for touching different materials (93.49%)
and for the different hardnesses (92.22%) of the grasped
object were obtained by the proposed AlexNet neural
network. Compared to other algorithms, the performance
of the AlexNet neural network was superior for target
material recognition, which would improve the HRI ability.

Fig. 5 Robot electronic skin with proximity and contact perception
function ability in the robot-grasping process. Rubber dolls, plastic
bottles, and wooden tubes were selected as the target objects, with a
real-time capacitance change rate and voltage feedback for the
robotic electronic skin.
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4.3. Full perception during the grasping process

FDMSs with proximity distance and contact pressure-sensing
functions were applied to full process detection in the robot
grasping process. Fig. 5 shows the results of real-time
feedback on the capacitance and voltage change during
approach and contact process of the robot electronic skin
based on FDMSs in the grasping process. When the robotic
finger with electronic skin approached an object, the
capacitance variable rate of the capacitive proximity sensor
significantly decreased. When the robotic finger contacted an
object, the TENG contact pressure sensor would be activated
and generate an output voltage.

Initially, the robotic finger starts to grasp the rubber doll,
and approaches the detectable distance of the rubber doll
during the 4th second, at which time the capacitance variable
rate decreases to 0.042. At the 8th second, the robotic finger
contacts the rubber doll, and a maximum output voltage of
6.2 V is recorded during the grasping of the rubber doll
during this period. Similarly, plastic bottles and wooden
tubes were selected as separate objects to be tested, and real-
time perception data with proximity and contact pressure
function ability were recorded in the robot-grasping process.
The full process data during the robot-grasping process with
approach distance and contact pressure were recorded by the
flexible dual modal sensor with proximity and contact
perception function ability.

Conclusions

A machine learning-assisted flexible dual modal sensor was
developed for robotic electronic skin application in the
grasping process. Combined with machine learning, robotic
electronic skin can be applied to target material and
hardness recognition by the output signal from FDMSs.

Robotic electronic skin integrated with proximity sensors
and TENG contact pressure sensors was designed to collect
the dual modal sensor data during the grasping process.
FDMSs with multi-layer structure (PDMS film, conductive
silver paste, silicone rubber, and hydrogel film in layers) were
developed for proximity distance and contact pressure
measurement. FDMSs with conductive silver coils were
designed for proximity perception due to the variable
capacitance. A single electrode mode TENG sensor with a
frictional electric effect and electrostatic induction was
applied for contact pressure measurement. Cyclic
experiments were implemented with different pressures and
loading frequencies, and the contact pressure sensor
exhibited good pressure and frequency response
performance.

The AlexNet neural network with FDMSs was developed to
target material and hardness recognition in the robot-
grasping process. The AlexNet neural network was adopted to
achieve 93.49% detection accuracy with five different
materials: rubber dolls, glass cups, plastic bottles, paper
rolls, and wooden tubes. Robotic fingers were applied to
grasp empty bottles, and 1/4, 2/4, 3/4, and full volumes of

water, and the AlexNet neural network achieved 92.22%
detection accuracy. Compared to other algorithms, there was
superior performance of the AlexNet neural network during
target material recognition, which will improve HRIs.

The robot electronic skin exhibited dual perception
feedback capability in proximity and contact perception with
excellent flexibility and stability, which has great potential for
HRI, soft robotics, and biomedical applications. The data
collection and process system were designed with the
connected wire and power supply units.

An intelligent system should be developed to expand the
potential application of the flexible dual modal sensor, with
the following two goals:

(1) The new sensing function ability should be integrated
into the flexible electronics for more parameter sensing in
the grasping process of the robot fingers and data collection.
The microprocessor would be designed to be fully flexible in
the electronic system for full process perception.

(2) Intelligent algorithms in the sensor system should be
studied to increase the intelligence of the robot finger system
with the flexible sensor. It would promote smart
manipulation in the grasping process of the robot fingers.
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