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A B S T R A C T   

With the assistance of powerful machine learning algorithms, data collecting and processing efficiency of 
wearable electromechanical sensors are highly improved. Meanwhile, the functions and applications of these 
intelligent sensing systems are widely enhanced and expanded. In this review, wearable electromechanical 
sensors with various working mechanisms and their typical usage for monitoring human physiological signals are 
outlined. The recent advances of machine learning-assisted wearable electromechanical sensing systems in 
specific applications of tactile perception, gesture/gait recognition, and health care are then summarized and 
discussed. Finally, current existing limitations and future perspectives are discussed. The progress of intelligent 
wearable electromechanical sensing systems will promote the development in the domains of human-machine 
interface (HMI), soft robotics, metaverse, etc.   

1. Introduction 

Artificial intelligence (AI) is bringing innovation to all aspects of 
society [1–3]. The advanced deep learning (DL) algorithms [4–6], as a 
subset of machine learning (ML) algorithms, have made tremendous 
progress in computer vision [7–9], pattern recognition [10], natural 
language processing [11], and intelligent robots [12]. Generally 
speaking, data acquisition and analysis are two basic steps to making 
intelligent electromechanical sensing systems a reality [13]. One of the 
critical differences between intelligent electromechanical sensing sys-
tems and conventional electromechanical sensing systems is the capac-
ity to gather, express, access, and analyze data. Another significant 
difference between these two systems is that intelligent systems have the 
capacity for field perception and environmental adaptation. In this 
process, various sensor devices are required to collect a lot of data, and 
then different algorithms are used to process it. 

As ML algorithms can learn from data, they are widely used in data 
analysis [14]. Currently, ML algorithms mainly include regression [15], 
clustering [16,17], dimensionality reduction [18], and classification 
[19,20]. With the emergence of technologies like big data, cloud 
computing, and the Internet of Things (IoT), ML algorithms can generate 
more accurate predictions than traditional algorithms in many tasks for 

making better decisions. Thus, it is clear that ML algorithms are essential 
to intelligent electromechanical sensing systems. In general, ML algo-
rithms require a huge volume of high-quality data, and the features in 
the data should be sufficient to provide the desired prediction results. 
However, the sensor data (usually current or voltage signals) are 
complicated, multidimensional, irregular, and uneven. The predicted 
performance will be seriously affected if the original data are directly 
used for training. Generally, the sensor data need to be selected, cleaned, 
and pre-processed and then can be used for prediction after feature 
extraction. Therefore, data acquisition is one of the key difficulties in 
using ML algorithms for intelligent electromechanical sensing systems. 

Multifunctional wearable electromechanical devices, which are 
flexible, extensible, light in weight, and reconfigurable in function, have 
found widespread usage in healthcare [21], metaverse [22,23], elec-
tronic skins (e-skins) [24–26], robotics [27,28], and more [29,30]. For 
the practical application of the human-machine interface (HMI) 
[31–33], the majority of data are produced on a variety of uneven sur-
faces, including tissues, organs, joints, and skins. Such surfaces tend to 
be soft, curved, and dynamic, so it is necessary to use wearable sensors to 
obtain high-quality data. The increasing integration of AI with func-
tional and flexible electronics breeds intelligent wearable electrome-
chanical sensing systems [34–36]. The research in this field mainly 
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focuses on developing lightweight, flexible, miniaturized, and inte-
grated wearable systems, and using ML algorithms to analyze and make 
decisions on these sensor data. Assisted with ML algorithms, electro-
mechanical sensing systems can analyze the collected data more thor-
oughly and get more accurate predictions by combining different types 
of sensor data and fine-tuning algorithm parameters. 

The advancement of wearable electronics, including e-skins [24–26], 
smart textiles [37], stretchable electrodes [13,38], biosensors [39,40], 
etc., has received many favorable evaluations to date. With an emphasis 
on ML-assisted sensing systems, we highlight current developments in 
wearable electromechanical sensors in this review. We provide a thor-
ough overview of wearable electromechanical sensors based on various 
working principles, emphasizing their designs, constructions, and ap-
plications. Fig. 1 illustrates the latest ML-assisted wearable electrome-
chanical sensing systems with applications in terms of tactile perception 
[41,42], gesture/gait recognition [43–45], and health care [46,47]. This 
review aims to provide a good understanding of how ML algorithms are 
applied to wearable electromechanical sensing systems. Finally, the 
future challenges and opportunities related to ML-assisted wearable 
electromechanical sensing systems are discussed. In addition to offering 
some recent research achievements, we hope that this review will 
inspire new insights for designing wearable electromechanical sensing 
systems in robotics, HMI, health care, metaverse, and many other 

applications in the future. 

2. Sensing mechanisms and strategies to achieve wearable 
electromechanical sensors 

Wearable electromechanical sensors have received a lot of interest 
recently, and they offer a wide range of potential applications, including 
e-skins, human health monitoring, prosthetics, robotics, and human 
motion detection [49–55]. Traditional rigid sensors are generally based 
on metal or semiconductor materials [56,57], of which their flexibility 
and stretchability are limited, thus they are unsuitable for irregular 
surfaces. Benefiting from the flexibility, tensile, and stability of sensitive 
materials and substrate materials, flexible sensors have overcome the 
shortcomings of rigid sensors that are brittle and uneasy to bend, thus 
they are popular in wearable electromechanical devices [58–61]. Flex-
ible substrates, conductive electrodes, and active components are the 
typical components of wearable electromechanical sensors [62]. The 
choice of appropriate materials and creative structural design have a 
considerable impact on the performance of wearable electromechanical 
sensors. Here, both approaches that attempt to improve wearable elec-
tromechanical sensors are presented. Fig. 2 illustrates different trans-
duction mechanisms of wearable electromechanical sensors, including 
piezoresistive, capacitive, piezoelectric, triboelectric, and 

Fig. 1. Overview of wearable electromechanical intelligent sensing systems. (a) Typical wearable devices for data collection. A bionic e-skin: Reproduced with 
permission [41]. Copyright 2022, Wiley-VCH. A triboelectric glove: Reproduced with permission [44]. Copyright 2021, Nature Publication Group. Triboelectric 
socks: Reproduced with permission [45]. Copyright 2020, Nature Publishing Group. An electret-based mask: Reproduced with permission [46]. Copyright 2022, 
American Chemical Society. (b) Typical data processing and analysis techniques via ML algorithms. Regression: Reproduced with permission [48]. Copyright 2021, 
American Association for the Advancement of Science. Dimensionality reduction: Reproduced with permission [43]. Copyright 2022, Wiley-VCH. Clustering: 
Reproduced with permission [18]. Copyright 2021, Nature Publishing Group. Classification: Reproduced with permission [33]. Copyright 2020, American Associ-
ation for the Advancement of Science. (c) Data-driven applications of intelligent wearable sensing systems for tactile perception, gesture/gait recognition, and health 
care. Tactile perception: Reproduced with permission [42]. Copyright 2022, Wiley-VCH. Gesture recognition: Reproduced with permission [44]. Copyright 2021, 
Nature Publication Group. Gait analysis: Reproduced with permission [45]. Copyright 2020, Nature Publishing Group. Health care: Reproduced with permission 
[47]. Copyright 2022, Nature Publishing Group. 
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magnetoelectric [63–67]. Below is a summary of the different categories 
of sensing mechanisms. 

2.1. Piezoresistive wearable electromechanical sensors 

The piezoresistive effect is the basic principle of piezoresistive sen-
sors. Because of their simple structure design, low power usage, 
straightforward readout circuits, and wide detection range, piezor-
esistive sensors have been widely studied [68–70]. Piezoresistive sen-
sors enable the conversion of mechanical stimulus into changes in 
resistance (Fig. 2a). Typically, the resistance of the conductor (R) is 
given as the following equation: 

R =
ρL
A

(1)  

where L, ρ, and A represents the length, the conductor’s resistivity, and 
the cross-sectional area, respectively [71]. In terms of strain sensors, the 
following formula is used to determine the resistance change: 

ΔR
R

= (1+ 2υ)ε+Δρ
ρ (2)  

where υ stands for Poisson’s ratio and ε represents strain, respectively 
[72]. Additionally, the variance in contact resistance is another signif-
icant factor that affects resistance (Rc). Owing to the variation in contact 
area or geometry between the materials, Rc changes as a result of applied 
force. For piezoresistive sensors, the relationship between Rc and 
applied force (F) is described as: 

Rc∝F− 1
2 (3)  

which allows for a wide working range and good sensitivity under low 
pressure. 

