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Wearable sensors have emerged as a transformative technology, enabling real-time monitoring and

advanced functionality in various fields, including healthcare, human–machine interaction, and

environmental sensing. This review provides a comprehensive overview of the latest advancements in

wearable sensor technologies, focusing on innovations in sensor design, material flexibility, and

integration with machine learning. We explore the feasibility of wearable electronics in achieving high-

performance, flexible devices and discuss their potential to enhance human–machine interactions

through intelligent data processing and decision-making. The combination of wearable electronics and

machine learning offers immense potential for applications requiring real-time responsiveness and

advanced analytics. By analyzing recent developments of sensors, this review aims to inspire further

innovations in this rapidly evolving field, paving the way for the next generation of wearable technologies.
1. Introduction

Flexible electronics, as an emerging technology that overcomes
the limitations of traditional rigid electronic devices, has
garnered widespread global attention and experienced rapid
development in recent years. This technology, based on exible
materials and processes, enables devices to bend, stretch, and
fold, thus opening up immense opportunities for innovation in
elds such as wearable devices, health monitoring, electronic
skin, exible displays, and smart sensors.1–3 The key materials
for exible electronics currently include conductive polymers,
graphene, MXene, and other two-dimensional materials, as well
as exible inorganic thin lms. These materials, with their
exceptional mechanical exibility and electrical properties,
have been successfully applied in various novel electronic
devices.4 Additionally, advancements in manufacturing tech-
niques, such as printed electronics, roll-to-roll processing, and
exible packaging technology, have further driven the large-
scale production and application of exible electronics.
Despite signicant progress, exible electronics still face
a series of challenges that demand urgent solutions, such as
balancing mechanical stability and electrical performance,
ensuring device reliability under extreme conditions, and
achieving consistency and cost control in large-scale
manufacturing processes.5 However, with the ongoing
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exploration of new materials, the deep integration of interdis-
ciplinary research, and the incorporation of technologies like
articial intelligence (AI), the potential of exible electronics
remains immense. In the future, exible electronics are ex-
pected to integrate deeply with the Internet of Things (IoT), AI,
and renewable energy technologies, paving the way for a smar-
ter, greener, and more efficient society.6

The application of AI in higher education has become an
irreversible trend, encompassing various aspects from learning
management systems and automated assessments to intelligent
tutoring systems. AI-enabled personalized learning, teaching
quality evaluation, and the construction of knowledge graphs
are driving the transition of higher education from traditional
models to intelligent paradigms.7 However, the integration of AI
technology with new materials technology, such as exible
electronic materials, is providing new possibilities for teaching
devices and laboratory operations. University educators are
innovating teaching interactions through new devices like
exible displays and smart writing boards, while students can
engage in real-time interactions with AI systems using portable
devices, enhancing the personalization and engagement of
their learning experiences.8

Flexible electronic materials, especially exible lms and
nanomaterials, have garnered widespread attention in elds
such as electronic products, wearable devices, and medical
equipment due to their exibility and broad application pros-
pects. Devices like exible displays and sensors not only change
user interfaces but can also be embedded in teaching and
experimental equipment, enhancing the interactivity and
experience of education. In the education sector, the applica-
tion of exible materials can contribute to creating immersive
© 2025 The Author(s). Published by the Royal Society of Chemistry
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learning environments, improving the precision of experi-
mental equipment, and reducing costs. Fig. 1 illustrates the
application scenarios of exible electronics in motion detec-
tion, and intelligent monitoring. As the largest organ of the
human body, the skin not only protects internal systems from
environmental disturbances but also plays a crucial role in
perceiving various external signals such as temperature,
humidity, and tactile stimuli. Similar to the hierarchical
Fig. 1 (A) Next-generation intelligent sensing integrated with AI signal p
learning.23 (C) Schematic diagram of sensor design assisted by machine

© 2025 The Author(s). Published by the Royal Society of Chemistry
processing of human somatosensory perception, the combina-
tion of articial intelligence (AI) algorithms and biomimetic
skin capable of detecting tactile signals holds great signicance
for various closed-loop robotic control tasks (Fig. 1B). For
instance, Lu et al.9 introduced a exible tactile sensor based on
a triboelectric nanogenerator (TENG), which leverages machine
learning (ML) for optimized device design, including output
signal selection and manufacturing parameter renement. By
rocessing.22 (B) The similarity between human brain learning and deep
learning through parameter optimization.9
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co-designing tactile performance through ML and
manufacturing parameters, the sensor achieved an impressive
classication accuracy of approximately 99.58%. This tactile
sensor has been successfully applied to handwriting recogni-
tion of various English letters and sentences.10

