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Sustainable Live Sound Monitoring and Classification
System Enabled by a Triboelectric Nanogenerator and

Machine Learning Techniques

Majid Haji Bagheri®, Araz Rajabi-Abhari, Owen Gibbs, Pengcheng Xi, Asif Abdullah Khan,
Fangzheng Huang, Md Soyaeb Hassan, Ning Yan(, and Dayan Ban*

The growing demand for sustainable, real-time audio processing drives
innovations in sound classification and energy harvesting. Traditional sound
monitoring systems often struggle with scalability, energy efficiency, and
adaptability, particularly in remote or resource-limited environments. The
expansion of loT applications intensifies power demands in widely
distributed wireless sensor networks, highlighting the need for sustainable
solutions. Moreover, the volume of data generated by these sensors
frequently exceeds the capacity for efficient human analysis, necessitating the
integration of machine learning and deep learning techniques. These
methods must be optimized for fine-tuning with minimal data from new
sensors, enabling efficient and accurate sound classification without extensive
retraining. This paper presents a Triboelectric Nanogenerator (TENG)-based
microphone that addresses energy consumption and data processing
challenges by integrating advanced materials with sound classification
systems. The proposed device uses polyimine/graphite polypropylene (P1/GP)
coated paper to capture sound and harvest energy from ambient noise. It
delivers an output power of 25.67 uW at 94 dB, powering a wireless
transmission circuit while achieving high acoustic sensitivity and a frequency
response of up to 20 kHz. Performance evaluations show 92.7% classification
accuracy in simulated live environments and a processing time of 0.342 s for
5-s audio clips using the MobileNet V1 model. Pre-trained models fine-tuned
with minimal data from the TENG microphone enable efficient sound
classification without extensive retraining. This innovation offers a
sustainable alternative to conventional microphones, supporting self-
powered, real-time monitoring systems with wireless data transmission and
energy storage capabilities.

1. Introduction

The global pursuit of sustainable energy solu-
tions has intensified in recent years, driven by
escalating energy demands and the urgent need
for environmentally friendly alternatives. In
parallel, the rapid advancement of Artificial
Intelligence (AI) and digital media has
increased the demand for real-time audio pro-
cessing systems, which play a vital role in vari-
ous applications such as
environmental monitoring, human-computer
interaction, and accessibility for the hearing-
impaired.”" 1 However, the growing reliance
on Al and Machine Learning (ML) technologies
contributes to a significant rise in energy con-
sumption. This highlights the pressing need for
more energy-efficient systems operating inde-
pendently of non-renewable energy sources.
The use of non-renewable energy and dispos-
able batteries further exacerbates environmental

surveillance,

degradation, raising sustainability concerns as
the demand for audio processing systems con-
tinues to grow.l°! Consequently, there is a
critical need to design Al and ML-integrated
systems that are not only capable of harvesting
energy from natural sources but also able to
function sustainably in diverse conditions. This
approach would reduce reliance on fossil fuels
and other environmentally harmful energy
sources, paving the way for clean, renewable
alternatives in developing next-generation
audio processing technologies.*]
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Traditional sound classification and audio processing systems typi-
cally depend on centralized frameworks and commercial microphones
that require continuous power from external sources, restricting their
deployment in remote or resource-constrained environments. Even
though the power consumption of a single sensor is minimal, the com-
bined energy usage of lots of sensing units can become incredibly high,
significantly increasing the overall power demand of IoT networks.
These systems face substantial scalability, energy efficiency, and adapt-
ability challenges, especially in dynamic or resource-constrained
environments.!”*®] Moreover, as the scale of monitoring increases, tradi-
tional systems’ energy consumption and data processing requirements
escalate, posing challenges in managing large-scale deployments with-
out substantial infrastructure support.

Hardware constraints also play a role in limiting the versatility of tra-
ditional systems.””! The bulky or fragile components often used in con-
ventional microphones and audio sensors are not well-suited for
integration into portable, wearable, or embedded devices, narrowing
the range of potential applications.!'®! Additionally, these systems often
struggle to adapt to unpredictable changes in ambient conditions,
leading to reduced accuracy and performance in varying
environments,[®' 73]

To overcome these challenges, researchers have explored innovative
approaches to real-time audio processing, including incorporating
energy harvesting technologies. Among these, Triboelectric Nanogen-
erators (TENGs) have garnered significant attention for their ability to
convert mechanical energy from ambient sources into electrical
energy.!'*™'"] One such application is the development of TENG-based
acoustic energy-harvesting devices and microphones.t'®* TENGs pro-
duce electricity through the repetitive physical interaction and separa-
tion of two materials with different tribo-polarities under external
forces, such as contact separation, lateral sliding, single-electrode, or
freestanding modes.*!*?!

TENGs offer notable advantages, including high power density, effi-
cient energy conversion, cost-effectiveness, and a compact, lightweight
design that is easy to fabricate. They are also easily integrated into wear-
able devices, IoT platforms, and other embedded systems. TENGs excel
at capturing low-frequency and irregular mechanical energy, effectively
converting it into electricity.[B_ZS] In contrast, conventional micro-
phones, such as condenser, dynamic, and electret microphones, rely on
electrical power for their transducer elements and signal amplification,
which restricts their mobility and versatility, especially in outdoor or
resource-constrained environments.””®! They also limit the choice of
vibrating film materials, and their complex fabrication process leads to
higher production costs. By harnessing energy from ambient mechani-
cal vibrations or movements, TENG-based systems can operate indepen-
dently and function not only as a conventional microphone, capturing
sound waves even on a broader frequency range, but also as a generator
that harvests energy from ambient noise, eliminating the necessity for
external power sources or frequent battery cha.nges.polﬁzg] This
enhances the sustainability of audio processing applications and allows
for deployment in remote or challenging environments with limited
access to power infrastructure. "’

In the development of TENG-based microphones, attention must
extend beyond device structure. Factors like optimizing new composite
materials, applying chemical modifications, modulating surface
roughness, innovative device designs, and system integration are
crucial. *'** The efficiency and effectiveness of TENGs are primarily
determined by the materials used in their construction.®*! These mate-
rials play a crucial role in defining the triboelectric properties, energy
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conversion efficiency, and durability of the devices. Various materials,
including polymers, metals, ceramics, and composites, have been
explored to optimize TENG performance.”*! By incorporating flexible
electrode materials, a TENG becomes highly responsive to external dis-
turbances, positioning it as a promising option for harvesting acoustic
wave energy. Various attempts have been made to convert
acoustic vibrations into electrical energy using TENGs. Yang et al. pro-
posed an ultra-wide spectrum triboelectric acoustic sensor, demonstrat-
ing the ability to perform high-quality music recording."' Similarly,
Guo et al. developed a triboelectric auditory sensor using Au and Fluo-
rinated ethylene propylene (FEP) materials, designed for constructing
an electronic auditory system and an architecture for external hearing
aids in intelligent robotic applications.!*}

Additionally, lightweight materials are essential for TENG-based
microphones to effectively capture sound waves, making them suscepti-
ble to mechanical damage.”**) Common tribo-materials for TENG con-
struction, including metals, ceramics, semiconductors, and biobased or
synthetic polymers, are prone to damage, leading to material fractures
and performance deterioration. Therefore, designing sustainable TENGs
requires the development of repairable friction layers for long-term
applications.** In this context, a study group developed an acoustic
nanocomposite fibrous membrane-based triboelectric nanogenerator
using polyvinylidene fluoride (PVDF) and multi-walled carbon nano-
tubes (MWCNTs).*”] Moreover, another study utilized electrospun
nylon nanofibers to create a TENG-based sound sensor for voice recog-
nition applications.[38]

Furthermore, incorporating high-dielectric constant fillers or con-
ductive fillers can further enhance the electrical output of TENGs by
increasing relative permittivity and creating electron-trapping sites and
charge transport pathways."*”* By applying strategies such as filler
incorporation and surface modifications, the performance of TENGs can
be significantly improved, offering both enhanced mechanical strength
and electrical output.”*®!

