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A high-accuracy, real-time, intelligent material
perception system with a machine-learning-motivated
pressure-sensitive electronic skin

Xiao Wei,1,4 Hao Li,1,4 Wenjing Yue,1,2,4 Song Gao,1,2 Zhenxiang Chen,1,2 Yang Li,1,2,3,*

and Guozhen Shen3,5,*
Progress and potential

Electronic skin (e-skin) is an

electronic device that can

simulate the function of human

skin to sense external stimuli. With

the development of artificial

intelligence technology, e-skin is

expected to be endowed with the

ability to process information so

as to help robots have an

intelligent perception system and

be better applied to people’s real

life. Here, we report a hybrid e-

skin consisting of a piezoresistive

pressure sensor and a triboelectric

nanogenerator made at low cost

and simple preparation methods,

which effectively perceives static

and dynamic pressure

information. Combined with

machine-learning technology and

an external acquisition circuit, an

intelligent material perception

system is realized. In addition to

monitoring human physiological

signals, the hybrid e-skin will open

a new avenue for practical

intelligent perception and may

lead to prominent applications in

artificial prostheses, intelligent

robots, and human-machine

interaction.
SUMMARY

Developing e-skins that can perceive stimuli with high sensitivity
and material recognition functionality at low cost is of great impor-
tance to intelligent perception. Here, a hybrid e-skin (PTES) consist-
ing of a triboelectric nanogenerator in tandem with a piezoresistive
pressure sensor (PPS) is reported by using an eggshell membrane
and infiltration method, which effectively perceives static and dy-
namic tactile information, such as human physiological information,
manipulator tactile sensation, and human walking state. By inte-
grating PTES with a high-speed data collector andmachine learning,
a material perception system capable of recognizing 12 materials in
real time within one touch is established. A PTES array that can
detect material property and location further demonstrates the
feasibility of simultaneously processing multidimensional informa-
tion. Additionally, by paralleling with a thin-film resistor, the PPS
achieves an ultra-high sensitivity that can also be linearly adjusted.
This PTES can open a new avenue for practical intelligent perception
and realization of prominent applications.

INTRODUCTION

Electronic skin (e-skin) refers to a flexible electronic device that is able to convert

external stimuli into detectable electrical signals. Owing to its salient merits of high

sensitivity, wearable characteristics, and mechanical flexibility, e-skin has received a

burgeoning amount of interest in areas ranging from wearable human health moni-

toring1–5 to smart prosthetics6–10 and human-machine interaction.11–15 Inspired by

the microstructures and functions of the human skin, e-skins that can sense and distin-

guish a variety of static and dynamic pressure stimuli have been successfully imple-

mented.16–24 In particular, it has been highly desired for the field of intelligent

robotics.25–33 Bao and co-workers recently combined a highly sensitive e-skin exploit-

ing pyramid microstructures arranged along nature-inspired phyllotaxis spirals with a

robot arm to provide static pressure feedback while grasping objects.34 In terms of dy-

namic pressure detection, Arias’ group proposed a single-mode and self-powered

mechanoreceptor, which canbe applied to a soft-robotic gripper for resolving complex

dynamic stimuli.35 However, the current combination of e-skin and robot merely em-

powers the feedback of pressure embracing static and dynamic stimuli, which cannot

ultimately realize the intelligenceof the robot. This often needsestablishment of an arti-

ficial sensory system to realize the perception and action response to real-life stim-

ulus.36–39 With the rise of artificial intelligence technology, robots can be facilitated

to further possess an advanced perception system so that it can better serve mankind

in the aspects of industrial manufacturing, medical health, and social services.40–46
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Toward this end,methods such asmachine learning anddeep convolutional neural net-

works can be integrated with the design of e-skin to realize intelligent perception. For

instance, Jin et al. demonstrated a smart soft-robotic gripper system composed

of patterned-electrode tactile sensors and gear-structured length sensors. By means

of machine learning, the soft-robotic gripper system accomplished the identification

of different objects anddemonstrated its application in virtual assembly lines and smart

warehouses.47 Sundaram et al. proposed a scalable tactile glove based on a tactile

sensor array.48 By relying on the post-processing of tactile information with deep con-

volutional neural networks, the tactile glove was endowed with smart functions of the

recognition of object types and the estimation of object weight. Furthermore, Tee

and colleagues realized the rapid recognition and classification of object texture by

combining a tactile resistive annularly cracked e-skin with a neural network model for

analyzing sensing signals.49 However, it is still difficult to realize material identification

for those objects with indistinguishable appearances such as extremely smooth sur-

faces. Meanwhile, in an attempt to make robots more closely resemble humans, it is

an urgent requirement for an intelligent perception system consisting of the e-skin,

signal-acquisition circuit, and artificial neural networks to have the capabilities analo-

gous to the human brain when it interacts with objects, encompassing the real-time

acquisition and processing of tactile signals and the ability to distinguish the informa-

tion obtained from multiple positions simultaneously.

In view of the aforementioned challenges, here we propose a highly sensitive hybrid

e-skin in combination with a smart perception system, enabling a tactile perception

function superior to human skin in recognizing thematerial properties of objects with

indistinguishably smooth surfaces. The proposed hybrid e-skin, referred to hereafter

as PTES, is composed of a flexible piezoresistive pressure sensor (PPS) and a flexible

triboelectric nanogenerator (TENG), allowing the high-sensitivity detection of static

and dynamic pressure simultaneously. The functional layers of both PPS and TENG

are formed by doping natural eggshell membrane (EM) with conductive fillers via a

facile infiltration method, giving rise to outstanding virtues of low cost, eco-friendli-

ness, biodegradability, and biocompatibility. Concerning the proposed PPS, we

deliberately introduce micro-fence structures in the copper (Cu) electrodes and

additionally include a stable thin-film resistor in parallel with a typical PPS, collec-

tively contributing to ultra-high sensitivity. Moreover, the sensitivity can be precisely

and linearly adjusted to satisfy diverse application scenarios by readily altering the

resistance of the thin-film resistor. In addition to the PTES, we conjointly introduce

a field-programmable gate array (FPGA)-based high-speed data collector andmulti-

layer perceptron (MLP) neural network-based machine-learning technique to consti-

tute the material perception system for realizing the real-time sensing of materials

with indistinct morphology and smooth surface solely via one touch. Lastly, an array

of PTESs with each sensor as a recognition unit is demonstrated to realize the

perception of multidimensional information involving multiple material properties

and locations, exhibiting a possibility for transcending the human perception sys-

tem. The proposed PTES in consolidation with the material perception system is

not only applied for human physiological informationmonitoring but also represents

a credible new pathway for the realization of robots with intelligent perception and

identification of materials featuring an indistinguishable morphology.