By integrating physical signals from various sensors with AI,
intelligent detection and feedback can be achieved, enabling
applications such as smart homes and AI-driven robots. As
a foundational principle, various sensing mechanisms have
been developed, ranging from highly sensitive piezoresistive
and capacitive sensors to piezoelectric and triboelectric
sensors, which offer the signicant advantage of zero power
consumption. These mechanical sensors are used to record
different physical parameters, enabling the perception of
external stimuli with diverse sensing characteristics such as
sensitivity, operating range, linearity, and robustness, thus
allowing their application in various scenarios.11 Moreover, to
build an intelligent sensing system capable of not only detec-
tion but also analysis and decision-making, advanced data
processing methods are integrated with exible mechanical
sensing technologies. Notably, machine learning algorithms
are widely reported for conducting more sophisticated and
comprehensive analyses of raw data collected from exible
sensors.12 These algorithms can extract useful information far
beyond the interpretability of traditional methods. Trained
models in machine learning have been applied to classify,
identify, and predict values based on the specic tasks of
single or multiple/multimodal sensors in target applications.
AI-driven interactions powered by machine learning can also
be utilized in the education sector for teaching and interactive
learning.13

By integrating various exible acoustic pressure sensors to
enhance functionality, machine learning algorithms have been
introduced into voice communication.14 To capture the full
frequency range of human speech, researchers have developed
a seven-channel exible piezoelectric acoustic sensor capable of
speaker recognition using machine learning algorithms. This
approach demonstrated that multichannel audio inputs
provide richer speech information. Subsequently, the same
team further expanded the resonant bandwidth of piezoelectric
acoustic sensors by adopting a biomimetic frequency band
control method. This enhancement not only improved sensi-
tivity in miniaturized dimensions but also enabled accurate
biometric authentication using the same machine learning
algorithms. The ability to recognize and analyze sound holds
signicant potential for applications in the education sector,
offering innovative possibilities for teaching and learning
interactions.15

Research and development in the eld of exible electronics
will continue to advance toward higher performance, broader
functionality, and larger-scale integration.16 On one hand,
exploring new two-dimensional materials, such as MXene and
transition metal suldes, and their applications in hetero-
junction structures can further enhance the conductivity,
sensitivity, and stability of exible devices.17–19 On the other
hand, micro-nano fabrication techniques based on exible
substrates, such as laser processing, nanoimprinting, and high-
7846 | RSC Adv., 2025, 15, 7844–7854
precision printing, will drive exible devices toward ultra-thin,
highly integrated, and multifunctional designs. At the same
time, the integration of exible electronics with biomedical
applications presents tremendous potential. For instance, ex-
ible biosensors and implantable medical devices can enable
real-time monitoring of human physiological signals, offering
critical support for personalized healthcare. Additionally, the
development of exible energy storage devices, such as exible
supercapacitors and lithium batteries, will provide reliable
power supplies for exible electronics, further expanding their
application scenarios. In the future, a key step will be driving
the industrial application of exible electronics.20 By optimizing
material synthesis and processing techniques, reducing
manufacturing costs, and building a complete research and
development chain from fundamental studies to practical
applications, exible electronics are poised to occupy a central
position in areas such as smart wearables, green energy, smart
cities, and the industrial IoT. Thus, the development of exible
electronics is not only a frontier of science and technology but
also a vital engine for fostering a more intelligent and conve-
nient future society.21

2. Discussion
2.1. The development between exible sensors and machine
learning

Flexible electronics technology refers to the use of bendable and
stretchable materials to create electronic devices and systems
that can adapt to changing shapes while maintaining high
performance. The core advantages of this technology lie in its
exibility, lightweight nature, and excellent electrical proper-
ties, particularly in elds such as sensing, energy storage, and
display technologies. For example, sensors and exible displays
based on two-dimensional materials like graphene and MXene
have been widely researched and are gradually being applied in
wearable devices, smart homes, and medical monitoring.24

With the continuous development of exible electronic mate-
rials, especially the application of two-dimensional materials
(such as MXene, graphene, black phosphorus, etc.) in exible
electronics, this technology is advancing towards high perfor-
mance and multifunctionality. Researchers have successfully
developed exible sensors and electronic skins that can with-
stand large strains and operate stably over extended periods,
opening up more possibilities for exible electronics in
medical, health monitoring, and educational applications.25,26

In recent years, the combination of exible electronics and
AI has demonstrated signicant application potential in various
elds, especially in education. Flexible electronics, with its
unique advantages of bendability, high sensitivity, and light-
weight nature, are widely used in smart sensors, wearable
devices, and dynamic feedback systems. Meanwhile, AI
enhances education through deep learning and data analysis
capabilities, providing a data-driven personalized learning
experience. The synergy of exible electronics and AI technology
enables the education sector to offer a more personalized and
immersive learning environment. However, despite the broad
prospects for their combination, many technical and societal
© 2025 The Author(s). Published by the Royal Society of Chemistry
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Table 1 Summarizing different types of wearable sensors, their key features, advantages, limitations, and the role of machine learning in their
applications

Sensor type Key features Advantages Limitations Role of machine learning

Electrochemical
sensors

High sensitivity, real-
time monitoring,
selective detection

Fast response, low power
consumption, suitable for
biochemical sensing

Limited lifespan,
susceptible to
environmental conditions

Enhances signal
processing, improves
selectivity and sensitivity

Piezoelectric
sensors

Converts mechanical
stress into electrical
signals

High precision, no external
power needed

Limited exibility, material
degradation over time

Optimizes signal
interpretation for motion
tracking

Capacitive sensors Measures changes in
capacitance due to
deformation

High exibility,
lightweight, low energy
consumption

Sensitivity to
environmental factors
(humidity, temperature)

