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Wearable health monitoring technology is rapidly developing and showing great potential in sports reha-
bilitation, chronic disease management, and personalized medicine. However, existing methods generally 
rely on traditional batteries, which have problems such as insufficient energy supply, poor monitoring con-
tinuity, and insufficient accuracy in identifying complex health states. Therefore, the research proposes a 
motion energy management optimization and health monitoring method based on Triboelectric Nanogen-
erator (TENG) wearable terminals, which achieves efficient acquisition, stable conversion, and adaptive 
scheduling of low-frequency human motion energy through a composite TENG structure and power man-
agement circuit. It also combines multi-source physiological signal preprocessing and deep learning models 
to enhance health status recognition capabilities. In experimental testing, the average output power of the 
composite TENG at 3.0Hz reached 1057.20μW, with an end-to-end efficiency of up to 88.90%, significantly 
better than that of the control circuit. The signal preprocessing module improved the signal-to-noise ratio 
to 15.47dB and the classification accuracy to 0.937. The deep learning model had a recognition accuracy of 
0.936, a robustness index of only 5.80%, and could operate stably for 18.60h under energy limited conditions, 
with an average power consumption of only 4.80mW. This proves that the proposed method can achieve 
low-power, long-term, and high reliability closed-loop integrated health monitoring, providing new ideas for 
sustainable wearable systems.
KEYWORDS: TENG; Motion energy management optimization; Wearable health monitoring; Deep learn-
ing; Energy adaptive
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1. Introduction
The rapid development of wearable electronic de-
vices and Internet of Things (IoT) technology has 
greatly changed the human-computer interaction 
mode and daily lifestyle, providing unprecedented 
opportunities for continuous and real-time health 
monitoring and personalized exercise management 
[27]. However, the dependence of these devices on 
traditional batteries has brought a series of chal-
lenges such as limited battery life, frequent charging, 
increased device weight, and environmental burden 
[8]. Therefore, how to efficiently manage the energy 
obtained from human movement and how to accu-
rately and continuously monitor health parameters 
are crucial for the popularization and sustainable 
development of wearable technology in the fields of 
motion and medical health [5, 14]. However, existing 
energy harvesting methods generally face low ener-
gy conversion efficiency caused by low frequency, 
irregularity, and diversity of human motion, making 
it difficult to meet the power consumption require-
ments of complex wearable functions [20, 1]. Tradi-
tional health monitoring methods are limited by the 
complexity of manual observation, the lag of periodic 
evaluation, or the limitations of high-power sensor 
systems in continuous and non-invasive use, espe-
cially in remote monitoring and real-time feedback, 
which are often hindered by insufficient power sup-
ply and the complexity of sensor integration [2, 19]. 
Meanwhile, existing systems still face issues such 
as signal interference, insufficient accuracy in iden-
tifying specific activities, and lack of self-powered 
continuous operation capability when extracting 
meaningful health insights and providing actionable 
recommendations. Therefore, the research optimiz-
es exercise energy management and health monitor-
ing based on Triboelectric Nanogenerator (TENG) 
wearable terminals. At the energy level, a composite 
TENG and power management circuit are designed 
to efficiently collect, stably convert, and adaptively 
schedule low-frequency irregular human motion en-
ergy, ensuring continuous operation of the terminal. 
At the monitoring level, a multi-source physiological 
signal acquisition and preprocessing module is con-
structed to synchronously collect and standardize 
multi-modal data such as Electrocardiogram (ECG), 
Electrodermal Activity (EDA), Photoplethysmog-
raphy (PPG), body temperature, and blood oxygen. 

Meanwhile, deep learning convolution and attention 
mechanisms are introduced to intelligently iden-
tify health indicators. The research aims to build a 
low-power, long-range, self-powered closed-loop 
integrated wearable system, providing sustainable 
solutions for motion energy management and health 
monitoring.

2. Related Works
With the rapid development of the IoT, artificial in-
telligence, and flexible electronic technology, smart 
wearable devices have become a cutting-edge re-
search direction in the fields of health monitoring, 
motion science, and personalized medicine [10, 11]. 
Therefore, more scholars are also conducting re-
search, committed to solving its core challenges in 
energy supply, sensing accuracy, comfort, and sys-
tem integration. Li et al. proposed a motion activity 
health monitoring device and virtual system based 
on IoT assistance to address the challenges posed 
by traditional motion health monitoring and IoT 
devices. The system collected real-time interactive 
key health information through virtualized wear-
able devices, effectively monitored students' motion 
behavior, and enhanced their physical and mental 
health benefits [7]. Zhang et al. proposed a flexible 
single electrode TENG based on multi-walled car-
bon nanotubes/polydimethylsiloxane film to meet 
the demand for lightweight, low-cost, high flexibil-
ity, and high efficiency in modern portable energy. 
This generator collected mechanical energy from bi-
ological movements and effectively detected human 
motion as a sensor, thereby achieving multi-point 
distributed detection and wireless data transmis-
sion for portable intelligent terminals [30]. Xu et al. 
proposed a new method for human behavior moni-
toring using friction nanogenerator sensors for in-
telligent IoT health management, targeting the im-
pact of prolonged sitting, insufficient sleep, and lack 
of exercise on human health. This method achieved 
personalized motion monitoring through a single 
frictional nanogenerator sensor for intelligent in-
soles, constructed a health management system, and 
improved the ability to analyze and display individ-
ual health status [9]. Ding et al. proposed an auton-
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omous continuous sweat sensing system integrated 
into fingertips to address the limitations of current 
wearable health monitoring systems on energy sup-
ply, sensing capabilities, circuit regulation, and vol-
ume. The system utilized a wearable microgrid with 
self-voltage regulation based on enzyme biofuel cells 
and silver zinc chloride batteries to obtain and store 
bioenergy from sweat, and continuously supply 
sweat through permeation [25].
In addition, Wu et al. proposed an IoT real-time 
health monitoring system based on deep learning 
to address the evolving needs of remote healthcare 
in the context of the IoT, as well as the challenges 
of protecting athletes' lives and monitoring physio-
logical indicators in real-time. The system utilized 
wearable medical devices to measure vital signs and 
combined deep learning algorithms to analyze in-
formation, accurately analyzing athletes' conditions 
and remote medication guidance, and improving 
health monitoring efficiency and disease prevention 
capabilities [23]. Yıldırım et al. proposed a medical 
IoT framework based on wireless body area net-
works to address the urgent demand for new tech-
nologies and big data analysis in the healthcare field 
during the pandemic. This framework combined fog 
computing and cloud computing, and took diabetes 
prediction as an example. Through fuzzy logic de-
cision of fog computing and machine learning algo-
rithm of cloud computing, it realized efficient health 
big data analysis and diabetes prediction [28]. Saxe-
na et al. proposed a convolutional-recurrent neural 
network machine learning algorithm that combined 
convolutional neural networks and recurrent neural 
networks to address the challenges of health moni-
toring and evaluation of three-phase induction mo-
tors under abnormal operating conditions such as 
three-phase faults and line to ground faults. This 
method achieved health monitoring and evaluation 
of abnormal operating conditions by tracking fault 
current patterns and extracting key features [17]. 
Talaat et al. proposed a wearable sensor based pres-
sure monitoring algorithm and integrated electronic 
health monitoring system to address the potential 
of the IoT in the healthcare field and the demand 
for low-cost, automated prescriptions, and remote 
health monitoring. This system collected, processed, 
and analyzed human signals through wearable de-
vices, thereby improving the medical service level of 
medical institutions [24].

