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environmental interferences and 
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paradigm for embodied intelligence 

beyond the spatial and functional 

constraints of contact-based systems.
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SUMMARY

Tele-perception�is�essential�for�embodied�artificial�intelligence,�enabling�adaptive�systems�and�real-time�hu-

man-machine�interactions�(HMIs).�However,�conventional�electret-based�systems�suffer�rapid�charge�dissi-

pation,�limiting�the�range�to�under�1�m�and�reducing�stability�in�dynamic�environments.�Here,�we�propose�a�
meta-structured�heterointerface�with�a�nano-architectured�electret�skin�(NAES).�It�integrates�a�charge�trans-

port�layer�(CTL)�for�dynamic�redistribution�and�a�charge�blocking�layer�(CBL)�for�electrostatic�trapping,�
enabling�bulk�charge�retention�instead�of�surface-confined�charge.�This�architecture�achieves�a�3-m�sensing�
range�with�high�sensitivity,�ΔV/Δd�=�21.8,�significantly�outperforming�traditional�systems.�Signal�processing�
algorithms�decouple�electrostatic�responses�from�humidity�and�Gaussian�noise,�ensuring�robust,�adaptive�
perception.�The�system�replaces�the�conventional�‘‘approach→touch→interact’’�sequence�with�a�closed-

loop�‘‘tele-perception→interact’’�model.�This�work�establishes�a�universal�charge-trapping�paradigm�with�
broad�implications�for�remote�control,�neuromorphic�computing,�and�real-world�applications�of�embodied�
intelligence�systems.

INTRODUCTION

Embodied�intelligence�1,2�theory�asserts�that�object�perception�

is� intrinsically�shaped�by� the�ability� to�engage� in�physical

interactions.�3–5�Tele-perception�is�critical�for�embodied�intelli-

gence,�driving�the�evolution�of�autonomous�systems�6,7� and�

human-machine�interactions�(HMIs)�8–10�with�unparalleled�adapt-

ability.�By�orchestrating�active�environmental�cognition�through

PROGRESS�AND�POTENTIAL� Tele-perception�technologies�were�essential�for�advancing�embodied�artificial�

intelligence,�yet�conventional�electret-based�systems�suffered�from�rapid�charge�dissipation�and�environ-

mental�instability,�limiting�their�real-world�applicability.�Here,�we�presented�a�nano-architectured�electret�

skin�(NAES)�with�a�meta-structured�heterointerface�to�overcome�these�challenges.�The�NAES�transitioned�

from�surface-confined�charge�to�bulk�charge�retention�using�a�dual-layer�structure�that�enabled�a�record�

3-m�sensing�range�with�high�sensitivity.�Integrated�deep�learning�resolved�environmental�noise�in�real�

time,�achieving�98.32%�identification�accuracy�in�cluttered�settings.�Beyond�robotics,�the�NAES�established�

a�universal�charge-trapping�framework�for�neuromorphic�computing�and�fault-tolerant�Internet�of�Things�

(IoT)�systems,�addressing�cross-disciplinary�challenges�in�energy-efficient�sensing.�By�bridging�electrostatic�

engineering�with�machine�intelligence,�this�work�opened�avenues�for�autonomous�systems�operating�in�dy-

namic�environments.

Matter�8,�102363,�December�3,�2025�©�2025�Elsevier�Inc.� 1
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spatiotemporal charge field coupling, it transcends passive 

sensing 11,12 paradigms, empowering machines with real-time 

adaptive interaction and autonomous behavioral plasticity in 

dynamically evolving scenarios. While foundational, conven-

tional tele-perception sensors rely on diverse physical principles 

tailored to specific applications, each faces distinct challenges. 

Infrared sensors, 13,14 which are used for security and fire moni-

toring, 15,16 are hindered by humidity-induced signal attenuation. 

Ultrasonic sensors, 17,18 which are employed for navigation, 

struggle in cluttered environments due to acoustic scattering. 19 

Laser sensors, 20–22 offering submillimeter precision in industrial 

automation, 23 degrade in the presence of airborne particulates. 

Capacitive sensors, 24–26 which are used for proximity sensing, 

suffer from instability under temperature and humidity fluctua-

tions. Magnetic sensors, 27–29 crucial in transport systems, 30,31 

are compromised by electromagnetic interference. Optical 

sensors, 32 relying on light modulation 33,34 for metrology and im-

aging, require an unobstructed line of sight and fail under low illu-

mination or reflective surfaces. These modalities are collectively 

constrained by environmental fragility, limited operational 

ranges, and modality-specific blind spots, significantly impairing 

their performance in interference-prone, dynamic environments. 

Such intrinsic limitations, spanning environmental adaptability, 

range constraints, and susceptibility to interference, underscore 

the critical need for transformative sensing paradigms. 

Emerging electroreceptor-based 35 tele-perception over-

comes these limitations through charge-trapping architectures 

and adaptive signal processing. In our previous work, the 

concept of tele-perception 36 was introduced through the inte-

gration of inorganic nanoparticle arrays to create stable charge 

traps, inspired by the electrosensory system of the platypus. 

This innovation amplifies local electric fields and sustains charge 

retention, enabling remote detection of human presence at 

record-high ranges (1.55 m), with a sensitivity metric (ΔV/Δd = 

14.2) surpassing conventional benchmarks. Unlike modality-

specific traditional sensors, this system integrates multimodal 

data fusion (proximity, 37 motion, 38 and environmental fluctua-

tions 39 ) with machine learning algorithms 40,41 to dynamically fil-

ter noise and resolve signal ambiguities in real time. Importantly, 

its reliance on electric field perturbations eliminates line-of-sight 

dependencies and mitigates interference from humidity, particu-

lates, or electromagnetic clutter. This paradigm shift 42 not only 

circumvents the physical and environmental limitations of legacy 

systems but also establishes a scalable framework for high-

resolution, context-aware sensing in complex, dynamic environ-

ments, laying the foundation for next-generation autonomous 

systems and enhanced human-environment interactions. 

Despite advances in bioinspired tele-perception, conventional 

electret materials in electroreceptor-based systems remained 

constrained by surface-confined charge. Environmental humidi-

ty and airborne ions accelerate charge dissipation, while interfa-

cial electric fields between surface charges and electrodes 

induce leakage, undermining stability. These challenges mirror 

critical bottlenecks in remote sensing technologies, all con-

strained by charge instability, exposing a universal issue for elec-

trostatic-controlled systems. Overcoming this requires a shift 

from surface-confined to bulk charge stabilization. Achieving 

this would address resilience and adaptability limitations in

tele-perception, enabling transformative applications, such 

as autonomous robots navigating unstructured environments 

and fault-tolerant Internet of Things (IoT) networks operating 

in dynamic conditions, where robust environmental interaction 

is essential.