Machine learning aids in
noise reduction and
pattern recognition

Resistive sensors Resistance changes
with strain or pressure

Simple structure, low cost,
easy integration

Limited sensitivity,
hysteresis effects

ML helps in real-time
compensation of dri and
non-linearity

Optical sensors Uses light-based
detection (e.g.,
photodetectors)

High accuracy, non-
invasive

Bulkier designs, sensitive
to external light
interference

ML enhances data
interpretation and
compensates for noise

Thermoelectric
sensors

Detects temperature
variations through
thermoelectric effects

No power supply required,
reliable

Slow response time, low
sensitivity in some
applications

ML improves temperature
compensation and
predictive modeling
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challenges remain in practical applications. This review will
explore the current status, potential, and obstacles of exible
electronics and AI technology in the education sector and
Fig. 2 (A) Flexible pressure sensor based on MXene nanomaterials.27 (B) F
blood pressure monitoring.29 (D) Machine learning-assisted triboelectric

© 2025 The Author(s). Published by the Royal Society of Chemistry
propose future directions for development. We rst summarize
the advantages and disadvantages of several types of sensors
and their applications in machine learning in Table 1.
abric sensor based on Ag nanofibers.28 (C) Pulse sensor for continuous
-capacitive coupled tactile sensor.22

RSC Adv., 2025, 15, 7844–7854 | 7847

http://creativecommons.org/licenses/by-nc/3.0/
http://creativecommons.org/licenses/by-nc/3.0/
https://doi.org/10.1039/d5ra00167f


RSC Advances Review

O
pe

n 
A

cc
es

s 
A

rt
ic

le
. P

ub
lis

he
d 

on
 1

2 
M

ar
ch

 2
02

5.
 D

ow
nl

oa
de

d 
on

 7
/2

4/
20

25
 1

1:
01

:0
6 

PM
. 

 T
hi

s 
ar

tic
le

 is
 li

ce
ns

ed
 u

nd
er

 a
 C

re
at

iv
e 

C
om

m
on

s 
A

ttr
ib

ut
io

n-
N

on
C

om
m

er
ci

al
 3

.0
 U

np
or

te
d 

L
ic

en
ce

.
View Article Online
As shown in Fig. 2A, Cheng et al. demonstrated a highly
sensitive exible pressure sensor based on MXene for wearable
and human activity monitoring applications, biomedical
research, and AI interaction.27 This sensor is fabricated using
simple manufacturing processes to create microstructures with
high sensitivity, enabling pressure sensing with a wide range of
functions (Table 2). Such sensors play an indispensable role in
future wearable electronics, enabling pulse detection, human–
machine interaction, and even applications in educational
settings to detect students' learning states or interactions with
teachers. In summary, these sensors exhibit great potential,
enhancing the functionality of educational sensor technologies.
Fig. 2B reports a exible piezoresistive sensor with high sensi-
tivity and a wide detection range, developed by Li et al.28 This
ultra-thin sensor is based on a multilayer nanonetwork struc-
ture composed of silver nanowires (Ag NWs), graphene (GR),
and polyamide nanobers (PANF). The Ag NWs are evenly
distributed in the PANF network, forming conductive pathways.
This skin sensor is crucial for exible wearable electronics,
actively used inmedical diagnostics and healthcare monitoring.
Additionally, the nanobers can be integrated into wearable
clothing, showcasing incredible potential in education, such as
creating school uniforms or other educational materials that
promote effective student learning. Fig. 2C shows a wearable
electronic device developed by Yao et al. that can continuously
monitor blood pressure uctuations based on pulse signals.29

Their bionic nanopillar-layered wearable triboelectric pulse
sensor has great potential for medical use, tracking patients'
pulse uctuations and enabling real-time prediction and
management of emergencies. Another promising application is
in detecting psychological conditions, which could be valuable
for medical and psychological assessments.
2.2. Scalable applications of exible electronics

As shown in Fig. 3A, the pressure sensor is integrated into an
intelligent robot to monitor its movements. The exible sensor
Table 2 Common machine learning algorithms used

Algorithm Application in sensor data

Support vector machines
(SVM)

Classication of sensor signals
(e.g., stress detection, fatigue
monitoring)

Random forest (RF) Feature selection and
classication for multi-modal
sensor data

Articial neural networks
(ANNs)

Pattern recognition in
physiological and motion
sensor data

Convolutional neural
networks (CNNs)

Image-based sensor data (e.g.,
optical and thermal sensors)

Long short-term memory
(LSTM) networks

Time-series data analysis for
wearable health monitoring

k-Nearest neighbors (k-NN) Simple classication of sensor
data patterns

Principal component
analysis (PCA)

Dimensionality reduction for
sensor data processing

7848 | RSC Adv., 2025, 15, 7844–7854
is xed onto the robot's joints with PI tape, successfully
detecting its motion and demonstrating its feasibility as a proof
of concept. The distinct peak variations in the sensor's output
indicate its ability to sensitively capture the robot's movements,
suggesting its broad potential for future applications in AI
devices. Additionally, by connecting the sensor with a Bluetooth
system (a digital multimeter with Bluetooth functionality),
a miniature circuit is formed, exploring its applications in
portable devices. The system converts current changes into
wireless electromagnetic signals, precisely identifying and
recording nger tapping actions, making it a typical example of
portable sensor applications. The successful integration of this
exible pressure sensor not only demonstrates its direct appli-
cation in robot motion monitoring but also highlights its
enormous potential in future smart devices and human–robot
interaction.