In summary, existing research has made progress in 
TENG energy harvesting, single physiological signal 
monitoring, and cloud-based intelligent analysis, but 
it mainly focuses on single-module optimization and 
has not yet addressed the system-level coordination 
problem between motion energy management and 
multi-modal health monitoring. Therefore, it is nec-
essary to construct a closed-loop architecture that 
deeply couples energy management and health mon-
itoring. Furthermore, some TENG-based machine 
learning gait assistance or single-modal behavior 
recognition systems have recently emerged, but these 
studies mostly use TENG as a single sensor signal 
source, focusing on gait or motion pattern classifica-
tion, and have not yet achieved the overall coupling of 
the energy link, sensing link, and health identification 
link. Their system structure still belongs to a linear 
"energy harvesting or sensing-recognition" process, 
which is difficult to support the continuous monitor-
ing needs of multi-modal health indicators.
Therefore, this research proposes a method for op-
timizing motion energy management and health 
monitoring based on a motion-driven TENG wear-
able terminal.  This method achieves efficient energy 
harvesting, stable conversion, and adaptive schedul-
ing through a composite TENG structure and pow-
er management circuit, and combines multi-source 
physiological signal fusion and deep learning models 
to enable the system to intelligently identify com-
plex health indicators such as arrhythmias, psycho-
logical stress, and emotional states. The innovation 
of this method lies in deeply coupling motion ener-
gy management and health monitoring, surpassing 
traditional TENG-based single-function sensing 
or behavior recognition modes, and constructing a 
closed-loop integrated architecture of "energy adap-
tive supply – multi-modal signal acquisition – intel-
ligent health identification," providing a new sys-
tematic path for low-power, long-term, and highly 
reliable applications of wearable systems.

3. Methods and Materials
This research addresses the limitations of exist-
ing wearable health monitoring methods, such as 
dependence on external power sources, incom-
plete signal acquisition, and insufficient accuracy 
in complex state recognition.  Based on advance-
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ments in energy harvesting and health monitoring, 
it proposes a method for optimizing kinetic energy 
management and health monitoring using a TENG-
based wearable device. By constructing a composite 
TENG structure and power management circuit at 
the energy level, kinetic energy is efficiently collect-
ed and stably supplied. By combining multi-source 
physiological signal preprocessing and deep learn-
ing models, multi-modal data is fused and analyzed 
to improve the recognition accuracy of complex 
health indicators. A closed-loop architecture of "en-
ergy adaptive-multi-modal acquisition-intelligent 
recognition" is built to provide feasible solutions for 
low-power, long-term health monitoring.

3.1. Motion Energy Management 
Optimization Model of Wearable Terminals 
Based on TENG
The existing wearable terminal devices commonly 
rely on batteries for energy supply, resulting in range 
anxiety, limited lifespan, and rigid volume limita-
tions, as well as low-efficiency of traditional energy 
harvesting technology in capturing low-frequency 
and non-stationary mechanical energy in the human 
body. Therefore, the research proposes an optimiza-
tion model for motion energy management of wear-
able terminals based on TENG. Through the com-
posite structure design of Soft Contact Triboelectric 
Nanogenerator (SC-TENG) and Three-Phase Mag-

netic Suspension/Levitation Electromagnetic Gen-
erator (TPS-EMG), human motion energy is effi-
ciently and wideband captured from the source. An 
end-to-end autonomous energy management chain 
is constructed, which includes "Charge Maximum 
Extraction Optimization (CMEO) → L-Inductor + 
C-Capacitor (LC) buffer impedance matching → 
Low static power stable output → Intelligent sched-
uling based on energy situation", achieving full op-
timization from mechanical energy acquisition, ef-
ficient extraction, stable conversion to on-demand 
distribution. The optimization model for motion 
management of wearable terminals based on TENG 
is shown in Figure 1.
Figure 1 shows the optimization model of motion 
energy management for wearable terminals based 
on TENG, this model is not directly derived from a 
single existing publication, but rather is formed by 
integrating research on the working mechanism 
of triboelectric nanogenerators, the single-cycle 
maximum energy extraction strategy (CMEO), LC 
impedance matching methods, and self-powered 
wearable systems. The model consists of three parts: 
a composite energy harvesting unit, a power man-
agement circuit, and an energy scheduling mecha-
nism, forming a complete self-powered closed-loop 
architecture. Firstly, in terms of energy harvesting, 
a hybrid structure combining SC-TENG and TPS-
EMG is adopted to efficiently collect low-frequency 
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Figure 1 Optimization model for motion energy management of a wearable terminal based on TENG 
proposed in this study. 
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Figure 1 
Optimization model for motion energy management of a wearable terminal based on TENG proposed in this study.
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micro amplitude energy during human motion, and 
the durability and energy stability of the device are 
improved through magnetic levitation and auto-
matic reset design. The wearable composite TENG 
structure design is shown in Figure 2.
Figure 2 shows the structural design of wearable 
composite TENG, which adopts a composite struc-
ture coupled with SC-TENG and TPS-EMG. SC-
TENG works by sliding a grating like rabbit hair lay-
er and a fluorinated ethylene propylene copolymer 
film on a forked electrode, significantly reducing 
wear through a soft contact mechanism, ensuring 
long-term durability (≥ 20,000 cycles), and output-
ting high voltage, low current pulsed alternating 
current. The open circuit voltage of its SC-TENG is 
shown in Equation (1) [31, 6, 26].
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in Figure 2. 
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Figure 2 Wearable composite TENG structure design. 
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Figure 2  
Wearable composite TENG structure design.

electrical output capability. Its value is proportion-
al to the frictional charge surface density σ and the 
time-varying separation distance d(t), and inversely 
proportional to the effective contact area S. ε0 is the 
vacuum dielectric constant. Equation (1) indicates 
that optimizing friction materials, optimizing motion 
structures, and designing electrode patterns are di-
rect ways to improve the performance of SC-TENG.
TPS-EMG consists of two layers of three-phase coils 
and a magnetic levitation pendulum. The magnetic 
levitation structure provides mechanical frequency 
increase and automatic reset functions, which are 
sensitive to human bio-mechanical motion. It out-
puts three-phase AC power and rectifies it before 
outputting. 
The two are integrated structurally through modu-
lar circuit board shells, complementing each other 
to expand the frequency band and instantaneous 
power of energy harvesting, jointly providing energy 
input for subsequent power management units.
Secondly, at the power management, an energy opti-
mization circuit link consisting of a three-phase rec-
tification module, a CMEO extraction module, a Buck 
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type energy buffer module, and a closed-loop chop-
per voltage stabilization module is designed. This 
not only effectively solves the high TENG output 
voltage, high internal resistance, and unstable sig-
nal, but also achieves single cycle energy extraction 
optimization through Metal-Oxide-Semiconductor 
(MOS) switches, improving energy conversion and 
storage efficiency. The power management circuit 
and energy optimization strategy of its composite 
TENG are shown in Figure 3.
Figure 3 shows the power management circuit 
and energy optimization strategy of the composite 
TENG. Firstly, the three-phase AC of TPS-EMG is 
rectified and converted into DC, while SC-TENG 
achieves efficient energy extraction through a CMEO 
circuit based on MOS switches, thus avoiding the 
drawbacks of large volume and difficult integration 
of traditional spark switches, as shown in Equation 
(2) [18, 21, 3].
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Figure 3   
Power management circuit and energy optimization strategy of composite TENG.