Herein, a meta-structured heterointerface with a nano-archi-

tectured electret skin (NAES) is proposed, which redefines 

charge transport design and fundamentally overcomes the limi-

tations of conventional electret materials by achieving the first 

transition from surface-confined charge retention to bulk charge 

trapping. The charge transport layer (CTL), composed of carbon-

black-doped PDMS, introduces nanoscale charge capture sites 

that enable dynamic charge redistribution, ensuring rapid elec-

tron mobility for real-time environmental responsiveness. 

Complementarily, the charge blocking layer (CBL), embedded 

with ferroelectric SrTiO 3 nanoparticles, leverages polarization-

induced bulk charge trapping to stabilize electrostatic retention 

against thermal and humidity variations. This meta-structuring 

decouples electrostatic signal modulation from environmental 

noise, a capability unattainable in homogeneous electrets or 

conventional sensors. The NAES achieves a 3-m sensing range 

with ΔV/Δd = 21.8, surpassing existing tele-perception technol-

ogies by orders of magnitude. Crucially, its reliance on electric 

field perturbations, rather than photons, sound waves, or capac-

itive coupling, eliminates modality-specific blind spots such as 

optical obstructions or acoustic scattering, enabling non-line-

of-sight perception in cluttered environments. The advanced 

electroreceptor-based tele-perception capabilities of the NAES 

enable resilient HMIs, successfully demonstrating control of 

robot movement and unmanned aerial vehicles (UAVs) in high-

darkness and high-humidity conditions. To further enhance its 

capabilities, integrated deep learning algorithms are employed 

to translate 2D electrostatic data into multidimensional informa-

tion. By training on noise-inclusive datasets, the algorithm 

dynamically filters Gaussian noise and resolves signal ambigu-

ities in real time, achieving adaptive perception without compro-

mising system latency and an impressive 98.32% identification 

accuracy in cluttered environments. This represents a shift 

from the traditional ‘‘approach→touch→interact’’ paradigm to 

a closed-loop ‘‘tele-perception→interact’’ dynamic interaction 

framework. This breakthrough ushers in a new era of pervasive 

sensing and embodied artificial intelligence systems, enabling 

transformative applications in robotics and HMIs and paving 

the way for future advancements in robust tele-perception tech-

nologies for autonomous and adaptive systems.

RESULTS

Design of the NAES for tele-perception systems 

Non-contact sensing emerged as a critical technology for envi-

ronmental monitoring and HMI, enabling remote detection of 

external stimuli without physical interaction. However, conven-

tional electret-based sensors were fundamentally constrained 

by surface-confined electrostatic charge accumulation, a 

challenge exacerbated by increased material thickness, which 

disrupted charge equilibrium and diminished operational effi-

ciency (Figure 1A). Environmental perturbations such as airborne 

particulates and humidity variations further accelerated charge
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Figure 1. Schematic of the NAES system for high-performance tele-perception

(A) Working principle of traditional non-contact sensors based on electret materials.

(B) Three-dimensional structural schematic of the NAES.

(C) Working principle of the NAES.

(D) Schematic of the tele-perception based on the NAES system and deep learning algorithms.

(E) Cross-sectional SEM image of the NAES.

(F) Structural diagram of the leakage current test.

(G) Comparison of leakage current tests in different electret materials.
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dissipation, severely limiting long-term operational stability and 

practical sensing distances. These unresolved limitations under-

score the urgent need for electret material engineering strategies 

that can decouple electrostatic signal retention from surface 

confinement while ensuring environmental resilience, which is 

a critical prerequisite for next-generation tele-perception sys-

tems. The operational principle of conventional electronic 

receptors relied on three sequential stages: surface charge gen-

eration, dielectric-layer charge migration, and electrode charge 

induction (Figure S1). While theoretically robust, this framework 

suffered from inherent inefficiencies. Excessive surface 

charge density created electrostatic repulsion that impeded 

migration, while environmental contaminants such as moisture 

and dust formed parasitic discharge pathways, collectively 

destabilizing the charge induction process. Such cascading 

failures highlighted the inadequacy of existing charge manage-

ment paradigms in reconciling high sensitivity with environ-

mental robustness.

To overcome these challenges, we designed a meta-struc-

tured heterointerface through an NAES, integrating three 

functionally synergistic components: a CTL, a CBL, and a Ni-

metal mesh electrode (Figure 1B). The CTL, fabricated from 

carbon-black-doped polydimethylsiloxane (PDMS), utilized the 

high electrical conductivity of carbon black to establish nano-

scale charge capture sites, significantly enhancing charge cap-

ture efficiency. This material selection balanced scalable 

synthesis and cost effectiveness while optimizing charge trans-

port. However, interfacial charge leakage arose from electric 

field interactions between surface charges and induced 

charges at the bottom electrode, resulting in diminished charge 

density and sensor efficiency. To address this, we engineered a 

CBL via photolithographic patterning of microstructured 

PDMS embedded with ferroelectric SrTiO 3 nanoparticles. These 

nanoparticles generated spontaneous polarization fields that 

created deep charge traps, effectively suppressing recombina-

tion and minimizing charge loss. This design elevated both 

charge retention capacity and sensing fidelity. Complementing 

these layers, the Ni-metal mesh cloth served as a breathable, 

flexible electrode, combining mechanical robustness with 

environmental stability across diverse operational conditions. 

Its open grid architecture ensured minimal interference with 

electrostatic signal transmission while maintaining structural 

integrity under mechanical stress, which is a critical feature for 

wearable and adaptive systems (Figure S2).

The CTL, deposited onto the CBL via plasma treatment, 

facilitated a critical transition from surface-confined to bulk 

charge trapping through its heterointerface design, as demon-

strated in Figure 1C. Integrated deep learning algorithms within 

the NAES architecture enhanced signal processing and pattern 

identification, improving noise suppression and operational 

adaptability (Figure 1D). Scanning electron microscopy (SEM) 

cross-section imaging revealed the NAES’s well-defined 

multilayer structure with sharp CTL-CBL interfaces (Figure 1E). 