RESULTS AND DISCUSSION

Concept and configuration of the proposed e-skin system

Figure 1A shows a schematic illustration of the proposed e-skin system consisting of

a hybrid flexible e-skin in conjunction with a material perception system, aiming at

simulating and even surpassing the tactile function of biological skin. The hybrid
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Figure 1. Schematic illustration of the proposed e-skin system

(A) (i) Conceptual diagram of the proposed PTES for material perception. SA receptors and FA receptors represent slow adapting receptors and fast

adapting receptors of biological skin, respectively. The proposed PTES has capabilities of simultaneous detection of static pressure (SP) and dynamic

pressure (DP) stimuli in combination with adjustable sensitivity to match or even surpass the performances of biological skin. (ii) Schematic overview of

the proposed intelligent material perception system, including a signal-acquisition process, a neural network model for signal analysis, and a real-time

display interface for presenting the perception result.

(B) (i) Schematic diagram of the PTES composed of a PPS at the bottom and a TENG at the top. (ii) SEM images of the CNTs-EM and PEDOT:PSS-EM

functional layers. (iii) Schematic diagram of the micro-fence structures on the Cu electrode prepared by laser marking technology, and SEM image

showing the morphology of the micro-fence structured Cu electrode.

ll

Please cite this article in press as: Wei et al., A high-accuracy, real-time, intelligent material perception system with a machine-learning-motivated
pressure-sensitive electronic skin, Matter (2022), https://doi.org/10.1016/j.matt.2022.02.016

Article
e-skin is characterized by two functions of high-sensitivity detection of static and dy-

namic pressure stimuli and adjustable sensitivity in accordance with distinct applica-

tions, by resorting to an integration of a PPS and a TENG, as shown in Figure 1Ai.

Figure 1Aii illustrates the proposed material perception system, including a signal

(generated when the PTES contacts with the target object) acquisition process, a

neural network model (comprising an input layer, four hidden layers, and an output

layer) for the recognition of the material properties for different objects, and a real-

time display interface for presenting the perception result. Figure 1Bi depicts the

structure of the PTES, which contains eight layers from top to bottom (see experi-

mental procedures and Figure S1 for details of the preparation process). Among

them, the PPS is mainly composed of a polyimide (PI) tape, a poly(3,4-ethylenediox-

ythiophene):poly(styrenesulfonate) (PEDOT:PSS) film, micro-fence structured Cu

sheets as the electrodes, a carbon nanotubes-eggshell membrane (CNTs-EM) film

as the sensing layer, and a microstructured polydimethylsiloxane (PDMS) film, while

the TENG primarily consists of three layers including a silver (Ag) film as the elec-

trode, a double-sided tape as the adhesive layer, and a PEDOT:PSS-eggshell mem-

brane (PEDOT:PSS-EM) film as the electrification layer. Considering that EM features

porous crossing fibrous structures high specific surface area (Figure S2A) and pos-

sesses the property of being easily doped owing to its hydrophilicity, the sensing

layer of PPS and the electrification layer of TENG are formed by doping the EM fibers
Matter 5, 1–21, May 4, 2022 3
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with CNTs and PEDOT:PSS, respectively. The doping process relies only on a low-

cost infiltration method. In addition to the simple preparation method, another

important reason for selecting CNTs and PEDOT:PSS as conductive fillers to dope

EM is their salient merits of superior electrical conductivity, flexibility, biocompati-

bility, and easy access. Figure 1Bii displays scanning electron microscopy (SEM) im-

ages of the prepared CNTs-EM and PEDOT:PSS-EM functional layers, exhibiting a

dense arrangement of porous crossing fibrous structures analogous to that of EM.

To further confirm the existence of CNTs and PEDOT:PSS, we performed energy-

dispersive spectrometry (EDS) to identify that the fibers of EM are evenly and

densely wrapped with CNTs and PEDOT:PSS, respectively (Figures S2B–S2F).

From the perspective of effectively improving the sensitivity of PPS, we endeavored

to introduce the microstructures to the PDMS film and Cu electrodes. For the PDMS

film, microstructures (Figure S2G) are formed on one side toward PPS by using sand-

paper (Figure S2H), while the other side is kept smooth so as to serve as the substrate

for supporting the Ag electrode of the TENG. Laser marking technology is capable

of preparing microstructures in a simple, low-cost, shape-controllable, and scale-

adjustable manner, thus being a reliable strategy for the fabrication of microstruc-

tures of flexible sensors. Therefore, regarding the Cu electrodes, laser marking tech-

nology was used to form the micro-fence structures on their surfaces. From the SEM

images (Figures 1Biii and S2I), it is apparent that the manufactured micro-fence

structures have surface structures similar to the fence-like protrusions and depres-

sions with a uniform and well-defined arrangement. Furthermore, to realize the

adjustable sensitivity of PPS, we employed the PEDOT:PSS film to function as a

thin-film resistor in parallel with the piezoresistive structure, the resistance of which

can be accordingly altered to enable the PPS to possess the desired sensitivity that is

linearly adjustable.

PPS characterization and working mechanism

To demonstrate the sensitivity and the pressure response of the proposed PPS (see

experimental procedures for details of themeasurementmethod), weperformedmea-

surement of the current under various pressure levels with a bias voltage of 1 V. The

sensitivity is defined as S = ðDI =I0Þ=DP, where DI refers to the current change under

the applied pressure, I0 denotes the initial current without the applied pressure, and

DP represents the change in the applied pressure. Figure 2A depicts the current as a

function of the applied pressure levels, showing a three-stage nearly linear response

with unprecedented sensitivity over a wide pressure range. In the middle-pressure

range (1.2–12 kPa), the sensitivity is as high as S2 = 291,699.6 kPa�1. In the low-pres-

sure (0–1.2 kPa) and high-pressure (12–20 kPa) ranges, the sensitivities slightly drop

to S1 = 126,135.9 kPa�1 and S3 = 43,842.1 kPa�1, respectively. Despite this, the min-

imumsensitivity of thepresented sensor here is still higher than the achievedmaximum

sensitivity of most previously reported similar works. Table S1 lists the performance

comparisons between this work and the recently published PPSs. To verify that the ob-

tained ultra-high sensitivity is closely associatedwith the introducedmicro-fence struc-

ture in the Cu electrode, we prepared a PPS device with the same structure except for

replacing the structured Cu electrode with a plain one as a comparison. From the plot

of current varying with applied pressure (Figure S3), one can see that the existence of

micro-fence structures within the Cu electrodes greatly increases the pressure sensi-

tivity of our PPS aswell as the detection range of pressure. Next, the pressure response

and the repeatability of PPS were investigated by alternately loading and unloading

pressure onto the sensor for two cycles (Figure 2B). The output current curve under

different pressures unveils that the current gradually increases with applied pressure

and the current curve remains invariable under the two cycles of loading and unloading

pressure, implying superior repeatability. Concerning the current-voltage (I-V) curves
4 Matter 5, 1–21, May 4, 2022



Figure 2. Pressure-sensing performances of the prepared PPS

(A) Pressure response and sensitivity of the PPS under a bias voltage of 1 V. A three-stage linear response with unprecedented sensitivity is obtained

over a wide pressure range up to 20 kPa.