Various liquid materials, including ionic liquids and liquid metals 

[73–77], have been widely used in piezoresistive wearable electrome-
chanical sensors. They are integrated into elastomer-based fluidic 
microchannels and generally respond to mechanical stimuli by changing 
their shape. These elastomers include polydimethylsiloxane (PDMS) 
[78], polyvinyl alcohol (PVA) [79], Ecoflex [80], and so on [81]. 
Recently, Wang and co-workers proposed a liquid-metal-based tactile 
sensor [82]. Using liquid metal as the sensitive material, the device 
could realize independent and simultaneous monitoring of contact force 
and temperature. A Wheatstone bridge circuit was designed by 
combining the fingerprint-like micro-fluidic channel and the elliptical 
protrusion structure of the tactile sensor. The sensor’s force-sensing 
sensitivity was quite high at 0.32 N− 1. The temperature-sensing ability 
of the tactile sensor during the experiment of grasping the beaker by 
hand was demonstrated. As a result, its temperature sensing sensitivity 
at 20–50 ℃ was 0.41% ℃− 1. However, it would decrease to 0.21% ℃− 1 

at 50–80 ℃. The experiment demonstrated the tactile sensor can be 
created to precisely gauge both contact force and temperature, 
demonstrating its significant potential for use in wearable microfluidic 
electronics. 

Numerous micro/nanostructured materials (e.g., hollow spheres 
[83], nanofibers [84], pyramids [85], crack [86], whisker [87], inter-
locking [88], etc.) have been shown to exhibit great linear response and 
high sensitivity. Additionally, more sensitive piezoresistive sensors are 
made possible by bioinspired micro/nanostructures due to the quantity, 
diversity, and intricacy of the hierarchical structures. Yang and 
co-workers proposed a flexible piezoresistive sensor with a 
rose-petal-shaped microstructure, which was composed of multiple 
layers of polyaniline/polyvinylidene fluoride nanofiber films [89], as 
shown in Fig. 3a. Specifically, two interlocking electrodes with 
micro-dome structures were respectively located on the upper surface 
and the lower surface of the hierarchical film. Benefiting from the 
structural design, the device was excellent in electrical performance and 
mechanical flexibility. Experiments demonstrated that the sensor had 

Fig. 2. Different transduction mechanisms of wearable electromechanical sensors. (a) Piezoresistive. (b) Capacitive. (c) Piezoelectric. (d) Triboelectric. (e) 
Magnetoelectric. 
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very high sensitivity (53 kPa− 1), a wide detection range (58.4–960 Pa), 
outstanding cycle stability (50,000 cycles), and quick reaction time 
(38 ms). The sensor effectively showed the tracking of physiological 
data from humans, such as breathing, finger bending, pulse, and 
walking, offering a potential method for the quick creation of the 
following generation of wearable bioelectronic devices. 

Conductive composites have developed into necessary constructing 
elements for the piezoresistive wearable sensors due to improvements in 
the simplicity of manufacture and the availability of component mate-
rials. A variety of conductive composites are available, ranging from 
zero-dimension nanoparticles (NPs) (e.g. carbon black [90], Ag NPs 
[91], and Au NPs [92,93]), to one-dimension nanowires (NWs) or 
nanotubes (NTs) (e.g. CNTs [94], SWNTs [95], Ag NWs [96], and Au 
NWs [97]), to two-dimension nanosheets (e.g. graphene [98], MXene 
[99,100], etc.). Zero-dimension composites are easily fabricated by 
mixing with polymers, and one-dimension composites are easy to form 
conductive networks and get large deformation. Two-dimension com-
posites, like MXenes, are easy to be modified and composited with 
flexible substrates. On the other hand, benefiting from the tunable 
microstructure, good mechanical properties, and electrical conductivity, 
MXenes are popular in the fabrication of flexible pressure sensors [101]. 
For example, as shown in Fig. 3b, Guo et al. created a flexible pressure 
sensor based on MXene nanomesh [102]. It might be utilized for 
wide-range, renewable, wireless, and degradable HMI. The first step in 

making the flexible pressure sensor was to immerse the MXene nano-
sheet in tissue paper. Then, the nanosheet was placed between two 
pieces of polylactic acid (PLA), one of which was biodegradable, and the 
other one had an interdigital electrode pattern. The device might serve 
as an e-skin for collecting physiological signals like pulse and joint 
motions, which can be utilized to anticipate the potential health state of 
patients. 

2.2. Capacitive wearable electromechanical sensors 

In capacitive sensors, a dielectric material is positioned in between 
two electrodes, as seen in Fig. 2b. For this kind of sensor, mechanical 
stimuli are converted into a change in capacitance. The capacitance (C) 
of the parallel plate capacitors can be expressed as the equation: 

C =
εA
d

(4)  

where ε is the dielectric constant, d is the distance, and A is the over-
lapped area of the two parallel plates. Using specially created materials 
or designed microstructures [103–105], it is possible to use the change 
in ε to detect forces, but this approach has not yet been extensively 
deployed. By observing the changes in A and d, conventional capacitive 
sensors have been employed frequently to measure various forces [106, 
107]. Generally, the area between two conductive plates easily changes 

Fig. 3. Piezoresistive wearable electromechanical sensors. (a) Hierarchically microstructure-bioinspired flexible piezoresistive bioelectronics: Reproduced with 
permission from Reference [89]. Copyright 2021, ACS Publications. (b) A wearable transient pressure sensor made with MXene nanosheets. Reproduced with 
permission from Reference [102]. Copyright 2019, ACS Publications. 
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Fig. 4. Capacitive wearable electromechanical sensors. (a) A hierarchically patterned, bioinspired e-skin: Reproduced with permission from Reference [108]. 
Copyright 2018, American Association for the Advancement of Science. (b) A gelatin methacryloyl-based tactile sensor: Reproduced with permission from Reference 
[111]. Copyright 2020, Wiley-VCH. 
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with external mechanical stimulation (shear force or strain), and the 
distance changes with the applied normal force. 

Recently, numerous biomimetic strategies benefiting from the 
interlocked microstructures in conjunction with capacitive sensor arrays 
have been proposed. These techniques produced multifunctional sensing 
platforms with better sensitivity and reaction time. Bao and co-workers 
reported a biomimetic soft e-skin that could measure and discern in real 
time between shear and normal stresses [108]. The sensor was made up 
of an array of capacitors, as shown in Fig. 4a. The top layer of the device 
was made of polyurethane (PU) with pyramidal microstructures covered 
with CNTs, while the bottom layer was made of a hill-shaped 2D array of 
PU/CNTs similar to human skin spines. The sensor was capable of 
detecting light weights of 15 mg and corresponding to a pressure less 
than 0.5 kPa. The e-skin enabled precise control and tactile feedback of 
the robot arm for different tasks, such as picking up a raspberry, which 
indicated its potential application in numerous domains of robotics in 
the future by integrating directional sensing capabilities with high 
sensitivity. 

To date, the majority of the developed capacitive flexible pressure 
sensors are based on elastomers like PU, PDMS, Ecoflex, and others 
[109,110]. Future practical uses of these elastomers are constrained by 
mechanical mismatches with human tissue and biocompatibility prob-
lems. Due to their inherent biocompatibility and low Young’s modulus, 
hydrogels are seen as more promising than elastomers for the creation of 
future wearable pressure sensors. Recently, a wearable capacitive sensor 

based on Gelatin methacryloyl (GelMA) was created for wearable bio-
sensing [111], as shown in Fig. 4b. The transparent electrodes for the 
GelMA-based pressure sensor were made of polymer PEDOT: PSS, while 
the dielectric layers were made of a GelMA layer sandwiched by two 
PDMS layers. The GelMA tactile sensor, which had good mechanical and 
electrical characteristics, demonstrated a high-pressure sensitivity of 
0.19 kPa− 1 and one order of magnitude lower limit of detection. As an 
example of potential applications, the GelMA tactile sensor was 
demonstrated to effectively monitor a variety of human physiological 
signs, such as wrist pulse and physical motions. 

2.3. Piezoelectric wearable electromechanical sensors 

The piezoelectric effect serves as the foundation for piezoelectric 
sensors. Under applied mechanical stresses, electrical charges are pro-
duced due to the occurrence of oriented and permanent dipoles in the 
materials. As shown in Fig. 2c, a piezoelectric potential is created when 
a piezoelectric material is mechanically deformed. The dipole moment 
can be caused by the deformation of the oriented asymmetric crystal 
structures or the porous electrets with long-term charges [112–114]. 
Anions’ and cations’ charge centers coincide in the absence of external 
interference. However, this structure will change when subjected to an 
external force. In that instance, a piezo potential is generated as a result 
of the separation of the anionic and cationic charge centers forming 
electric dipoles. Generally, contrary to piezoelectric inorganics, 

Fig. 5. Piezoelectric wearable electromechanical sensors. (a) Hierarchically interconnected piezoceramic textile: Reproduced with permission from Reference [118]. 
Copyright 2021, Wiley-VCH. (b) A flexible piezoelectret actuator/sensor patch: Reproduced with permission from Reference [125]. Copyright 2019, ACS 
Publications.. 
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piezoelectric polymers exhibit high flexibility and low d33 values. 
The extreme stiffness and brittleness of piezoelectric ceramics 

severely restrict their use in biomechanical energy scavenging despite 
the large electrical output they produce under mechanical stresses 
[115–117]. To solve this problem, Hong and co-workers proposed an 
air-permeable, flexible, and highly effective piezoceramic textile com-
posite [118], which had a hierarchically porous structure that was me-
chanically reinforced. As depicted in Fig. 5a, multiple ceramic fibers 
were woven together to create a three-order hierarchical ceramic textile 
using the template-assisted sol-gel process. Increased mechanical 
deformation was possible with this hierarchical porous structure, which 
also had better mechanical and electrical characteristics. The developed 
piezoceramic textile showed satisfactory air permeability of 45.1 
mms− 1, high d33 of 190 pmV− 1, acceptable toughness of 0.125 MJm− 3, 

and excellent flexibility. This textile-based device can be used for 
human-motion monitoring and energy harvesting during human 
walking. 