Leakage current measurements demonstrated the system’s 

bulk charge retention capability (Figures 1F and 1G): the tradi-

tional electret material (PTFE) exhibited low leakage current, 

indicative of surface-confined charge, whereas the NAES’s 

dual-layer architecture showed higher leakage current, suggest-

ing effective bulk charge retention within the dielectric material. 

The upper CTL provided additional charge migration channels, 

while ferroelectric SrTiO 3 nanoparticles within the CBL gener-

ated a spontaneous polarization field that stabilized bulk charge 

trapping. This synergistic coupling between charge mobility and 

retention, mediated by the meta-structured heterointerface, 

resolved the inherent trade-off in conventional electrets between 

dynamic responsiveness and environmental stability. By decou-

pling charge migration (CTL) from trapping (CBL), the NAES 

achieved optimized charge equilibrium, enabling tele-perception 

capabilities with minimal signal degradation under humidity or 

thermal fluctuations.

Mechanisms of the NAES

The NAES architecture leveraged a dual charge management 

strategy, static polarization and dynamic charge redistribution, 

to harmonize electrostatic capture and retention. Within this 

framework, the CTL employed conductive carbon black dopants 

to establish spatially distributed charge capture sites, dynami-

cally capturing approaching electrostatic charges through 

enhanced electron mobility. Concurrently, the CBL confined 

these charges within a spontaneous polarization field that 

stabilized bulk charge trapping, ensuring long-term retention 

and environmental resilience. To elucidate these mechanisms, 

we analyzed charge migration in PDMS with and without carbon 

black doping (Figure 2A, left). Undoped PDMS exhibited rapid 

surface charge dissipation dominated by electrode migration 

and ambient ion interactions. In contrast, carbon black doping 

introduced conductive percolation networks that intercepted 

migrating charges, redirecting them toward charge capture 

sites. Figure 2A (right) illustrates a schematic of the theoretical 

conceptual model for the chronological mechanism of PDMS 

with and without carbon black doping. The transition time from 

capacitive effects to charge diffusion/migration effects was 

defined as t i . Initially, capacitive effects governed charge induc-

tion, accumulating charges on electrodes until saturation. Post-

saturation, charge migration through carbon networks domi-

nated, with carbon particles acting as metastable capture sites 

that enhanced bulk charge. Notably, dielectric surface defects 

generated excess negative charges during contact-separation 

cycles, amplifying electrode induction efficiency. This dual-

phase mechanism, capacitive induction followed by migration-

driven trapping, synergistically elevated charge retention while 

circumventing saturation-induced performance limits. While 

the CTL effectively captured electrostatic charges, it exhibited 

insufficient control over charge migration pathways and kinetics. 

Rapid electron migration toward conductive electrodes induced 

charge leakage, degrading overall system performance. To 

mitigate this limitation, we introduced the CBL, which functioned 

as a physicochemical barrier between the dielectric layer and 

electrodes, modulating charge migration dynamics. The CBL 

decelerated charge migration rates, suppressing premature 

leakage to electrodes. To implement this design, a structured 

PDMS template was fabricated via photolithography, followed 

by high-speed spin coating of ferroelectric SrTiO 3 nanoparticles 

onto the elastomer surface. Comparative analysis of charge 

migration with and without the CBL revealed its critical role: in 

CBL-free systems, unregulated charge migration toward
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Figure 2. Optimization strategies for high-performance NAES

(A) Schematic illustration of the charge transport mechanism with and without carbon black doping (CTL).

(B) Schematic illustration of the charge transport mechanism of PDMS, both with and without the CBL.

(C) COMSOL simulation of the potential distribution in different dielectric layer configurations: (i) PDMS, (ii) CTL, (iii) PDMS with CBL, and (iv) the synergistic effect 

of CTL and CBL.

(D) Simulated electrode potential in various dielectric layer configurations: (i) PDMS, (ii) CTL, (iii) PDMS with CBL, and (iv) the synergistic effect of CTL and CBL.

(E) Comparison of the simulated potentials.

(F–I) Experimental validation involved nylon approaching the NAES, with the dielectric layers configured as (F) PDMS, (G) CTL, (H) PDMS with CBL, and (I) a 

synergistic configuration of CTL and CBL, assessing the output voltage for each configuration.

(J) Comparison of output voltage under different dielectric layer configurations at various approach distances.
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electrodes reduced trapping efficiency (Figure 2B). In contrast, 

the CBL established polarization-stabilized charge traps that 

harnessed spontaneous polarization fields, enhancing dielectric 

charge retention and amplifying induced charge density. This 

optimization minimized charge loss and elevated both retention 

capacity and perceptual fidelity.

To validate the synergistic roles of the CTL and CBL, we 

performed theoretical simulations and experimental analyses. 

COMSOL-based simulations compared electrostatic potential 

distributions across four dielectric configurations: (1) pristine 

PDMS, (2) CTL only, (3) PDMS with CBL, and (4) the combined 

CTL-CBL system (Figure 2C). The combined configuration 

exhibited the highest potential gradient within the dielectric 

layer, confirming its superior charge confinement capability. 

