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ABSTRACT

Owing to the increasing requirement for robotic systems to interact intelligently in unstructured and dynamic environments,

multimodal perception has become an essential and challenging task. In this study, we introduce a multifunctional robotic hand

that can distinguish the shape and material properties of objects using a dual-mode electronic skin (e-skin) capable of non-contact

and contact sensing. The e-skin is composed of a polarized expanded polytetrafluoroethylene electret embedded in Ecoflex, thus

enabling non-contact sensing via the electrostatic-field effect and contact sensing based on the triboelectric effect. The embedded

electret architecture facilitates a high internal charge density, thereby significantly enhancing the intensity and range of non-

contact sensing, an advantage not achievable using conventional approaches. Integrating the dual-mode e-skin into a robotic

arm endows it with multifunctional capabilities; furthermore, with the assistance of a long short-term memory neural network,

the robotic hand achieves 100% and 97.35% accuracies in object-shape and object-material recognition, respectively. This study

demonstrates the potential of the proposed e-skin as a versatile multimodal sensing interface for robotic platforms, thereby

advancing autonomous and intelligent robotic interactions.

1 | Introduction

Human sensory systems, comprising vision, hearing, touch,
smell, and taste, allow interaction with and understanding of
the surrounding environment. As robots and advanced automa-
tion systems become increasingly prevalent [1-4], the demand
for these systems to replicate the human ability to perceive
and interact with their surroundings has increased significantly
[5-7]. Currently, robotic systems rely primarily on contact-based
sensors to gather information [8-14], and recent advances in
multifunctional tactile sensing have further expanded their per-
ceptual capabilities. In particular, a variety of multifunctional

© 2026 Wiley-VCH GmbH

tactile sensors have been developed that integrate piezoresis-
tive, triboelectric, capacitive, and thermal sensing modalities to
extract rich information about contacted objects, such as surface
texture, material composition, stiffness, and thermal properties
[15-18]. These multifunctional tactile sensing strategies enable
robotic systems to achieve more comprehensive and human-like
tactile perception when interacting with physical environments.
However, relying solely on touch limits the ability of robots to
interact with and adapt to unknown environments. Robots should
be designed with multimodal sensing capabilities such that they
can navigate more effectively in complex and dynamic environ-
ments [19-23]. One promising approach is the development of
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dual-mode electronic skins (e-skins) that integrate both contact
and non-contact sensing, thereby endowing robots with a more
comprehensive perception of their surroundings.

Various biological organisms possess evolved non-contact sens-
ing capabilities that allow them to perceive their environment
from a distance. Bats perform spatial mapping through ultra-
sonic echolocation, migratory birds perceive geomagnetic fields
for navigation, and insects such as mosquitoes and fruit flies
detect humidity gradients to locate hosts or food sources. These
diverse biological sensing strategies have inspired a range of non-
contact sensing technologies for robotic perception. However,
each modality exhibits inherent limitations when translated
into practical engineering systems. Ultrasonic sensing relies
on active signal emission and is therefore prone to interfer-
ence from environmental acoustic noise, multipath reflections,
and strong material-dependent scattering effects. Geomagnetic
sensing, while passive, depends on extremely weak magnetic
field variations, making it highly susceptible to electromagnetic
interference and challenging to implement reliably in complex
environments. In addition, several studies have explored non-
contact sensing based on humidity signals [24-26], inspired by
insect hygro-reception. Such approaches typically exploit local
humidity gradients induced by nearby objects or biological
targets. However, humidity-based signals are highly sensitive
to ambient airflow, temperature fluctuations, and environmen-
tal convection, which can easily distort or mask the weak
humidity gradients generated by target objects. As a result,
humidity-based non-contact sensing suffers from limited robust-
ness, restricting its applicability in dynamic or uncontrolled
environments.