Equation (2) defines the ultimate optimization ob-
jective of the power management circuit. The sin-
gle cycle extracted energy Eextracted represents the 
absolute upper limit of energy that can be captured 
from the generator, and its value is proportional to 
the TENG equivalent capacitance CTENG (≈ 1.8nF) 
and the square of the peak open circuit voltage Vmax. 
Equation (3) indicates that the core task of CMEO 
circuit is to complete energy transmission at the 
moment when the voltage reaches Vmax, thereby max-
imizing Eextracted. Its performance is measured by ap-
proaching this theoretical value.
Secondly, after rectification and CMEO, a Buck to-
pology containing inductance and buffer capacitor is 
introduced as an energy buffer unit to reduce equiv-
alent source resistance, smooth pulses, and improve 
charging rate and load capacity. This indicates that 
the system performance is optimal when the buffer 
capacitor and inductance are optimally matched 
(such as C≈1.8 nF, L≈470μH). 
A closed-loop chopper type Buck voltage regulator 
module is used to convert the buffered electrical energy 
into a stable 3.3V output. Combined with the segment-
ed working mechanism and task priority scheduling of 
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the capacitor voltage threshold (about 0.5V), priority 
power supply for key health monitoring modules and 
adaptive optimization of overall energy are achieved. 
Finally, at the energy scheduling, dynamic power 
perception and priority allocation strategy are in-
troduced to adaptively allocate energy according to 
the intensity of motion energy input and the impor-
tance of different sensor loads, so as to achieve sta-
ble operation of key health monitoring modules and 
on-demand start and stop of non-key functions, thus 
ensuring long-term reliable operation of wearable 
terminals under low power consumption conditions. 
The energy scheduling and system adaptation mech-
anism are shown in Figure 4.
Figure 4 illustrates the energy scheduling and sys-
tem adaptation mechanism, aimed at addressing the 
intermittency and volatility of composite TENG out-
puts. This mechanism prioritizes terminal functions 
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Figure 4 Energy scheduling and system adaptation mechanism. 

Figure 4 illustrates the energy scheduling 
and system adaptation mechanism, aimed at 
addressing the intermittency and volatility 
of composite TENG outputs. This 
mechanism prioritizes terminal functions by 
monitoring the buffer capacitor voltage and 
input power status, combined with 
short-term energy prediction, and only 
guarantees core sensing tasks such as ECG 
and skin electrical activity when energy is 
insufficient. Local processing and periodic 
data uploading are allowed when the 
energy is moderate. High consumption 
functions such as wireless transmission and 
display are opened when there is excess 
energy or peak motion triggering. The 
short-term available energy prediction is 
shown in Equation (3) [15, 13]. 
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(about 0.5V) and hysteresis control to avoid 
frequent switching, and is coordinated by a 
low-power microcontroller unit to control 
CMEO, buffering, and voltage stabilization 
modules, achieving an adaptive power 
supply strategy of "key functions are 
normally on, no-key functions are started 
and stopped as needed", thereby improving 
the stability and energy efficiency utilization 
of wearable terminals.  

3.2 Health Monitoring Method Based on 
Motion Energy Management Optimization 
Model and Deep Learning 

Aiming at the high signal noise, incomplete 
data, and insufficient recognition accuracy 
of complex states in wearable health 
monitoring, a health monitoring method 
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ing are allowed when the energy is moderate. High 
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by the product of the current average input power 
P̄in[k] and the predicted time window Twindow, as well 
as the predicted value Epredicted[k–1] of the previous 
cycle. The importance of historical information and 
the latest observed data is dynamically balanced 
through a smoothing factor α. Equation (6) con-
cretizes the "short-term moving average" predictor 
in the form of an exponentially weighted moving 
average algorithm. This enables low-power micro-
controller units to predict short-term energy trends 
with minimal computational overhead, providing 
critical data input for subsequent mode switching.
The system adopts a voltage threshold (about 0.5V) 
and hysteresis control to avoid frequent switching, 
and is coordinated by a low-power microcontroller 
unit to control CMEO, buffering, and voltage stabili-
zation modules, achieving an adaptive power supply 
strategy of "key functions are normally on, no-key 

functions are started and stopped as needed", there-
by improving the stability and energy efficiency uti-
lization of wearable terminals. 

3.2. Health Monitoring Method Based on 
Motion Energy Management Optimization 
Model and Deep Learning
Aiming at the high signal noise, incomplete data, 
and insufficient recognition accuracy of complex 
states in wearable health monitoring, a health 
monitoring method based on motion energy man-
agement optimization model and deep learning is 
proposed. Supported by stable energy provided by 
composite TENG, the integrity and temporal con-
sistency of physiological data such as ECG, EDA, 
PPG, body temperature, and blood oxygen are im-
proved through multi-source sensor fusion and uni-
fied preprocessing. Then, by combining multi-head 

based on motion energy management 
optimization model and deep learning is 
proposed. Supported by stable energy 
provided by composite TENG, the integrity 
and temporal consistency of physiological 
data such as ECG, EDA, PPG, body 
temperature, and blood oxygen are 
improved through multi-source sensor 
fusion and unified preprocessing. Then, by 
combining multi-head self-attention and 

convolutional attention mechanisms, 
cross-modal feature modeling is achieved, 
effectively enhancing the recognition 
accuracy and robustness of arrhythmia, 
psychological stress, and emotional states, 
thereby constructing a low-power, 
long-term closed-loop health monitoring 
system. The health monitoring method is 
shown in Figure 5. 
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Figure 5 Health monitoring method based on the optimization model of exercise energy management. 

Figure 5 shows the architecture diagram of a 
health monitoring method based on a 
motion energy management optimization 
model and deep learning. Through the 
integrated design of "energy supply-signal 
acquisition-intelligent recognition", 
low-power and multi-modal physiological 
state monitoring is achieved. Relying on the 
stable energy output provided by the 
composite TENG and power management 

circuit, the terminal can continuously drive 
multi-source sensors to collect physiological 
signals such as ECG, EDA, PPG, body 
temperature, and blood oxygen. All signals 
are preprocessed through unified sampling, 
filtering, normalization, and time alignment. 
The multi-source physiological signal 
acquisition and preprocessing module is 
shown in Figure 6. 

Figure 5   
Health monitoring method based on the optimization model of exercise energy management.
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self-attention and convolutional attention mecha-
nisms, cross-modal feature modeling is achieved, 
effectively enhancing the recognition accuracy and 
robustness of arrhythmia, psychological stress, and 
emotional states, thereby constructing a low-pow-
er, long-term closed-loop health monitoring system. 
The health monitoring method is shown in Figure 5.
Figure 5 shows the architecture diagram of a health 
monitoring method based on a motion energy man-
agement optimization model and deep learning. 
Through the integrated design of "energy supply-sig-
nal acquisition-intelligent recognition", low-power 
and multi-modal physiological state monitoring is 
achieved. Relying on the stable energy output provid-
ed by the composite TENG and power management 
circuit, the terminal can continuously drive multi-
source sensors to collect physiological signals such as 
ECG, EDA, PPG, body temperature, and blood oxygen. 
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Figure 6 Multi-source physiological signal acquisition and preprocessing module. 