Piezoelectret, also known as ferroelectret, is an electret with a space 
charge in a porous structure with the piezoelectric effect, which is a 
novel functional material [119]. Examples of common piezoelectret 
materials include polypropylene (PP) [120], fluoroethylene propylene 
(FEP) [121], polytetrafluoroethylene (PTFE) [122], polyethylene tere-
phthalate (PET) [123], cyclic olefin copolymer (COC) [124], etc. 
Numerous attempts have been made to create stable piezoelectret to 
develop flexible pressure sensors with a high d33. Recently, Zhong et al. 
proposed a sandwich-structured patch based on piezoelectret to enable 
both the sensor and actuator capabilities [125], as illustrated in Fig. 5b. 
The sensor was composed of a center Ecoflex spacer with top and bottom 

Fig. 6. Triboelectric wearable electromechanical sensors. (a) A soft and stretchable triboelectric band: Reproduced with permission from Reference [131]. Copyright 
2019, Elsevier. (b) Self-healing and elastic triboelectric nanogenerators: Reproduced with permission from Reference [138]. Copyright 2021, ACS Publications. 
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FEP electret sheets containing gold and aluminum electrodes on the 
surfaces, respectively. The corresponding piezoelectric coefficient of d33 
in this study was 4050 pC/N, which provided a pioneering work foun-
dation for the development of sensors and actuators with excellent 
performance, such as a pressure sensing limit of 1.84 Pa and a maximal 
output force of 20mN with an applied input of 3.33 V/μm. Weak pres-
sure signals like pulse waves can be easily sensed by this piezoelectret 
sensor. 

2.4. Triboelectric wearable electromechanical sensors 

The triboelectric effect has been thoroughly studied as a practical 
mechanical-to-electrical conversion mechanism for self-powered sen-
sors. Generally, the power generation of triboelectric nanogenerators 
(TENGs) is accomplished by contact electrification and electrostatic 
induction. Triboelectric sensors can work in four different modes 
(Fig. 2d): vertical-contact-separation mode, lateral-sliding mode, single- 
electrode mode, and free-standing triboelectric layer mode [126,127]. 
In the vertical contact-separation mode, two dielectric films of different 
materials are stacked face-to-face, and their respective backs are plated 
with metal electrodes. The vertical contact-separation mode and the 
lateral-slide mode have the same basic structure [128]. There are many 
different types of sliding, such as disk sliding, cylinder sliding, and plane 
sliding. However, to allow the signal output and detect shear pressures, 
the triboelectric layers must slide relative to each other in a parallel 
direction. TENG in single-electrode mode typically has a grounded 
electrode at the bottom and converts mechanical inputs into electrical 
signals by transferring electrons between the electrode and the ground 
[129]. Two unconnected symmetrical electrodes are plating on the back 
of the dielectric layer in the free-standing layer mode [130]. The po-
tential difference will alter as the charged body rotates between the two 
electrodes. 

Triboelectric sensors have been created using quantities of com-
mercial materials, such as rubbers, plastics, elastomers, and so on. 
Sensors based on the triboelectric effect have become more common 
since they address the problem of power consumption of the sensing 
unit. For instance, Han et al. developed a flexible and self-powered smart 
band to track human mobility and identify specific people, based on the 
interaction between the electrostatic effect and triboelectrification 
[131]. The band was created using a rubber tube and mounted onto the 
body, enabling the recognition of six different human walking motions, 

as shown in Fig. 6a. With an open-circuit voltage of 89.4 V and a 
short-circuit current density of 0.62 mA/m2, the band demonstrated 
outstanding performance in twisted and stretched states. This work 
opens up new opportunities for the development of wearable, 
self-powered sensors and inspires novel HMI concepts. 

In recent years, many functional materials (e.g., ionic liquid [132], 
hydrogel [133,134], conductive composites [135], etc.) have been used 
in triboelectric wearable sensors to provide functional features including 
waterproofness, transparency, self-healing, biocompatibility, and so on 
[136,137]. For instance, Yang and coworkers proposed a multifunc-
tional TENG (MF-TENG), which was made up of a PVA-based self--
healing hydrogel layered between two elastomer sheets [138], as 
illustrated in Fig. 6b. The MF-TENG shows short-circuit currents of 7.98 
μA, short-circuit transfer charges of 78.34 nC, and open-circuit voltages 
of 38.57 V, respectively. Within 10 min, the device completed 
self-healing at room temperature, and its electrical output performance 
had been fully restored. A total of five MF-TENGs coupled to various 
human fingers made up a smart electronic data glove. This MF-TENG 
might be widely employed in fitness trackers, soft robotics, and wear-
able electronics because of its great self-healing capabilities, capacity to 
monitor human joint health, and good photothermal characteristics. 

2.5. Magnetoelectric wearable electromechanical sensors 

In addition to the mentioned methods, there are other working 
mechanisms to achieve wearable electromechanical sensors. Magneto-
electric sensors, which are based on the principle of electromagnetic 
induction and can convert mechanical stimuli into electrical signals, 
have attracted great attention for application in tactile perception and 
feedback. 

Zhou et al. designed a self-powered e-skin composed of a whisker- 
like magnetized micro-cilia array (MMCA) and flexible coil circuits 
[139], as illustrated in Fig. 7. The Neodymium-Iron-Boron (NdFeB), 
Carbonyl iron particles (CIP), and PDMS mixture could be sprayed under 
external magnetic fields to form a micro-cilia structure in situ, and then 
the micro-cilia could be magnetized to create the MMCA. Benefiting 
from the embedded NdFeB particles, the micro-ciliary structure has a 
fixed magnetic moment alignment after magnetization, enabling MMCA 
a flexible permanent magnet. The proposed e-skin could quantitatively 
detect the dynamic changes of external pressure (like finger pressing) 
and generate multiple pressure waveforms as information encoding. 

Fig. 7. Magnetoelectric wearable electromechanical sensors. A magnetized micro-cilia array-based self-powered electronic skin. Reproduced with permission from 
Reference [139]. Copyright 2022, Wiley-VCH. 

N. Dai et al.                                                                                                                                                                                                                                      



Nano Energy 105 (2023) 108041

9

Since its perception ability came from the electromagnetic induction 
caused by the deformation of MMCA, it not only had the advantage of 
self-power supply but also could be operated in harsh conditions (e.g., 
high temperature, underwater surroundings). 

2.6. Summary of different types of wearable electromechanical sensors 

Different working principles have been used to develop wearable 
electromechanical sensors. In specific, these sensors can be divided into 
none self-powered and self-powered types. A summary of the advantages 
and disadvantages of various types of wearable electromechanical sen-
sors is shown in Table 1. Piezoresistive and capacitive sensors belong to 
none self-powered ones, which need external power sources to provide 

bias voltage. Piezoresistive sensors are most widely used in wearable 
electromechanical sensing systems, because of the advantages of high 
sensitivity, simple structure design, and wide detection range. However, 
the outputs of piezoresistive sensors are easily affected by external 
environmental conditions like temperature, and the response/recovery 
times are relatively slow. Capacitive sensors have high ultra-high 
sensitivity, fast response time, low power consumption, and good sta-
bility. The relatively complex structure and crosstalk between sensing 
units are two typical limitations of capacitive sensors. Piezoelectric, 
triboelectric, and magnetoelectric sensors can directly convert me-
chanical signals into electrical ones so they are defined as self-powered 
sensors. Self-powered sensors normally have good sensitivity and fast 
response/recovery times. Compared with triboelectric sensors, 

Table 1 
Summary of the typical features of wearable electromechanical sensors [89,102,108,111,118,125,131,138,139].  