High-resolution, large-area exible sensor arrays have
garnered considerable attention in wearable devices and
human–machine interface applications, especially given the
increasing demand for testing spatial pressure distribution.
Therefore, developing a simple and efficient method for fabri-
cating high-performance pressure sensor arrays is crucial. As
shown in Fig. 3B, a resistive skin sensor array consisting of 64
pixels was successfully fabricated by employing patterned
electrodes. The array measures the relative resistance changes
of each pixel to achieve precise pressure distribution detection.
An 8 × 8 high-resolution conductive square array electrode is
tightly adhered to the surface of a ping pong ball, with each
pixel measuring approximately 6.25 mm2. The SEM image in
Fig. 5C shows the detailed structure of the conductive array,
clearly displaying its regular boundaries. In experiments, when
1 g, 2 g, and 5 g weights are placed on the sensor matrix, the
corresponding current responses accurately reect the location
and pressure of the weights. Furthermore, because the skin
sensor array relies on patterned electrodes rather than xed
sensor matrices, its pixel structure and size can be easily
adjusted, providing greater exibility and adaptability.30
Advantages Limitations

Effective for small datasets, high
accuracy

Computationally intensive,
requires careful tuning

Handles large datasets well,
robust to overtting

Less interpretable compared to
simpler models

High accuracy, adapts to complex
data patterns

Requires large training data,
risk of overtting

Extracts spatial features efficiently High computational cost

Captures temporal dependencies,
useful for predicting trends

Requires extensive training,
sensitive to hyperparameters

Easy to implement, works well for
small datasets

Computationally expensive for
large datasets

Reduces computational cost,
removes redundant features

May lose some information in
compression

© 2025 The Author(s). Published by the Royal Society of Chemistry
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Fig. 3 (A) Flexible pressure sensor for array pressure distribution and human–robot interaction.27 (B) Fiber electronics for pressure detection and
learning in table tennis.28
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Compared to traditional rigid sensors, this exible sensor
offers several unique advantages and signicance. Adaptability
to complex surfaces: the exible sensor can conform to complex
surfaces, such as robot joints or human skin, expanding its
applicability in wearable devices and biomimetics. The sensor
© 2025 The Author(s). Published by the Royal Society of Chemistry
can capture minute mechanical changes in real-time, such as
nger taps, showcasing its superior performance in precision
motion detection and feedback systems. By integrating with
wireless technologies like Bluetooth, the sensor offers high
portability, providing solutions for mobile devices and remote
RSC Adv., 2025, 15, 7844–7854 | 7849
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Fig. 4 Single-pixel sensing for machine learning-assisted individual identification. (A) Signal acquisition and processing system diagram. (B)
Single-pixel tactile voltage signal during contact. (C) Theoretical simulation of voltage signal distribution. (D) Training and real-time identification
process. (E) Classification of 10 individuals and video snapshots of real-time personal identification.34
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monitoring scenarios, such as telemedicine and sports moni-
toring. In the future, it plays an essential role in remote educa-
tion, interactive teaching, andmonitoring student mental health
and medical conditions in educational settings. With its simple
fabrication method, high-resolution pressure detection capa-
bility, and adjustable pixel structure, this exible sensor array
provides reliable solutions for epidermal health monitoring,
human–machine interaction, and wearable devices. It presents
vast commercial potential and technological promotion value.

The continuous advancement of IoT technology has driven
strong interest in building large-scale immersive sensor
networks, particularly in smart homes, smart manufacturing,
and industrial automation. With the ongoing evolution of
environmental sensing technologies, sensor networks are
becoming increasingly widespread in these contexts, especially
in individual and object recognition, showing great potential
and value. However, current technologies still face numerous
challenges, prompting researchers to explore new solutions to
meet the high demands of future smart environments. In the
eld of object recognition, current technologies largely rely on
methods such as vision, laser, and ultrasound. For instance,
vision-based monitoring technologies are widely applied in
both home and industrial environments, enabling the detection
and recognition of objects by capturing their shapes and
7850 | RSC Adv., 2025, 15, 7844–7854
movements through cameras. However, these methods have
signicant drawbacks: they are prone to environmental inter-
ference (such as changes in lighting or occlusion by obstacles)
and may raise privacy concerns. Additionally, vision-based
systems, which rely on bulky equipment, are expensive and
energy-intensive, limiting their widespread application.31