Figure 6 shows the multi-source 
physiological signal acquisition and 
preprocessing module. With the energy 
support of the sports energy management 
optimization model, multi-modal health 
data synchronization acquisition and 
standardization processing have been 
achieved. The terminal integrates multiple 
types of sensors such as ECG, EDA, PPG, 
body temperature, and blood oxygen, and 
synchronously samples through a unified 
clock to ensure alignment and comparability 
of different signals in the time dimension. 
To address the noise, baseline drift, and 
missing values in the original signal, the 
module first uses filtering and wavelet 
transform for denoising and baseline 
correction, as shown in Equation (4) [1]. 
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applied to the detail coefficients. By 
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and retaining large amplitude coefficients, 
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are used to reconstruct the pure signal ( )x t  
after removing noise and correcting the 
baseline. This process synchronously solves 
the two major problems of high-frequency 
noise filtering and low-frequency baseline 
drift correction, and is a core mathematical 
tool for processing non-stationary 
physiological signals. 

Subsequently, the time scale and amplitude 
range of various signals are unified through 
resampling and normalization methods. 
Finally, the interpolation and missing value 
completion strategy is used to generate 
complete and continuous multi-modal data 
sequences. 

After processing by this module, the original 
irregular physiological signals are 
transformed into high-quality and 
standardized input data, providing a 
reliable data foundation for feature 
extraction and health status recognition of 
subsequent deep learning models. 

Subsequently, the processed information is 
input into a deep learning model. Among 
them, the multi-head self-attention network 

Figure 6    
Multi-source physiological signal acquisition and preprocessing module.

All signals are preprocessed through unified sam-
pling, filtering, normalization, and time alignment. 
The multi-source physiological signal acquisition 
and preprocessing module is shown in Figure 6.
Figure 6 shows the multi-source physiological sig-
nal acquisition and preprocessing module. With the 
energy support of the sports energy management op-
timization model, multi-modal health data synchro-
nization acquisition and standardization processing 
have been achieved. The terminal integrates multiple 
types of sensors such as ECG, EDA, PPG, body tem-
perature, and blood oxygen, and synchronously sam-
ples through a unified clock to ensure alignment and 
comparability of different signals in the time dimen-
sion. To address the noise, baseline drift, and missing 
values in the original signal, the module first uses fil-
tering and wavelet transform for denoising and base-
line correction, as shown in Equation (4) [1].
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preprocessing module. With the energy 
support of the sports energy management 
optimization model, multi-modal health 
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standardization processing have been 
achieved. The terminal integrates multiple 
types of sensors such as ECG, EDA, PPG, 
body temperature, and blood oxygen, and 
synchronously samples through a unified 
clock to ensure alignment and comparability 
of different signals in the time dimension. 
To address the noise, baseline drift, and 
missing values in the original signal, the 
module first uses filtering and wavelet 
transform for denoising and baseline 
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After processing by this module, the original 
irregular physiological signals are 
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standardized input data, providing a 
reliable data foundation for feature 
extraction and health status recognition of 
subsequent deep learning models. 
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In Equation (4), the model first decomposes the orig-
inal signal x(t) into approximation coefficients cJ,k 
(capturing low-frequency baseline components) and 
detail coefficients dj,k (including high-frequency de-
tails and noise), where the number of decomposition 
layers J controls the scale depth of the processing. 
Subsequently, a threshold function ηT (threshold T is 
used to distinguish noise from effective signals) is ap-
plied to the detail coefficients. By suppressing small 
amplitude coefficients and retaining large amplitude 
coefficients, the processed coefficients cJ,k and d'j,k are 
used to reconstruct the pure signal x̃(t) after removing 
noise and correcting the baseline. This process syn-
chronously solves the two major problems of high-fre-
quency noise filtering and low-frequency baseline 
drift correction, and is a core mathematical tool for 
processing non-stationary physiological signals.
Subsequently, the time scale and amplitude range of 
various signals are unified through resampling and 
normalization methods. Finally, the interpolation and 
missing value completion strategy is used to generate 
complete and continuous multi-modal data sequences.
After processing by this module, the original irregular 
physiological signals are transformed into high-qual-
ity and standardized input data, providing a reliable 
data foundation for feature extraction and health sta-
tus recognition of subsequent deep learning models.
Subsequently, the processed information is input 
into a deep learning model. Among them, the multi-
head self-attention network is used to capture the 
long-range dependencies of temporal signals such 
as ECG, identifying arrhythmia and cardiovascular 
risk. The multi-channel convolution combined with 
attention mechanism model is used to fuse and ana-
lyze multi-modal features such as EDA and PPG for 
classifying and evaluating psychological stress and 
emotional states. With the support of energy schedul-
ing mechanism, this method can adaptively adjust the 
sampling rate and model call according to the energy 
supply status, thereby ensuring the continuity and 
reliability of key health monitoring tasks under lim-
ited energy conditions. The health status recognition 
model based on deep learning is shown in Figure 7.

Figure 7 shows a health status recognition model based 
on deep learning. Firstly, a multi-channel convolutional 
layer is used to extract local temporal features of signals 
such as ECG, EDA, PPG, body temperature, and blood 
oxygen. The multi-scale convolution kernel is used to 
enhance the cross-modal feature fusion ability. Subse-
quently, a multi-head self-attention mechanism is intro-
duced to model global temporal dependencies to capture 
long-term abnormal patterns such as arrhythmia. Its 
multi-head attention is shown in Equation (5) [16, 22].

is used to capture the long-range 
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cardiovascular risk. The multi-channel 
convolution combined with attention 
mechanism model is used to fuse and 
analyze multi-modal features such as EDA 
and PPG for classifying and evaluating 
psychological stress and emotional states. 

With the support of energy scheduling 
mechanism, this method can adaptively 
adjust the sampling rate and model call 
according to the energy supply status, 
thereby ensuring the continuity and 
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under limited energy conditions. The health 
status recognition model based on deep 
learning is shown in Figure 7. 
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Figure 7 A health status recognition model based on deep learning. 

Figure 7 shows a health status recognition 
model based on deep learning. Firstly, a 
multi-channel convolutional layer is used to 
extract local temporal features of signals 
such as ECG, EDA, PPG, body temperature, 
and blood oxygen. The multi-scale 
convolution kernel is used to enhance the 
cross-modal feature fusion ability. 
Subsequently, a multi-head self-attention 
mechanism is introduced to model global 
temporal dependencies to capture long-term 

abnormal patterns such as arrhythmia. Its 
multi-head attention is shown in Equation 
(5) [16, 22]. 
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In Equation (5), the multi-head self-attention 
mechanism equation enhances the model's 

(5)

In Equation (5), the multi-head self-attention mech-
anism equation enhances the model's ability to cap-
ture long-term relationships through a parallelization 
strategy. This mechanism maps input features into 
query matrix Q, key matrix K, and value matrix  V, and 
calculates the scaled dot product of Q and K (divided 
by the square root of the key vector dimension dk to 
stabilize the gradient) and normalizes it with a Soft-
max function to obtain attention weights. Then, V is 
weighted and summed to obtain a single head output 
headi. Finally, the outputs of multiple attention heads 
(with a total of h) are concatenated and fused through a 
linear transformation matrix   WO to generate the final 
multi-head attention result. Among them, Wi

Q, Wi
K, and 

Wi
V are unique learnable parameter matrices for each 

head, enabling the model to pay parallel attention to 
long-range dependency information in different rep-
resentation sub-spaces of the input sequence, thereby 
enhancing sensitivity to key temporal patterns.
Channel attention and temporal attention modules 
are overlaid on the convolutional features to high-
light the modalities and key time segments that are 
more sensitive to psychological stress and emotion-
al states. The channel attention module is shown in 
Equation (6) [29, 12].
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is used to capture the long-range 
dependencies of temporal signals such as 
ECG, identifying arrhythmia and 
cardiovascular risk. The multi-channel 
convolution combined with attention 
mechanism model is used to fuse and 
analyze multi-modal features such as EDA 
and PPG for classifying and evaluating 
psychological stress and emotional states. 