(B) Repeatability of the PPS under continuous loading and unloading different pressures ranging from 100 Pa to 10 kPa for two cycles.

(C) Linear relation of the I-V curves under different applied pressures, showing that fairly good ohmic contacts are formed between the CNTs-EM

sensing layer and micro-fence structured Cu electrodes.

(D) Response and recovery time of PPS under loading and unloading pressure of 21 Pa.

(E) Current response of PPS under minimum detection pressure of 2 Pa.

(F) Plot of current for PPS for different bending angles of 15�, 30�, 60�, and 90�.
(G) Cyclic stability test of the PPS for more than 10,000 cycles. Insets show enlarged views of the marked regions, indicating superior stability.

(H) Cyclic bending test of the PPS over 500 cycles under a fixed angle of 60�. Inset shows enlarged view of the marked region.
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of the PPS in the pressure range from 0 to 20 kPa, as presented in Figure 2C, it is clear

that a typical linear relation exists and the resistance reduces with increasing applied

pressure, indicating that fairly good ohmic contacts are formed between the CNTs-

EM and micro-fence structured Cu electrodes.

As the response and recovery time are important factors in characterizing the perfor-

mance of the sensor, the instant responses of the proposed PPS to both external

loading and unloading pressure of 21 Pa were investigated (Figure 2D). Ultrafast

response and recovery time of approximately 40 ms was achieved, which allows

the PPS to have a response speed comparable with that of human skin (30–50 ms).
Matter 5, 1–21, May 4, 2022 5
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In addition, the proposed PPS enables a low limit of detection (LOD) of 2 Pa, which is

evidenced by the observed noticeable response to pressure in Figure 2E. This allows

the designed device to be analogous or even better than the minimum pressure-

sensing threshold of human skin (with an LOD of �100 Pa).50,51 To evaluate the

response capability of the PPS under the bending state, we inspected the changes

in current under different bending angles of 15�, 30�, 60�, and 90� over five cycles

(Figure 2F). The result indicates that the current increases with enlargement of the

bending angle while the responses to the same bending state remain nearly con-

stant. Considering that the sensor is required to be in possession of long-term sta-

bility for practical applications, we alternately imposed the loading and unloading

pressure of 2.5 kPa onto the PPS for more than 10,000 continuous cycles (Figure 2G).

The result of the cyclic test reveals that the demonstrated PPS can rapidly and stably

respond to the applied pressure and immediately return to the initial state after un-

loading the pressure for each cycle, implying remarkable stability and durability of

our PPS. The continuous cyclic test in relation to bending was also carried out.

The outstanding stability and long-term durability of our PPS are proved by more

than 500 cycles of bending/unbending between 0� and 60�, as presented in

Figure 2H.

The essential origin underlying the achieved ultra-high sensitivity and long-term

durability of the proposed PPS is attributed to an extra conductive path rendered

by employing a stable PEDOT:PSS thin-film resistor, which brings about a new de-

gree of freedom to affect the total resistance value of the PPS. Figure 3A illustrates

the detailed explanation of the sensing mechanism with the aid of equivalent circuit

diagrams. The total resistance of our PPS can be expressed as Rtotal = Ra= =

ðRb + ðRc1 ==Rc2ÞÞ, where Ra is the resistance of the introduced PEDOT:PSS thin-

film resistor, Rb is the body resistance of the CNTs-EM sensing layer, Rc1 refers to

the contact resistance between the conducting CNTs-EM layer and the protrusions

in the micro-fence structured Cu electrode, and Rc2 refers to the contact resistance

between the conducting CNTs-EM layer and the depressions in the micro-fence

structured Cu electrode. In the absence of the imposed pressure to the PPS (initial

state), the CNTs-EM sensing layer hardly touches the micro-fence structured Cu

electrodes, indicating that the current only flows through the PEDOT:PSS thin-film

resistor to form a conductive path (Figure 3Ai). At this point, the total resistance is

the initial resistance, equal to the resistance Ra of the PEDOT:PSS thin-film resistor.

As the resistance value of the PEDOT:PSS thin-film resistor is unfluctuating, the pre-

pared PPS is thus capable of providing a fairly stable initial resistance (Figure S4). A

point worth highlighting is that the selected PEDOT:PSS thin-film resistor has quite a

large resistance of Ra z 850 MU. When the pressure is applied on the PPS (low-pres-

sure state), the protrusions of the micro-fence structured Cu electrode start to touch

the CNTs-EM sensing layer accompanied by the dramatically reduced Rc1, resulting

in a sum of body resistance and contact resistance ðRb +Rc1Þ, which is much smaller

than the thin-film resistor Ra. A conductive path is thus formed via the upper sensing

layer (Figure 3Aii), leading to significantly increased current. Upon further increasing

the applied pressure (middle-pressure state), in addition to the protrusions of themi-

cro-fence structured Cu electrodes the irregular structures in the depressions of the

Cu electrodes also form effective contacts with the CNTs-EM sensing layer. The con-

tact resistance in this state will reduce to Rc1==Rc2 (Figure 3Aiii), accounting for a rela-

tively larger current. Assuming that we continue to increase the applied pressure

(high-pressure state), a complete contact will be formed between the CNTs-EM

sensing layer and the Cu electrodes, and the filamentous fibers within the CNTs-

EM sensing layer will be compressed, accompanied by the increasing contact points

among fibers, giving rise to newly appearing conductive paths (Figure 3Aiv). As a
6 Matter 5, 1–21, May 4, 2022



Figure 3. Pressure-sensing mechanism of the PPS and its adjustable sensitivity

(A) Conductive paths formed within the PPS under four different statuses of (i) initial pressure, (ii) low-pressure, (iii) middle-pressure, and (iv) high-

pressure states and the corresponding equivalent circuit diagrams.