Despite the advancements in tribo-materials used in TENG-based
microphones, many studies have not integrated their devices with sus-
tainable systems.[*" Some focused solely on integrating ML without
utilizing the device for active sound harvesting and recording purposes
for ML-based sound dassification. The reported studies lacked dual
functionality, such as real-time sound classification and energy harvest-
ing. They also fell short in providing high accuracy and fast response
times, such as the 0.34 s achieved in our system.

TENG sensors capture data in both the time and frequency domains,
encompassing features with local and long-term dependencies. Employ-
ing a combination of algorithms to extract these features significantly
improves prediction accuracy.**! We can achieve high accuracy and
enhanced performance by incorporating favorable materials and inte-
grating suitable ML models, ensuring the device operates sustainably
and efficiently. A key advantage of integrating TENG technology into
live-streaming pipelines for sound classification and live monitoring is
eliminating the need for external power sources.**] The vast amounts
of data generated by sound sensors have paved the way for leveraging
advanced ML techniques, such as Convolutional Neural Networks
(CNNs), for tasks like environmental sound monitoring and
(1143441 A popular method for sound dlassification
involves using image-based classification CNNs and spectrograms. Spec-
trograms are image representations of audio signals throughout time.
Mel spectrograms use a mel frequency scale, which simulates how

humans perceive pitch, allowing mel spectrograms to represent
5]

classification.

how humans perceive sound accurately‘[‘} Some examples of

© 2025 The Author(s). Energy & Environmental Materials published by
John Wiley & Sons Australia, Ltd on behalf of Zhengzhou University.
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image-based classification models that can be repurposed for audio clas-
sification are MobileNet Vl,[%"”] Inception V3,[48] and Xception.[w]
These models’ unique architectures allow them to perform differenty
across different datasets and use cases. Xuefeng Liu et al. used both
MobileNet V1 and Inception V3 for real-time marine animal classifica-
tion, achieving accuracies of 91.1% and 89.9%, respectively.[so] These
models have also been used by Li Gang et al. for honeycomb lung rec-
ognition, where MobileNet V1’s accuracy outperformed Inception V3'’s
by 12%, showing that due to the different architectures of the models,
the performances on different datasets will vastly vary between the
models.*!] MobileNet V1’s architecture focuses on its building blocks
being depthwise separable convolutions.**”! Inception V3 is built on
inception modules.**! Finally, Xception combines an extreme applica-
tion of depthwise separable convolutions, inception modules, and
residual connections.™*”! These models were pre-trained on image data-
sets such as ImageNet, meaning that in order to be repurposed for
sound classification, they need to be fine-tuned on large audio datasets.
Using datasets such as Environmental Sound Classification (ESC-50),
which is a benchmark for audio classification and consists of recordings
captured using conventional microphones, the models mentioned
above can be re-used for sound classification by implementing simple
transfer learning techniques.”®?! This work proposes MobileNet V1 for
its use in a live pipeline for audio classification due to its lightweight
architecture, high performance, and fast inference, which is ideal for
real-time applications.l****] However, integrating data from these sen-
sors with existing ML models, which were trained on large datasets col-
lected by conventional microphones, presents significant challenges.
This integration has not yet been systematically tested or fully explored,
highlighting an area of ongoing research and development. For TENG
sensors, the challenge lies in developing a device that not only harvests
sound energy efficiently but also integrates seamlessly with ML models
capable of high accuracy using limited training data.

This paper explores a TENG-based sound sensor’s design, fabrica-
tion, and performance utilizing polyimine/graphite polypropylene
(PI/GP) material for live-streaming sound classification. The PI/GP
material is highlighted for its high output, which is attributed to factors
such as the presence of amine groups, surface roughness, and poten-
tially its dielectric constant.** The study aims to advance the develop-
ment of energy-efficient audio processing systems by covering the
entire workflow from data acquisition to final output, integrating signal
processing, ML algorithms, and dassification modules. A vital aspect of
this approach is integrating TENG-based energy harvesting units, con-
structed from an innovative material with live-streaming audio classifi-
cation and monitoring, providing the necessary power for sustained
operation in real-world scenarios. This study also investigates the
energy harvesting capabilities, assesses the quality of captured audio,
and explores their integration with ML models for real-time audio clas-
sification. Furthermore, the performance of the complete pipeline is
evaluated with emulated real-life scenarios. The device’s versatility
is demonstrated through comparisons with various existing models,
underscoring its adaptability to different configurations. Furthermore,
the device was employed not only for energy harvesting and charging
capacitors but also to power wireless transmission circuits, providing
proof of concept that data can be both recorded by the microphone and
transmitted wirelessly in a sustainable manner and effectively showcas-
ing its potential for sustainable recording and wireless data transmis-
sion. The PI/GP material’s high charge density enhances energy
harvesting efficiency and durability. This allows the device to operate
sustainably in harsh environments, providing the necessary power for
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continuous real-time operation without external sources. Integrating
TENG technology into live-streaming audio monitoring and sound clas-
sification represents a significant advancement in real-time audio pro-
cessing. We demonstrate that the device can operate in harvesting and
recording modes, making it a versatile tool for various applications.
This innovation opens up exciting possibilities for applications in envi-
ronmental monitoring, healthcare, smart cities, Internet of Things
(IoT), agricultural fields, remote device malfunction monitoring,
Human-Robot Interaction, and assistive technologies. Ultimately, it
paves the way for a more sustainable and interconnected future.[-¢]

2. Results and Discussions
2.1. Structure and Operating Mechanism of the Device

The PI/GP-coated paper was employed as a tribo-positive material and
coupled with a tribo-negative polytetrafluoroethylene (PTFE) film to
create TENG devices. The PI, with its backbone rich in electron-donor
amino and imine groups, enhanced the TENG’s charge density (Figure
1a).1***%) Furthermore, PI significantly enhanced the tensile strength of
paper, which improves the long-term durability of the coated paper
and the final device (Figure Sla, Supporting Information). The conduc-
tive GP particles also facilitated charge transfer and reduced surface
charge loss.””**®1 The GP particles further improved the TENG’s output
by increasing the composite’s dielectric constant. The distribution of GP
particles on the coated paper also increased surface roughness, effec-
tively enlarging the contact area between the PI/GP composite and the
opposing material. Based on a previous study, the 30% optimized per-
centage of PI/GP was used to fabricate the TENG device.**! This
increased contact area led to generating more triboelectric charges,
thereby enhancing the TENG’s output power.*”***°! The morphology
of the GP particles is shown in Figure 1b. The surface and cross-
sectional images of the base paper and PI/GP-coated papers are illus-
trated in Figure S1b,c, Supporting Information and Figure 1c,d.