Similarly, laser- and ultrasound-based sensing technologies
also have comparable limitations. While they can provide rela-
tively accurate distance and position data, their high power
consumption, device complexity, and sensitivity to environ-
mental factors restrict their applicability. As a result, individual
and object recognition technologies in IoT require break-
throughs to overcome the limitations of current methods and
seek more efficient, cost-effective, and reliable solutions.32 To
overcome the limitations of traditional technologies, tactile
sensor technology has gradually become a hot research topic in
object recognition. These sensors can sense the presence and
characteristics of objects through pressure-based signals, with
common sensing effects including magnetic, capacitive, and
piezoresistive effects. For example, by embedding pressure
sensors into tactile interactive interfaces, more precise object
recognition and interactive responses can be achieved. This
multimodal sensing approach effectively compensates for the
shortcomings of vision and laser sensors in certain scenarios,
© 2025 The Author(s). Published by the Royal Society of Chemistry
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providing a more comprehensive environmental sensing
capability.33
2.3. Application prospects of sensors combined with
articial intelligence

As shown in Fig. 4, Luo et al.34 developed a single-pixel sensor
array that, combined with machine learning, can be used for
array distribution. By touching the corresponding letter pattern,
the corresponding voltage signal can be obtained. Fig. 4C
displays the potential distribution under the corresponding
theoretical simulation model, which can be used to predict the
pressure distribution sensed. Fig. 4D demonstrates how the
model can be trained to identify the corresponding pressure.
Through machine learning, datasets and signals can be
precisely identied, which holds great promise for the future of
wearable electronics. This technology can also be applied in
areas such as educational recognition, enabling precise identi-
cation systems.

So interfaces with self-sensing capabilities are gradually
becoming the core technology in environmental perception and
response systems. These so interfaces can simulate the self-
Fig. 5 (A) Bionic soft sensor based on machine learning for user and obj
learning-assisted wearable sensors. (C) Future analysis and developmen

© 2025 The Author(s). Published by the Royal Society of Chemistry
sensing abilities of biological systems and show broad appli-
cation prospects in elds such as smart homes, industrial
automation, and healthcare. However, with the deep integra-
tion of materials science and sensor system design, breaking
through the technical bottlenecks in the sensor integration
process has become the main challenge in current research.
Through exible array sensors (Fig. 5A) and machine learning,
visualized data recognition can be achieved, playing a crucial
role in the wearable electronics eld. Additionally, machine
learning in wearable electronics can be applied to human–
computer interaction learning (Fig. 5B), such as in education,
sports, identity recognition, interactive learning, etc.
2.4. Future development trends of articial intelligence

Flexible sensors generate complex, dynamic signals that are
oen inuenced by environmental factors such as humidity,
temperature, and mechanical deformation. Traditional data
processing methods struggle to handle these variations effec-
tively. Machine learning algorithms play a crucial role in
addressing these challenges by enhancing signal processing,
noise reduction, and feature extraction. They enable real-time
ect recognition.34 (B) Prospects for the future development of machine
t trends of wearable sensor machine learning.35
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adaptive calibration, improve sensitivity and selectivity, and
facilitate pattern recognition for health monitoring, human
motion tracking, and wearable electronics. By integrating
machine learning, exible sensors can achieve higher accuracy,
reliability, and intelligence, making them more practical for
real-world applications. Here, we introduce several commonly
used algorithms along with their advantages and
disadvantages.

In recent years, with the rapid development of wearable
sensors and bioelectronics, the role of machine learning in real-
time sensor data analysis has become increasingly prominent.36

These technologies not only improve the efficiency of data
processing and analysis but also provide clinical-level infor-
mation support for personalized healthcare, making health
monitoring and disease management more accurate and intel-
ligent (Fig. 5C). Furthermore, wearable electronics' data anal-
ysis and processing can be combined with various industries,
playing an indispensable role in elds like biometrics, market
analysis, circuit design, etc. Future wearable sensors will inte-
grate exible electronics technology, allowing devices to
conform to the body for a seamless wear experience. This design
not only improves user comfort but also expands the sensor's
ability to capture physiological signals. For example, in addition
to traditional ECG and sleepmonitoring, sensors may also cover
multimodal data such as body temperature, blood glucose
levels, and blood oxygen saturation, providing support for
comprehensive health assessments.

3. Conclusions

This review aims to provide a comprehensive overview of the
latest advancements in the eld of wearable sensors, with
a particular focus on innovations in sensor design and their
potential applications in machine learning. Initially, we exam-
ined the current technologies in wearable electronics, empha-
sizing their feasibility in achieving exible and functional
devices. Advanced research efforts in this domain were then
discussed to highlight cutting-edge progress. Subsequently, we
explored the unique advantages of wearable electronic devices
in enhancing human–machine interaction and analyzed how
machine learning empowers these devices to handle real-time
data processing and intelligent decision-making in complex
environments. The integration of wearable electronics with
machine learning opens up vast opportunities for applications,
enabling wearable devices with advanced functionalities across
diverse elds. By synthesizing the exciting and rapidly evolving
developments in this eld, we hope this review serves as
a valuable resource, providing insights and guidance for future
research and practical applications. The synergy between
wearable electronics and machine learning is poised to revo-
lutionize areas such as personalized healthcare, human–
computer interaction, and beyond.