(B) (i) Prepared samples (Dev1, Dev2, and Dev3) with different initial resistances of 46, 6.4, and 0.8 MU. (ii–iv) Sensitivities of three samples in the pressure

range of 20 kPa, showing similar three-stage linear pressure-sensing abilities.

(C) Linear relationships between the initial resistances and the sensitivities of all prepared samples including Dev, Dev1, Dev2, and Dev3 in the low-,

middle-, and high-pressure ranges. Inset shows enlarged view in the initial resistance range of 0–50 MU.
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result, the body resistance Rb is decreased, implying that the total resistance Rtotal of

the PPS is decreased accordingly.

Based on the above analysis of the sensing mechanism, the total resistance of the

proposed PPS rapidly reduces (corresponding to the increasing current) as the

applied pressure increases. In addition, the current (denoted as I) under the pressure

loading is in effect affected by the variations in two resistances, embracing the
Matter 5, 1–21, May 4, 2022 7
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contact resistance that is dependent on the status between the CNTs-EM sensing

layer andmicro-fence structured Cu electrodes and the body resistance that is deter-

mined by the compression level of the CNTs-EM sensing layer. This is only related to

the pressure, and basically independent of the resistance of the adopted thin-film

resistor. Therefore, according to DI = I� I0, under the condition that the applied

pressure has the same range of variation (DP) and I0 is much smaller than I, the cur-

rent variation DI is approximately constant. Since both the pressure variation DP and

the current variationDI are fixed, high sensitivity can be readily obtained bymeans of

adopting a PEDOT:PSS thin-film resistor with large resistance Ra in correspondence

with a tiny initial current I0. More interestingly, it can be easily deduced that an

approximately linear relation exists between the sensitivity S of the proposed PPS

and the resistance Ra of the thin-film resistor, alluding that we can precisely acquire

the desired sensitivity for the sensor to satisfy distinct scenarios by simply modifying

the resistance Ra. As a proof of principle, we prepared three extra samples (denoted

Dev1, Dev2, and Dev3) with different initial resistances of 46, 6.4, and 0.8 MU by

doping the PEDOT:PSS with different proportions of silver nanowires (AgNWs)

ethanol solution, as shown in Figure 3Bi. The measured sensitivities of the samples

under the applied pressure ranging from 0 to 20 kPa are plotted in Figure 3Bii–iv,

where it can be seen that all three samples exhibit three-stage linear pressure re-

sponses similar to those in Figure 2A. Surprisingly, the pressure range of each stage

is exactly the same as in Figure 2A. To better verify the linear relation between the

resistance of the thin-film resistor and pressure sensitivity of the proposed PPS, we

plotted the dependence of sensitivity on resistance for all of the samples including

the device presented in Figure 2A (denoted as Dev) and the aforementioned sam-

ples (Dev1, Dev2, Dev3) in different pressure ranges (low-, middle-, high-pressure

ranges) (Figure 3C). It can be intuitively seen that the sensitivity of the prepared sen-

sors linearly varies with the resistance of the thin-film resistor in the low-, middle-,

and high-pressure ranges, respectively, in line with our theoretical derivation. The

observed linear relations offer us an effective means to predict the sensitivity of

the sensor simply by way of straightforwardly measuring the resistance of the thin-

film resistor in practice, rather than the commonly used approach that requires the

continuous measurement of current under different applied pressures.

TENG characterization and working mechanism

The electrification layer of a TENG plays a vital role in determining the performance

of the device. Here, we adopt an EM doped with the conductive filler PEDOT:PSS as

the electrification layer of a TENG, as the PEDOT:PSS-EM has high specific surface

area and surface charge density, which can effectively increase the contact electrifi-

cation ability of a TENG. For the purpose of exploring the effect of the concentration

of PEDOT:PSS on the electrical output capability of the TENG, three TENGs based

on the PEDOT:PSS-EM layer with the different concentrations of PEDOT:PSS (22%,

11%, and 6.6% [v/v]) were prepared. A common PDMS film was used as the counter-

friction layer that touches the electrification layers of the prepared TENGs. Figure 4A

presents the output voltage as a function of the pressure when the three prepared

TENGs contact the surface of the PDMS. Strong voltage responses to the varied

pressure are observed for all of the TENGs, of which the one exploiting the electri-

fication layer with the PEDOT:PSS concentrations of 11% (v/v) exhibits a higher

output voltage and a more pronounced response to pressure, especially at pres-

sures exceeding 100 kPa. Hence, unless otherwise specified, the following descrip-

tions are based on the TENG with the PEDOT:PSS concentration of 11% (v/v).

Figure 4B illustrates the evolution of the output voltage with the pressure continu-

ously increasing from 0.25 to 250 kPa. To further verify the capability of detection

of dynamic pressure, we inspected the output voltage of the TENG under the
8 Matter 5, 1–21, May 4, 2022



Figure 4. Electrical output performance of the TENG

(A) Output voltage as a function of the applied pressure for three prepared TENGs based on the PEDOT:PSS-EM layer with different PEDOT:PSS

concentrations of 22% (v/v), 11% (v/v), and 6.6% (v/v).

(B) Output voltage response of the proposed TENG to the pressure increasing from 0.25 to 250 kPa.

(C) Voltage plot of the TENG for applied pressure of 125 kPa under four different pressing frequencies of 1, 2, 3, and 4 Hz.

(D) Voltage responses of the TENG at different bending angles of 15�, 30�, 60�, and 90�.
(E) Cyclic stability test of the TENG for more than 3,000 cycles. Inset shows magnified view of the voltage plot.

(F–H) (F) Short-circuit current, (G) open-circuit voltage, and (H) charge density of the TENGs based on the electrification layers with different PEDOT:PSS

concentrations.

(I) Current density (blue line) and power density (red line) of the proposed TENG under different external load resistances.
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frequencies of 1, 2, 3, and 4 Hz for a fixed pressure of 125 kPa, as displayed in Fig-

ure 4C, demonstrating that the proposed TENG features an excellent ability to

detect dynamic pressure. The slightly increased output voltage with the frequency

is ascribed to the accelerated charge accumulation as the frequency increases. Fig-

ure 4D shows the output voltage of the TENG under different bending degrees of

15�, 30�, 60�, and 90�, indicating that the bending angle can be evidently and readily

recognized according to the output voltage. In addition, the output voltage of the

TENG can be stably maintained for more than 3,000 continuous cycles of alternately

loading and unloading the pressure, implying favorable durability and repeatability

enabled by the proposed TENG, as presented in Figure 4E. Through the above
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analysis, the proposed TENG sensor is verified to feature a prominent and stable

sensing capability that can be applied to detect the dynamic pressure and bending

angle.