The operation of the acoustic microphone fundamentally relies on
the principles of contact electrification and electrostatic induction, as
illustrated in Figure 1e.*”°'1 In this setup, the PTFE membrane func-
tions as the tribo-negative layer due to its higher electron affinity com-
pared to the PI/GP layer, which acts as the tribo-positive 1ayer.[6z]
When the PI/GP-coated paper comes into contact with the Al-coated
PTFE membrane in response to acoustic pressure, charge transfer occurs
from the PI/GP surface to the PTFE surface (Figure le-i). This process
leaves behind positive charges on the PI/GP surface and an equal
amount of negative charges on the PTFE membrane (Figure le—ii).[63]
As the acoustic pressure causes the two layers to move apart, an electric
potential difference is generated between the triboelectric materials.
This potential difference drives a flow of electrons from the bottom
electrode to the top layer through an external circuit (Figure 1le-iii).
When the acoustic wave compresses the layers together again, this con-
tact separation cycle reverses the electron flow. This repetitive motion
creates an alternating electrical signal corresponding to the acoustic
wave’s variations, as depicted in Figure le-v. Additionally, the arrow
indicator in Figure le, connected to the device, illustrates the direction
of current flow and indirectly represents the electron transfer process
during this cycle.

Figure 1f presents the design of the TENG device used as a micro-
phone. The device consists of a 300 nm thick layer of aluminum (Al)
deposited on a PTFE membrane and a paper coated with a PI/GP

© 2025 The Author(s). Energy & Environmental Materials published by
John Wiley & Sons Australia, Ltd on behalf of Zhengzhou University.
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Figure 1. a) Diagram of the PI/GP film material preparation; SEM images showing. b) The morphology of the GP particles and c) the surface and d) the
cross-sectional images of the PI/GP-coated paper. e) Schematic view of the working principle of the PI/GP-TENG device. f) Layer-by-layer diagram of the
PI/GP-TENG device. g) lllustration of the developed live pipeline for audio classification.

composite featuring hole patterns (Figure le-i). The paper serves pri-
marily as a support for the tribo-positive PI/GP layer. The aluminum
coating on the tibo-negative PTFE enhances charge collection effi-
ciency. This innovative design surpasses previous models in perfor-
mance due to its advanced structural features. The compact, sandwich-
like configuration of the device, produced using 3D printing technol-
ogy, supports the creation of thin, susceptible triboelectric acoustic sen-
sors. The device was designed with three primary goals. These goals
were to simplify the fabrication process, tension the PTFE layer effec-
tively to eliminate wrinkles, and allow for adjustable spacing.'*! This
design ensures the PTFE layer vibrates effectively when exposed to
sound, enhancing its performance, reproducibility, and durability. Most
existing devices have utilized tape to affix layers to the substrate, which

can lead to issues with reproducibility and extended assembly time.[*")
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Our proposed sandwich-like structure addresses these problems,
improving the ease of preparation and the device’s overall efficiency.
Maintaining the PTFE layer tight and flat achieves maximal contact with
the PI/GP layer, significantly increasing the device’s output and effi-
ciency. The spacing between the two triboelectric layers critically influ-
ences the device’s output (Figure 3a); thus, adjusting this spacing
dynamically allows the device to perform optimally and can be tuned
based on the desired frequency range and environment. The sensor
developed in this study features a thickness of 15 mm and a diameter
of 70 mm and includes a 20 mm X 20 mm paper PI/GP section, as
illustrated in Figure 1f.

The front of the device features the PI/GP-TENG and incorporates
patterned holes on the paper created with a UV laser cutter. These holes
are designed to interact with acoustic waves, allowing air pressure to

© 2025 The Author(s). Energy & Environmental Materials published by
John Wiley & Sons Australia, Ltd on behalf of Zhengzhou University.
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sizes.

pass through and thereby enhancing the vibration of the triboelectric
membrane. By minimizing the effects of air resistance that can dampen
vibrations, these holes create small resonant cavities that amplify the
vibrations as sound waves travel through them.[***1 All components
are assembled, as shown in Figure 1f, and the final device is secured
with screws to adjust the thickness of the spacer.

The developed triboelectric acoustic sensor features a simple yet
effective design to leverage the high efficiency of the PI/GP-TENG in
converting acoustic signals to electrical ones. This sensor’s adjustable
spacer thickness allows for a highly sensitive, tunable, and self-powered
acoustic detection system with potential applications in human-machine
interfaces, the IoT, industrial manufacturing, transportation, and other
advanced technology sectors, as depicted in Figure 1g.

2.2. Performance of Acoustic TENG

A linear frequency sweep test was performed to evaluate the perfor-
mance of the PI/GP-TENG device. This test covered frequencies rang-
ing from 20 Hz to 20 kHz over a 20-s duration. The results in Figure
2a illustrate the TENG's frequency response. Figure 2a inset demon-
strates the device has a swift response time of 0.004 s, highlighting its
rapid and efficient performance. Figure S2a, Supporting Information,
compares the linear frequency sweep audio recorded by the
TENG-based microphone with the original playback sound. Figure S2b,
¢, Supporting Information, present examples of comparing the TENG-
recorded audio and the original ESC-50 dataset recordings, which were
captured using condenser microphones. ! Together, these compari-
sons provide direct evidence of the TENG’s accuracy in capturing a
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wide frequency range and the complex harmonic structures of various
environmental sounds.

Various frequencies were used to activate the sensor and assess the
performance of the proposed acoustic sensor across different sound fre-
quencies. As demonstrated in Figure 2b, the TENG acoustic sensor
exhibited a robust output across a wide frequency range of
50-20 000 Hz, showcasing its ability to detect high-frequency sounds
with minimal noise interference effectively. This capability was further
substantiated in Figure S2d,e, Supporting Information, which present
the power spectral density (PSD) analysis and the output voltage
response of the TENG acoustic sensor as a function of frequency,
respectively. The PSD graph illustrates power distribution across the fre-
quency spectrum and confirms the device’s ability to record up to
20kHz sound signals accurately.l°®®’} This highlights the sensor’s
effectiveness in capturing high-frequency acoustic data while maintain-
ing low noise levels. As shown in Figure S2e, Supporting Information
inset, the output voltage gradually declines as frequency increases from
1 to 20kHz. This behavior is attributed to the reduced displacement
amplitude of the vibrating membrane at higher frequencies, which
limits the effective contact area between the PTFE and PI/GP layers.
Additionally, the device demonstrates sensitivity comparable to com-
mercial electret microphones, which are expensive and consume more
energy, offering a sensitivity of around —40 dB for frequencies under
5 kHz[°*1 The peak voltage was recorded at 154 Hz under a consistent
sound pressure of 90 dB. This happens due to the natural limitations in
the deformability of the vibrating membrane, causing the contact
between the PI/GP layer and the PTFE layer to change with sound fre-
quency under constant sound pressure.[(’g'm] These findings demon-
strate the TENG’s potential for integration with sound monitoring

© 2025 The Author(s). Energy & Environmental Materials published by
John Wiley & Sons Australia, Ltd on behalf of Zhengzhou University.
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systems, as it can detect a wide range of frequencies while delivering
high output performance.