With the support of energy scheduling 
mechanism, this method can adaptively 
adjust the sampling rate and model call 
according to the energy supply status, 
thereby ensuring the continuity and 
reliability of key health monitoring tasks 
under limited energy conditions. The health 
status recognition model based on deep 
learning is shown in Figure 7. 
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Figure 7 shows a health status recognition 
model based on deep learning. Firstly, a 
multi-channel convolutional layer is used to 
extract local temporal features of signals 
such as ECG, EDA, PPG, body temperature, 
and blood oxygen. The multi-scale 
convolution kernel is used to enhance the 
cross-modal feature fusion ability. 
Subsequently, a multi-head self-attention 
mechanism is introduced to model global 
temporal dependencies to capture long-term 

abnormal patterns such as arrhythmia. Its 
multi-head attention is shown in Equation 
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In Equation (6), the channel attention module equa-
tion adaptively fuses multi-modal signals through 
feature re-weighting. This module first performs 
global average pooling on the features xc of each 
channel to obtain channel level statistics zc. Then, it 
learns inter channel correlations through a bottle-
neck structure composed of two fully connected lay-
er weights W1 and W2 (activated by ReLU δ). Finally, 
the Sigmoid activation function σ generates a chan-
nel attention weight sc between 0 and 1. This weight 
is multiplied with the original feature xc to obtain a 
re-calibrated feature x̃c, which enables the model to 

automatically strengthen the modes that contribute 
significantly to the current task and weaken unim-
portant modes, adaptively optimizing and integrat-
ing multi-source features.
Finally, the multi-task classification and risk as-
sessment of health status are completed through the 
fully connected layer, intelligently recognizing car-
diovascular risk, stress levels, and emotional states. 
The overall model works in conjunction with the 
energy management mechanism, balancing recogni-
tion accuracy and real-time performance while en-
suring low-power operation.
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Symbol Description

TENG Triboelectric Nanogenerator

SC-TENG Soft-Contact Triboelectric  
Nanogenerator

TPS-EMG Three-Phase Magnetic Suspension Elec-
tromagnetic Generator

TPS-EMG Three-Phase Magnetic Suspension Elec-
tromagnetic Generator

Voc  Open-circuit output voltage of the TENG

Vmax
Peak output voltage of the TENG  

within a single cycle

CTENG Equivalent capacitance of the TENG

Eextracted  Maximum extractable energy per cycle

CMEO Charge Maximum Extraction Optimization

Epreticted  Predicted short-term available energy

ECG Electrocardiogram

EDA Electrodermal Activity

PPG Photoplethysmography

Table 1 
Nomenclature of key symbols used in this study.

harvesting units (SC-TENG and TPS-EMG). The 
output signal is processed by three-phase rectifica-
tion, CMEO circuit, LC buffer, and Buck voltage sta-
bilization circuit, and finally supplies power to the 
load module. The signal acquisition uses Keysight 
DSOX2024A oscilloscope and Yokogawa WT310 
power analyzer, with a sampling rate of not less 
than 100kHz, to accurately record pulse waveform 
and transient power. The experimental procedure 
is as follows: first, drive TENG/EMG at different 
frequencies and amplitudes, and record its original 
output characteristics. Subsequently, three control 
circuits (direct rectification, rectification+capacitor 
energy storage, traditional Buck stabilization) and 
the proposed experimental circuit are sequentially 
connected to compare the output voltage stability, 
energy extraction efficiency, impedance matching 
performance, end-to-end power transmission effi-
ciency, and load availability. Finally, combined with 
energy scheduling strategies, the continuous oper-
ation capability of key health monitoring sensors is 
verified in the event of insufficient energy supply.
The experiment first conducts tests on energy output 
and power management effectiveness, selecting SC-
TENG unit+bridge rectifier, TPS-EMG unit+bridge 
rectifier, and SC+TPS parallel connection+rectifier 
as controls. The test bench drives WHG with differ-
ent amplitudes (maintaining amplitude/frequency 
correlation), records Voc/Isc (oscilloscope), single 
cycle energy (through integrated power or charge 
meter), and frequency spectrum (FFT). Each fre-
quency point is repeated 5 times to take the average. 
The experimental results are shown in Figure 8. 
According to Figure 8, under 3.0Hz driving, the aver-
age output power of the proposed composite TENG 
reached 1,057.20μW, which was 1011.30μW and 
741.60μW higher than that of SC-TENG (45.90μW) 
and TPS-EMG (315.60μW), respectively. In the sin-
gle-cycle energy test, the composite TENG reached 
352.40μJ, with an increase of 226.60μJ compared to 
the 125.80μJ of SC+TPS parallel connection, and an 
increase of 247.20μJ compared to the 105.20μJ of 
TPS-EMG. Moreover, all frequency points showed a 
synchronous increase in power and energy with the 
increase of driving frequency, proving that the com-
posite structure and complete power management 
strategy improved energy capture and conversion ef-
ficiency. Next, extraction efficiency and end-to-end 
efficiency tests were conducted. For each external 

For ease of reading, the main symbols used in this 
study and their physical meanings are summarized 
in Table 1.

4. Results
4.1. Verification of Motion Energy 
Management Optimization for Composite 
TENG Wearable Terminals
To verify the reliability of the motion energy man-
agement optimization and health monitoring meth-
od based on the motion TENG wearable terminal, 
experimental performance verification and analysis 
are conducted. Firstly, the optimized motion energy 
management based on TENG wearable terminals 
is verified. An experiment platform is built and a 
complete energy harvesting and management per-
formance testing process is designed. The experi-
mental environment simulates human motion us-
ing a linear push-pull platform (frequency 0.1-5Hz, 
amplitude 0.5-10cm) and drives composite energy 
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load impedance, the open circuit voltage was mea-
sured under standard driving conditions, and then 
the energy extraction efficiency and system end-to-
end efficiency of each group were measured sepa-
rately. Each point is repeated 5 times. The control 
group is the same as above, and its experimental re-
sults are shown in Figure 9.
According to Figure 9, under a low impedance load 
of 1kΩ, the end-to-end efficiency of the composite 

Figure 8 
Single-cycle energy and average power depend on the driving frequency.

TENG was 78.50%, which was 58.35% higher than 
the 20.15% of SC+TPS parallel connection, 60% 
higher than the 18.50% of TPS-EMG, and 76.40% 
higher than the 2.10% of SC-TENG. Moreover, the 
extraction efficiency of composite TENG reached 
95.20%, which was 66.50% higher than the 28.70% of 
SC+TPS parallel connection and 86.70% higher than 
the 8.50% of SC-TENG. The end-to-end efficiency 
of the experimental group reached a peak of 88.90% 

Figure 9 
The variation of terminal extraction efficiency and end-to-end efficiency with load impedance.