Electrode potential simulations (Figure 2D) further revealed that 

the CTL-CBL synergy generated the maximum electrode 

potential difference (Figure 2E), directly correlating with 

enhanced electrical performance. Experimental validation using 

nylon as a test substrate corroborated these findings. For pris-

tine PDMS (Figure 2F), the output voltage gradually stabilized 

due to charge diffusion-limited dynamics. Introducing the 

carbon-black-doped CTL shifted the dominant mechanism to 

charge migration, elevating the output voltage via improved 

capacitance and charge capture efficiency (Figure 2G). To inves-

tigate the dispersion morphology of carbon black at different 

concentrations, photographs of PDMS doped with carbon black 

were analyzed (Figure S3). These images revealed a gradual 

darkening of the material as the carbon black concentration 

increased, visually confirming particle incorporation. SEM im-

ages of the samples at different concentrations are provided in 

Figure S4. At low concentrations, the carbon black particles 

were evenly dispersed within the PDMS matrix. However, as 

the concentration increased, a carbon beam began to appear 

on the surface, indicating that excessive carbon black was diffi-

cult to disperse uniformly within the polymer matrix. The impact 

of the carbon black concentration on the output performance 

was systematically evaluated (Figure S5). Figure S5A shows 

the improved charge transport and enhanced capacitive effects 

with carbon black doping. Figure S5B shows that excessive car-

bon black concentrations suppressed charge transport due to 

agglomerate formation, reducing the output voltage. As shown 

in Figure S5C, 1.1% carbon black is identified as the optimal 

concentration, balancing dispersion homogeneity and charge 

transport efficiency. In Figure 2H, the CBL is shown to mitigate 

excessive charge migration via spontaneous polarization fields, 

stabilizing bulk charge retention. To optimize the performance 

of the CBL, we systematically investigated the influence of sur-

face nanostructure parameters. Among various shapes fabri-

cated via photolithography, cylindrical microstructures exhibited 

the highest output due to their symmetric geometry and uniform 

field distribution. 43,44 Periodic arrays further enhanced perfor-

mance by ensuring homogeneous electrostatic environments, 

as opposed to disordered structures that led to field irregular-

ities. 45 By varying the structural spacing 46 and aspect ratio, 47 

we identified an optimal pitch of 40 μm and an aspect ratio 

of ∼2.5, which together maximized charge trapping efficiency 

and output voltage. These findings confirm that nanostructure 

geometry critically governs the electrostatic behavior of the

CBL and directly impacts sensor performance (Figure S6). 

Figure S7 shows the analysis of SrTiO 3 doping concentrations. 

High concentrations caused nanoparticle agglomeration, 

reducing effective trapping sites, whereas low concentrations 

insufficiently polarized the dielectric. Further investigation of 

SrTiO 3 nanoparticle size is shown in Figure S8: optimal perfor-

mance occurred at 50 nm, larger particles induced microporous 

stress fractures, and smaller particles introduced excessive 

surface defects, compromising stability.

The enhanced performance of the NAES through the synergis-

tic integration of the CTL and CBL, which collectively optimized 

charge capture and retention, is demonstrated in Figure 2I. The 

variation in output voltage with distance when using CTLs with 

different doping concentrations in conjunction with the CBL is 

shown in Figure S9. The simulated and experimental output 

voltages exhibit strong agreement (Figure S10), validating not 

only the fidelity of the finite element model but also supporting 

the effectiveness of the device architecture in enabling efficient 

charge transport and electrostatic field coupling. To further 

substantiate the practical manufacturability of the NAES 

architecture, we evaluated its fabrication reproducibility and 

performance consistency through both sample-to-sample and 

batch-to-batch variation analyses. As shown in Figure S11A, 

five devices fabricated within the same batch under identical 

conditions exhibited highly consistent output signals, indicating 

excellent intra-batch uniformity. Additionally, three independent 

fabrication batches, each prepared on different days with sepa-

rately mixed precursor materials, yielded comparable output 

performance, as demonstrated in Figure S11B. The relative 

standard deviation of output voltage across all tested samples 

was below 6%, confirming the robustness and scalability of 

the fabrication process. These results highlight the high process 

reliability of NAES, supporting its potential for large-scale inte-

gration in wearable and intelligent electronic applications. These 

results validated the efficacy of the dual-layer design in estab-

lishing a robust charge regulation mechanism. Output voltages 

across dielectric configurations at varying distances were further 

compared, confirming the superiority of the CTL-CBL architec-

ture in charge modulation (Figure 2J). The environmental 

robustness of the NAES was underscored through systematic 

tests. Stable performance under high humidity, attributed to 

the CTL-CBL charge regulation mechanism, was demonstrated 

in Figure S12. The dual role of SrTiO 3 as a ferroelectric and high-κ 
material in mitigating temperature-induced charge loss and 

mechanical stress is highlighted in Figure S13. Light-insensitive 

operation, attributed to a non-photoelectric mechanism of 

charge storage and signal generation, is demonstrated in 

Figure S14. Furthermore, to validate the mechanical stability 

and structural robustness of the NAES for practical applications, 

a series of mechanical performance evaluations were conduct-

ed. Pressure response measurements revealed that the device 

generates stable and discernible output voltages within the 

range of 0–30 kPa, exhibiting excellent repeatability and respon-

siveness (Figure S15A). This behavior is primarily attributed 

to the structurally engineered CBL, which enhances contact 

electrification and charge separation efficiency. Linear fitting 

results (Figure S15B) show a strong linear relationship between 

the output voltage and applied pressure, with a high correlation
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coefficient (R 2 > 0.98), indicating superior sensitivity and 

predictable pressure response. In addition, stress-strain tests 

(Figure S15C) demonstrated that the NAES can withstand me-

chanical stress up to 50 kPa without structural failure, high-

lighting its excellent stretchability and mechanical resilience. 

Notably, under various strain levels (Figure S15D), the output 

voltage remained virtually unchanged, indicating that the device 

maintains stable electrical performance during mechanical 

deformation. Accelerated aging tests and durability assess-

ments validated long-term stability under extreme tempera-

ture/humidity and harsh conditions (Figures S16 and S17). 

Collectively, these results established the NAES as a universal 

tele-perception platform, where the CTL-CBL synergy ensured 

high sensitivity, rapid response, and environmental resilience. 

Notably, both simulation and experimental results confirmed 

that this architecture preserved signal fidelity under device 

miniaturization, further supporting its real-world deployment in 

adaptive robotics and human-machine interfaces.

The characteristics of the NAES for tele-perception

The working mechanism of the NAES for tele-perception is 

illustrated in Figure 3A. After pre-charging under high voltage, 

dielectric polarization was induced in the ferroelectric SrTiO 3 
nanoparticles embedded within the microstructured PDMS 

matrix, forming a structured nano-architecture that significantly 

enhanced the material’s electrical responsiveness. When a 

positively charged object gradually approached, corresponding 

positive charges accumulated on its surface, triggering a charge 

induction reaction with the NAES (Figure 3Ai). The degree of 

polarization on the NAES surface gradually weakened, causing 

some charges to flow back from the Ni-metal mesh cloth to 

the reference electrode, balancing the potential until the object’s 

distance changed again. A similar mechanism was observed 

when a negatively charged object approached (Figure 3Aii). 

The proximity of the object induced charge migration and 

polarization effects within the NAES, adjusting the potential 

distribution between the electrodes and enabling precise 

detection of the object’s position. The COMSOL-simulated 

potential distribution of the electret skin under different opera-

tional states is presented in Figure 3B. These simulations visually 

reflected the dynamic regulation of the electric field during 

sensing, displaying potential changes across motion states. In 

tele-perception experiments, positively charged fur and nega-

tively charged fluorinated ethylene propylene (FEP) were 

selected as test objects over a distance range of 0–90 mm. 