Moreover, as a nanogenerator, the proposed TENG also features a self-powering

capability. To evaluate this fundamental capability, we conducted short-circuit cur-

rent and open-circuit voltage tests at a frequency of 1 Hz. The test results (Figures 4F

and 4G) reveal that the TENG that is likewise based on the PEDOT:PSS concentra-

tion of 11% (v/v) demonstrates the best performance. The measured maximum

short-circuit current and open-circuit voltage are 0.9 mA and 78 V, respectively. In

the light of the measured charge density (Figure 4H), the TENG with the PEDOT:PSS

concentration of 11% (v/v) offers the highest charge density of approximately

26.3 mC/m2. The changing trend of the current and power densities under the vari-

ation of load resistance for a fixed frequency of 1 Hz is displayed in Figure 4I, indi-

cating that the current density continuously decreases with increasing value of

load resistance, while a maximum power density of 58 mW/m2 is obtained when

the load resistance is 100 MU. Through a bridge rectifier circuit, the output pulse

voltage of the TENG can be applied to charge a commercial capacitor. As shown

in Figure S5, a 1 mF capacitor is rapidly charged to 2 V within 8 s. Similarly, a

‘‘UJN’’ icon composed of 23 light-emitting diodes in series can be simultaneously

lit up via continuous pressing of the TENG (Figure S6). The demonstrated ability

to drive small electronic devices advocates the proposed TENG to have great poten-

tial in the field of self-powered wearable electronic devices. The working mechanism

of the proposed TENG is based on the coupling effect of contact electrification and

electrostatic induction between PEDOT:PSS-EM and PDMS.52–55 When the PE-

DOT:PSS-EM and PDMS layers are in contact, the different abilities of the two layers

to capture charges induce the electron transfer. In the separation process, electro-

static induction causes the movement of free electrons on the electrode. By contin-

uously repeating the process of contact and separation between PDMS and

PEDOT:PSS-EM, electrical signals can be continuously generated. The detailed

working mechanism is scrutinized in Note S1 and Figure S7.

Applications of PTES for static and dynamic pressure sensing

Based on the above investigation, it is confirmed that the separate PPS and TENG

can enable the sensing of static and dynamic pressure via the measurement of cur-

rent and voltage, respectively. A complete PTES based on the integration of the PPS

with the TENG was prepared and inspected. In terms of the static pressure detec-

tion, we utilized the PTES to perform a human pulse-monitoring test, which is

deemed to be a key application of e-skin in human health monitoring because the

pulse is an important physiological signal that reflects the physical condition of

the human body and is closely related to many diseases. Figure 5A plots the moni-

tored pulse information under two situations, before (normal) and after exercise, by

fixing the prepared PTES on a fingertip of a 25-year-old adult male. It is clearly seen

that the pulse waveform before exercise is characterized by a frequency of about 66

times per minute and each pulse has three distinct peaks of percussion wave (P1),

tidal wave (P2), and diastolic wave (P3), corresponding to systolic/diastolic blood

pressure, ventricular pressure, and heart rate, respectively,56,57 as shown in the

enlarged image on the right. After exercise, the beating frequency of the fingertip

pulse is accelerated to 96 beats per minute and the beating intensity is conspicu-

ously enhanced. In the light of the magnified image marked by a dotted box, it is

observed that the pulse waveform after exercise alters greatly as the peak P2 disap-

pears. The disappearance of peak P2 is predominantly attributed to the change of

the heart or ventricular pump.58 In addition to the fingertip pulse monitoring, other
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Figure 5. Applications of PTES for static and dynamic pressure sensing

(A) Fingertip pulse signals before and after exercise by attaching the PTES to the fingertip. Insets on the right are enlarged views of the marked regions

in the diagram on the left.

(B) Finger tremor signals under the low and high frequencies.

(C) Voltage and current signals corresponding to the mouse under different actions of click, double-click, and drag. Insets show magnified views of the

marked regions.

(D) Current and voltage signals in relation to the manipulator gripping the ball with different forces (gripping force) and the ball impinging on the

manipulator at different speeds (impact force), respectively.

(E) Current and voltage signals pertaining to the different walking status including slow, fast, and abnormal walking by fixing the PTES to the soles of the feet.

(F) Current and voltage responses to different applied pressures over an extremely wide range of 2–250 kPa.
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human physiological signals including radial artery, carotid artery, and heartbeat

pulses before and after exercise were also inspected by placing the PTES on the

wrist, the neck, and the chest near the heart, respectively (Figures S8A–S8C). Finger

tremor (seen as dynamic pressure) is another signal that can reflect the health of the

human body, as it usually appears in situations of mental stress, emotional agitation,

extreme physical fatigue, and even in relation to some diseases such as Parkinson’s

syndrome. By fixing the proposed PTES on the finger and measuring the output
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voltage, the tremor information of the finger at low and high frequencies can be

accurately monitored, as shown in Figure 5B. The accurate monitoring of human

pulse signals and finger tremors indicates that the proposed PTES can afford the

detection of static and dynamic pressures with high sensitivity and can be applied

to monitor human physiological signals.

To demonstrate that the proposed PTES has the ability to detect dynamic pressure

as well as static pressure simultaneously, we fixed the PTES to a mouse and checked

its response to a mouse click, double-click, and drag action, respectively (Figure 5C).

With regard to the mouse click and the double-click (seen as dynamic pressure),

distinct peaks can be clearly observed in the voltage curves during each click. Espe-

cially for the double-click, two consecutive voltage peaks can be apparently distin-

guished, which is confirmed by the zoomed-in view of the regionmarked by a dotted

black box. For the drag action of the mouse (seen as static pressure), we measured

the current curve under the mouse drag state whereby a strong response was clearly

observed. In addition, by simply sticking the PTES to the touch control switch of a

desk lamp, we verified that the proposed PTES can accurately capture the signals

of turning on (touch the lamp switch), brightening (touch the lamp switch again),

and turning off the lamp (long-press the lamp switch), respectively (Figure S9). For

a more practical application, we combined the PTES with a manipulator to enable

the manipulator to sense the grasping force in real time while grasping objects.