Types Piezoresistive Capacitive Piezoelectric Triboelectric Magnetoelectric 

Working 
mechanism 

Convert mechanical 
stimuli into changes in 
resistance 

Convert mechanical 
stimuli into changes in 
capacitance 

Convert mechanical 
stimuli into electric 
signals by the internal 
electrical dipoles charges 

Convert mechanical stimuli into 
electrical signals through a 
conjunction of the triboelectric 
effect and electrostatic induction 

Convert mechanical stimuli into 
electrical signals through changing 
flux among the conductor 

Advantages High sensitivity, simple 
structure design, wide 
detection range 

Ultra-high sensitivity, 
fast response time, low 
power consumption, 
good stability 

High sensitivity, fast 
response/recover time, 
self-powered ability, 
good stability 

Ultra-high output voltage, fast 
response/recover time self- 
powered ability, simple 
fabrication, low sensing 
limitation 

High energy conversion efficiency, 
fast response/recover time, high 
output current, self-powered 
ability, good stability, easy to scale 
up 

Disadvantages Poor stability, 
temperature-dependent, 
low response time 

Relative complex 
structure, crosstalk 
between sensing units 

Low output voltage, high 
matched impedance 

Susceptible to environmental 
influences, low output current, 
high matched impedance 

Need for heavy magnet, relatively 
poor flexibility, Low output voltage 

Basic materials Graphene, CNTs, MXene 
nanosheets, Liquid metal, 
Conductive NWs, SWNTs, 
carbon fabric 

CNTs, PDMS, PVA, PI, 
Ecoflex, PU, PEDOT:PSS 

PZT, PVDF, ZnO 
nanowire, COC, PP, FEP, 
PTFE 

PET, FEP, Rubber, PTFE, PVDF, 
PVC, Kapton, PDMS, Ecoflex 

Magnetic particles (CoPt, FePt, 
SnCo, NdFeB), PDMS, Ecoflex  

Table 2 
Typical examples of ML-assisted electromechanical sensing systems for tactile perception, gesture/gait recognition, and health care.  

Category Sensor description Data type and format ML algorithms Typical applications Ref 

Tactile perception Triboelectric and capacitive sensor 
array 

Sliding pressure/Mapping MLP Material cognition, human-robot interaction [41] 

Triple tactile triboelectric sensor Tactile/Mapping CNN Material identification [42] 
Textile-based piezoresistive and 
triboelectric sensor 

Pressure and strain/Time 
series 

ANN Material discrimination, human motion detection, 
human-robot interaction 

[140] 

Triboelectric patch Tactile/Time series SVM Object distinguishing [141] 
Soft magnetic e-skin Pressure and shear/ 

Mapping 
DNN Super-resolution tactile sensing [142] 

Piezoresistive and triboelectric e-skin Sliding pressure/Mapping MLP Material perception [143] 
Piezoelectric tactile array Tactile/Mapping CNN Textile cognition [144]  
Triboelectric modular soft glove Tactile and strain/Multiple t-SNE, CNN Tactile haptic feedback,virtual communication [145] 

Gesture/Gait 
recognition 

Triboelectric rings Strain and temperature/ 
Multiple 

PCA, SVM Hand gesture recognition, human-machine 
interaction, materverse 

[23]  

Triboelectric and piezoelectric-based 
sensors 

Pressure and vibration/ 
Time series 

LDA Hand gesture recognition, human-computer interface [43]  

Textile-based triboelectric glove Strain/Mapping PCA, CNN Sign language recognition, virtual communication [44]  
Textile-based triboelectric socks Pressing pressure/Mapping CNN Gait analysis, virtual reality [45]  
rGO/PS-based piezoresistive sensor Stretching strain/Time 

series 
SVM Hand gesture recognition, human-machine interface [146]  

Stretchable resistance sensor Strain and visual/Multiple CNN Gesture recognition, human-machine interaction [147]  
Textile-based triboelectric insole Pressing pressure/Time 

series 
ANN Gait analysis, human-machine interface [148]  

Triboelectric walking stick Pressing pressure/Mapping PCA, t-SNE, 
CNN 

Gait analysis, location monitoring, virtual reality [149] 

Health care Fabric-based electret sensor Breathing/Time series DT Respiratory disease diagnosis [46]  
Triboelectric sensor Lip motion/Time series RNN Lip language decoding, personal identity verification [47]  
Piezoresistive tactile neuron Pressing pressure/Time 

series 
SNN Breast tumor disease diagnosis [150]  

Hydrogel-based triboelectric sensor Infant motion/Mapping CNN Motion pattern recognition, infant care [151]  
Piezoresistive graphene tattoos Arterial blood pressure/ 

Time series 
AdaBoost Blood pressure monitoring [152] 

MLP: multilayer perceptron; CNN: convolutional neural network; SVM: support vector machine; DNN: deep neural network; ANN: artificial neural network; PCA: 
principal component analysis; LDA: linear discriminant analysis; t-SNE: t-distributed stochastic neighbor embedding; DT: decision tree; RNN: recurrent neural network; 
SNN: spiking neural network; AdaBoost: adaptive boosting. 
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piezoelectric and magnetoelectric sensors have relatively low output 
voltage and good stability. The outputs of triboelectric sensors are also 
easily affected by environmental influences, but triboelectric sensors 
have simple fabrication and low sensing limitations. Another problem 
for triboelectric and piezoelectric sensors is the high matched imped-
ance, which makes these sensors need a specifically designed readout 
circuit. As a recently emerging approach for wearable electromechanical 
sensing applications, magnetoelectric sensors have high energy con-
version efficiency but need good structure design to achieve flexibility. 

3. ML-assisted wearable electromechanical sensing systems 

In recent years, wearable electromechanical sensing systems have 
made significant progress with the help of ML algorithms. Researchers 
have developed various wearable sensors used in a range of applications 
and integrated the most recent ML algorithms to analyze and process 
data, enhancing the intelligence of electromechanical sensing systems. 
In this review, we first introduce data preprocessing and analysis algo-
rithms in ML-assisted wearable devices. And then we outline recent 
progress in ML-assisted electromechanical sensing systems for tactile 
perception, gesture/gait recognition, and health care (Table 2). 

3.1. Data preprocessing and analysis algorithms in machine learning- 
assisted wearable devices 

ML algorithms can assist wearable electromechanical sensing sys-
tems to analyze data more comprehensively, thereby improving the 
accuracy of decision-making. Wearable electromechanical sensors 
generally output analog electrical signals, such as voltage, current, 
charge, and capacitance, etc., which are important outputs to be used in 
ML. There are real-time and non-real-time data analysis methods when 
applying ML in wearable devices. With the development of IoT, real- 
time data collection and analysis becomes the trend of intelligent 
wearable systems. Fig. 8 depicts a schematic diagram of the ML process. 
Firstly, wearable electromechanical sensors collect massive amounts of 
raw data. The data formats for ML mainly include discrete data, time 
series data, mapping data, and multiple data collected from various 
sensors. For wearable electromechanical intelligent sensing systems, 
time series data and mapping data are mostly used. The collected data is 
required to be prepared in a format that can be used by ML algorithms. 
Then, the dataset needs to be transformed or pre-processed, including 
data cleaning, data curation, feature extraction, etc. The amplitude, 

frequency, polarity, and duration are very important characteristics to 
use for ML feature extraction. Dimensionality reduction algorithms, 
such as PCA and linear LDA, are often used in data pre-processing. The 
target of ML is to make predictions on unknown data. Therefore, the 
data needs to be split into a training dataset and a test dataset. The 
training dataset is used for algorithm training and algorithm model 
creation, and the test dataset is used for algorithm performance evalu-
ation. Generally, 60~80% of the data is used as the training dataset, and 
the rest is the test dataset. However, algorithm selection, hyper- 
parameter selection, regularization, and optimization are required 
before starting to train the model. To date, the training algorithms used 
for ML mainly include classification, regression, and clustering. After 
choosing the right algorithm, parameter tuning (e.g., changing the 
learning rate) can be done for better performance. Once all of the 
aforementioned processes have been accomplished, the model may be 
used to predict the value of the new dataset. 

In this section, we will give a detailed introduction to several of the 
most commonly used ML algorithms in wearable electromechanical 
systems. Three main categories of algorithms are included: data pre-
processing algorithms (e.g., PCA, LDA, etc.), traditional ML algorithms 
(e.g., DT, SVM, ANN, etc.), and DL algorithms (e.g., CNN, RNN, etc.). 

3.1.1. Data preprocessing algorithms 
Before applying other ML algorithms, we often need to identify 

relevant features. Generally, sensor data is complex, multi-dimensional, 
irregular, and non-uniform. Therefore, the data needs to be pre-
processed, including data cleaning, data curation, feature extraction, etc. 
Dimensionality reduction is a method of preprocessing high- 
dimensional feature data, which makes the data easier to use and 
removes noise [18]. Some datasets contain many intractable variables. 
Especially when resources are abundant, datasets may contain thou-
sands of variables, most of which may also be unnecessary. At this point, 
it is not possible to identify the variables that have the greatest impact 
on our predictions. Dimensionality reduction reduces data from many 
original dimensions to a few dimensions in some new space for easier 
visualization. 