In contrast, some species of fish, such as electric eels and
sharks, utilize electroreception to detect the presence of objects
or potential prey via electric fields, as illustrated in Figure la
[27-30]. This method, which relies on electrostatic fields to
detect environmental changes, offers greater robustness because
electrostatic fields propagate stably and are less susceptible
to environmental disturbances. Importantly, electric-field-based
non-contact sensing does not rely on the optical, acoustic, or
magnetic properties of the target, enabling consistent responses
across diverse materials and surface geometries. Therefore, non-
contact sensing technology based on electrostatic-field have been
developed for robotic applications, with emphasis on establish-
ing an intrinsic electrostatic field within the sensor. Based on
their fundamental principles, these sensors can be primarily
classified into three categories: systems relying on triboelec-
tric effects [31-37], systems based on ion-electron interactions
[38-40], and hybrid systems combining the first two approaches
[41, 42]. However, current non-contact sensors present significant
limitations owing to the insufficient strength of the intrinsic
electrostatic field. The electric-field intensity attenuates rapidly as
the distance from the source increases, thereby severely limiting
the effective detection range and hindering its full potential
for real-world applications. Consequently, the ability to perceive
objects from large distances remains a significant challenge.
Hence, the strength of the intrinsic electrostatic field must be
improved such that its effective range can be extended.

In this study, we propose a dual-mode e-skin for a robotic hand,
consisting of pre-polarized expanded polytetrafluoroethylene

(ePTFE) embedded in Ecoflex, with silver nanowires (AgNWs)
deposited as sensing electrodes on the surface of Ecoflex, as
shown in Figure 1b. The e-skin leverages the electrostatic field
generated by the embedded ePTFE electret and its intrinsic
triboelectric effect to enable both non-contact sensing and contact
sensing. The electrostatic field released by an electret originates
from its surface charges, which can be generated using various
polarization methods, such as corona charging and thermal polar-
ization [43-46]. By adjusting the parameters of these polarization
methods and taking other measures, the surface charge density of
the electret can be increased, thereby enhancing the electrostatic
field, a feature that is not achievable by other non-contact sensing
technologies. Consequently, the embedded electret structure in
the e-skin enables a larger detection range. This e-skin enables
a robotic system to perceive its environment on a larger scale,
without requiring direct physical interaction. By integrating this
advanced e-skin into robotic hands (Figure 1c), we developed a
multifunctional system capable of both non-contact scanning and
tactile sensing of objects. This design enables the robotic hand to
perform human-like functions analogous to the eyes and hands,
integrating long-range perception with physical contact-based
exploration (Figure 1d). The acquired data, when processed using
machine learning algorithms [47-49], enables an accurate recog-
nition of object shapes and material properties, thereby enabling
more intuitive and efficient interactions between robots and their
environments.

2 | Results
2.1 | Design of E-Skin

Inspired by the electroreceptive ampullae of Lorenzini in sharks,
which detect weak electric fields in aquatic environments, we
developed a bioinspired e-skin capable of both non-contact and
contact sensing. This design leverages electric field interactions
to detect external objects without physical contact, mimicking the
way sharks perceive their surroundings. As an object approaches
the e-skin, the potential of the AgNWs electrodes varies, with
the potential returning to its original state once the object
retreats. Upon direct contact, triboelectric signals are induced
on the AgNWs electrodes due to frictional effects, as illustrated
in Figure le. Due to the distinct differences between these two
types of signals, it is possible to distinguish whether the object is
approaching or in contact with the e-skin.

The fabrication process begins with embedding the ePTFE mem-
brane into liquid Ecoflex, followed by curing to form a flexible and
durable elastomeric matrix. Subsequently, AgNWs are deposited
onto the Ecoflex surface to form the reference electrode, as
illustrated in Figure 1f. The resulting AgNWs layer forms a dense
and well-connected percolation network on the Ecoflex substrate
(Figure SI), enabling efficient charge transport and reliable
potential sensing. The sheet resistance of the AgNWs electrode
is 12.34 Q sq7!, as measured by the four-point probe method,
indicating low resistive loss and high electrical conductivity.
Owing to the combination of high conductivity and mechanical
compliance, the AgNWs electrode effectively transduces electro-
static potential variations while maintaining flexibility, making
it well-suited as the reference electrode in the proposed e-skin
system.
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FIGURE 1 | (a)Schematicillustration of electroreceptors in sharks, (b) Structure of e-skin equipped on the robotic hand. (c) A robotic hand equipped
with an e-skin. (d) A multifunctional robotic hand exhibiting human-like visual and tactile capabilities. (e) Signals of non-contact sensing and contact

sensing. (f) Preparation process of e-skin. (g) Stress—strain curve of e-skin under uniaxial tensile test. (h) Surficial potential variation of e-skin.