Data availability

This article is a review of recent advancements in wearable
sensors and their integration with machine learning, and it
7852 | RSC Adv., 2025, 15, 7844–7854
does not involve the generation or analysis of original datasets.
All data presented in this manuscript are derived from previ-
ously published studies, which are cited appropriately within
the text. Additional details can be obtained from the referenced
publications.
Author contributions

Conceptualization, G. M.; validation, Z. Y., and Y. Z.; formal
analysis, Q. Y.; investigation, Q. W.; writing—original dra
preparation, G. M.; writing—review and editing, G. M.; super-
vision, G. M.; all authors have read and agreed to the published
version of the manuscript.
Conflicts of interest

The authors declare no conicts of interest.
Acknowledgements

This work was supported by the Institute of Higher Education of
Traditional Chinese Medicine, Heilongjiang University of
Chinese Medicine, Harbin, PR China. This research was sup-
ported by the General Research Project on Heilongjiang Higher
Education and Teaching Reform Research (Project No.
SJGY20220391), titled Exploration and Practice of the Talent
Training System for Postgraduates Majoring in Master of
Traditional Chinese Medicine. Additionally, we acknowledge
the support from the Key Commissioned Project on Hei-
longjiang Higher Education and Teaching Reform Research
(Project No. SJGZ20220105), titled Under the New Era Back-
ground, Strengthen the Research and Practice of the
Construction of Graduate Tutors in Chinese Medicine Univer-
sities. We express our sincere gratitude to our colleagues and
students who contributed their insights and expertise to this
study. Special thanks to the project team members for their
valuable discussions and support, which signicantly enhanced
the quality of this research.
References

1 L.-Q. Tao, H. Tian, Y. Liu, Z.-Y. Ju, Y. Pang, Y.-Q. Chen,
D.-Y. Wang, X.-G. Tian, J.-C. Yan, N.-Q. Deng, Y. Yang and
T.-L. Ren, An intelligent articial throat with sound-
sensing ability based on laser induced graphene, Nat.
Commun., 2017, 8(1), 14579.

2 C. Wang, X. Li, H. Hu, L. Zhang, Z. Huang, M. Lin, Z. Zhang,
Z. Yin, B. Huang, H. Gong, S. Bhaskaran, Y. Gu, M. Makihata,
Y. Guo, Y. Lei, Y. Chen, C. Wang, Y. Li, T. Zhang, Z. Chen,
A. P. Pisano, L. Zhang, Q. Zhou and S. Xu, Monitoring of
the central blood pressure waveform via a conformal
ultrasonic device, Nat. Biomed. Eng., 2018, 2(9), 687–695.

3 T. Q. Trung and N.-E. Lee, Flexible and Stretchable Physical
Sensor Integrated Platforms for Wearable Human-Activity
Monitoring and Personal Healthcare, Adv. Mater., 2016,
28(22), 4338–4372.
© 2025 The Author(s). Published by the Royal Society of Chemistry

http://creativecommons.org/licenses/by-nc/3.0/
http://creativecommons.org/licenses/by-nc/3.0/
https://doi.org/10.1039/d5ra00167f


Review RSC Advances

O
pe

n 
A

cc
es

s 
A

rt
ic

le
. P

ub
lis

he
d 

on
 1

2 
M

ar
ch

 2
02

5.
 D

ow
nl

oa
de

d 
on

 7
/2

4/
20

25
 1

1:
01

:0
6 

PM
. 

 T
hi

s 
ar

tic
le

 is
 li

ce
ns

ed
 u

nd
er

 a
 C

re
at

iv
e 

C
om

m
on

s 
A

ttr
ib

ut
io

n-
N

on
C

om
m

er
ci

al
 3

.0
 U

np
or

te
d 

L
ic

en
ce

.
View Article Online
4 Y. Liu, M. Pharr and G. A. Salvatore, Lab-on-Skin: A Review of
Flexible and Stretchable Electronics for Wearable Health
Monitoring, ACS Nano, 2017, 11(10), 9614–9635.

5 Q. Wang, M. Jian, C. Wang and Y. Zhang, Carbonized Silk
Nanober Membrane for Transparent and Sensitive
Electronic Skin, Adv. Funct. Mater., 2017, 27(9), 1605657.

6 H.-B. Yao, J. Ge, C.-F. Wang, X. Wang, W. Hu, Z.-J. Zheng,
Y. Ni and S.-H. Yu, A Flexible and Highly Pressure–
Sensitive Graphene–Polyurethane Sponge Based on
Fractured Microstructure Design, Adv. Mater., 2013, 25(46),
6692–6698.

7 C. El-Hajj and P. A. Kyriacou, A review of machine learning
techniques in photoplethysmography for the non-invasive
cuff-less measurement of blood pressure, Biomed. Signal
Process. Control., 2020, 58, 101870.

8 P. Zhang, X. Zhang, M. Teng, L. Li, X. Liu, J. Feng, W. Wang,
X. Wang and X. Luo, Leather-Based Shoe Soles for Real-Time
Gait Recognition and Automatic Remote Assistance Using
Machine Learning, ACS Appl. Mater. Interfaces, 2024, 16(45),
62803–62816.

9 Y. Lu, D. Kong, G. Yang, R. Wang, G. Pang, H. Luo, H. Yang
and K. Xu, Machine Learning-Enabled Tactile Sensor Design
for Dynamic Touch Decoding, Adv. Sci., 2023, 10(32),
2303949.