PCA is one of the most widely used data dimensionality reduction 
algorithms [153]. The main idea of PCA is to transform the data from the 
original coordinate system to the new coordinate system. The choice of a 
new coordinate system is determined by the data itself. The first new 
axis (also called the principal component) selects the direction with the 
greatest variance in the original data. The second new axis chooses the 

Fig. 8. Schematic diagram of the ML process.  
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direction that is orthogonal to the first and has the greatest variance. 
This process is repeated for the number of features in the original data. 
Most of the variance is contained in the first few principal components. 
Therefore, the remaining principal components can be ignored to realize 
the dimensionality reduction of data features. 

Different from the PCA variance maximization theory, the idea of the 
LDA algorithm is to project the data into a low-dimensional space, so 
that the same type of data is as compact as possible, and different types 
of data are as scattered as possible [154]. LDA has the following two 
assumptions: the original data is classified according to the sample 
mean; the data of different classes have the same covariance matrix. In 
practical situations, it is impossible to satisfy the above two assump-
tions. However, when the data are mainly distinguished by means, LDA 
can generally achieve good results. When the main difference between 
the data is the variance, the PCA will have a better effect, and the LDA 
will have a poorer dimensionality reduction effect. 

It is worth mentioning that additional data dimensionality reduction 
techniques may be used to analyze sensing signals obtained from 
wearable electromechanical sensors, such as t-SNE, independent 
component analysis (ICA), etc. These dimensionality reduction algo-
rithms for preprocessing are often combined with traditional ML or DL 
algorithms [23,44,149]. 

3.1.2. Traditional machine learning (ML) algorithms 
In intelligent wearable electromechanical systems, ML algorithms 

are mainly used to deal with classification problems, and some are also 
used to deal with regression problems [14]. Classification algorithms 
can be divided into supervised classification, semi-supervised classifi-
cation, and unsupervised classification. Supervised classification, such 
as SVM and AdaBoost, is that all samples used to train the classifier are 
manually or otherwise labeled. Unsupervised algorithms, such as clus-
tering, are where all samples are not labeled. This classification algo-
rithm uses the information of the sample itself to complete the 
classification learning task. Semi-supervised algorithms, usually 
improved from supervised algorithms, are where only a portion of the 
training samples have class labels. Traditional ML algorithms, such as 
DT, SVM, and ANN, show better performance with fewer input data. 

DT, whose model is a tree-like structure, can be used to solve clas-
sification or regression problems. The goal of this algorithm is to create a 
model that predicts the target variable by inferring data features and 
learning decision rules. A classification DT model consists of nodes and 
directed edges. Nodes are divided into internal nodes and leaf nodes. An 
inner node represents a feature, and a leaf node represents a class label. 
For a dataset, each sample contains n features and a label. To find the 
deterministic features, and classify the best results, we must evaluate 
each feature contained in the dataset to find the best feature for the 
classification dataset. After evaluation, the original dataset is divided 
into several subsets of data. These subsets of data are distributed across 
all branches of the first decision point. If the data under a branch 
belonging to the same type, the branch is processed and becomes a leaf 
node, that is, the classification is determined. If the data within the data 
subsets do not belong to the same type, the process of dividing the data 
subsets needs to be repeated. The DT algorithm is simple and easy to 
understand, and it can be visualized. However, it is difficult to operate 
on high-dimensional data. As the tree gets deeper, a single DT may have 
problems with overfitting. DT has been used in wearable electrome-
chanical devices for the diagnosis of respiratory illnesses [46]. 

SVM is a class of generalized linear classifiers that perform binary 
classification of data in a supervised learning manner. The general idea 
is: Assuming that there are two classes of points on the sample space, a 
line (called a hyperplane) that divides the input variable space is ex-
pected to be found to separate the two classes of samples. Each direction 
has an optimal decision surface to properly partition the dataset. The 
optimal solution that the SVM algorithm is looking for is the decision 
surface with the "maximum interval". By introducing a kernel function, 
SVM can easily solve nonlinear problems. SVM is suitable for small and 

medium sample data and has advantages in solving nonlinear and high- 
dimensional classification problems. However, it is difficult to achieve 
for large-scale training samples. In addition, SVM can also solve multi- 
classification problems through the combination of multiple binary 
SVMs, but the classification effect of multi-classification problems is not 
very good. SVM is widely used in wearable electromechanical sensing 
systems. Due to the small amount of data, most of the classification tasks 
of such systems can be solved by the SVM algorithm. For wearable 
electromechanical sensing systems, SVM algorithm has been used a lot 
in a variety of different applications [23,140,146]. 

ANN is a network that is widely interconnected by a large number of 
neurons. A neural network consists of a large number of interconnected 
nodes (or neurons). Each node represents a specific output function (i.e., 
activation function), including sigmoid, tanh, ReLU, etc. Each connec-
tion between two nodes represents a weighted value for the signal 
passing through the connection. Usually, a neural network consists of an 
input layer, multiple hidden layers, and an output layer. The work of 
neural networks can be roughly divided into forward propagation and 
backpropagation. Forward propagation builds the network structure, 
and backpropagation trains the network parameters. The important 
work of designing a neural network is to design the hidden layer and the 
weights between neurons. 

3.1.3. Deep learning (DL) algorithms 
DL is a branch of ML [4,6]. Traditional ML and DL are not incom-

patible with each other. One of the differences between DL and ML is the 
amount of data. ML can adapt to various data volumes, especially sce-
narios with small data volumes. If the number of data increases rapidly, 
the effect of DL will be more prominent. The second is hardware de-
pendency. In contrast to traditional ML algorithms, DL is highly 
dependent on high-end devices by design. The key difference is feature 
engineering. DL does not require manual extraction of features. It 
automatically performs high-dimensional abstract learning on data 
through neural networks. CNN and RNN are the two mainstream 
structures in the current DL application field [155]. 

The architecture of CNN is very similar to ANN, especially the last 
layer. It mainly consists of the following five layers: data input layer, 
convolution calculation layer, RuLU excitation layer, pooling layer, and 
fully connected layer. The input layer mainly preprocesses the original 
image data, including de-averaging, normalization, PCA dimension 
reduction, etc. The convolutional computational layer is the most 
important layer of CNN. At this layer, after choosing the size of the filter, 
two main parameters can be adjusted: stride and padding. Pooling layers 
are used to compress the amount of data and parameters and reduce 
overfitting. One of the advantages of CNN is that they share convolution 
kernels, which makes it stress-free for high-dimensional data processing. 
It does not need to manually select features, and the classification effect 
is good. One of its drawbacks is that it requires parameter tuning. Also, it 
requires a lot of samples for training, which is best done with GPU. There 
are some classic CNN models such as LeNet, AlexNet, GoogleNet, 
VGGNet, etc. Recently, the VGG network structure has been applied to 
tactile perception systems [42]. 

The sample data in the CNN is 2D or 3D data. The problem to be 
solved is a classification, a regression, or a feature expression problem. 
But more data is not in 2D or 3D formats, such as data used in language 
translation or automatic text generation. They are sequence data, 
including time series and spatial series. In practical applications, RNNs 
are used when the input before and after some tasks are related. 
Compared with ordinary NNs, RNNs have a better ability to learn time 
series features. Without constructing temporal features, RNNs can more 
easily learn temporal features through the dynamic memory process to 
obtain better prediction results. However, RNNs are prone to gradient 
disappearance. To solve the disappearance of the gradient in time, long 
short-term memory (LSTM) is developed, which realizes the memory 
function in time through the switch of the gate and prevents the 
disappearance of the gradient. The cost of the "memory" function is that 
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it processes a lot of data, both current data and previous data. Therefore, 
the processing complexity is relatively high. RNN has been well used in 
the lip language decoding system [47]. 

3.1.4. Summary of commonly used ML algorithms in wearable 
electromechanical sensing systems 

In this section, we list the features of commonly used ML algorithms 
in wearable electromechanical sensing systems (Table 3). 

3.2. ML-assisted wearable electromechanical sensing systems for tactile 
perception 

One of the primary ways that people communicate and coordinate is 
through touch. Touch can help human beings evaluate the attributes of 
objects, such as size, shape, texture, temperature, and so on. In addition, 
it transmits various sensory information to the central nervous system, 
which helps human beings perceive the surrounding environments. 
Analogous to the sensor of touch in human beings, robot touch sensing 
has tremendously helped robots understand the interactive behavior of 
objects in the real world. Through tactile perception, humans and robots 
can grasp and recognize objects, perceive shapes, and identify surface 
textures. Numerous intelligent sensing systems, including prosthetic 
limbs, health care, HMI, metaverse, and other fields, have made exten-
sive use of such tactile sensing systems. 