The fabricated e-skin is shown in Figure S2 and can withstand
tensile strains of up to 450% owing to the high stretchabil-
ity of the Ecoflex matrix, demonstrating excellent mechanical
robustness (Figure 1g). In addition, Ecoflex encapsulation effec-
tively preserves the surface charges of the embedded ePTFE
electret, thereby improving its long-term stability. Accord-
ingly, the surface potential of the e-skin remained at ~0.6
of its initial value after one month of storage (Figure 1h),

indicating a stable internal electrostatic field that supports
sustained non-contact sensing. Immersion tests further con-
firmed that the encapsulated ePTFE electret retained stable
charges after three immersion cycles, whereas an unpro-
tected ePTFE electret lost nearly all charges after a single
immersion (Figure S3). These results collectively highlight the
durability and reliability of the proposed e-skin in complex
environments.
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FIGURE 2 | (a)Simplified physical model of non-contact sensing. (b) Electrode potential change AV, due to changes in distance d; between sensing
object and e-skin. (¢) Comparison of AV, in e-skin with and without electret. (d) Electrode potential V, curve as sensing object propagates away gradually
from e-skin. (e) AV, for each 1 cm distance increment as sensing object propagates farther away. (f) Results of non-contact sensing tests performed on

PL, PET, and paper.

2.2 | Mechanism of Non-Contact Sensing

To elucidate the non-contact sensing mechanism of the e-skin, a
simplified physical model was developed to simulate its interac-
tions with the surrounding environment. Environmental objects
can acquire surface charges through various processes, including
friction, direct contact, and exposure to ambient factors such as
radiation, temperature, and humidity. These interactions result in
some objects carrying positive surface charges, while others carry
negative surface charges. Asillustrated in Figure 2a, the proposed
physical model assumes that the sensing object possesses a
net positive charge, whereas the ePTFE layer embedded within
the e-skin structure is deliberately polarized to exhibit negative
surface charges. The non-contact sensing capability originates
from the combined effect of the electrostatic field caused by
the polarization of the ePTFE layer inside the e-skin and the
electrostatic field associated with the sensing object, as well as
the interaction between the two electrostatic fields.

The dynamic variation in the distance parameter d, between the
sensing object and e-skin modulates the electrostatic interaction
between them, thus inducing a responsive shift in the potential of
the reference electrode V,, which constitutes the core mechanism
by which the e-skin achieves non-contact sensing. Using Gauss’s
theorem and Kirchhoff’s laws, the electrode potential V, and the
variations in the electrode potential AV, with respect to changes
in d, were obtained as follows (Note S1):

0, +0,
2¢,

0, —0;
2¢,

o +0,

v
2¢,

e d, + d, - d; @

AV, = 21— Ad (2)

where o, and o, denote the surface charge density of the
sensing object and ePTFE electret, respectively; d, represents
the separation distance between the sensing object and e-skin;
d, and d; correspond to the distances between the ePTFE layer
and the upper and lower surfaces of the e-skin, respectively. The
permittivity of air and Ecoflex is denoted as ¢, and ¢,, respectively.
Equation (1) provides the expression for V,, while Equation (2)
indicates that d, directly affects the electrode potential variation
AV,
Simulations and experiments were conducted to validate the
theoretical derivations. In the simulations, the approach of the
sensing object toward the e-skin corresponds to a decrease in
d,, thus resulting in an increase in V,, as illustrated in Figure
S4. In practical environments, the surface charge distribution of
objects is typically non-uniform. To ensure a uniform surface
charge distribution in the experiment, corona-polarized PTFE
materials were used as the sensing objects. As expected, variations
in d; caused significant changes in the electrode potential V,.
Specifically, when the positively polarized PTFE approached the
e-skin, V, increased, whereas when it propagated away from the
e-skin, V, decreased. The curve of V,, as shown in Figure 2b,
exhibited a trend consistent with the simulation results and
aligned well with the theoretical derivation.

Further comparative experiments were conducted to assess the
role of the ePTFE layer in enhancing non-contact sensing. When
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testing Ecoflex without an embedded ePTFE electret, the AV,
during the approach and withdrawal of the palm remained
below 10 V. However, when an e-skin incorporating a polarized
ePTFE electret with a surface potential of —2000 V was tested,
AV, increased significantly to approximately 80 V, as shown in
Figure 2c. This significant enhancement aligns well with the
prediction of Equation (2), where AV, is attributed to chanJrges

o1+02

in d,. Specifically, the magnitude of AV, is proportional to -
€0

thus indicating that the embedded ePTFE electret introduces
additional surface charge, thereby enhancing the non-contact
sensing capability of the e-skin. This substantial improvement
underscores the critical role of the ePTFE electret in increasing
the sensing sensitivity and extending the detection range.