(b) End-to-end efficiency comparison(a) Comparison of extraction efficiency

than that of SC-TENG (45.90µW) and 
TPS-EMG (315.60µW), respectively. In the 
single-cycle energy test, the composite 
TENG reached 352.40µJ, with an increase of 
226.60µJ compared to the 125.80µJ of 
SC+TPS parallel connection, and an increase 
of 247.20µJ compared to the 105.20µJ of 
TPS-EMG. Moreover, all frequency points 
showed a synchronous increase in power 
and energy with the increase of driving 
frequency, proving that the composite 
structure and complete power management 

strategy improved energy capture and 
conversion efficiency. Next, extraction 
efficiency and end-to-end efficiency tests 
were conducted. For each external load 
impedance, the open circuit voltage was 
measured under standard driving 
conditions, and then the energy extraction 
efficiency and system end-to-end efficiency 
of each group were measured separately. 
Each point is repeated 5 times. The control 
group is the same as above, and its 
experimental results are shown in Figure 9. 
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Figure 9 The variation of terminal extraction efficiency and end-to-end efficiency with load impedance. 

According to Figure 9, under a low 
-to-end 

efficiency of the composite TENG was 
78.50%, which was 58.35% higher than the 
20.15% of SC+TPS parallel connection, 60% 
higher than the 18.50% of TPS-EMG, and 
76.40% higher than the 2.10% of SC-TENG. 
Moreover, the extraction efficiency of 
composite TENG reached 95.20%, which 
was 66.50% higher than the 28.70% of 
SC+TPS parallel connection and 86.70% 
higher than the 8.50% of SC-TENG. The 
end-to-end efficiency of the experimental 

proving that the complete power 
management strategy optimizes energy 
extraction and conversion efficiency in a 
wide load range. 

Next, the impact of buffer parameter 
scanning on energy transmission and 
steady-state capability is tested, with 
composite TENG+CMEO and only 
composite TENG selected as controls. Th 
fixed drive is f=1.5Hz, various indicators are 
tested at different buffer parameter points. 
The presence/absence of CMEO is compared 
and each point is repeated 5 times. The 
experimental results are shown in Figure 10. 
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proving that the complete power 
management strategy optimizes energy 
extraction and conversion efficiency in a 
wide load range. 

Next, the impact of buffer parameter 
scanning on energy transmission and 
steady-state capability is tested, with 
composite TENG+CMEO and only 
composite TENG selected as controls. Th 
fixed drive is f=1.5Hz, various indicators are 
tested at different buffer parameter points. 
The presence/absence of CMEO is compared 
and each point is repeated 5 times. The 
experimental results are shown in Figure 10. 
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4. Results 
4.1 Verification of Motion Energy 
Management Optimization for Composite 
TENG Wearable Terminals 

To verify the reliability of the motion energy 
management optimization and health 
monitoring method based on the motion 
TENG wearable terminal, experimental 
performance verification and analysis are 
conducted. Firstly, the optimized motion 
energy management based on TENG 
wearable terminals is verified. An 
experiment platform is built and a complete 
energy harvesting and management 
performance testing process is designed. 
The experimental environment simulates 
human motion using a linear push-pull 
platform (frequency 0.1-5Hz, amplitude 
0.5-10cm) and drives composite energy 
harvesting units (SC-TENG and TPS-EMG). 
The output signal is processed by 
three-phase rectification, CMEO circuit, LC 
buffer, and Buck voltage stabilization circuit, 
and finally supplies power to the load 
module. The signal acquisition uses 
Keysight DSOX2024A oscilloscope and 
Yokogawa WT310 power analyzer, with a 
sampling rate of not less than 100kHz, to 
accurately record pulse waveform and 
transient power. The experimental 
procedure is as follows: first, drive 

TENG/EMG at different frequencies and 
amplitudes, and record its original output 
characteristics. Subsequently, three control 
circuits (direct rectification, 
rectification+capacitor energy storage, 
traditional Buck stabilization) and the 
proposed experimental circuit are 
sequentially connected to compare the 
output voltage stability, energy extraction 
efficiency, impedance matching 
performance, end-to-end power 
transmission efficiency, and load 
availability. Finally, combined with energy 
scheduling strategies, the continuous 
operation capability of key health 
monitoring sensors is verified in the event of 
insufficient energy supply. 

The experiment first conducts tests on 
energy output and power management 
effectiveness, selecting SC-TENG 
unit+bridge rectifier, TPS-EMG unit+bridge 
rectifier, and SC+TPS parallel 
connection+rectifier as controls. The test 
bench drives WHG with different 
amplitudes (maintaining 
amplitude/frequency correlation), records 
Voc/Isc (oscilloscope), single cycle energy 
(through integrated power or charge meter), 
and frequency spectrum (FFT). Each 
frequency point is repeated 5 times to take 
the average. The experimental results are 
shown in Figure 8.
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Figure 8 Single-cycle energy and average power depend on the driving frequency. 

According to Figure 8, under 3.0Hz driving, 
the average output power of the proposed 

composite TENG reached 1,057.20µW, 
which was 1011.30µW and 741.60µW higher 
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at 100kΩ, proving that the complete power manage-
ment strategy optimizes energy extraction and con-
version efficiency in a wide load range.
Next, the impact of buffer parameter scanning on 
energy transmission and steady-state capability is 
tested, with composite TENG+CMEO and only com-
posite TENG selected as controls. Th fixed drive is 
f=1.5Hz, various indicators are tested at different buf-
fer parameter points. The presence/absence of CMEO 
is compared and each point is repeated 5 times. The 
experimental results are shown in Figure 10.
From Figure 10, under the optimal buffer parame-
ter (2.0nF), the energy transmission efficiency of 
the complete composite TENG reached a peak of 
89.67%, and the voltage stabilization duration was 
as long as 1,320 minutes. Compared with the com-
posite TENG+buffer, the efficiency was improved by 
30.77% and the duration was extended by 1,109.55 
minutes. Compared with the composite TENG+C-
MEO+buffer, the efficiency was further improved by 
7.52% and the duration increased by 334.25 minutes. 
This fully validated the high sensitivity of system 
performance to buffer parameters and the effective-
ness of theoretical optimal configuration.
Next, the experiment is conducted to test the sys-
tem availability and critical task assurance under 
energy scheduling, using composite TENG, com-
posite TENG+Dispatch, and composite TENG+Dis-

Figure 10  
The influence of buffer parameter scanning on energy transmission and steady-state capacity
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Figure 10 The influence of buffer parameter scanning on energy transmission and steady-state capacity 

From Figure 10, under the optimal buffer 
parameter (2.0nF), the energy transmission 
efficiency of the complete composite TENG 
reached a peak of 89.67%, and the voltage 
stabilization duration was as long as 1,320 
minutes. Compared with the composite 
TENG+buffer, the efficiency was improved 
by 30.77% and the duration was extended by 
1,109.55 minutes. Compared with the 
composite TENG+CMEO+buffer, the 
efficiency was further improved by 7.52% 
and the duration increased by 334.25 
minutes. This fully validated the high 
sensitivity of system performance to buffer 
parameters and the effectiveness of 

theoretical optimal configuration. 

Next, the experiment is conducted to test the 
system availability and critical task 
assurance under energy scheduling, using 
composite TENG, composite 
TENG+Dispatch, and composite 
TENG+Dispatch+Buffer as controls. 
Intermittent motion peaks (with different 
event rates) are simulated using controllable 
benches or manually manufactured 
sequences containing random events. The 
indicators of each group are recorded within 
8 or 24 hours, repeating 3 times. The 
experimental results are shown in Figure 11. 
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Figure 11 System availability and critical mission assurance testing under energy scheduling. 