Inspired by human skin, e-skins and various tactile sensors have been 
developed in the last ten years. These types of devices are usually 
composed of polymer substrates, including PI, PDMS, FEP, and PET. 
Though these materials are widely used, their poor air permeability 
remains a key issue in improving the comfort of wearers. Compared with 
polymers, textiles have high mechanical strength, breathability, soft-
ness, and comfort. Hence, they are ideal materials for wearable elec-
tronic products. Recently, a textile-based tactile sensor with 
multipurpose sensing capabilities was developed by Pang and co- 
workers [140]. Composed of a piezoresistive and a triboelectric layer, 
the sensor was used to simulate slow adaptation (SA) and fast adaptation 
(FA) mechanical receptors, respectively, similar to the structure of 
fingertip skin. The developed tactile receptor was made of cotton fabric 
as the substrate material. Specifically, it consisted of four layers: a layer 
of triboelectric substance, a layer of medical tissue, a piezoresistive 
sensing layer coated with CNTs, and an electrode fabric layer covered 
with copper. The tactile sensor is based on the distinctive TENG working 
mechanism, which enables it to feel the surface morphology or texture of 
various materials. An ANN model was presented to train data for accu-
rately categorizing nine different materials with multiple textures after 
acquiring voltage signals from TENG sensors. The textile tactile sensor 
was demonstrated in this work to be a viable HMI for soft robot control. 
Therefore, it was anticipated that the textile tactile sensor would even-
tually handle more challenging jobs. This research would provide a new 

approach to developing new multifunctional wearable sensors. 
Recently, a simple and effective intelligent tactile sensing system for 

material recognition has been proposed, which integrated TENG and DL 
technologies, and could accurately predict contact objects in an open 
environment. As depicted in Fig. 9a, Wei and colleagues fabricated a 
triboelectric-based triple tactile sensor (TTS) array [42]. TTS has 
excellent mechanical stability and flexibility owing to its all-silicon 
construction. Using three independent single tactile sensors (STS) ar-
rays, characteristic information was extracted from three separate 
triboelectric signals and the relationships between them. Triboelectric 
signals from three channels could combine to generate image datasets, 
which were input to the visual geometry group (VGG) model (input size 
was 318 ×1092 ×3) to be trained after normalization. The network 
structure of VGG is shown in Fig. 9b. The datasets were split into two: 
training uses 80% of it, while testing uses the remaining 20%. A robotic 
arm with the TTS can identify different materials. Nine different mate-
rials are accurately recognized without being affected by touch condi-
tions and the external environment with an overall accuracy as high as 
96.62%. 

The majority of TENGs used in wearable technology require addi-
tional conductive wires to be connected to the human body to interface 
with other electronic parts. It increases the system’s overall redundancy 
of the system and hinders operation. However, the human body can 
serve as a conductor in an untethered TENG system, which will be small 
and portable. Recently, Zhao et al. presented an untethered triboelectric 
patch using the human body as a conductor to link to the external 
electronics and PTFE as the triboelectric layer [141], as shown in Fig. 9c. 
Through the use of sensor patches and a miniature measurement circuit, 
wireless communication for sending common phrases was made possible 
in this study, as illustrated in Fig. 9d. Because there are few sample data, 
the SVM algorithm is more suitable for solving this classification prob-
lem than CNN. The process scheme of object recognition by the SVM 
algorithm is shown in Fig. 9e. Moreover, it was shown that the sensor 
patches connected to the fingertips could detect 11 items with an ac-
curacy of ~94%. 660 samples in total were split into a training group 
and a testing group at random, accounting for 58.4% and 41.6%, 
respectively. Additionally, the energy-harvesting patches could power 
16 LEDs directly or charge a capacitor to power a buzzer when they were 
fastened to the foot. 

The main feature of human skin is the perception of shear forces. By 
sensing the magnitude, direction, and subtle changes in shearing force, 
humans can adjust how steadfastly or how tightly an object is held with 
the hands and fingers. Yan et al. developed a flexible tactile sensor based 
on magnetized flexible film with DL-enhanced self-decoupling and 
super-resolution [142], as depicted in Fig. 9f. These functions were 
carried out using a sandwich construction composed of a flexible mag-
netic film, a silicon elastomer layer, and a hall sensor. When an external 
force was applied to it, the sensor could detect changes in the magnetic 

Table 3 
Summary of the features of commonly used data preprocessing algorithms, traditional machine learning algorithms, and deep learning algorithms [4,6,14,18,154, 
155].  

Model type ML 
algorithms 

Advantages Disadvantages 

Data preprocessing PCA Results are easy to understand, reduce the computational cost of the 
algorithms. 

Result in loss of data category information, not suitable for non- 
Gaussian distributed samples.  

LDA Can use prior knowledge and experience of categories, better than 
PCA when the sample classification information depends on the 
mean. 

Ineffective when the sample classification information depends on 
variance, not suitable for non-Gaussian distributed samples. 

Traditional machine 
learning 

SVM Good at learning complex nonlinear classification, no need for a lot of 
sample data. 

Difficult to implement for large training samples, manual feature 
extraction, need to tune multiple hyper-parameters simultaneously.  

ANN High classification accuracy, strong parallel distributed processing 
capability. 

Require a large number of initial parameters, manual feature 
extraction. 

Deep learning CNN Share convolution kernel and can handle high-dimensional data, 
automatic feature extraction. 

Pooling layers lose a lot of useful information, require a lot of 
sample data.  

RNN Strong ability to extract time series features, good generalization 
ability. 

Not suitable for long sequences, the input and output sequences are 
different.  
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field due to the deformation of the flexible magnetized film. What’s 
more, it could automatically decouple external forces into two compo-
nents - normal force and shear force, providing precise measurements of 
these two forces, respectively. The sensor also had another 
human-skin-like feature - tactile "super-resolution". Assisted by a DL 
algorithm, a 3 × 3 sensing array made of this sensing unit could improve 
its positioning accuracy by 60 times. As illustrated in Fig. 9g, robotic 
grippers could accomplish difficult tasks like grabbing delicate objects 
and threading a needle via teleoperation by putting the tactile sensor at 
the fingertip of it. 

The tactile sense of e-skin is no longer able to satisfy the expectations 
of contemporary intellectualization. To create intelligent cognition 
systems that can enable human-specific tactile perception, researchers 
have merged e-skin with AI technology [143]. For example, Niu et al. 
proposed an AI-motivated full-skin bionic (FSB) e-skin that consisted of 

two-layered e-skins with vellus hair-like structures (VHS) and 
super-capacitive materials [41], as depicted in Fig. 10a. Benefiting from 
the FSB structure, the proposed e-skin offered an enhanced kind of 
intelligent tactile cognition that could precisely recognize the material 
species and locations with just one contact. They fabricated a flexible 
contactless perception array (4 ×4 matrix), comprised of 16 FSB e-skin 
units, to enable both static and real-time dynamic contactless percep-
tion. With the help of the FSB e-skin, an intelligent material cognition 
system capable of differentiating between different material species was 
developed. Fig. 10b illustrates the multilayer perceptron (MLP) neural 
network-assisted cognition process of this system. First, a pre-trained 
model was created using a six-layer MLP neural network. Then the cir-
cuit module progressively collected and processed the capacitance and 
voltage waveforms of 12 plates made of various materials. As feature 
values, the maximum and minimum voltage values, polarity, and 

Fig. 9. Wearable electromechanical intelligent sensing system for tactile perception. (a,b) An open-environment tactile sensing system for material identification: 
Reproduced with permission [42]. Copyright 2022, Wiley-VCH. (c-e) Untethered triboelectric patch for wearable smart sensing and energy harvesting: Reproduced 
with permission [141]. Copyright 2022, Elsevier. (f,g) Soft magnetic skin for super-resolution tactile sensing with force self-decoupling: Reproduced with permission 
from Reference [142]. Copyright 2022, American Association for the Advancement of Science. 
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duration were recovered from the voltage waveform, and the related 
pressure was retrieved from the capacitance waveform. The MLP neural 
network was then trained and calibrated using the collected datasets. 
The new dataset was lastly integrated into the pre-trained MLP neural 
network to get the anticipated values. 

Similarly, Kim et al. reported an artificial tactile perception and 
cognition system [144], as shown in Fig. 10c. The artificial haptic sys-
tem utilized a multi-array tactile sensor based on P(VDF-TrFE) to record 
various physical information, including pressure, temperature, hard-
ness, surface topography, and sliding speed. To build a haptic system 
that is human-like, materials with various surface morphologies, den-
sities, and other characteristics were chosen as samples in this study. In 

this work, the artificial haptic system provided "smooth/soft" and 
"rough" tactile sensations based on the haptics of 10 participants. Using a 
mix of neural network layers, a haptic decision-making system was 
created based on piezoelectric signals collected by touch and swipe. A 
DL architecture was created to personalize through customized histo-
grams of human tactile cognition and training to collect actual tactile 
data. The CNN algorithm was used to generate artificial haptics in 42 
different haptic materials, and each avatar system’s decision error was 
less than 2%. The human-like sensor and processing system provided an 
artificial tactile cognitive system that allowed researchers to test the 
performance of devices to make tactile decisions. 