The current curve in Figure 5D (denoted by a blue line) shows the perception of

the gripping forces by the PTES placed on the palm of the manipulator when the

manipulator continuously grips a ball with three different forces at small, medium,

and large levels. It is seen that the sensing response features different intensities,

which primarily corresponds to the magnitude of the applied static pressure. Apart

from the detection of the static gripping force, it is also necessary to be able to

detect the instantaneous impact force that emerges when the ball touches the

palm of the manipulator. Here, we consider the situations that the ball touches the

palm of the manipulator at three different speeds, which correspond to different

magnitudes of the dynamic impact forces. It can be observed from Figure 5D (de-

noted by a red line) that the output voltage response is proportional to the magni-

tude of impact force. Hence, the manipulator is verified to be capable of monitoring

the static gripping force and dynamic impact force simultaneously by placing the

proposed PTES upon it. In addition, the monitoring of human walking status,

embracing slow walking, fast walking, and abnormal walking, can be realized by

placing the PTES on the soles of the feet (Figure 5E). As the contact time between

the foot and the ground is relatively short when a normal person walks slowly or

quickly, the output voltage is measured to detect these two statuses, as shown by

the red line in Figure 5E. One can see that both the frequency and the amplitude

of the output voltage in the fast walking state are higher than those in the slow

walking state, which is consistent with the actual situation. Given that for people

with leg disabilities the contact time between the foot and the ground is long and

the force is uneven during walking, the current curve is thus measured to monitor

this state, as plotted by the blue line in Figure 5E. The measured current waveform

superbly reflects the state of uneven force during walking. According to the afore-

mentioned experiments, the proposed PTES is proved to exhibit great potential in

fields of human physiological information monitoring, manipulator tactile sensation,

and monitoring of human walking status. Another intriguing observation is that the

proposed PTES can offer a fairly broad pressure range from 2 Pa to 250 kPa bymeans

of integrating the TENG with the PPS to compensate the performance degradation

of PPS under high-pressure states (Figure 5F). Specifically, with regard to the detec-

tion of the applied pressure less than 20 kPa, the current signal generated by the PPS
12 Matter 5, 1–21, May 4, 2022



Figure 6. Machine-learning-assisted intelligent material perception system

(A) Schematic overview of the established material perception system, which consists of a self-built setup for signal generation, an FPGA-based high-

speed data collector for signal acquisition, a feature-extraction module for extracting four features of the signals, an MLP model for data processing and

analysis, and a display interface for showing perception results in real time.

(B) Output voltage amplitudes and polarities of the PTES in contact with 12 kinds of materials.

(C) Output voltage signal durations of the PTES in contact with 12 kinds of materials.

(D) Voltage signal waveforms acquired by the FPGA-based high-speed data collector when the PTES contacts 12 kinds of materials.
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Figure 6. Continued

(E) Accuracy of recognition of 12 materials by using the trained MLP model.

(F) Real-time display of the perception results for HDPE and PU by using the constructed material perception system.

(G) Schematic illustration of an array of PTESs containing 3 3 4 perception units.

(H) Simultaneous display of the perception results for 2, 4, 6, and 8 materials, located in different positions on a plate, by relying on the prepared PTES

array in combination with the proposed material perception system.
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part is preferentially monitored. When the applied pressure exceeds 20 kPa, the

sensing of pressure chiefly depends on the monitoring of the output voltage signal

from the TENG part.

Machine-learning-assisted material perception system

To enable interaction with the real world, the PTES is supposed to have the ability to

infer the material property of the object with which it is in contact, similar to human

skin. It is worth noting that it is quite challenging for the human skin to identify the

material property of an object featuring a smooth surface with indistinguishable

characteristics. By means of integrating the proposed PTES with an MLP neural

network-assisted intelligent material perception system, we were able to identify

the material property in real time when touching objects with smooth surfaces, ex-

hibiting a distinguished capability beyond the perception of human skin. The estab-

lished intelligent material perception system is schematically illustrated in Figure 6A,

including generation and acquisition of signals, feature extraction, data processing

and analysis, and real-time display of results. Twelve kinds of flat materials with

smooth and indistinguishable surfaces that cannot be directly identified by human

hands are selected as representative test materials. The PTES sample and testedma-

terials are respectively attached to a fixed stage and a movable stage that can move

back and forth via a linear motor. Meanwhile, the linear motor can control the

applied pressure as well. With regard to the signal that needs to be acquired, the

voltage signal is given priority of consideration, as the TENG of PTES would

generate complicated voltage signals featuring different amplitudes, polarity, and

signal durations when different materials are in contact with the PEDOT:PSS-EM

layer of PTES. The reason underlying the generated distinct voltage signal is chiefly

attributed to the coupling effect of contact electrification and electrostatic induc-

tion, which is affected by the intrinsic properties of contact materials including elec-

tron affinity, work function, and friction.59 As a proof of concept, we performed an

output voltage test under a given pressure of 20 kPa for each of 12 kinds of flat ma-

terials when in contact with PTES. It is worth noting that the selected test materials

are characterized by extremely smooth surfaces and cannot be directly identified by

human hands. As depicted in Figure 6B, seven materials including polyurethane

(PU), polycarbonate (PC), hydrogel, Cu, paper, wovens, and foam exhibit strong

tribo-positive behavior compared with the PEDOT:PSS-EM layer, thus indicating

that positive output voltages have been detected. On the contrary, the remaining

five materials including fluorinated ethylene propylene (FEP), poly(vinylidene fluo-

ride) (PVDF), silicon rubber, PDMS, and high-density polyethylene (HDPE) show

strong tribo-negative behavior, giving rise to negative voltages. The tribo-positive

or tribo-negative behaviors observed from the material exclusively depend on the

inherent abilities of material to lose or gain electrons upon contact with other

materials.60–62 The amplitudes of output voltages are observed to be unique for

each material under consistently applied pressure, as intended. Similar to the

voltage amplitude, the signal duration for each material also shows unique value,

as shown in Figure 6C. Nevertheless, once the same material contacts the PTES

with different pressures (ranging from 0.25 to 20 kPa), the amplitude and signal

duration of the output voltage closely follows the variations in applied pressure

and only the polarity of contact status retains the same, which can be confirmed
14 Matter 5, 1–21, May 4, 2022
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by Figures S10 and S11. The changes in the voltage amplitude and signal duration

are deemed to originate from the fact that the altered pressure induces changes in

the parameters of friction, effective contact area, and viscosity coefficient between

the TENG and the detected material.63,64 The polarity of contact status is invariable

because it merely depends on the inherent ability of a material to lose or gain elec-

trons upon contact with another material, as previously mentioned. Based on the

above discussions, it turns out that the result is insufficient to accurately identify

the material by solely monitoring the output voltage signal. To eliminate the impact

of the pressure variations, we monitored the current signal extracted from the PPS of

PTES simultaneously to sense the applied pressure. Since eachmaterial corresponds

to a unique voltage response when it comes into contact with the PTES under the

same pressure, as long as the applied pressure is known, the type of material can

be recognized via the unique voltage response.