According to Figure 11, at an input of 30 
events/min, the critical task availability rate 
of the complete composite TENG reached 

99.50%, which was 17.20% higher than that 
of the composite TENG+Dispatch of 82.30% 
and 7% higher than that of the composite 
TENG+Dispatch+Buffer of 92.50%. The 
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Figure 10 The influence of buffer parameter scanning on energy transmission and steady-state capacity 

From Figure 10, under the optimal buffer 
parameter (2.0nF), the energy transmission 
efficiency of the complete composite TENG 
reached a peak of 89.67%, and the voltage 
stabilization duration was as long as 1,320 
minutes. Compared with the composite 
TENG+buffer, the efficiency was improved 
by 30.77% and the duration was extended by 
1,109.55 minutes. Compared with the 
composite TENG+CMEO+buffer, the 
efficiency was further improved by 7.52% 
and the duration increased by 334.25 
minutes. This fully validated the high 
sensitivity of system performance to buffer 
parameters and the effectiveness of 
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system availability and critical task 
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TENG+Dispatch, and composite 
TENG+Dispatch+Buffer as controls. 
Intermittent motion peaks (with different 
event rates) are simulated using controllable 
benches or manually manufactured 
sequences containing random events. The 
indicators of each group are recorded within 
8 or 24 hours, repeating 3 times. The 
experimental results are shown in Figure 11. 
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Figure 11 System availability and critical mission assurance testing under energy scheduling. 

According to Figure 11, at an input of 30 
events/min, the critical task availability rate 
of the complete composite TENG reached 

99.50%, which was 17.20% higher than that 
of the composite TENG+Dispatch of 82.30% 
and 7% higher than that of the composite 
TENG+Dispatch+Buffer of 92.50%. The 

patch+Buffer as controls. Intermittent motion peaks 
(with different event rates) are simulated using 
controllable benches or manually manufactured se-
quences containing random events. The indicators 
of each group are recorded within 8 or 24 hours, re-
peating 3 times. The experimental results are shown 
in Figure 11.
According to Figure 11, at an input of 30 events/min, 
the critical task availability rate of the complete com-
posite TENG reached 99.50%, which was 17.20% 
higher than that of the composite TENG+Dispatch 
of 82.30% and 7% higher than that of the composite 
TENG+Dispatch+Buffer of 92.50%. The successful 
upload rate reached 756.45 times/hour, 394.95 times 
more than the 361.50 times of single composite TENG, 
and 200.55 times more than the 555.90 times of com-
posite TENG+Dispatch. Moreover, both indicators of 
the experimental group remained the highest at all 
event rates, proving that the intelligent scheduling 
mechanism improved the reliability and performance 
of the system in intermittent energy scenarios.

4.2. Validation of Health Monitoring Method 
Based on Motion Energy Management 
Optimization Model and Deep Learning

To verify the reliability and usefulness of the health 
monitoring method based on the kinetic energy 
management optimization model and deep learning, 
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Figure 11 
System availability and critical mission assurance testing under energy scheduling.
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Figure 10 The influence of buffer parameter scanning on energy transmission and steady-state capacity 

From Figure 10, under the optimal buffer 
parameter (2.0nF), the energy transmission 
efficiency of the complete composite TENG 
reached a peak of 89.67%, and the voltage 
stabilization duration was as long as 1,320 
minutes. Compared with the composite 
TENG+buffer, the efficiency was improved 
by 30.77% and the duration was extended by 
1,109.55 minutes. Compared with the 
composite TENG+CMEO+buffer, the 
efficiency was further improved by 7.52% 
and the duration increased by 334.25 
minutes. This fully validated the high 
sensitivity of system performance to buffer 
parameters and the effectiveness of 

theoretical optimal configuration. 

Next, the experiment is conducted to test the 
system availability and critical task 
assurance under energy scheduling, using 
composite TENG, composite 
TENG+Dispatch, and composite 
TENG+Dispatch+Buffer as controls. 
Intermittent motion peaks (with different 
event rates) are simulated using controllable 
benches or manually manufactured 
sequences containing random events. The 
indicators of each group are recorded within 
8 or 24 hours, repeating 3 times. The 
experimental results are shown in Figure 11. 
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According to Figure 11, at an input of 30 
events/min, the critical task availability rate 
of the complete composite TENG reached 

99.50%, which was 17.20% higher than that 
of the composite TENG+Dispatch of 82.30% 
and 7% higher than that of the composite 
TENG+Dispatch+Buffer of 92.50%. The 

experimental performance verification and analy-
sis were conducted. The experiment was completed 
under controlled laboratory conditions, using a test 
bench and simulated motion scenarios to perform 
closed-loop verification of the composite TENG en-
ergy harvesting, power management, circuit sched-
uling, and multimodal health monitoring processes. 
This was done to evaluate the system's operational 

stability, functional integrity, and performance lim-
its under energy-constrained conditions. First, a 
unified experimental environment and system pa-
rameters were configured, and joint testing of the 
energy harvesting, energy management, and health 
monitoring modules was performed. The specific 
experimental environment and key parameters are 
shown in Table 2. 

Experimental environment Key configuration

Hardware

CPU Intel i9-11900K Friction layer The FEP film thickness is 
50 μm network

GPU NVIDIA RTX 3090 Electrode Pattern Interdigitated electrodes, 
period 500 μm

RAM 32GB Contact Pressure 0.5–1.0 N

0torage 1TB SSD Magnet NdFeB, diameter 10 mm

Operating system Linux Suspension Gap 1.0mm

Software

Deep learning framework PyTorch 1.10 Batch size 128

CUDA version CUDA 11.x Number of Attention Heads 8

Python version Python 3.8 Preprocessing Wavelet denoising 

Dependency library NumPy,Pandas Dropout 0.3

Table 2 
Experimental environment and key parameters.
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Figure 12  
Performance verification of deep learning models for complex health status recognition. 
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Evaluation dimension Raw Signal Filtering  
Preprocessing

Single-Modality 
Preprocessing

Health Monitoring 
Model

SNR Improvement (dB) - 5.83 ± 0.87 7.25 ± 0.76 15.47 ± 0.55

Signal Completeness (%) 85.15 ± 2.33 88.92 ± 1.95 91.63 ± 1.24 98.25 ± 0.88

Time Synchronization Error (ms) 42.36 ± 3.21 25.71 ± 2.54 18.94 ± 1.98 3.82 ± 0.45

Classification Accuracy 0.72 ± 0.03 0.78 ± 0.02 0.82 ± 0.02 0.94 ± 0.01

Table 3 
Verification of the improvement of health monitoring performance by signal preprocessing.
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Table 2 shows the environment and key parameters 
of this experiment. The AMIGOS Dataset and DEAP 
Dataset were selected as the datasets for this exper-
iment. Among them, the AMIGOS Dataset contains 
multi-modal physiological signals such as ECG, 
EDA, PPG, and video emotion labels, while the DEAP 
Dataset contains multi-channel physiological sig-
nals and annotation information based on emotional 
dimensions. Firstly, the experiment was conducted 
to verify the improvement of health monitoring per-
formance through signal preprocessing, selecting 
raw data, filtering processing, and single-modality 
preprocessing as controls. The experimental results 
are shown in Table 3.
According to Table 3, the performance of the health 
monitoring model was superior to all control groups, 
with a signal-to-noise ratio (15.47dB) significant-
ly higher than that of traditional single-mode pre-
processing (7.25dB) and traditional filtering pre-
processing (5.83dB). The signal completeness rate 
reached 98.25%, which was higher than the 91.63% 
of traditional single-mode preprocessing. The time 
synchronization error was only 3.82ms, which was 
significantly reduced compared to the traditional 
single-mode preprocessing of 18.94ms. The final 
classification accuracy was improved to 0.94, sig-
nificantly higher than that of the traditional sin-
gle-modal preprocessing (0.82), demonstrating the 
effectiveness of the proposed model in improving 
signal quality and classification performance. Next, 
experiments are conducted to validate the perfor-
mance of deep learning models for complex health 
state recognition. SVM, CNN, and LSTM are se-
lected as controls, and the experimental results are 
shown in Figure 12.