Fig. 10. Wearable electromechanical intelligent sensing system for tactile cognition. (a,b) Perception-to-cognition tactile sensing based on artificial-intelligence- 
motivated human full-skin bionic electronic skin: Reproduced with permission [41]. Copyright 2022. Wiley-VCH. (c) Tactile avatar: tactile sensing system 
mimicking human tactile cognition: Reproduced with permission from Reference [144]. Copyright 2021, Wiley-VCH. 
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Fig. 11. Wearable electromechanical intelligent sensing system for gesture recognition. (a-c) A self-powered gesture recognition wristband for full keyboard and 
multi-command input: Reproduced with permission [43]. Copyright 2022, Wiley-VCH. (d) An ultralight smart patch based on reduced graphene oxide for hand 
gesture recognition: Reproduced with permission [146]. Copyright 2022, Wiley-VCH. (e-f) A triboelectric smart glove for sign language recognition and VR space 
bidirectional communication: Reproduced with permission from Reference [44]. Copyright 2021, Nature Publishing Group. 
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3.3. ML-assisted wearable electromechanical sensing systems for gesture/ 
gait recognition 

Gestures, as a fundamental aspect of human nature, are an essential 
component of interpersonal communication. With the development of 
AI technology, gesture recognition technology makes it possible for 
people to interact with machines or other devices. Sign language is the 
primary way for deaf people to express themselves. For healthy people 
who are not familiar with sign language, it is not easy to understand this 
language. Therefore, gesture recognition is crucial for bridging the 
communication gap between deaf-mute and hearing persons. 

Recently, Tan et al. developed a low-cost and easy-to-wear gesture 
recognition wristband (GRW) [43]. Eight active sensors were used in the 
wristband, which was based on the TENG and PENG hybrid generators. 
A single sensor consisted of a PDMS layer, a PLA framework, a poly-
vinylidene fluoride (PVDF) layer, a copper layer, a rectifier bridge, and 
two flexible printed circuit board (FPCB) layers, as shown in Fig. 11a. 
Through the Bluetooth module, the sensor data was wirelessly sent to 
the computer interface, and then the electrical signal was processed at 
the computer terminal. As illustrated in Fig. 11b, the complete data 
processing and analysis procedure was classified into four procedures 
(noise reduction, fast ICA, feature engineering, and LDA) to construct 
the ML model. Fig. 11c shows the sensor signals for several particular 
gestures, such as handshaking, arm swing, and hand opening. Combined 
with ML technology, the prediction accuracy of 26 letters could get 
92.6% when recognized by the GRW. In addition to being a 
human-computer interaction terminal, GRW could be further developed 
and used in other fields such as medical care, bioengineering, aerospace, 
and so on, holding several potential uses in the fields of wearable elec-
tronics, gesture recognition, and assistive technologies for the disabled. 

Similarly, Liu et al. developed a wrist-borne piezoresistive sensor- 
based gesture recognition device that used a hybrid flake-sphere struc-
ture made of reduced graphene oxide (rGO) doped with polystyrene (PS) 
spheres [146]. This wearable was made up of a wristband, a Bluetooth 
module, and a computer terminal. The wristband was comprised of five 
rGO/PS arrays, which could adjust resistance based on variations in the 
pressure signal of tendon movement around the wrist. The resistance 

changes were converted into corresponding voltage changes through a 
voltage divider circuit. Then, the Arduino Nano Bluetooth module was 
used to wirelessly transmit the five output voltage signals to the com-
puter terminal. A LabVIEW interface was used to gather data at a rate of 
40 Hz, and the computer saved the data as 5D vectors for 
post-preprocessing. Fig. 11d displays the schematic diagram of the 
proof-of-concept real-time control for HMI. However, variations in 
participant wrist size, tendon strength, sensor positioning, gesture pat-
terns, etc. had an impact on piezoresistive sensor datasets. Thus the raw 
data could not be fed into the SVM classifier directly. 35 statistical 
features (e.g., mean, maximum, minimum, peak-to-peak, variance, etc.) 
were selected manually to characterize the data. As a result, with an 
accuracy of 96.33%, the system was able to distinguish 12 different 
gestures. 

Most gesture recognition solutions can only recognize a few gestures, 
which cannot translate long sentences for the daily communication need 
of sign language speakers. Therefore, it is urgent to integrate wearable 
sensors and DL algorithms to develop new intelligent systems to achieve 
more comprehensive gesture recognition. The effective realization of the 
cognition of 50 words and 20 phrases by a gloved sign language 
communication and recognition system was recently published [44]. 
Fig. 11e depicts the 19 example gestures and the related triboelectric 
signals. By adjusting the kernel size, the number of filters, and the 
convolution layers, the CNN model enhanced the algorithm’s ability to 
identify objects. On this basis, the model with five kernels, sixty-four 
filters, and four convolution layers had the best accuracy, as shown in 
Fig. 11f. 15-channel gesture signals were used as input data. Further-
more, the phrase samples of the training data set were divided into word 
units via a sliding window of 200 data points and a sliding step size of 50 
data points, in which each sentence signal had 800 data points. The 
original phrase could be reversely constructed once the DL algorithm 
had identified these linguistic components. The recognition accuracies 
of a single classifier and a classifier with a hierarchical structure for 
lexical chunks are 82.81% and 85.58%, respectively. The DL model was 
able to recognize all the necessary word elements in the new sentences, 
providing accurate translations by rearranging known word units to 
form new sentences. In this way, the system could recognize new 

Fig. 12. Wearable electromechanical intelligent sensing system for gait recognition. Triboelectric smart socks for IoT-based gait analysis and VR applications: 
Reproduced with permission from Reference [45]. Copyright 2020, Nature Publishing Group. 
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Fig. 13. Wearable electromechanical intelligent sensing system for health care. (a-d) Biodegradable smart face masks for machine learning-assisted chronic res-
piratory disease diagnosis. Reproduced with permission [46]. Copyright 2022, American Chemical Society. (e-g) An artificial tactile neuron enabling spiking rep-
resentation of stiffness and disease diagnosis. Reproduced with permission [150]. Copyright 2022, Wiley-VCH. (h-j) A lip language decoding system using 
triboelectric sensors with deep learning. Reproduced with permission [47]. Copyright 2022, Spring Nature. 
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sentences outside the training datasets. In this work, a virtual-reality 
interface created for social software-like communication between 
deaf-mute persons and hearing people was designed. In short, the 
DL-assisted glove intelligent system offers a reliable and appealing 
platform, significantly increasing the viability of the sign language 
translation system. 

Walking is also a fundamental feature of human beings, and it is 
something we have to do almost every day. A normal walking gait can 
make people walk comfortably for a long time, which can easily switch 
between running and walking. However, some children have gait 
problems (e.g., flat feet, inner/outer horoscope, X/O legs, calcaneal 
valgus, etc.) during their growth, so it is necessary to do posture 
assessment and correction to help the child improve these problems. 
Additionally, some persons with neurological or muscular conditions 
struggle to maintain a regular stride. They need to work hard to over-
come some obstacles so that they can walk normally. Therefore, walking 
gait pattern monitoring is of great significance. Zhang et al. suggested an 
intelligent sensing system that was based on low-cost triboelectric 
intelligent socks (LTIS) and an optimized DL model for gait analysis 
[45]. The whole system had a self-powered function, which could 
transmit the health status, identity, and activity information of users. 
The recognition accuracy of this model was as high as 96.67% for five 
different human activities and 93.54% for 13 participants. LTIS was low 
in cost and could collect waste energy from low-frequency body move-
ments. The collected energy could be used for wireless data trans-
mission. Sample triboelectric outputs from different participants 
revealed variations in some crucial aspects of periodic gaits, such as 
frequency, amplitude, interval, etc., as shown in Fig. 12a. These crucial 
characteristics could reflect the contact force between feet and shoes, 
walking speed, the compression sequence of sensors, and the way in-
dividuals walk. When the gait was stable, the gait signals of all partici-
pants for 500 s were collected. Then they were segmented through a 4 s 
sliding window to obtain 2 ~ 3 complete dynamic gait cycles. To eval-
uate the performance of the DL algorithm, the datasets were separated 
into a training set, a test set, and a verification set, accounting for 60%, 
20%, and 20%, respectively. Next, the datasets were fed into a 1D CNN 
model directly. Fig. 12b illustrates the network structure of 1D CNN. 
After 500 epochs, the gait recognition accuracy of the DL algorithm 
could achieve 100% and 98.4% for the training and verification set, 
respectively. Fig. 12c displays the test set’s confusion diagram. The re-
sults showed that the LTIS could achieve 96% classification accuracy 
with the assistance of the 1D CNN method. In addition, LTIS was also 
combined with the activity monitoring function in this study, which 
illustrated the functional aspects of LTIS in smart homes and intelligent 
classroom applications by using virtual characters. 