The distance-dependent behavior of non-contact sensing was fur-
ther analyzed by observing the response of a positively polarized
PTFE film (surface potential of 1 kV) propagating away from
the e-skin, which comprised an embedded ePTFE layer with a
surface potential of —1kV. As shown in Figure 2d, V, decreased as
d, increases. The corresponding variation curves reveal that the
magnitude of AV, diminished as d, between the sensing object
and e-skin increased. To quantify this trend, the magnitude of AV,
at different distances was plotted (Figure 2e), which illustrates
the variation as the sensing object propagated 1 cm farther at
each step from an initial distance of 1 cm to a final distance of
7 cm. Specifically, when the sensing object was propagated 1 cm
farther from an initial distance of 1 cm, AV, was approximately
10 V. However, as the distance increased, when the sensing object
moved 1 cm farther from a distance of 7 cm, AV, diminished
gradually, and reduced to approximately 1 V. The tests conducted
on oppositely polarized PTFE films yielded consistent results, as
shown in Figure S5. This observation highlights a fundamental
limitation of non-contact sensing: the sensitivity decreases as the
separation distance increases.

The gradual change in AV, deviates from Equation (2) because
the equation is derived under the assumption of an ideal infinite
parallel plate capacitor, where electric field lines remain perpen-
dicular to the plates, and the field strength depends solely on the
surface charge density and dielectric constant. However, when
d, is comparable to or greater than a (the side length of the e-
skin and sensing objects), the finite-size effect of the film becomes
significant. In this case, the electric field distribution is no longer
uniform and is governed by edge effects. Considering size effects,
the variation in AV, with respect to the change in d; (Ad) is
derived as follows (Note S2):

(0, +0y) al Ad

AV, ~
¢ € df

©))

where a represents the side length of the sensing object and e-
skin. Equation (3) indicates that as the d, between the sensing
object and e-skin increases, the same displacement Ad results
in a smaller variation in AV,. This relationship underscores the
diminishing sensitivity of the system at larger distances, which is
a critical factor in the design of non-contact sensing applications.

To further validate this behavior, the non-contact sensing perfor-
mance was investigated for sensing objects composed of different
materials, including polyimide (PI), polyethylene terephthalate

(PET), and paper. These materials, which are commonly encoun-
tered in daily environments, were selected to simulate real-world
objects in practical sensing applications. Consistent with the
findings obtained for PTFE films, the sensitivity of non-contact
sensing decreased as the distance between these materials and
the e-skin increased (Figure 2f). This trend persisted across all
the tested materials, with the magnitude of AV, diminishing
at greater distances. These results highlight the inherent lim-
itation of non-contact sensing in maintaining high sensitivity
over extended distances, thus emphasizing the necessity for
optimization in practical implementations.

2.3 | Electrostatic Enhanced Non-Contact Sensing

Based on the analysis above, edge effects in an electric-field
distribution must be considered when evaluating AV, in a
finite-area parallel-plate system. Thus, key factors affecting the
electrode potential change in Equation (3). Among the factors,
the surface charge density of both the ePTFE layer in the e-skin
and the sensing object, as well as their respective surface areas,
are crucial in determining the non-contact sensing performance.
By optimizing these parameters, the sensitivity and range of
non-contact sensing can be effectively enhanced.

To validate this framework, experimental investigations were
conducted to assess the role of surface charge density. By increas-
ing the surface charge density of the ePTFE layer and sensing
object, the electric-field intensity is amplified, thus directly
improving the non-contact sensing capability. For electrets, the
surface charge density is directly proportional to the surface
potential, which allows the surface potential to serve as an
indicator of the surface charge density. The relationship between
the electret’s surface potential and surface charge density is
derived as follows (Note S3):

v,=u=-2% @

€

where V; is the surface potential of the electret; and — o,
represents the surface charge density of the electret, with the
negative sign reflecting the polarity of the surface charge on the
electret. The thickness and permittivity of the electret are denoted
as d, and ¢,, respectively. Equation (4) expresses the relationship
between the surface potential and surface charge density of the
electret. During corona polarization, a metal mesh electrode was
positioned directly above the PTFE electret, which effectively
homogenized the local electric field in the charging region and
promoted spatially uniform charge deposition across the electret
surface (Figure S6). As a result, the measured surface potential
exhibited negligible spatial variation, validating the assumption
of uniform surface charge distribution and thereby supporting the
linear relationship expressed in Equation (4).