To investigate and compare using different materials as tribo-positive
layers output performance, different eco-friendly materials, including
aluminum (Al), chitosan film, cellulose nanofibrils (CNF) aerogel, and
an aerogel containing CNF and reduced graphene oxide (CNF@rGO)
films were made with the same thickness and structure and tested with
the same linear frequency sweep. The maximum output voltage results
are shown in Figure 2c¢ among different materials, and the PI/GP
shows a maximum output of ~90 volts. In our comparative analysis of
various materials used in the proposed device, the PI/GP composite
demonstrated the highest signal-to-noise ratio (SNR) among all tested
materials, as illustrated in Figure 2d. This superior SNR indicates that
the PI/GP composite is highly effective in minimizing background
noise while accurately capturing sound signals, making it an optimal
choice for real-time sound dassification applications. The enhanced per-
formance of the PI/GP-based TENG microphone underscores the
importance of material selection in achieving high-precision acoustic
sensjng.[“]

Additionally, the impact of hole size was also investigated. The maxi-
mum voltage amplitude was attained with a hole diameter of 0.8 mm,
as shown in Figure 2e. All samples maintained a consistent hole area
percentage of 20%. This observation can be attributed to changes in
hole pressure resulting from tiny holes, leading to fluctuations in out-
put voltage.[°*]

The cascade device consists of three interconnected units with
dimensions of 2cm X2 cm, 3cmX 3 cm, and 4 cm X 4 cm, respec-
tively, as illustrated in Figure S3, Supporting Information. Each unit is
constructed using a 3D-printed design featuring different square holes.
This arrangement ensures a thorough coverage of the sound frequency
range from 20Hz to 20kHz and the maximum output efficiency
(Figure 2£).7*7*) Inspired by the function of the basilar membrane in
acoustic sensors, this design enhances coverage across the frequency
spectrum, thereby boosting the sensor’s sensitivity and accuracy in
detecting a wide range of sound signals. Figure 2f illustrates that the
cascaded device can obtain maximum output. As shown in Figure S4a—
d, Supporting Information, among the waveforms of 2X2cam’,
3X3 cmz, 4 X4 cmz, and the cascaded devices, cascading the devices
significantly boosts both voltage and current outputs, thereby increasing
sensitivity and power, making the device suitable for energy harvesting
and driving low-energy consumption circuits. The study further com-
pares series and parallel connections of the generator units, revealing
that while series connections yield higher voltage output, parallel
connections provide more significant current, aligning with existing
literature and highlighting the importance of connection configuration
in  maximizing desired output (Figure S4ef, Supporting
Information).t”*”¢!

Simulations were performed using COMSOL Multiphysics to theo-
retically verify the device’s behavior with varying film spacings. The
electrostatics interface in COMSOL was utilized to model the electric
potential between the two layers. In the simulation, two 2D layers were
represented, separated by a gap, with the top PI/GP layer oscillating up
and down to contact and then separate from the bottom layer. The films
were modeled with 2 cm x 2 cm dimensions to simulate the 2 X2
device. Based on the datasheet information, the relative permittivity
values were set to 2.1 for the PTFE film and 3.4 for the PI/GP
il 76771

The simulation results indicate that increased spacing between the
two film layers results in the device’s higher maximum voltage output.
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According to Gauss’s laws and the relationship V=E.d, the potential

difference between the electrodes can be expressed asl 78801,
—Q

V= g ) + G:Et)

)

Here, V is the output voltage, S is the contact surface area, €, is the
vacuum permittivity, Q is the charge transferred between the elec-
trodes, d is the effective thickness constant, ¢ is the surface charge
density, and x(t) is the distance between two contact surfaces.

In open-circuit conditions, where no charge transfers (Q =0), the
open-circuit voltage (Voc) is:

ox(t)

@)

Voc =
€0

In the simulation, the electric field (E) is constant due to fixed sur-
face charge densities, implying that an increase in separation distance (x
(t)) results in a corresponding increase in voltage (V), as illustrated in
Figure 3a. This trend is consistent with the experimental data shown
in Figure 3b, which illustrates that as the spacing increases from 0 to
1 mm, the device’s output voltage and current also increase. This obser-
vation supports the notion that current and voltage are directly propor-
tional to the tribo-charge surface density (6) and the distance between
the tribo-layers.

However, the data indicates that the device's output begins to
decline beyond a separation distance of 1 mm. This decline is attributed
to a reduction in contact between the two films and constraints on the
motion of the top film.[*"1 When the separation becomes excessively
large, the diminished contact leads to less charge transfer, reducing sur-
face charge density and overall output. Consequently, the optimal spac-
ing for the device is achieved by balancing separation distance and
surface contact, which, as illustrated in Figure 3b, is optimally main-
tained at 1 mm.

Figure 3c illustrates the maximum output power (dB) versus spacer
distance (mm) across the first to fourth resonant frequencies. The data
show that at a spacer distance of 1 mm, the maximum output power is
achieved for the first resonant frequency. The highest output power
occurs at a 0.5 mm spacer distance for the second and third resonant
frequencies. Additionally, for the fourth resonant frequency, the output
power remains relatively constant across all spacer distances. All that
data indicate that the device is tunable. By adjusting the spacer distance,
it is possible to optimize the output at different frequencies. This tun-
ability is further demonstrated in Figure S5, Supporting Information,
which presents frequency versus power and spacer distance.

The acoustic sensitivity of a microphone is a crucial performance
metric.®?] As the sound pressure level (SPL) increases from 60 to
100 dB, the maximum output voltage achieved at the resonant fre-
quency of 154Hz rises from ~1 to ~35V (see Figure 3d and
Figure S6a, Supporting Information). The formula for calculating
acoustic sensitivity is:

SPL=120 log (VL) 3)

ref

SPL represents the sound pressure level, V is the output voltage, and
Vyer is the reference voltage. The exponential fitting results exhibit excel-
lent linearity (R* = 99.85%), as shown in Figure 3d. To test our device
further, we measured the output voltage and current at varying

© 2025 The Author(s). Energy & Environmental Materials published by
John Wiley & Sons Australia, Ltd on behalf of Zhengzhou University.