In the signal-acquisition process, a vital point is the undistorted acquisition of the

output voltage waveform in real time as the voltage waveform is characterized by

instantaneously sharp pulses. Here, an FPGA-based high-speed data collector inte-

grating an amplifying circuit, an analog-to-digital converter (ADC) circuit, and a uni-

versal serial bus (USB) interface was expressly adopted to precisely acquire the

output voltage waveforms. The acquired voltage waveforms in relation to different

materials, as depicted in Figure 6D, exhibit distinct features in terms of voltage

amplitude, signal duration, and polarity of contact status (see Table S2 for detailed

data). Here, the amplitude of the collected voltage signal is proportionally reduced

because several resistors in series have been used to divide the voltage during the

signal collection owing to the limited range of the high-speed data collector. There-

after, to enable the PTES to acquire material perception ability, we performed an

MLP model training process based on a dataset formed by 23,223 sets of data in

relation to the acquired signals corresponding to 12 materials. Each set of data con-

tains four features including the amplitude, signal duration, and polarity of contact

status extracted from the voltage waveform, and the amplitude of the current wave-

form. It is worth noting that the samples in the dataset are diversified, including the

data collected at multiple time points and under various environments, so as to

avoid the impact of environmental factors on the accuracy of material recognition.

Ultimately the recognition accuracy after training can reach up to 98.9%, as plotted

in Figure 6E. Table S3 summarizes the recognition accuracy of each material with the

trainedMLPmodel. Taking the perception of HDPE and PU as examples, the percep-

tion results, as well as the acquired voltage and current waveforms, can be precisely

displayed on the terminal computer screen in real time through only one touch, as

shown in Figure 6F and Video S1. Figure S12 and Video S1 present the perception

results of the remaining ten materials. Taking the influence of the variation in the

applied pressure on the perception result into consideration, Figure S13 further dis-

plays the perception results in real time when the applied pressure of the HDPE in

contact with the PTES is altered. Hence, it is confirmed that the constructed intelli-

gent material perception system is capable of real-time identification and display

of the material property of the object when in contact with the PTES via one touch

at arbitrary pressure.

To mimic the ability of human skin to simultaneously identify multiple objects

located in different regions through one touch, we prepared a sensor array

comprising 3 3 4 PTESs, each of which behaves as a material perception unit (Fig-

ure 6G). For the purpose of eliminating the signal crosstalk between neighboring

PTESs when acquiringmultiple signals at the same time, we designed a power ampli-

fier circuit to augment the signals (see the circuit diagram in Figure S14). Similar to
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the PTES array, a plate with the same dimension was prepared on which to place the

test materials. The plate is divided into 12 regions, each of which corresponds to the

region in which the PTES unit is located in the array. We respectively placed 2, 4, 6,

and 8 kinds of materials in random positions on the plate, as shown in the bottom

row of Figure 6H. When the plate on which the materials are placed is in contact

with the prepared PTES array, the PTES units in the position where the material is

placed perceive the corresponding materials and generate voltage and current sig-

nals in their respective channels. By inputting the acquired signals into the trained

MLP neural network model, the type of materials and their positions on the plate

can be recognized, respectively, as displayed in the top row of Figure 6H. The ac-

quired voltage and current signals in real time are shown in Figure S15. The entire

material recognition process can be viewed in detail in Video S2. Our results verify

that the prepared PTES array has the capability of simultaneously perceiving multi-

ple materials through only one contact of each unit and that the perception results

can be displayed on the computer in real time. The demonstrated intelligent mate-

rial perception system based on the combination of the proposed hybrid e-skin

(PTES) and the MLP neural network is proposed to harbor tremendous practical

application value and potential in the field of robotic tactile perception.
Conclusions

In this work, a high-sensitivity and low-cost hybrid e-skin embracing two sensors of

PPS and TENG is proposed and demonstrated to realize real-time perception of

multiple materials. The functional layers of PPS and TENG are formed by adopting

cost-effective and eco-friendly EMs in combination with a facile infiltration method.

To improve the sensing performance of PPS, we made adjustments in terms of two

aspects of structure design, namely manufacturing micro-fence structures on the Cu

electrodes by means of laser marking technology and adding a PEDOT:PSS thin-film

resistor in parallel with the typical piezoresistive structure. It has been proved that

the demonstrated PPS endows a maximum sensitivity reaching 291,699.6 kPa�1

and outstanding long-term durability. With the aid of an extra conducting path

offered by an introduced thin-film resistor, the PPS has been proved to have stable

initial resistance and to enable a linearly adjustable sensitivity by changing the resis-

tance value of the thin film. As the most significant highlight of this work, we further

demonstrated amaterial perception system by applying an FPGA-based high-speed

data collector and anMLP neural network model to collect and analyze the static and

dynamic tactile sensing information provided by PTES. The system is able to recog-

nize 12 materials with indistinguishable surfaces via one touch, with an accuracy of

98.9%, and the perception results can be displayed in real time. Lastly, a 3 3 4

PTES array was developed to illustrate its application potential in the simultaneous

perception of multiple objects with respect to their material properties and loca-

tions, successfully demonstrating its outstanding capability to process multiple in-

formation. It can be anticipated that the proposed hybrid e-skin design architecture,

preparation method, sensitivity-adjustable modeling method, and intelligent mate-

rial perception system will pave the way to realize smart robots with extraordinary

perception ability and bring new inspiration to the fields of self-powered wireless

wearable systems, human-machine interactions, and intelligent prostheses.
EXPERIMENTAL PROCEDURES

Resource availability
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Further information and requests for resources and materials should be directed to

and will be fulfilled by the lead contact, Guozhen Shen (gzshen@semi.ac.cn).
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Materials availability

This study did not generate new unique reagents.

Data and code availability

The data used to support the findings of this study are available from the lead con-

tact upon reasonable request.