Based on this relationship, experiments were conducted using
ePTFE films with surface potentials ranging from —1 to —8 kV,
paired with PTFE sensing objects polarized from +1 to +8 kV.
During testing, the sensing object was shifted from 1 to 2 cm away
from the e-skin, and the corresponding change in the electrode
potential was measured as an indicator of the non-contact sensing
intensity. A greater AV, signifies stronger non-contact sensing
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FIGURE 3 | (a)Electrode potential change AV, as a function of surface potential of ePTFE in e-skin and surface potential of sensing object. (b) AV,
of various materials under non-contact sensing tests based on surface potentials of ePTFE in e-skin of —8 and —1 kV. (c) Effect of different e-skins and

sensing object areas on AV,. (d) Variation trend of AV, when surface potentials of ePTFE and sensing object are —8 and 8 kV, respectively, with both

measuring 20 cm x 20 cm. (e) Comparisons of sensing intensity and sensing distance across different non-contact sensing technologies.

capability and suggests an extended sensing range. As shown in
Figure 3a, the results clearly show that AV,, which represents the
sensing intensity, increased with the surface potentials of both the
ePTFE layer and the sensing object. These findings highlight the
critical role of surface charge density in enhancing non-contact
sensing performance and provide a basis for further optimization.

To further investigate the effect of surface charge density on
non-contact sensing performance, additional experiments were
conducted using e-skins comprising ePTFE layers with surface
potentials of —8 and —1 kV. Various sensing materials, including
PI, PET, paper, Al, and Cu, were tested to evaluate the sensing
intensity. Each material was initially positioned 1 cm away from
the e-skin and then shifted incrementally to 2 cm, while the
corresponding AV, values were recorded (see Figure 3b). The
results confirmed that increasing the surface charge density of
the ePTFE layer significantly enhanced the sensing intensity. For
all tested materials, the AV, was substantially higher when the
ePTFE surface potential increased from —1 to —8 kV. This finding
further validates that increasing the surface charge density of
both the e-skin and sensing objects effectively extends the range
of non-contact sensing. By employing this method, the e-skin
achieves enhanced sensing capabilities over a greater distance,
thereby addressing the key limitation of existing non-contact
sensing technologies.

In addition to the surface charge density, the surface areas of
both the e-skin and sensing object significantly affect the non-
contact sensing intensity. When the areas of the sensing object

and e-skin increased, the relative contribution of the edge effects
diminished, and the electric-field distribution of the system
approached that of an ideal uniform field. Consequently, the
effective electric-field strength increased, thus resulting in a
larger AV, for the same d; and Ad. To investigate this effect,
experiments were conducted using the e-skin and sensing objects
measuring 5 cm X 5 cm, 10 cm X 10 cm, and 20 cm X 20 cm.
As shown in Figure 3c, the sensing intensity increased with the
surface area.

Based on the results above, we further examined the combined
effects of enhancing both the surface charge density and surface
area. When the surface potential of the ePTFE layer was set to
—8 kV, and the PTFE sensing object was polarized to +8 kV, the
system exhibited high sensing intensity and an extended sensing
range when both the e-skin and sensing object measured 20 cm
X 20 cm. As depicted in Figure 3d, when the PTFE sensing object
propagated away from the e-skin in 1 cm increments, beginning
from an initial distance of 1 cm, AV, was approximately 400 V
initially. As the distance increased, AV, decreased gradually;
however, even at a distance of 24 cm, a measurable AV, of
approximately 1 V potential was observed. The fitted curve
(red line in Figure 3d) further validates the consistent trend of
diminishing AV, with increasing distance, thus underscoring the
effectiveness of these combined strategies.

As illustrated in Figure 3e, compared with previous non-contact
sensing technologies, the simultaneous enhancement of the
surface charge density and sensing area significantly improved
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both the sensing intensity and range. These results highlight a
robust and effective strategy for advancing non-contact sensing
performance beyond current limitations.