9SUDIT Suowwo)) aAnear) ajqeorjdde oy £q pausoaoS aIe sadnIe V() (s Jo sojni 10j A1eIqiT auljuQ K2[IA\ UO (SUONIPUOD-PUE-SULI)/W0d Ko[1m ATRIqI[auI[uo//:sdy) SUONIPUO,) pue swiio [ oy} 39S [S70Z/L0/01] U0 Areiqry auruQ) A9iAy [IoUN0)) YoIeasayl [euoleN Aq pH00L TWad/7001°01/10p/wod Ka[im Areiqrjaurjuo//:sdiy woiy papeojumo( ‘0 ‘9$€0SLST



Energy &
Environmental Materials

(a) Surface Electric Potential (V) (b) 45 1.0
)(10"-3—~415 H 1
3 6
30
. 04 H 1] 0.5 2 = 08 <
€ | |15 2 | 2 > 25 2
£ ] 06 O
= 4 8 10 + 204 S
= H ° =
8 0.5+ 15 (4] 0 > 45] 2
T L T | . 5 =
- -8 -10 © —_
3 S 10 T
3 " i i "’ >
3 ‘ =
w 1 4 1] 5
T, T | |
0 05 1 15 2 3
Film Oscillation
Spacer Gap (mm)
(c) -10 4 (d) (e)
==& First Resonant Frequency 35 12 -
20 B 1o 100
«——Third Resonant Frequency = 30 & -
230 o~ Fourth Resonant Frequency 2 g £ 754
= @ 2532 - =
) H £ ]
T 401 A E 03 S 50
e 5 201z" 02% ® 75
] S s B g %
g -501 8 151 % 4 8 100 i (1]
Distance from Speakers (cm)
& 60 £ 10 i 8 55 ]
5 =
70 O s 5 S 50
ol R“=99.85 % 75
-80 1— T T T T T T T T T
0 1 2 3 4 60 70 80 920 100 100-

Spacer Gap (mm)

Sound Pressure Level (dB)

Figure 3. a) COMSOL simulations of the surface electric potential with varying spacer gaps and oscillation of the top film due to sound pressure. b) Voltage
and current outputs of the PI/GP-TENG device with different spacer gaps. c) Varying power of different resonance frequencies at different spacer gaps. d)
Voltage output from varying sound pressure levels and voltage and current output from different distances from the speakers. e) Directionality of the PI/GP-

TENG device showing a bi-directional pattern.

distances of the speakers from the device (Figure S6b, Supporting Infor-
mation). The results show that the microphone produces an acceptable
output of 3 V at a distance of ~90 cm, indicating the device’s capability
to detect small signals (Figure 3d).t*’]

Figure 3e demonstrates the directional response of the PI/GP-TENG
device. Directionality tests, commonly employed for conventional
microphones, classify microphones into types such as cardioid, bi-
directional, and omnidirectional. **#*) The symmetric pattern observed
in our device identifies it as a bi-directional microphone, capable of
capturing sound from both the front and back. This bi-directional
pickup pattern significantly enhances its utility in sensing applications
by effectively capturing sounds from multiple directions, which is par-
ticularly advantageous given the typically omnipresent nature of sound
sources.

All of the outlined results demonstrate that the TENG-based micro-
phone output remained consistent and accurate, even for high-
amplitude sound sources, with negligible deviation that would impact
the recorded audio. This ensures that the device is suitable for use in
machine learning applications.

2.3. ML and Data Processing Results

After confirming the device’s outstanding output and optimizing its
parameters to achieve consistent performance, we conducted sound
classification tests to evaluate its audio quality and compatibility with
advanced ML models. A TENG-recorded ESC-50 dataset was created by
playing the ESC-50 sounds through a speaker and capturing them with
the TENG microphone (Figure S7a and Video S1, Supporting Informa-
tion). Video S1, Supporting Information, demonstrates the device’s
high-quality sound recording capabilities. This recorded data was then
used to train and test 4-mL models: MobileNet V1, Inception V3,
ResNet 50, and Xception.
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As previously mentioned, these models were chosen for their vary-
ing architectures and proven effectiveness in audio and image classifica-
tion tasks. MobileNet V1 is known for its efficiency and suitability for
real-time applications; Inception V3 offers a balanced trade-off between
accuracy and computational cost; ResNet 50 is renowned for its deep
architecture and ability to handle complex patterns, and Xception

depthwise  separable  convolutions for  improved
[46—49]

leverages
performance.

To assess audio quality, we performed both qualitative and quantita-
tive analyses through human listening analyses by tuning the men-
tioned models on the ESC-50 and TENG ESC-50 training datasets.
Random samples were taken, and their mel spectrograms were com-
pared with the original recordings to ensure high-quality sound cap-
ture, as previously demonstrated (Figure S2, Supporting Information).
The models were then tested on their respective test datasets. If the
models performed comparably on the TENG-recorded ESC-50 dataset
and the original ESC-50 dataset, it would indicate that the TENG device
produces  high-quality recordings despite its distinct audio
characteristics.

The results of the classification tests are summarized in Table 1. The
table demonstrates the models’ performances under four scenarios:
training and testing on the ESC-50 dataset, training on the ESC-50 data-
set and testing on the TENG dataset, training and testing on the TENG
dataset, and training on the TENG dataset and testing on the ESC-50
dataset. The difference in audio characteristics between conventional
microphones and the TENG device was evident in the models’ perfor-
mances. Models tuned on the ESC-50 dataset performed poorly when
tested on the TENG dataset, whereas models tuned on the TENG dataset
performed very well. This discrepancy highlights the inherent differ-
ences in sensing characteristics between the devices and underscores
the necessity of a TENG-recorded dataset for accurate classification.

‘When models were tested on datasets matching their tuning datasets,
their performances were comparable for ESC-50 and TENG ESC-50

© 2025 The Author(s). Energy & Environmental Materials published by
John Wiley & Sons Australia, Ltd on behalf of Zhengzhou University.
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Table 1. Data was collected from MobileNet V1, Inception V3, ResNet 50, and Xception models, including accuracies from different tuning and testing data-

sets, model inference times, and model parameters.

Model Training: ESC50 Training: ESC50 Training: TENG Training: TENG Inference time (ms) Parameters (Millions)
Test: ESC50 Test: TENG Test: TENG Test: ESC50

MobileNet V1 79.80% 38.10% 81.70% 42.00% 69.2 3

Inception V3 73.40% 34.90% 70.50% 32.70% 91.8 22

ResNet 50 56.10% 22.80% 60.60% 21.50% 117.2 24

Xception 76.90% 30.80% 76.90% 38.80% 1123 21

datasets. Notably, Xception achieved the same accuracy with both data-
sets, demonstrating the high quality of the audio produced by the
TENG device. This compatibility with state-of-the-art ML models indi-
cates that the TENG device’s high-quality audio output can effectively
be used for sound classification tasks.

For real-time applications, MobileNet V1 emerged as the best-
performing model, achieving an accuracy of 81.7%, the highest among
the tested models. Besides, it had the lowest inference time of only
69.2 ms. Leveraging MobileNet V1's low parameter count, it can be a
highly efficient and lightweight model for live applications using the
TENG device.