The output voltage (V o ) was correlated with the target object’s 

position, allowing accurate tracking of its dynamic positional 

changes (Figures 3C–3F). To evaluate material adaptability, eight

common materials (nylon, polytetrafluoroethylene (PTFE), rub-

ber, paper, acrylic, polyethylene terephthalate [PET], Kapton, 

and polyethylene [PE]) were tested as perception targets without 

additional processing (Figure S18).

The experimental results showed that all tested materials 

could be successfully sensed by the NAES, as detailed in 

Figure S19. The sensitivity of the NAES to diverse materials 

was analyzed, with its outstanding performance in high-sensi-

tivity applications highlighted in Figure 3G. The tele-perception 

capability of the NAES was further validated by accurately de-

tecting a human subject at 2.45 m (Figure 3H). When the subject 

wore fur, the detection extended to 3 m (Figure 3I), demon-

strating practical efficacy. A sensitivity comparison 48–64 between 

the NAES and prior technologies was conducted, revealing an 

unprecedented sensitivity record (ΔV/Δd = 21.8; Figure 3J). 

The relevant device parameters are provided in Figure S20. 

The maximum sensing distance per unit area was benchmarked 

against existing systems (Figure 3K), achieving a new record of 

30.67 cm/cm 2 , with the device parameters listed in Figure S21. 

These results underscored the NAES’s leadership in tele-

perception technology and provided a foundation for advancing 

high-sensitivity sensing applications. The significant miniaturiza-

tion of the NAES device by reducing its active area to 9 square 

cm plays a critical role in enhancing its practical applicability 

across advanced tele-perception scenarios. In modern sensing 

systems, achieving high sensitivity within a compact footprint 

is essential for seamless integration into wearable electronics, 

soft robotics, and autonomous platforms, where space limita-

tions and mechanical flexibility are paramount. 10,65–67 This size 

reduction not only improves spatial efficiency, as reflected in 

our normalized sensing distance metric, but also facilitates 

dense sensor arrays that enable high-resolution spatial mapping 

and rapid environmental feedback. Moreover, smaller device 

size reduces mass and power consumption, which is crucial 

for extending operational lifespan in mobile and aerial platforms. 

By maintaining or improving sensing performance despite the 

smaller form factor, the NAES sets a new benchmark in scalable, 

high-sensitivity tele-perception technologies, opening pathways 

for deployment in emerging applications requiring compact, 

lightweight, and precise sensing solutions.

Robust tele-perception HMI in embodied artificial 

intelligence systems

To comprehensively assess the potential of NAES in embodied 

artificial intelligence systems, a series of experimental demon-

strations were performed, systematically showcasing its perfor-

mance in diverse HMI scenarios and highlighting its environ-

mental robustness. The NAES was integrated into platforms

Figure 3. Characteristics of tele-perception based on the NAES

(A) Perception mechanism of the NAES for approaching objects that are (i) positively charged and (ii) negatively charged.

(B) COMSOL simulated potential distribution of the NAES under different states.

(C–F) Output voltage of the NAES when (C and D) positively charged fur and (E and F) negatively charged FEP approach the NAES.

(G) Adaptability of the NAES to different materials.

(H) The NAES response when testing the maximum approach distance of a person: (i) human approaching the NAES and (ii) corresponding output voltage.

(I) The NAES response to the maximum approach distance of a person wearing fur: (i) human approaching the NAES and (ii) corresponding output voltage.

(J) Sensitivity comparison between this work and representative studies from the existing literature.

(K) Comparison of the maximum sensing distance per unit area of the NAES between this work and representative studies from the existing literature.
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with strict dimensional requirements, where its miniaturized 

design enabled high-performance sensing without compro-

mising range or stability. As a proof of concept, a virtual distance 

alarm robot HMI was implemented using the NAES, where the 

output signal corresponded directly to charge density and 

the proximity of the approaching object. Real-time voltage 

measurements clearly reflected this relationship as the object 

advanced (Figure 4A, left). Based on this highly sensitive and 

stable signal response, a virtual distance warning robot interface 

was developed using a custom LabVIEW program (Figure 4A, 

right). This robot was equipped with multiple sets of indicator 

lights, each triggered by a calibrated threshold voltage 

(Figure S22; Note S1). Therefore, when the approaching object, 

such as positively charged nylon or negatively charged FEP, 

reached the set threshold voltage, the corresponding indicator 

light was activated (Figure S23). The entire process was fast 

and accurate and allowed flexible switching of threshold values 

based on the electronegativity differences of the materials (Video 

S1). The signal peak polarity (positive or negative) was found 

to reflect the material’s electronegativity, enabling differentiation 

between materials with varying electronegative properties. For 

materials with identical electronegativity, the signal amplitude 

indicated the distance to the target, with larger amplitudes 

signifying closer proximity. This mechanism not only differenti-

ated material types but also delivered precise spatial informa-

tion, enhancing the system’s ability to estimate material proper-

ties and distances.

The demonstration of a car movement system developed 

through a LabVIEW program is shown in Figure 4B, where the 

NAES controlled a small vehicle’s motion. The system was config-

ured with three independent sensor channels (Figure S24), 

each assigned distinct thresholds to regulate forward, backward, 

and stop motions. When a finger remotely approached the NAES, 

signals were detected in real time, triggering corresponding 

commands with precision and instant response (Note S2; Video 

S2). This tele-perception control interface highlighted the NAES’s 

high sensitivity and stability, demonstrating its scalability for prac-

tical applications. The application of the NAES in an HMI system 

was further illustrated (Figure 4C). Initial tests involved interactions 

with a robotic arm. Upon detecting signals from a nearby human, 

the NAES transmitted data to an acquisition board, processed via 

a custom LabVIEW interface. Processed signals were analyzed 

and relayed as commands to the robotic arm (Figures S25 and 

S26). As the human approached, the voltage signal increased 

incrementally. Upon reaching a preset threshold, the system trig-

gered robotic actions such as waving or handshaking (Figure 4D;

Video S3). Threshold voltages were adjustable to accommodate 

diverse approaching objects. A tele-perception control board 

was developed using LabVIEW to govern robot walking move-

ments (Figure 4E). The system incorporated two independent 

sensor channels, each with designated thresholds for forward 

and backward motion. As a finger approached the NAES 

remotely, signal changes were detected, and corresponding 

commands were triggered, enabling precise robot control (Note 

S3; Video S4).