2.4 | Object-Shape Recognition Based on
Non-Contact Sensing

When the e-skin scans objects of different shapes in a non-
contact manner, the reference electrode generates distinct signals
corresponding to each shape. Object shape can be effectively
identified by extracting the characteristic features of the signals
and applying machine-learning algorithms. In this study, five
representative geometries, cube, triangular prism, semicylinder,
right-angled trapezoid, and isosceles trapezoid, were selected to
validate this approach.

As illustrated in Figure 4a, when a cube is scanned, its upper
surface is generally closer to the e-skin as compared with the
cases of other shapes; in this case, the short distance enhances the
signal strength owing to charge-aggregation effects. Additionally,
the larger top surface area of the cube contributes to a longer
signal duration. By contrast, the objects of other shapes exhibit
weaker and shorter signal responses, as their curved or slanted
surfaces create a more dispersed electric-field distribution. The
corresponding signal waveforms for these five shapes are pre-
sented in Figure 4b, which shows distinct differences in the signal
amplitude and duration.

To enable an accurate classification of the object shapes, feature
extraction must be performed to transform raw signals into mean-
ingful features for machine learning. As the signals obtained
from object scanning are waveform data, the Fourier transform
is employed to convert time-domain waveforms into frequency-
domain data. This is because the Fourier transform decomposes
complex time-domain signals into sinusoidal components at dif-
ferent frequencies, which renders the primary characteristics of
the signal represented more intuitively in the frequency domain,
thereby facilitating the extraction of relevant features.

The complete feature-extraction process is shown in Figure 4c.
Initially, the waveform data were extended to ensure periodicity
in the time domain (Figure 4d). This step is essential for accu-
rate frequency-domain analysis because maintaining periodic
continuity enhances the identification of frequency components
during the transformation. Subsequently, the DC component is
removed, thereby enhancing the prominence of the frequency-
domain features by eliminating baseline shifts. Next, the Fourier
transform is applied, and five key parameters, average ampli-
tude, amplitude standard deviation, maximum amplitude, and
the frequency corresponding to the maximum amplitude and
frequency bandwidth, are extracted as input features for machine
learning. These features provide a comprehensive representation
of the signal’s spectral characteristics, which are essential for
distinguishing different object shapes.

Following feature extraction, an LSTM neural network is used
for classification. LSTM networks are particularly suitable for
this task because of their ability to capture long-range temporal
dependencies and sequential correlations within the extracted
signal features. The LSTM neural network comprises two layers

with 64 and 32 time steps, followed by a dense layer that outputs
the classification result (see Figure 4e). As shown in Figure 4f,
the LSTM model successfully classified the five object shapes,
cube, triangular prism, semicylinder, right-angled trapezoid, and
isosceles trapezoid, with an accuracy of 100%, and the training
process for the LSTM model is shown in Figure 4g. Addition-
ally, convolutional neural networks (CNN) and support vector
machines (SVM) were used to process the extracted features
for object-shape classification, where 100% and 97.5% accuracies
were achieved, respectively, as shown in Figure 4h and Figure S7.

2.5 | Object-Material Recognition Based on
Contact Sensing

Contact-based sensing was employed to distinguish various
materials by analyzing the triboelectric signals generated during
direct physical interaction between the robotic hand and different
objects (Figure 5a,b). When the e-skin establishes contact with
a material, charge transfer occurs between the surfaces; the
direction and magnitude of this transfer are governed by the elec-
tronegativity of the material. This process generates triboelectric
signals characterized by distinct peak and valley features, which
are extracted as signal characteristics to identify the material of
the object.

To validate the feasibility of identifying object materials using
triboelectric signals generated from contact sensing, a diverse
set of materials was tested, including metals such as Al and Cu;
polymers such as PI, nylon, and acrylic; paper and human skin,
which are commonly encountered materials in both industry and
daily environments (Figure 5c). As the e-skin establishes contact
with these materials, triboelectric signals are generated, as shown
in Figure 5d. The peak and valley values of the triboelectric
signals were adopted as the primary features (Figure 5e). It
should be noted that the amplitude of the triboelectric signals is
influenced by the applied contact force, with larger contact forces
leading to higher signal amplitudes (Figure S8). To eliminate the
interference of contact force variations on material identification,
the contact force exerted by the robotic hand was controlled
within a limited and stable range during the material recognition
experiments. In addition, environmental humidity also affects the
triboelectric output, where higher humidity generally results in
reduced signal intensity (Figure S9). In practical robotic manip-
ulation and sensing scenarios, material recognition is typically
completed within a relatively short time window, during which
the environmental humidity can be regarded as quasi-static and
thus has a negligible impact on the classification results.