The TENG device shows great potential for high-quality audio
recording and compatibility with state-of-the-art ML models. The com-
parable performances of the models on the TENG-recorded dataset and
the benchmark ESC-50 dataset demonstrate its ability to produce high-
quality audio output. MobileNet V1 is particularly well-suited for real-
time applications due to its high accuracy and low inference time.

Figure 4 presents the confusion matrix for the individual perfor-
mance of each class using MobileNet V1, offering a comprehensive
view of the classification performance across various sound classes. The
matrix reveals a strong diagonal dominance, signifying that most
sounds were accurately classified, as indicated by the high number of
true positives along the diagonal.

The analysis reveals that the classifier performs exceptionally well
with familiar sounds such as “dog,” “cat,” and “vacuum cleaner,”
underscoring its reliability in detecting these frequently encountered
noises. Most classes achieve correct classification rates of at least 5 out
of 8 test audio clips; however, some misclassifications occur, particu-
larly among sounds with similar acoustic profiles, such as “crying
baby” versus “drinking sipping” or “wind” versus “waterdrops.” These
misclassifications can be attributed to the distinctive acoustic features of
these sounds, as illustrated by the spectrogram analysis. This suggests
that refining feature extraction techniques or enhancing model training
could improve differentiation between these similar sound types.!*!

Furthermore, the limited size of the ESC-50 dataset, with only 8 test
audio clips per class and a relatively small number of training samples,
constrains the model’s ability to generalize effectively. This amplifies
the impact of each misclassification during testing and highlights the
challenge of achieving high accuracy. These results provide a bench-
mark for evaluating dassifier performance while emphasizing the data-
set’s limitations, particularly regarding the training set size. However,
the high classification accuracy achieved despite the limited training on
the ESC-50 dataset reflects the exceptional audio quality of the TENG
device. The device’s capture of detailed and high-fidelity sound features
significantly enhances model performance, enabling accurate classifica-
tion even with minimal training data. This highlights the device’s
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potential for robust performance in real-world live sound detection
tasks. Furthermore, considering that the ESC-50 dataset includes envi-
ronmental sounds recorded with conventional microphones—some of
which contain natural background noise or are of lower sound quality
—the model’s success with this dataset showcases both the robustmess
of the TENG device and the model’s ability to handle varying sound
qualities in real-time sound monitoring tasks.

2.4. Multifunctional Applications as a Sustainable Sensor

Due to TENG devices’ inherent energy harvesting capabilities, they can
be repurposed as energy harvesters within a system. By capturing back-
ground noise energy, this energy can be stored in a power unit, such
as a rechargeable battery or capacitor, potentially transforming the live
sound monitoring system into a sustainable, self-powered setup.***]

Leveraging the high output current and voltage of the PI/GP-TENG
and its advantage in converting acoustic signals to electrical ones, the
developed triboelectric acoustic sensor is used for self-power and
the wireless communication circuit. To illustrate this potential and the
practical electrical applications of PI/GP-TENG, the device was
employed to charge different capacitors. The energy generated by the
composite PI/GP-TENG device at its resonant frequency (154 Hz) with
an SPL of 94 dB was stored in various commercial capacitors by con-
necting it to a full-wave bridge rectifier (Figure 5a). The rectifier con-
verts the alternating current (AC) produced by PI/GP-TENG into direct
current (DC). Figure 5a presents the results obtained using capacitors
with varying capacitances (1, 2.2, 4.7, 10, and 47 pF) in the rectifier
circuit to evaluate the charge storage capacity of the PI/GP-TENG.
Along with that, the PI/GP-TENG successfully charged the commercial
capacitors within 40 s, demonstrating specific charge rates. Notably,
3V of 1 pF capacitor charge was achieved after 5 s.

Voltage and current performances were evaluated with various exter-
nal resistances (ranging from 0 to 100 MQ) connected to the circuit to
explore the electrical characteristics further. According to the maximum
power transfer theorem,™®”) the peak output power was achieved when
the external resistance exactly matched the internal resistance of the fab-
ricated PI/GP-TENG. As depicted in Figure 5b, the current decreased
with increasing load resistance, while the voltage exhibited an opposing
trend. The peak output power reached 25.67 pW, corresponding to a
power density of 1.6 yW/cm?, as illustrated in Figure S7b, Supporting
Information, at a resistance of 25.5 MQ with an effective contact area
of 4 X 4 cm”. This level of triboelectric power generation can support
small electronic devices, such as recording or transmission
circuits.?>#%%] To evaluate the device’s power output at various sound
pressure levels (SPLs), measurements were conducted across a range of

© 2025 The Author(s). Energy & Environmental Materials published by
John Wiley & Sons Australia, Ltd on behalf of Zhengzhou University.
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Figure 4. The confusion matrix from MobileNet V1 was tuned on the TENG-recorded ESC50 dataset and tested on the TENG-recorded ESC50 test dataset.

SPLs from 60 to 100 dB. As shown in Figure Sé6c, Supporting Informa-
tion, measurable output power was observed at an SPL of approxi-
mately 60 dB, corresponding to typical ambient noise levels such as
conversational speech. Below this threshold, although the output power
becomes negligible (<1 pW), detectable voltage signals were still gen-
erated, sufficient for sensing and low-capacity energy storage. These
results demonstrate that the device remains operational and practical
even in relatively low-energy acoustic environments.

Durability and stability are critical for the practical application of
self-powered sensors, as they impact the long-term usability of the
device. Figure S8, Supporting Information, shows the current output
performance of PI/GP-TENG under 154 Hz frequency before and after
60 days of exposure to normal air. The data demonstrate that the output
current remained stable, indicating the device’s excellent repeatability
and durability. The composite PI/GP-TENG also maintained continuous
electrical output performance for over 1h at 154 Hz and a contact area
of 4x 4cm” (see Figure S8, Supporting Information). Compared to
most other works, these results highlight our approach’s higher power,
voltage, and current performance.
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Furthermore, to exhibit wireless communication capability, an
energy-efficient charging circuit was developed (Figure S9, Support-
ing Information). The energy-efficient charging circuit operates in
two distinct steps.”*”" itially, the rectified output from the PI/GP-
TENG charges a smaller capacitor (1 pF) in the first step (step-1
charging), illustrated with the red curve in Figure Sc. Once the
capacitor reaches 5V, the second step (step-2 charging) begins, trans-
ferring a portion of the stored energy to a larger capacitor (220 pF),
causing its voltage to increase (black curve in Figure 5d) and the
smaller capacitor’s voltage drops from 5 to 3V (see Video S2, Sup-
porting Information). Sensor signals are digitized and transmitted
wirelessly to remote receivers, such as mobile phones, during this
period. This periodic process allows electronic or wireless circuits to
be repeatedly powered using energy stored from the PI/GP-TENG,
enabling potential applications in self-powered wireless sensing and
transmission, environmental monitoring, and other critical sensor
technologies. The system is designed and fabricated on a circular
printed circuit board (PCB) with a 3 cm diameter (see Figure S9,
Supporting Information).