10 M. Sun, S. Cui, Z. Wang, H. Luo, H. Yang, X. Ouyang and
K. Xu, A laser-engraved wearable gait recognition sensor
system for exoskeleton robots, Microsyst. Nanoeng., 2024,
10(1), 50.

11 X. Tian, P. M. Lee, Y. J. Tan, T. L. Y. Wu, H. Yao, M. Zhang,
Z. Li, K. A. Ng, B. C. K. Tee and J. S. Ho, Wireless body sensor
networks based on metamaterial textiles, Nat. Electron.,
2019, 2(6), 243–251.

12 S. Zhang, M. Bick, X. Xiao, G. Chen, A. Nashalian and
J. Chen, Leveraging triboelectric nanogenerators for
bioengineering, Matter, 2021, 4(3), 845–887.

13 X. Zhao, H. Askari and J. Chen, Nanogenerators for smart
cities in the era of 5G and Internet of Things, Joule, 2021,
5(6), 1391–1431.

14 Z. Lin, G. Zhang, X. Xiao, C. Au, Y. Zhou, C. Sun, Z. Zhou,
R. Yan, E. Fan, S. Si, L. Weng, S. Mathur, J. Yang and
J. Chen, A Personalized Acoustic Interface for Wearable
Human–Machine Interaction, Adv. Funct. Mater., 2022,
32(9), 2109430.

15 W. Qiao, L. Zhou, J. Zhang, D. Liu, Y. Gao, X. Liu, Z. Zhao,
Z. Guo, X. Li, B. Zhang, Z. L. Wang and J. Wang, A Highly-
Sensitive Omnidirectional Acoustic Sensor for Enhanced
Human–Machine Interaction, Adv. Mater., 2024, 36(48),
2413086.

16 B. Dudem, A. R. Mule, H. R. Patnam and J. S. Yu, Wearable
and durable triboelectric nanogenerators via polyaniline
coated cotton textiles as a movement sensor and self-
powered system, Nano Energy, 2019, 55, 305–315.

17 Q. Wei, G. Chen, H. Pan, Z. Ye, C. Au, C. Chen, X. Zhao,
Y. Zhou, X. Xiao, H. Tai, Y. Jiang, G. Xie, Y. Su and J. Chen,
MXene-Sponge Based High-Performance Piezoresistive
Sensor for Wearable Biomonitoring and Real-Time Tactile
Sensing, Small Methods, 2022, 6(2), 2101051.
© 2025 The Author(s). Published by the Royal Society of Chemistry
18 F.-L. Gao, J. Liu, X.-P. Li, Q. Ma, T. Zhang, Z.-Z. Yu, J. Shang,
R.-W. Li and X. Li, Ti3C2Tx MXene-Based Multifunctional
Tactile Sensors for Precisely Detecting and Distinguishing
Temperature and Pressure Stimuli, ACS Nano, 2023, 17(16),
16036–16047.

19 C. Yang, D. Zhang, D. Wang, H. Luan, X. Chen and W. Yan,
In Situ Polymerized MXene/Polypyrrole/Hydroxyethyl
Cellulose-Based Flexible Strain Sensor Enabled by Machine
Learning for Handwriting Recognition, ACS Appl. Mater.
Interfaces, 2023, 15(4), 5811–5821.

20 A. Alagumalai, O. Mahian, K. E. K. Vimal, L. Yang, X. Xiao,
S. Saeidi, P. Zhang, T. Saboori, S. Wongwises, Z. L. Wang
and J. Chen, A contextual framework development toward
triboelectric nanogenerator commercialization, Nano
Energy, 2022, 101, 107572.

21 J. Yin, S. Wang, T. Tat and J. Chen, Motion artefact
management for so bioelectronics, Nat. Rev. Bioeng.,
2024, 2(7), 541–558.

22 X. Xie, Q. Wang, C. Zhao, Q. Sun, H. Gu, J. Li, X. Tu, B. Nie,
X. Sun, Y. Liu, E. G. Lim, Z. Wen and Z. L. Wang,
Neuromorphic Computing-Assisted Triboelectric
Capacitive-Coupled Tactile Sensor Array for Wireless Mixed
Reality Interaction, ACS Nano, 2024, 18(26), 17041–17052.

23 D. Kong, G. Yang, G. Pang, Z. Ye, H. Lv, Z. Yu, F. Wang,
X. V. Wang, K. Xu and H. Yang, Bioinspired Co-Design of
Tactile Sensor and Deep Learning Algorithm for Human–
Robot Interaction, Adv. Intell. Syst., 2022, 4(6), 2200050.

24 Y. Zhou, X. Zhao, J. Xu, G. Chen, T. Tat, J. Li and J. Chen, A
multimodal magnetoelastic articial skin for underwater
haptic sensing, Sci. Adv., 2024, 10(1), eadj8567.

25 M. R. Islam, S. Afroj, J. Yin, K. S. Novoselov, J. Chen and
N. Karim, Advances in Printed Electronic Textiles, Adv. Sci.,
2024, 11(6), 2304140.

26 A. Chang, C. Uy, X. Xiao, X. Xiao and J. Chen, Self-powered
environmental monitoring via a triboelectric
nanogenerator, Nano Energy, 2022, 98, 107282.