LSTM, CNN, and SVM models configured with the same network
architectures, as described in the previous section, were employed
to analyze the extracted triboelectric features to identify the
material types of the objects. However, owing to the different
input-data formats, the structure of the LSTM neural network
differed from that in the previous section, as shown in Figure 5f.
The feature values of all training and testing set data are shown
in Figure 5g. The trained model showed high classification
accuracy, with the LSTM model achieving an accuracy of 97.35%
(Figure 5h). The training process of the LSTM model is shown
in Figure S10. The CNN and SVM models achieved accuracies
of 93.79% and 94.74% (Figure 5i; Figure S11), respectively. Based
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FIGURE 4 | (a) Scanning of objects with different shapes by e-skin. (b) Signals generated by scanning objects of different shapes with e-skin.
(c) Complete process of feature extraction. (d) Data extension of waveform. (e) Structure of LSTM model. (f) Confusion matrix for LSTM results in

recognizing three different shapes. (g) Training process of LSTM model. (h) Comparison of average accuracies of LSTM, CNN, and SVM models.

on the previous and current sections, the LSTM model exhibited
higher accuracy in recognizing object shapes and materials than
the CNN and SVM.

2.6 | Demonstration of Multifunctional Robotic
Hand

Figure 6a shows the full signal-processing pipeline, in which raw
signals are first acquired by the e-skin and then subjected to
filtering and analog-to-digital conversion. The processed signals
are transmitted to a computer via serial communication, where

they are stored and analyzed using an LSTM neural network
implemented in Python. The classification results are displayed
in real time. To comprehensively assess the capability of the
robotic hand equipped with dual-mode e-skin in recognizing
both object shapes and materials, a practical demonstration was
conducted. The e-skin, which is distinguished by its straight-
forward fabrication process and structural compatibility, can be
easily integrated into a robotic hand using glue, as illustrated in
Figure 6b.

To validate the capability of the proposed robotic hand, exper-
iments were conducted to identify the shapes and materials
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Advanced Materials, 2026

85U8017 SUOWILLOD BAE81D 3ded!|dde ay) Aq pausenob a1e Ssppiie O @S JO SNl 10} ArIq1T 8UIIUO A1 LD (SUOTIPUD-PUE-SULBI WO A8 | 1M AeIq 1 U1 |UO//SANL) SUORIPUOD PUe SWie | 8U188S *[9202/20/.2] uo AkeidiTauluo Ae|im ‘ABojouyde | JO @nsul uiqreH Ad 60vTZSZ02 eWPe/Z00T 0T/10p/Lu0o" A3 1M Akeid1Bul U0 peouRApe//Sdny Wo.y papeojumod ‘0 ‘S60vTZST



a C
J
800
I
—
<
PS 400+
o
8 il .
S 04 | l l I Nylon Acrylic Paper
>
Nyl i i
400 . Al - Pl . ylon - Cu . Skin lAc;ry‘ln:. . Paper
0 10 20 .30 50 60 70
Time (s)
e f [STM)  (@STMD) (Dense)  (Result)
1000
S
< 800 ,
v i o Cu
S 6004 L 1 5.'] . |
El‘ Mylon
a
L 400 : o Al
2 2004 i E Acrylic
© 0 = ]
3
E -200 o - Paper
- ‘\-ié\ o é_@ Y;FEP q’ﬁé Skin
1260x2x1 1260x2x64  1260%32 1260x7 7
1000 h y 100% 1
7 . g 97.35%
.35% 93.79% 94.74%
< 8007 y— e o &8
< e o
= 6007 m G- s o 8
p Ry 3 i | g 60-
2 400 . rts - 8 8
@ 499 " a E on 22 @
R " % EF * T
2001 . b ::r s ook « R 0 e < 20+
0 4B £ 000% 000% 0.00% 000% 4EAW
0 30 60 90 120 150 180 R LSTM™ CNN SUM
Feature2 (V) Predicted labels Model type

FIGURE 5 |

(a, b) Schematic diagram illustrating robotic hand establishing contact with object. (c) Materials tested experimentally. (d) Typical

triboelectric signals generated by tested materials. (e) Peak and valley values of triboelectric signals used as feature values. (f) Structure of LSTM model.
(g) Feature values derived from training-set data. (h) Confusion matrix of LSTM results for recognizing seven different materials. (i) Comparison of

average accuracies of LSTM, CNN, and SVM models.