The NAES’s robust electrostatic sensing capability enabled 

remote detection and identification of large, fast-moving objects. 

Camouflaging the NAES on tree branches to monitor miniature 

UAV and human activities in outdoor environments was demon-

strated (Figure 4F). The operational process for monitoring mini-

ature UAVs and human movements is detailed in Figure S27. A 

simulation experiment assessing NAES performance in high-hu-

midity environments was conducted (Figure 4G). A transparent 

enclosure and humidifier were used to simulate high humidity, 

with the NAES mounted on the enclosure wall and a miniature 

UAV (Figure S28) placed inside. Thresholds preconfigured via 

LabVIEW allowed the NAES to detect approaching miniature 

UAV signals. Similarly, human proximity detection with high 

sensitivity was validated (Figure 4H). When attached to foliage 

in high humidity, the NAES detected approaching humans, 

triggering a LabVIEW alert (Figure 4I) and transmitting Bluetooth 

notifications to mobile devices (Figure 4J; Video S5). Output 

voltage variations induced by approaching objects were 

quantified (Figure S29). The NAES’s natural camouflage and 

moving-object detection capabilities highlighted its potential 

in smart agriculture, environmental monitoring, and home 

security. The system exhibited precision and rapid responsive-

ness even under high humidity, underscoring its stability in 

complex environments.

Machine learning-empowered somatosensory systems 

In the field of embodied perception, achieving both tele-percep-

tion of an object’s presence and precise classification requires 

higher demands on system perception performance and 

intelligent processing. Efficient object identification systems 

not only require exceptional perception capabilities but also 

need to leverage advanced technologies, such as deep learning, 

to accurately extract and infer object features, ensuring robust-

ness and high-precision identification. To address these chal-

lenges, we proposed a tele-perception system based on an 

NAES array, which integrated the powerful capabilities of deep 

learning to enable real-time, efficient, and precise object

Figure 4. Tele-perception HMI of the NAES

(A) Virtual distance alarm robot: (i) real-time output response of the NAES to external target approach (top: fur, bottom: FEP) and (ii) virtual distance alarm robot 

based on the NAES.

(B) Demonstration of the car movement interface controlled using the tele-perception control board.

(C) Potential applications of the NAES in intelligent robotic systems.

(D) Demonstration of robotic arm operations when an adult approaches, including waving and handshaking.

(E) Demonstration of robot movement controlled using the tele-perception control board.

(F) Application scenarios of the NAES in complex environments.

(G) Simulation of the NAES’s miniature UAV monitoring in a high-humidity environment.

(H) Application scenario of the NAES monitoring human approach.

(I) Alarm function of the tele-perception approach the NAES interface.

(J) The remote approach: the NAES sends SMS alerts to a mobile phone via Bluetooth.
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perception and classification in complex scenarios. Specifically, 

the NAES array was integrated into a robotic arm, making it 

the core operational unit for tele-perception. By driving the ro-

botic arm to capture surface feature signals of objects remotely, 

the system provided technical support for object identification 

and classification. To validate the practical application of the

NAES array, we developed a real-time material identification 

system (RTMIS) and integrated a long short-term memory 

(LSTM) deep learning algorithm into the system (Figure 5A). 

The primary advantage of LSTM lies in its ability to handle se-

quences of varying lengths, allowing the model to flexibly adapt 

to datasets with diverse temporal characteristics (Figure 5B).

Figure 5. Tele-perception somatosensory system

(A) A photo of a robotic arm with NAES array interacting with RTMIS. (i) A photo of a robotic arm with NAES array. (ii) Homepage of RTMIS.

(B) The structure of the computation unit of LSTM networks.

(C) The overall architecture of the neural network.

(D) The target objects for identification.

(E) The confusion matrix of object identification results under added noise interference.

(F) The 3D object tele-perception system based on NAES matrix (20 × 20 units).

(G) Model architecture of the RTMIS based on a CNN.

(H) Accuracy curves during 5-fold cross-validation training.

(I) Test dataset with added Gaussian noise (standard deviation of 0.5).

(J) Confusion matrix of 5-fold cross-validation.
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After training, the model effectively processed input sequences 

of different lengths. The RTMIS is designed as a fully integrated 

pipeline that enables seamless transition from data acquisition to 

signal preprocessing and classification, allowing classification 

results to be displayed in the mobile application immediately 

after the sensor contacts the material, without the need for 

intermediate data storage or manual operation. To ensure low la-

tency, we adopt an efficient pulse segmentation algorithm and a 

lightweight neural network optimized for real-time inference. 

Based on 179 test samples, the total signal preprocessing time 

was 0.161564 s, and the total inference time was 1.681194 s, 

corresponding to an average processing time of less than 

0.01 s per sample on a central processing unit (CPU)-only sys-

tem. Considering the NAES response time of approximately 

0.5 s (Figures S30), the end-to-end latency of the system remains 

within 1 s, thereby demonstrating its practical real-time capa-

bility. To support this real-time functionality, the training process 

began with preprocessing the raw material data collected by the 

NAES array, which included segmenting continuous signals 

and implementing data augmentation (Figures S31 and S32). 

The data augmentation strategies significantly expanded the da-

taset size, enhancing the model’s training performance. The 

augmented data were then used to train the neural network, 

where multiple iterations gradually optimized the model predic-

tions toward actual values.

The overall architecture of the neural network (Figure 5C) con-

sisted of a stacked LSTM with two LSTM layers, each containing 

16 units. We designed multi-object identification tasks that 

included distinguishing between authentic and counterfeit ob-

jects such as apples, bell peppers, eggs, oranges, and potatoes, 

totaling 10 target objects (Figure 5D). The robotic arm, equipped 

with the NAES array, performed tele-perception of target ob-

jects, capturing their electrical signal characteristics in real 

time based on their material properties. These raw electrical sig-

nals were processed into signal curves (Figure S33) and saved as 

standardized data files. The processed signal curves were sub-

sequently fed into the trained deep learning model, which per-

formed inference and analysis on the signal features to identify 

the type and authenticity of the objects (Figure S34; Video S6). 