Preparation of PEDOT:PSS-EM and CNTs-EM composite films

The preparation process of PEDOT:PSS-EM and CNTs-EM composite films are de-

picted in Figure S1A. At first, the EM was manually peeled from an eggshell of

fresh egg. The peeled EM was cleaned three times in deionized water, then

completely dried on a hot plate at 50�C, eventually giving rise to the desired

EM featuring a double-sided fibrous structure. Next, 10 mL of PEDOT:PSS conduc-

tive ink (EL-P3040; AGFA, Belgium) was dissolved in 20 mL of 95% ethanol, fol-

lowed by sonicating for 1 h until it was completely dissolved. The resulting solution

was centrifuged at 12,000 rpm for 6 min to remove sediment. The supernatant was

collected and mixed in deionized water at different volume ratios (1:0.5, 1:2, 1:4)

to prepare the PEDOT:PSS solution with different concentrations of 22%, 11%, and

6.6% (v/v), which are recorded as solutions A, B, and C, respectively. Subse-

quently, the pretreated EMs were immersed in solutions A, B, and C for 6 h and

completely dried to obtain the EMs modified by the PEDOT:PSS with different

concentrations (PEDOT:PSS-EMs). For the CNTs-EM, 10 mg of carbon nanotubes

(length of 10–30 mm, XFNANO, China) and 100 mg of SDS (AR S99.0%, Shanghai

Macklin Biochemical, China) were dissolved in 20 mL of deionized water and son-

icated for 4 h until the CNTs were completely dispersed. Thereafter, the pre-

treated EM was immersed in the CNT dispersions and sonicated for 1 h, followed

by drying for 3 h to obtain the CNTs-modified EM (CNTs-EM).

Preparation of Cu electrode with micro-fence structure

The uniformmicro-fence pattern on the Cu tape-based electrode was realized by us-

ing an UV laser marking machine (FM-UVM3; Fermi, China) with marking parameters

including 20% power, frequency 5 kHz, and speed 200 mm/s.

Preparation of microstructured PDMS-Ag multilayer

The preparation process of the microstructured PDMS-Ag layer is shown in Fig-

ure S1B. First, the base and curing agent of PDMS (Sylgard 184; Dow Corning,

USA) were mixed in a ratio of 10:1 (w/w) and fully stirred, followed by vacuum de-

gassing for 1 h. The prepared PDMS was spin-coated on commercial sandpaper

(roughness of #2400) at a rotation speed of 400 rpm and dried in an oven at 80�C
for 2 h. After oxygen plasma treatment (65 W, 30 s), Ag was deposited on the

PDMS-coated sandpaper by amagnetron sputteringmethod. Finally, the sandpaper

was manually removed so that the desired layers with the microstructured PDMS on

one side and the Ag conductive layer on the opposite side were obtained.

Preparation of PEDOT:PSS thin-film resistors with different resistance values

Figure S1C displays the preparation process of the PEDOT:PSS thin-film resistors. A

PI tape was initially treated by oxygen plasma (45W, 30 s), and a PEDOT:PSS (1.5% in

water, Aladdin Industrial, China) filmwas coated on the PI tape, followed by drying at

50�C for 2 h. By mixing 2 mL of PEDOT:PSS (1.5% in water, Aladdin Industrial) with

0.3, 0.6, and 1 mL of AgNW ethanol solutions (average length 20 mm, XFNANO),

three mixtures were prepared and coated, respectively on the PI tapes via the

same method mentioned above. Eventually, four PEDOT:PSS thin-film resistors

with resistance values of about 850, 46, 6.4, and 0.8 MU were prepared.
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Assembly of the PTES

Twopreparedmicro-fence structuredCu electrodeswere attachedonboth sides of the

PEDOT:PSS film, and the CNTs-EM sensing layer was sandwiched between the Cu

electrodes andmicrostructuredPDMS-Ag. It is worth noting that the sideof theCuelec-

trodes with the micro-fence structures and the side of the PDMS with the microstruc-

tures were both set to face the CNTs-EM. Finally, the prepared PEDOT:PSS-EM was

attached to the Ag electrode belonging to the PDMS-Ag multilayer by using a dou-

ble-sided adhesive tape, resulting in the complete PTES.

Fabrication of the PTES array

A flat plate composed of 12 small squares (1 3 1 cm for each square) was designed

for placement of the PTES units, each of which was located in the center of the small

square. Hence, a 33 4 PTES array was formed. To avoid the signal crosstalk between

PTES units, each PTES was designed to possess independent electrodes.

Characterization and measurements

The observation of SEM images and the EDS analysis were carried out by using a

field emission scanning electron microscope (Regulus-8100; Hitachi, Japan). A linear

motor (PS01; LinMot, Switzerland) was used to supply the applied pressure. An elec-

trometer (6517B; Keithley, USA) was used to measure the short-circuit current, open-

circuit voltage, and transfer charges of the TENG. It is worth mentioning that the

TENG operates in single-electrode mode and the Ag conductive layer of TENG

was connected to the electrometer during the measurement for the dynamic

response (Figure S16). The output current signal of the PPS was measured by using

a digital source meter (2602B; Keithley). Here, two micro-fence structured Cu elec-

trodes of PPS were connected to the digital source meter via conductive tapes to

measure the current in correspondence with the static response (Figure S16).

Signal acquisition and communication

The voltage and current signals were acquired using a self-built high-speeddata collec-

tor, which primarily exploited FPGA integratedwith amplifier circuit, 12-bit ADC circuit,

and USB interface. The FPGA-based high-speed data collector was equipped with

8-channel ports and 4 kHz of single-channel sampling rate. With FPGA functioning as

the main control module, the voltage and current analog signals generated by the

PTES were amplified via the amplifier circuit and then entered the ADC circuit to realize

the conversion of continuous analog signals into discrete digital signals. Finally, the ac-

quired digital signals were delivered to the computer for subsequent extraction of

signal features via the USB interface.

Training and optimization of MLP neural network model

An MLP neural network model was implemented in the TensorFlow framework to

process and analyze the acquired signals for the PTES to realize material perception.

The MLP model consists of an input layer, four fully connected hidden layers, and an

output layer. There are four neurons in the input layer that correspond to the four

features (voltage amplitude, voltage signal duration, voltage polarity of contact sta-

tus, and current amplitude) extracted from the acquired voltage (TENG) and current

(PPS) signals , and 12 neurons in the output layer that represent the output recogni-

tion probabilities of the 12 materials using the SoftMax activation function. In

respect of the hidden layers, the number of neurons for each layer was set as 12,

32, 256, and 64, respectively, and rectified linear units activation functions were

introduced to all of the layers. The Adam optimizer was adopted to optimize the

MLP model, in which the learning rate of the model is set to 0.1, and the categorical

cross-entropy loss function was used to evaluate the differences between the
18 Matter 5, 1–21, May 4, 2022
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predicted probability distributions after training and the true distribution. Lastly, we

used the training dataset to train the MLP model for 400 epochs with batches of 32

data samples.
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