of various objects. To evaluate the shape-recognition perfor-
mance, five representative geometries, cube, triangular prism,
semicylinder, right-angled trapezoid, and isosceles trapezoid,
were fabricated via fused deposition modeling—a 3D printing
method. The robotic hand, which was equipped with the e-
skin, successfully identified each of these shapes based on the
extracted non-contact signal features (Movie S1). Subsequently,
the system was tested for material recognition. Seven common
materials, PI, Al, nylon, paper, human skin, acrylic, and Cu,

were selected. The robotic hand accurately distinguished all
seven materials through contact sensing and signal classification
(Movie S2), thus demonstrating its effectiveness in material

differentiation.

Finally, the capability of the robotic hand for simultaneous shape
and material recognition was assessed using composite samples
with unique shapes and materials. Specifically, three test objects
were used: a semicylindrical acrylic sample, a cubic Al block, a
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triangular prism Cu block, right angled trapezoid Cu block, and
an isosceles trapezoid Al block.

The robotic hand successfully recognized both the shape and
material of each sample (Figure 6c-e; Movie S3), thereby vali-
dating the robustness and practicality of the proposed dual-mode
e-skin for complex real-world perception tasks.

3 | Conclusions

A dual-mode e-skin, which offers a novel approach to non-contact
sensing by leveraging the intrinsic electrostatic field generated
by the embedded electret structure, was developed in this study.
Compared with conventional non-contact sensing technologies,
the proposed method significantly enhances the sensitivity and
detection range by increasing the surface potential of the electret.
Furthermore, with the assistance of an LSTM neural network, the
robotic hand integrating e-skin achieved impressive accuracies of
100% and 97.35% in object-shape and object-material recognition,
respectively. The e-skin provides a unique and efficient solution
for multimodal perception in robotics, and enables accurate and
real-time recognition of complex object attributes. This study
not only introduces a new paradigm for non-contact sensing but
also bridges the disparity between advanced sensing technologies
and practical robotic applications, thus providing an avenue for
exciting developments in intelligent robotics across various fields
such as automation, healthcare, and human-robot interaction.

4 | Experimental Section
4.1 | Fabrication of E-Skin

An ePTFE membrane (50 um thickness, average pore size of
1 um; Changzhou Jinchun Environmental Protection Technology
Co., Ltd.) was polarized using the corona charging method. A
1:1 mixture of Ecoflex 00-30 (Smooth-On Inc.) parts A and B
was prepared using a mixer. The prepared elastomer solution was
poured onto a charged ePTFE film and distributed evenly on a
glass plate using a doctor blade. Finally, the Ecoflex precursor was
solidified for 2 h at room temperature. After curing, the surface of
the film was wiped with isopropanol to remove dust and grease.
Meanwhile, an AgNWs dispersion solution was prepared by
dispersing AgNWs in ethanol (concentration of 0.5 mg/mL), and
ultrasonic treatment was conducted to prevent the agglomeration
of the nanowires and ensure their uniform dispersion. The
AgNWs were sprayed with a spray gun and dried naturally at
room temperature.

4.2 | Characterization of the Device

The sheet resistance of the AgNWs electrode was measured
by four-point probe (RG-7C, Napson Corporation, Japan). The
surface potentials of the ePTFE and PTFE films were measured
using a high-speed electrometer (Model-341b, Trek, America).
The electrode potential was measured using a high-speed elec-
trometer (Model-341b, Trek, America). The distance between the
electronic skin and sensing object was controlled by a driving
motor (PKP268D42A2-R2F, Oriental Motor, Japan) and a high-

load linear stage with built-in controllers (X-LRT0500AL-E08C,
Zaber Technologies, Canada).

4.3 | Statistical Analysis

Statistical analyses were performed using GraphPad Prism (ver-
sion 10.6). Values are presented as the mean + standard deviation
(n = 10). The significance of two independent samples was
calculated by the unpaired t-test (Figure 2c). When three or more
samples of a single variable were involved, a one-way analysis
of variance was performed (Figure 2e). Involving two variables,
a two-way analysis of variance was conducted to assess the
interaction between factors (Figure 3b,c). All tests were two-sided,
and p-values <0.05 were considered statistically significant.
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