27 Y. Cheng, Y. Ma, L. Li, M. Zhu, Y. Yue, W. Liu, L. Wang, S. Jia,
C. Li, T. Qi, J. Wang and Y. Gao, Bioinspired Microspines for
a High-Performance Spray Ti3C2Tx MXene-Based
Piezoresistive Sensor, ACS Nano, 2020, 14(2), 2145–2155.

28 X. Li, Y. J. Fan, H. Y. Li, J. W. Cao, Y. C. Xiao, Y. Wang,
F. Liang, H. L. Wang, Y. Jiang, Z. L. Wang and G. Zhu,
Ultracomfortable Hierarchical Nanonetwork for Highly
Sensitive Pressure Sensor, ACS Nano, 2020, 14(8), 9605–9612.

29 C. Yao, T. Sun, S. Huang, M. He, B. Liang, Z. Shen, X. Huang,
Z. Liu, H. Wang, F. Liu, H.-J. Chen and X. Xie, Personalized
Machine Learning-Coupled Nanopillar Triboelectric Pulse
Sensor for Cuffless Blood Pressure Continuous Monitoring,
ACS Nano, 2023, 17(23), 24242–24258.

30 S. Parandeh, N. Etemadi, M. Kharaziha, G. Chen,
A. Nashalian, X. Xiao and J. Chen, Advances in
Triboelectric Nanogenerators for Self-Powered Regenerative
Medicine, Adv. Funct. Mater., 2021, 31(47), 2105169.

31 P. Li, J. Shi and B. Tian, An electronic pill for non-invasive
gastric monitoring, Nat. Electron., 2024, 7(6), 434–435.

32 P. Li and B. Tian, Printed circuit boards made greener, Nat.
Sustain., 2024, 7(5), 521–522.
RSC Adv., 2025, 15, 7844–7854 | 7853

http://creativecommons.org/licenses/by-nc/3.0/
http://creativecommons.org/licenses/by-nc/3.0/
https://doi.org/10.1039/d5ra00167f


RSC Advances Review

O
pe

n 
A

cc
es

s 
A

rt
ic

le
. P

ub
lis

he
d 

on
 1

2 
M

ar
ch

 2
02

5.
 D

ow
nl

oa
de

d 
on

 7
/2

4/
20

25
 1

1:
01

:0
6 

PM
. 

 T
hi

s 
ar

tic
le

 is
 li

ce
ns

ed
 u

nd
er

 a
 C

re
at

iv
e 

C
om

m
on

s 
A

ttr
ib

ut
io

n-
N

on
C

om
m

er
ci

al
 3

.0
 U

np
or

te
d 

L
ic

en
ce

.
View Article Online
33 P. Li, J. Zhang, H. Hayashi, J. Yue, W. Li, C. Yang, C. Sun,
J. Shi, J. Huberman-Shlaes, N. Hibino and B. Tian,
Monolithic silicon for high spatiotemporal translational
photostimulation, Nature, 2024, 626(8001), 990–998.

34 Y. Luo, X. Xiao, J. Chen, Q. Li and H. Fu, Machine-Learning-
Assisted Recognition on Bioinspired So Sensor Arrays, ACS
Nano, 2022, 16(4), 6734–6743.
7854 | RSC Adv., 2025, 15, 7844–7854
35 X. Xiao, J. Yin, J. Xu, T. Tat and J. Chen, Advances in Machine
Learning for Wearable Sensors, ACS Nano, 2024, 18(34),
22734–22751.

36 A. Prominski, J. Shi, P. Li, J. Yue, Y. Lin, J. Park, B. Tian and
M. Y. Rotenberg, Porosity-based heterojunctions enable
leadless optoelectronic modulation of tissues, Nat. Mater.,
2022, 21(6), 647–655.
© 2025 The Author(s). Published by the Royal Society of Chemistry

http://creativecommons.org/licenses/by-nc/3.0/
http://creativecommons.org/licenses/by-nc/3.0/
https://doi.org/10.1039/d5ra00167f

	Recent advancements in wearable sensors: integration with machine learning for humantnqh_x2013machine interaction
	Recent advancements in wearable sensors: integration with machine learning for humantnqh_x2013machine interaction
	Recent advancements in wearable sensors: integration with machine learning for humantnqh_x2013machine interaction
	Recent advancements in wearable sensors: integration with machine learning for humantnqh_x2013machine interaction
	Recent advancements in wearable sensors: integration with machine learning for humantnqh_x2013machine interaction
	Recent advancements in wearable sensors: integration with machine learning for humantnqh_x2013machine interaction
	Recent advancements in wearable sensors: integration with machine learning for humantnqh_x2013machine interaction

	Recent advancements in wearable sensors: integration with machine learning for humantnqh_x2013machine interaction
	Recent advancements in wearable sensors: integration with machine learning for humantnqh_x2013machine interaction
	Recent advancements in wearable sensors: integration with machine learning for humantnqh_x2013machine interaction
	Recent advancements in wearable sensors: integration with machine learning for humantnqh_x2013machine interaction
	Recent advancements in wearable sensors: integration with machine learning for humantnqh_x2013machine interaction