3.4. ML-assisted wearable electromechanical sensing systems for health 
care 

Respiratory system diseases are common diseases in clinical practice. 
Chronic diseases usually include asthma, bronchitis, chronic obstructive 
pulmonary disease (COPD), etc. In particular, people who have low 
immunity are more prone to respiratory diseases. Zhang et al. proposed 
a breathable and biodegradable smart mask for monitoring chronic 
respiratory diseases [46], as depicted in Fig. 13a. Based on PLA 
conductive fabric, pounced carbon paper electrodes, and paper spacers, 
this smart mask integrated a portable readout circuit for signal recording 
and combined with ML algorithms for chronic respiratory disease 
diagnosis, as illustrated in Fig. 13b. Typical recorded breathing signals 
of healthy volunteers and patients and ML processing flow are shown in 
Fig. 13c. There were a total of 2400 datasets since one dataset was 
designated as the whole respiration waveform. 26 typical features were 
extracted from the time and frequency domains of each dataset. In all 
datasets, 80% were randomly selected as the training set and 20% as the 
test set. The DT algorithm was used for the classification of signals, and a 
bagged ensemble strategy was used in the DT to achieve high-precision 

classification. The smart mask was successfully used to distinguish 
healthy groups from three chronic respiratory diseases (asthma, bron-
chitis, and COPD) by a bagged DT model with an overall accuracy of up 
to 95.5% (Fig. 13d). 

Recently, a stiffness-coding artificial tactile neuron based on SNN 
learning has been developed to diagnose diseases [150]. Fig. 13e illus-
trates the two main parts of the system: a piezoresistive sensor and an 
ovonic threshold switch. One surface of the elastic layer was a conduc-
tive nano-network covered with carbon nanotubes (SWNTs). At the 
bottom was a PCB substrate with a golden island-like integrated driver 
electronics (IDE). When external pressure was applied, the mechanical 
receptors on the skin changed their receptor potentials and regulated the 
spike potentials of tactile neurons. Examples of ultrasound elastography 
images are shown in Fig. 13f, respectively, with soft and hard areas 
displayed in red and blue, respectively. Thus, images from the ultra-
sound elastography of breast malignancies were classified into benign 
and malignant tumors using the peak representation of hardness. Data 
augmentation technology was used to expand the size of the data sets for 
training. The learning process and the results of SNN based on storage 
calculation are shown in Fig. 13g. The system could classify the malig-
nant state of breast tumors, with an average recognition accuracy of 
about 87.5% and a maximum accuracy of 95.8%. This work may be 
combined with an artificial tactile neuron array to encode more me-
chanical features, which will be of great help to the development of 
low-power, high-precision robot-assisted surgery. 

Wearable electromechanical devices provide disabilities with an 
effective and direct way to interact and communicate with the envi-
ronment. For voiceless people with damaged vocal cords and mouth-
pieces, lip language is an effective way to communicate without barriers. 
Lu et al. proposed a lip-language decoding system (LLDS), which con-
sisted of low-cost, self-powered flexible triboelectric sensors and a 
dilated RNN model based on prototype learning [47]. The self-powered 
sensor was composed of flexible polymer films and electrodes, which 
could improve the comfort of humans wearing. Specifically, PVC and 
Nylon films were distributed on both sides of the seaside, covered by 
copper films, and encapsulated with PI films. Fig. 13h. depicted the 
schematic diagram of the LLDS, the structure of the flexible triboelectric 
sensor, and the four stages of the charge transfer in the mouth opening 
and closing cycle. The overall structure of the RNN model was illustrated 
in Fig. 13i. With 20 categories and 100 samples per category, the test 
accuracy reached 94.5%. The confusion matrix was shown in Fig. 13j. 
The research team used the system to demonstrate various application 
scenarios, such as the identification of unlocking the door, the direction 
control of the mobile model car, the real-time conversion of lip lan-
guage/voice, etc., showing the feasibility and application of the system 
in the field of lip movement recognition potential. 

4. Summary and perspective 

We have seen impressive advancements in wearable electrome-
chanical sensing technology and ML technology over the last few years. 
Fusing these two technologies has brought great hope for various ap-
plications, such as HMI, health care (including physiological signal 
monitoring, disease diagnosis, etc.), and the metaverse. Although 
remarkable progress has been made in a single field or the cross-cutting 
field of the two, there are still many issues that need to be overcome 
before practical use. Herein, this review provides some prospects for 
future directions. 

Firstly, a multimodal intelligent electromechanical sensing system 
can be realized by integrating various types of functional wearable 
sensors. High-level human perception requires the integration of a va-
riety of sensory elements rather than relying just on one type. Inte-
grating various sensors on wearable devices can capture multimodal 
sensing data from the environment, human beings, or robots, generate 
more data, and realize more complex tasks through ML algorithms. For 
example, an AI-driven multimodal robot sensing system (M-Bot) 
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integrates physical and chemical sensor arrays, which can be used for 
electrophysiological recording, tactile sensing, and robot sensing of 
various hazardous materials [156], as shown in Fig. 14a. Additionally, 
artificial neurons with multi-model sensory fusion promote the devel-
opment of neuromorphic and cyborg systems. The manipulation of a 
robotic hand and skeletal myotubes becomes possible through the 
development of a bimodal artificial sensory neuron to carry out the 
sensory fusion operations [157]. 

Secondly, out-sensor computation causes a significant delay and uses 
lots of energy. To address this issue, it is urgent to develop physical 
intelligent devices that support near-sensor or in-sensor computing. 
Advanced intelligent systems currently use artificial e-skins that include 
several wearable sensing nodes to gather external stimuli. The front-end 
electronic devices that connect with these nodes transform and transmit 
tactile signals to external computers or the cloud for data processing and 
analysis. However, by reducing the data transmission distance and the 
computing unit, near-sensor or in-sensor computing can decrease the 
reaction delay and energy usage. Recently, Wang et al. have suggested 
an integrated pressure sensor-memristor system [158], as shown in 
Fig. 14b. Without any conversion circuits, this device was capable of 
detecting and processing many tactile impulses at once. 

Thirdly, the service life of wearable electromechanical sensors is a 
great challenge for daily monitoring. Wearable electromechanical sen-
sors will have an impact on long-term use based on their self-power 
supply, chemical stability, wearing comfort, and mechanical dura-
bility. To achieve long-term monitoring and high-fidelity electrophysi-
ological recording, a novel wearable sensor needs to be created through 
material design and structural optimization. Recently, self-repairing 
hydrogels and elastomers have been reported to improve the stability 
and service life of flexible sensors [73], as shown in Fig. 14c. In addition, 
the design of the interlocking structures has been proven to enhance the 
stability of the material structure [159], maintain excellent mechanical 
and electrical properties, and be suitable for long-term monitoring. 

Finally, although the data processing and analysis capabilities of 
wearable electromechanical systems have been greatly improved with 
the assistance of ML algorithms, their applications are currently limited 
and most of them are used for classification. In addition, the algorithms 
used in such intelligent systems are mostly traditional ML algorithms, 
which have been developed relatively maturely. In the future, custom 
algorithms can be designed for advanced applications. Currently, some 

excellent neural network models, such as LSTM, SNN, VGG, ResNet, etc., 
are fused with wearable electromechanical sensors, making electrome-
chanical sensing systems more intelligent. For example, to monitor an 
infant’s mobility all around, a body area sensor network made up of 
ingestible triboelectric hydrogel sensors has been reported (Fig. 14d) 
[151]. A dedicated mobile application that is simple to use was also 
created to provide real-time alerts and one-click engagement with par-
ents. A multimode-fused spiking neuron (MFSN) with a compact struc-
ture was recently disclosed to enable multisensory perception similar to 
that of a human [160]. For enhanced tactile pattern recognition, a 3 × 3 
MFSN array was created, and an SNN model was supplied with the fused 
frequency patterns. 

In general, we have summarized the recent progress in wearable 
electromechanical sensors, with an emphasis on ML-assisted sensing 
systems applied for tactile perception, gesture/gait recognition, and 
health care. Wearable electromechanical sensing technology provides 
high-quality data acquisition. Meanwhile, ML algorithms are used for 
data analysis and making intelligent decisions. However, there are still 
some challenges. On one hand, the functions, lifetime, or reliability of 
the sensors still need to be further improved. On the other hand, the 
application of ML algorithms is still limited, which mainly focus on 
classification. We have to say there are still a lot of efforts to be done 
before intelligent wearable electromechanical sensing systems can be 
widely used in daily life of people. 
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