© 2025 The Author(s). Energy & Environmental Materials published by
John Wiley & Sons Australia, Ltd on behalf of Zhengzhou University.
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Figure 5. a) Charging curves of various capacitors, charged by the PI/GP-TENG device output, and an illustration of the charging circuit. b) Output current,
voltage, and power with varying load resistances from 0 to 100 MQ. c) Capacitor charging curves from the wireless communication device showing the signal
output. d) Concept illustration of the PI/GP-TENG device used in a self-powered sensor circuit.

The device facilitated wireless communication after approximately
3.5min in the initial charging cycle, while subsequent transmissions
required only about 3 min. The longer initial charging time is attrib-
uted to the capacitor starting from an empty state.l**) After the initial
cycle, the capacitor did not fully discharge, maintaining a voltage of
around 0.9V after powering the RF module. Consequently, the time
needed for subsequent wireless data transmissions was significantly
reduced. This demonstration of integrating the PI/GP-TENG device
with the self-powered communication system highlights the remark-
able potential of the PI/GP material.

Known for its high output performance, PI/GP benefits from the
presence of amine groups, increased surface roughness, and a favorable
dielectric constant.**) The conductive GP particles enhance charge
transfer, reduce surface charge loss, and increase the dielectric constant,
resulting in greater output power. The composite’s morphology also
boosts surface roughness, improving the contact area and overall energy
output. As a high-performance tribo-negative material, PI/GP enables
the development of self-powered wireless electronics, making it a viable
solution for sustainable and energy-efficient applications.

2.5. Live Audio Monitoring Evaluation

The capabilities of the PI/GP-TENG device for live sound monitoring
and classification were evaluated by constructing a live pipeline, which
was then tested in a simulated environment to assess its accuracy
(Video S3, Supporting Information). This pipeline was centered around
the fine-tuned MobileNet V1 model, chosen for its high performance
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on the TENG ESC-50 dataset and rapid inference time, making it ideal
for real-time classification.

The first step in the pipeline involves capturing the device’s output
using an oscilloscope to record the voltage output (Figure l1g and
Figure S7a, Supporting Information). This output is recorded in 5-s
windows and then sent to the processing device. The pipeline also
includes sound event detection (SED), which monitors sounds using
Root Mean Square (RMS) thresholding. In this method, the audio sig-
nal’s energy is compared to a threshold determined by a noise pro-
file, with the threshold set at 160% of the noise profile’s RMS
energy. The corresponding window is discarded and not classified if
no 0.1-s input audio frame exceeds this threshold. The 5-s windows
were chosen to match the length of the audio clips used to tune the
model.

Once captured, the windows are processed into mel spectrograms
and fed to the ML model, which outputs the class with the highest
score. The system can be adapted to output the top-ranked classes;
however, only the highest-scoring class was considered for quantifiable
results, corresponding to Top-1 accuracy. This metric reflects the
model’s ability to correctly classify the most likely class from
the predictions.

Some videos featuring continuous sounds from different classes,
including background noises, were selected to simulate a live environ-
ment. A total of 500 s of audio from these videos was used, resulting
in 100 classifications per class. The correct inferences were tallied to cal-
culate accuracy out of 100. The system’s processing time was also aver-
aged across 100 classifications, including the audio-to-mel-spectrogram
processing and the model’s inference time.

© 2025 The Author(s). Energy & Environmental Materials published by
John Wiley & Sons Australia, Ltd on behalf of Zhengzhou University.
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Table 2. Accuracies and processing times from the live pipeline across vari-
ous sound groups and classes.

Group Class Accuracy (%) Processing time (s)
Animals Cow 87 035
Cat 96 033
Human, non-speech sounds Crying baby 88 0.34
Snoring 95 0.34
Interior/domestic sounds Mouse click 96 033
Clock tick 98 033
Natural soundscapes and Water drops 100 0.37
water sounds Chirping birds 81 0.35
Exterior/urban noises Church bells 86 035
Hand saw 100 033
Average across classes 92.7 0.342

Ten classes, representing two classes from five different sound
groupings, were chosen for testing. Table 2 presents the accuracy
results for each class under each group and the processing time for each
class. This table provides a detailed breakdown, showing how the sys-
tem performs across different sound categories and highlighting the
efficiency of the processing times.

The live system with the PI/GP-TENG device achieved an average
accuracy of 92.7% across the 10 classes and an average processing time
of 0.342 s. This processing latency aligns with typical embedded audio
classification pipelines, as reported in recent works. Recent studies have
reported that end-to-end latency in smart microphone systems can vary
depending on buffering and processing architecture.”>?*! The high
accuracy and low processing time demonstrate the TENG device's capa-
bility for live applications. In latency-sensitive applications such as
urban monitoring or real-time voice interfaces, even a sub-second delay
can impact system responsiveness and user experience.”* The device’s
self-powered, compact, and low-cost nature, combined with light-
weight machine learning models, further enables seamless integration
into diverse environments, making it an ideal solution for scalable, on-
site deployment.

By implementing these approaches, this work demonstrates the
proof of concept for a self-powered or sustainable recording, wireless
transmission, and live monitoring system using a PI/GP-TENG.
Leveraging its high output power and current, this system paves the
way for more sustainable environmental and remote sound monitoring
applications where energy is crucial and self-powered sensors are
needed (Figure 5d). This device can operate in two modes: an energy
harvester and a recording circuit that transmits data wirelessly. The
device can harvest background noise without specific sound events and
store it, as shown in Figure 5d. The device can switch to recording
and sending signals when a sound event occurs, ensuring efficient
energy usage and reliable monitoring. A summary of relevant works is
presented in Table S1, Supporting Information, to compare the device’s
performance with that of recent triboelectric acoustic energy harvesters.
Although the obtained power density is moderate, it was measured at a
realistic SPL of 90 dB, reflecting typical ambient conditions. The device
also offers broad frequency response, compact design, and real-time
ML integration, highlighting its potential for self-powered, real-time
sound classification.
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3. Conclusion and Future Perspective

This study presents a significant advancement in real-time audio proces-
sing through the development of a polyimine/graphite polypropylene
(PI/GP) based triboelectric nanogenerator (TENG) sound sensor. The
PI/GP material was highly effective in converting acoustic signals into
electrical energy, thanks to high output power and enhanced charge
density. Additionally, the conductive GP particles increase charge trans-
fer, reduce surface charge loss, and boost the dielectric constant, result-
ing in higher energy output. With its increased surface roughness, the
composite’s morphology enhances the contact area, optimizing energy
generation across a range of sound frequencies up to 20 KHz. The fab-
ricated PI/GP-TENG device excels in energy conversion and provides a
highly tunable structure, enabling output optimization across various
sound frequencies.