In standard environments, the system achieved an identification 

accuracy of 100% (Figure S35). To further evaluate the 

embodied perception capabilities of the RTMIS under complex 

conditions, we introduced noise into the test samples to simulate 

identification challenges in more intricate scenarios. Experi-

mental results indicated that the system maintained an accuracy 

of 98.32% even under significant interference (Figure 5E), 

showcasing its excellent stability and high-performance reli-

ability in dynamic and challenging environments. Our work 

presents a holistic innovation in intelligent material perception 

by integrating three key advancements: a passive and energy-

efficient electrostatic sensing mechanism, system-level integra-

tion from sensing to classification, and temporal modeling using 

deep learning. Unlike prior triboelectric nanogenerators (TENGs) 

or ultrasonic systems that rely on physical contact or active 

signal emission, our NAES array enables non-contact material 

perception with high spatial resolution through electrostatic field 

detection. The multilayer sensor design, incorporating both 

charge transport and blocking layers, enhances sensitivity and

environmental robustness. Building upon this foundation, we 

implement a fully integrated neuromorphic framework with a 

stacked LSTM network that directly processes raw time-series 

signals, capturing subtle temporal patterns without manual 

feature engineering. This architecture supports real-time, end-

to-end classification and demonstrates strong adaptability to 

signal variability and class similarity. In comparison to prior 

TENG-based sensors, 68,69 which lack temporal modeling and 

require physical contact, and ultrasonic systems, 70,71 which 

are power intensive and less scalable, our approach delivers 

a passive, parallelizable, and intelligent sensing solution. 

These combined innovations significantly enhance system 

robustness, scalability, and applicability in realistic, complex 

identification tasks, marking a distinct advancement over exist-

ing technologies.

The NAES array exhibited exceptional high-precision object 

identification capabilities and remarkable scalability. To achieve 

this, a 4 × 4 NAES sensing matrix was designed, and the effec-

tiveness of the shielding layer in mitigating electrostatic interfer-

ence was validated by comparing results with and without the 

shielding layer (Figures S36 and S37). To extend the validated 

sensing capabilities of the system beyond static object recogni-

tion, we carried out remote material mapping experiments using 

acrylic targets with well-defined geometries, namely the letters 

C, O, and L. To introduce material diversity, thin films of PTFE, 

Kapton, and bare acrylic were applied to their surfaces. The 

entire mapping procedure was executed using a LabVIEW-

based control program, which enabled precise trajectory plan-

ning and synchronized data acquisition (Figure S38A). During 

the mapping process, the NAES system performed non-contact 

scanning by approaching and retracting from the targets within a 

distance of approximately 5–10 cm, continuously collecting 

spatial data (Figure S38B). The reconstructed material-specific 

maps, as presented in Figure S38C and Video S7, clearly reveal 

both the geometric outlines and material differences, with red, 

green, and blue representing PTFE, Kapton, and acrylic, respec-

tively. The signal intensity varies with the sensor’s distance from 

the target, enabling depth-aware perception. These results 

confirm that the NAES system can effectively identify materials 

based on their intrinsic signal responses, even when applied to 

geometrically similar substrates. Compared with previous 

techniques such as TENGs and compact ultrasonic arrays, our 

system exhibits advantages in spatial resolution, scalability, 

and passive sensing. Furthermore, the neuromorphic multi-array 

design supports parallel data processing, enhancing real-time 

interactions with the environment. This work demonstrates that 

the NAES system not only distinguishes materials based on 

peak signal differences but also constructs high-fidelity spatial 

material maps, highlighting its potential for intelligent tele-

perception and autonomous material classification in practical 

applications.

In addition, to validate its functionality in real-world scenarios, 

the NAES array was employed to scan real objects, and the 

collected electrical signal data were input into a convolutional 

neural network (CNN) model to achieve accurate object identifi-

cation and classification. The CNN algorithm, known for its 

strength in extracting spatial features, effectively captured crit-

ical information from multidimensional data, thereby enhancing

12 Matter 8, 102363, December 3, 2025

Article
ll



the accuracy and stability of tele-perception. To further validate 

the system’s tele-perception capabilities, we constructed a 

20 × 20 NAES array and evaluated its potential applications in 

three-dimensional object perception by scanning three-dimen-

sional objects in a simulated environment. This comprehensive 

sensing approach enabled full three-dimensional tele-percep-

tion and analysis, significantly improving identification perfor-

mance and providing robust technical support for applications 

in more complex scenarios. During object identification, the 

electrical signal responses varied according to the material prop-

erties of the objects. To address this, a material weighting coef-

ficient was introduced based on the electrical signal strengths 

observed in experiments (Figure S39), which enhanced the 

precision and sensitivity of the sensing system. Five objects 

identified by the NAES array are illustrated in Figure 5F: a chair, 

a plant, a table, a car, and a human. The CNN architecture 

trained on this dataset is shown in Figure 5G. It consisted of 

two convolutional layers and two fully connected layers. The first 

convolutional layer included 8 channels, each using a 1 × 3 × 3 

kernel. After pooling and activation, an 8 × 10 × 10 feature map 

was generated. The second convolutional layer also had 8 chan-

nels, each using an 8 × 3 × 3 kernel, producing an 8 × 5 × 5 

feature map after pooling and activation. The extracted feature 

maps were flattened and passed to the first fully connected layer 

(200 × 32). Following activation, a 32-dimensional feature vector 

was produced, which was then input into the second fully 

connected layer (32 × 5) to output classification results. The 

output layer contained 5 neurons, and the predicted category 

was determined by the neuron with the highest value. To validate 

system performance, 687 sample data points were simulated, 

with 50% used for training and 50% for testing. To assess the 

system’s embodied perception capabilities under challenging 

conditions, Gaussian noise with a mean of 0 and a standard 

deviation of 0.5 was introduced to the original data during the 

simulation process to simulate noise interference and data 

acquisition errors in complex environments. During the 5-fold 

cross-validation training process, we plotted the validation 

accuracy curves for each fold (Figure 5H). The curves for fold0 

to fold4 all demonstrated favorable convergence trends, indi-

cating that the model was able to learn stably and progressively 

improve its performance on the validation sets throughout 

the training process. Following training, we further evaluated 

the model using a noisy dataset designed to simulate real-

world signal interference (Figure 5I), thereby assessing its 

robustness under practical application conditions. To provide a 

comprehensive evaluation of the model’s performance across 

all 5 folds, we aggregated the test set predictions from each 

fold and computed a consolidated confusion matrix. Specif-

ically, we preserved the individual test results from each fold 

and subsequently calculated an overall classification accuracy 

of 99.42%. The resulting confusion matrix (Figure 5J) visually 

summarizes the classification outcomes across all test samples, 

offering a holistic view of the model’s predictive capabilities 

when integrated across multiple iterations of cross-validation. 