The ability of the PI/GP-TENG device to operate both as an energy
harvester and as a sound recording tool marks a substantial advance-
ment in creating sustainable, self-powered audio monitoring systems.
The high output power allows it to charge storage units and power
wireless communication devices, showcasing its potential in self-
sufficient sound monitoring and data transmission applications. By
leveraging its tunable structure, the device can dynamically adjust its
resonance frequency to match ambient noise frequencies, thus optimiz-
ing energy harvesting from background noise and ensuring efficient
operation in real-world environments.

In practical applications, the PI/GP-TENG device was integrated into
a live-streaming audio classification pipeline, achieving an impressive
accuracy of 92.7% and a processing time of 0.342 s, optimized through
fine-tuning on a dataset of 2000 TENG-recorded samples. This perfor-
mance underscores the device’s capability for real-time sound monitor-
ing and classification, along with its integrability and adaptability to
replace conventional microphones, making it a sustainable and versatile
tool for various fields such as environmental monitoring, smart cities,
IoT, and assistive technologies.

Future work will ensure the model’s performance under less-than-
ideal or extreme conditions, such as high noise levels and background
interference. Although the current tests have demonstrated the device’s
resilience to such challenges, strategies such as adversarial training, data
augmentation, and regularization could be employed in future updates
to the model, further enhancing its performance. Latency reduction
may be achieved through approaches such as model compression and
hardware-efficient architectures to support faster edge-device deploy-
ment with minimal impact on accuracy.

Overall, this work demonstrates a proof of concept for integrating
low-cost TENG technology with Machine Learning-based sound classifi-
cation, enabling real-time, sustainable sound monitoring, recording,
and wireless transmission. The findings from this study lay a strong
foundation for future developments in self-powered audio monitoring
systems, offering promising solutions for efficient, environmentally
friendly real-world sound processing technology applications. This
work also paves the way for sustainable, interconnected technologies in
IoT, environmental monitoring, and assistive systems.

4. Experimental Section

TENG materials and preparation of the films: To fabricate the basic structure
of TENG, it is essential to use at least two materials with different triboelectric
properties. The effectiveness of a TENG depends mainly on the difference in

© 2025 The Author(s). Energy & Environmental Materials published by
John Wiley & Sons Australia, Ltd on behalf of Zhengzhou University.
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triboelectric properties between the selected materials. However, selecting appro-
priate materials from the triboelectric series can be challenging*>*®!

The two films used in the PI/GP-TENG device were aluminum-coated PTFE
film as a tribo-negative material, while a PI/GP-coated paper was used as a tribo-
positive material. The PTFE film is prepared using AJA sputtering, where 300 nm
of aluminum is coated onto the back side of the film. Commercial office paper
was first selected as a base material to prepare the tribo-positive layer. The coat-
ing dispersion was prepared using the method provided in our previous study.®
Briefly, 1.00g of terephthaldehyde was first dissolved thoroughly in 10.00 g of
dichloromethane (DCM). Then, 5.00 g of ethanol was added to the mixture and
stirred well for 1 min. Next, commercially available GP (graphite-to-polypropylene
ratio of 75:25, Hydrogenic Corporation, Canada) was added to the solution and
stirred for 1 min. Finally, 0.485 g of 1,8-diaminooctane and 0.398 g of tris(2-ami-
noethyl)amine were added to the mixture and stirred for 5min. 9gm™2 of the
resulting mixture was then coated onto the base paper using a coating applicator
and dried in the oven at 80 °C overnight. After preparing PI/GP-coated paper, a
CO, laser was used to make uniform circular patterns on the paper.

TENG design and device fabrication—preparation: The device structures
were printed using Prusa i3 MK3S+ 3D printers. PLA was used as the filament for
printing the devices. The print settings were 30% infill, supports everywhere, and
no brims.

The single and cascaded devices are prepared similarly due to their matching
structures with only slight differences. The single structure assembly begins with
attaching the copper electrodes. For the PTFE film, a rectangular piece of copper
tape is attached to the aluminum side. For the PI/GP film, a square larger than
the device’s opening is made with copper tape, and finally, a rectangular piece of
copper tape is attached to that square. The next step is aligning the square PTFE
film with the aluminum deposited side, touching the tensioning mechanism and
the copper electrode extending out of the front notch. The middle plate is
pressed firmly onto the PTFE film to hold it in place. Using four 10 mm M3
screws, the middle plate is secured in place. The PI/GP is then placed with the
square of copper tape touching the middle plate and surrounding the device’s
opening. The copper electrode is aligned with the notch not used for the PTFE
film. Once the PI/GP layer is aligned, the top layer is firmly pressed against the
film. Four 20 mm M3 screws are then placed and tightened using nuts. For
the cascaded device, the same steps are followed but done 3 times, once for each
of the 3 sizes of devices. The difference in the preparations of the single and cas-
caded device is that once the cascaded device is built, the electrodes need to be
attached in either a series or parallel configuration using copper tape. In the series
configuration, the positive electrode of each device is connected to the negative
electrode of the following device. In the parallel configuration, the positive elec-
trodes are connected, and the negative electrodes are similarly connected.

Characterization techniques and measurements: The GP powder and the
surface and cross-section area of the paper and PI/GP-coated papers were
observed using a Hitachi $5200 (Japan). Tensile tests of base paper and PI/GP-
coated papers were performed using DMA Q800 (TA Instruments, USA) at room
temperature.

Machine learning and data processing: The ESC-50 dataset includes 2000
environmental sound recordings, categorized into five main groups with 10 dis-
tinct classes, each containing 40 audio clips. The TENG recorded ESC-50 dataset
was recorded by concatenating all audio clips of two classes into 6-min and 20-s
audio clips, which were then played by speakers and recorded on the TENG
device. The audio clips were then split into the original 5-s clips and named
according to the original ESC-50 dataset. The audio was converted to mel spec-
trograms using Librosa, then normalized, converted to RGB, and resized to the
model’s input of [224224] pixels. The data pre-processing was done on the fly.
TensorFlow was used to initialize the dataset and to load the ML models. All
models were tuned and tested in an identical format.

Each model was pre-trained on ImageNet and loaded without the top layers
as a custom classification block was built for our dataset. The classification block
included a global average pooling layer to reduce dimensionality, a dropout layer
with a 60% dropout rate to lessen overfitting, and a 39-neuron fully connected
layer for classification. The fully connected layer also included L2 regularization to
help with overfitting. The models were compiled with an Adam optimizer, cate-
gorical cross-entropy, and a learning rate of 0.0001. Early stopping and reduced
learning rate on the plateau were also implemented. The models were fine-tuned
by unfreezing layer by layer, starting from the top until the model reached its
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peak accuracy on the test dataset. Once the models reached their peak accuracy,
they were tested on the test dataset to produce confusion matrices and a value
for their average inference time. Average inference time was calculated by track-
ing the time it took for the model to output a classification for each audio clip
and then averaging those times from all the audio clips in the test dataset.
Pre-processing was not included in the inference time calculation as the compari-
son was between the speed and efficiency of solely the models, not the data pro-
cessing. The models were tuned and run on an Asus laptop with an AMD Ryzen
95900HS CPU, a Nvidia 3050ti GPU, and 16GB of RAM.
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