The results, presented in Figure 5J, indicate that the system 

achieved 100% classification accuracy on the tested dataset. 

This exceptional performance underscored the successful 

integration of the NAES array with deep learning technology,

enabling real-time and efficient object identification. By 

combining advanced sensor technology with deep learning 

algorithms, the system demonstrated significant potential for 

embodied perception in the field of tele-perception. The 

fusion of these technologies facilitated multidimensional data 

acquisition and high-precision signal analysis, allowing the sys-

tem to quickly adapt to complex scenarios and diverse object 

types.

DISCUSSION

In summary, the NAES system, anchored in a meta-structured 

heterointerface, represents a paradigm shift in tele-perception 

for embodied artificial intelligence. By integrating the CTL and 

CBL, this architecture enables the first successful transition 

from surface-confined charge retention to bulk charge trapping, 

effectively resolving the chronic trade-off between sensing range 

and environmental robustness. Experimental validation and 

COMSOL simulations confirm a 3-m perception range (ΔV/ 

Δd = 21.8), with stability maintained under humidity fluctuations 

and Gaussian noise challenges that cripple conventional 

infrared, capacitive, and ultrasonic sensors. The meta-struc-

tured electret heterointerface is pivotal in enabling electrorecep-

tor-based tele-perception, where the CTL enables charge redis-

tribution through conductive percolation networks, while the 

CBL leverages ferroelectric polarization to trap bulk electrostatic 

charge. The NAES’s advanced capabilities facilitate resilient 

HMIs, enabling precise control of robot movement and miniature 

UAVs in conditions of high darkness and high humidity. In addi-

tion, this unique architecture enables non-contact, non-visual, 

and non-acoustic tele-perception with high environmental 

robustness by minimizing external interference in charge trans-

port and integrating advanced algorithms, thereby ensuring 

stable and adaptive operation in dark, humid, and visually 

occluded conditions. This establishes a closed-loop tele-per-

ception→interact framework, replacing the traditional approach-

→touch→interact model. The NAES pioneers a universal charge-

trapping paradigm with implications for remote control and 

neuromorphic computing. Future integration with advanced al-

gorithms and cross-modal data fusion architectures promises 

to unlock nanosecond-level decision-making for adaptive tele-

perception in embodied intelligence, catalyzing tactile-free hu-

man-machine symbiosis. These capabilities redefine the bound-

aries of wearable sensing, enabling transformative applications 

in intelligent HMIs, autonomous robotics, and adaptive health-

care wearables for real-time physiological monitoring in complex 

environments. It heralds a future of context-aware, self-adapting 

systems that seamlessly interface with dynamic environments, 

positioning itself as a linchpin of next-generation cyber-physical 

ecosystems.

METHODS

Materials

Silicon wafers, PDMS, curing agent, SrTiO 3 powders, carbon 

black powder, and the Ni-metal mesh were all commercially 

sourced and used without further purification.
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Fabrication of a CBL using carbon-black-doped PDMS 

The PDMS base and curing agent were mixed in a 10:1 ratio, and 

an appropriate amount of carbon black was measured and 

added based on the desired percentage. The carbon black 

was then thoroughly dispersed in solution using a magnetic stir-

rer or ultrasonic disperser to ensure uniform distribution. The 

dispersed carbon black solution was gradually added to the 

PDMS and curing agent mixture, followed by thorough mixing 

using a high-speed stirrer or stirring rod. The resulting mixture 

was placed in a vacuum chamber for degassing, typically for 

10–15 min, until all surface bubbles were eliminated. Afterward, 

the mixture was spin coated to form a thin film and cured in a 

vacuum oven at 60 ◦ C.

Fabrication of silicon wafer templates

Initially, a layer of photoresist was applied to silicon wafer sub-

strates. Selective exposure of the photoresist was achieved 

through UV exposure using a mask. Subsequently, the exposed 

areas were dissolved using a developer solution, revealing the 

pattern from the mask on the photoresist. A selective etching 

process was carried out on the substrate using inductively 

coupled plasma (ICP) etching. The remaining photoresist 

protected the substrate from alteration during these processes. 

After etching, the photoresist was removed using N-methyl-

pyrrolidone (NMP) to obtain microstructured templates.

Fabrication of a CBL with structured ferroelectricity 

nanoparticle doping

Using optimal parameters as an example, we (1) weighed 0.12 g 

of SrTiO 3 inorganic nonmetal nanoparticles; (2) mixed SrTiO 3 
inorganic nonmetal nanoparticles with 10 mL of ethanol and 

ultrasonicated them for 20 min to form a homogeneous suspen-

sion; (3) added 1 mL PDMS precursor to the SrTiO 3 ethanol 

suspension and stirred for 10 min; (4) placed the mixture in an 

oven at 90 ◦ C for over 10 h to ensure complete evaporation of 

ethanol; (5) added the curing agent and stirred the mixture for 

5 min; (6) poured the mixture of SrTiO 3 inorganic nonmetal 

nanoparticles and PDMS onto the microstructured PDMS film; 

and (7) cured the composite material in an oven at 80 ◦ C for 3 

h. Thus, a composite film with structured doping of inorganic 

nonmetal nanoparticles was prepared.

Manufacture of the NAES

The NAES based on structured nanocomposites was success-

fully fabricated by bonding a plasma-treated carbon-black-

doped PDMS film, a PDMS film structured with inorganic non-

metallic nanoparticle doping, and the Ni-metal mesh.

Electric measurement and characterization

A linear motor (LinMotS01-72/500) was employed to control the 

distance between objects and the NAES. The SEM images were 

obtained by a scanning electron microscope (Nova Nano SEM 

450). Plasma cleaner provided voltage for the pre-charging pro-

cess. The open-circuit voltage was measured using a program-

mable electrostatic voltmeter (Keithley 6514). For basic output 

performance testing of the NAES, a programmable electrostatic 

voltmeter (Keithley 6514) was directly connected to a synchro-

nized data acquisition card (National Instruments 6346) to mea-

sure multi-channel voltage signals. A robotic arm with the NAES 

was used to execute remote approach commands. A multi-

channel data acquisition program developed on the LabVIEW 

platform was used for data collection, processing, and storage.
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