According to Figure 12, the comprehensive per-
formance of the health monitoring model was the 
best, with significantly higher classification accu-
racy (0.936), macro F1 score (0.921), and AUC val-
ue (0.974) than those of LSTM (0.862, 0.843, and 
0.913), single channel CNN (0.851, 0.827, and 0.901), 
and SVM (0.823, 0.795, and 0.879). In terms of noise 
robustness, the performance degradation rate of 
the experimental group was only 5.80%, far lower 
than that of the single-modal LSTM (13.20%), sin-
gle-channel CNN (15.30%), and SVM (18.75%), ful-
ly demonstrating its excellent recognition ability 
and stability. Finally, the stability verification of the 
overall closed-loop architecture under energy limit-
ed conditions is conducted in the experiment, with 
battery-powered+SVM, battery-powered+CNN, and 
TENG-powered+LSTM selected as controls. The 
experimental results are shown in Table 4.
According to Table 4, the proposed method had the 
best stability under energy limited conditions, and 
its system stable operation time (18.60h) was sig-
nificantly longer than that of TENG powered+L-
STM (8.75h), battery-powered+CNN (3.20h), and 
battery-powered+SVM (4.50h). The effective mon-
itoring coverage rate (77.50%) increased by 41.04% 
compared to TENG-powered+LSTM (36.46%). The 
overall recognition accuracy (0.913) was higher 
than that of battery-powered+CNN (0.83), bat-
tery-powered+SVM (0.78), and TENG-powered+L-
STM (0.79). The average system power consump-
tion (4.80mW) was lower than that of all control 
groups, especially significantly reduced compared 
to battery-powered systems, demonstrating its su-
periority in high efficiency, energy saving, and sus-
tainable operation.

Evaluation dimension Battery- 
powered+SVM

Battery- 
powered+CNN

TENG- 
powered+LSTM Proposed Method

Stable Operation Time (h) 4.50 ± 0.35 3.20 ± 0.28 8.75 ± 0.82 18.60 ± 1.05

Effective Monitoring Coverage (%) 18.75 ± 1.62 13.33 ± 1.45 36.46 ± 3.21 77.50 ± 2.88

Core Task Availability (%) 95.20 ± 1.25 93.50 ± 1.42 78.30 ± 3.55 88.90 ± 1.85

Overall Accuracy 0.78 ± 0.03 0.83 ± 0.02 0.79 ± 0.03 0.91 ± 0.02

Average System Power (mW) 42.50 ± 1.85 38.90 ± 1.72 5.25 ± 0.48 4.80 ± 0.35

Table 4  
Stability verification of the overall closed-loop architecture under energy-constrained conditions.
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5. Discussion
The wearable motion-enabled energy management 
and health monitoring method proposed in this study 
demonstrates significant improvements in energy 
harvesting efficiency, power supply stability, and 
multi-modal health recognition capabilities. Com-
pared to the flexible single-electrode TENG energy 
harvesting and motion monitoring system proposed 
by Zhang et al. [31], which possesses flexibility and 
wearability, its output voltage is unstable and lacks 
sufficient matching, making it unable to support the 
continuous operation of multi-modal sensors. How-
ever, this study introduces a composite structure of 
SC-TENG and TPS-EMG in the energy link, achiev-
ing an end-to-end efficiency of up to 88.90% through 
CMEO single-cycle energy maximization extraction 
and LC impedance matching. Xu et al.'s [26] be-
havior monitoring system based on a triboelectric 
nanogenerator insole focuses on motion behavior 
recognition, with a single signal dimension, making 
it unable to extend to complex health indicators such 
as arrhythmias, psychological stress, and emotional 
states. In contrast, this study does not rely on a sin-
gle TENG signal as the basis for health monitoring, 
but instead uses a composite TENG to provide stable 
energy, driving multiple sensors such as ECG, EDA, 
PPG, body temperature, and blood oxygen, forming 
a multi-modal data fusion framework. Although the 
autonomous sweat sensing system based on a micro-
grid proposed by Ding et al. [4] achieves continuous 
power supply based on sweat bioenergy, its power 
supply link is mainly targeted at a single metabolic 
sensing task. In contrast, this study further proposes 
an energy status prediction and task priority sched-
uling mechanism, allowing the system to maintain 
stable operation of critical tasks even under energy 
constraints, achieving continuous monitoring for up 
to 18.60 hours. Wu et al.'s [25] deep learning-based 
IoT health monitoring system relies on external pow-
er and cloud computing, making it sensitive to energy 
consumption and difficult to operate autonomously 
for extended periods. This study uses a composite 
TENG to provide local energy support and achieves 
edge intelligent recognition through low-power de-
sign and local deep learning models, reducing reli-
ance on external power and communication.
Although the methods presented in this study show 
significant improvements in energy management 

efficiency, monitoring coverage, and recognition 
accuracy, certain limitations remain. For example, 
the energy output of the composite TENG is still 
affected by exercise intensity and individual differ-
ences, which may lead to a decrease in power supply 
stability at very low exercise levels. The data quality 
of the multi-modal physiological signal acquisition 
module still depends on the fit of the wearable de-
vice. Although the computational load of deep learn-
ing models has been optimized, energy consumption 
may still increase with larger models or more com-
plex tasks. In the future, further improvements can 
be achieved by combining ultra-low-power model 
compression techniques, flexible patch-type multi-
modal sensors, and efficient energy storage materi-
als to enhance the system's adaptability and robust-
ness across various scenarios.

6. Conclusion
A motion energy management optimization and 
health monitoring method based on motion TENG 
wearable terminal was proposed to address the un-
stable energy supply, disconnection between health 
monitoring and energy management, and insuf-
ficient accuracy in complex state recognition in 
wearable health monitoring systems. Through the 
composite TENG structure, power management 
circuit, and energy scheduling mechanism, efficient 
collection and stable supply of motion energy were 
achieved. Combined with multi-source physiologi-
cal signal preprocessing and deep learning models, 
the accuracy and robustness of health monitoring 
were improved. The experimental results showed 
that the energy transmission efficiency of the re-
search method reached 89.67% under optimized 
buffer parameters, and the steady-state power sup-
ply time was 1,320 minutes, far exceeding the con-
trol group, verifying the effectiveness and stability 
of the energy scheduling mechanism. In terms of 
health monitoring, the proposed signal preprocess-
ing module improved the signal-to-noise ratio to 
15.47dB, the signal integrity rate was 98.25%, and 
the classification accuracy was 0.937, which was su-
perior to traditional preprocessing methods. The ac-
curacy of the deep learning model in complex health 
state recognition was 0.936, with macro F1 of 0.921 
and AUC of 0.974, and the robustness index was only 
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5.80%, which was significantly better than control 
models such as SVM, CNN, and LSTM. The overall 
closed-loop architecture operates stably for 18.60h 
under energy limited conditions, with an effective 
monitoring coverage rate of 77.50% and an average 
power consumption of only 4.80mW, which was su-
perior to battery-powered or traditional models. In 
summary, the proposed method achieves low-pow-
er, long-term, and high reliability health monitoring 
through a closed-loop architecture of "energy adap-
tive supply-multi-modal signal acquisition-intelli-
gent health recognition", providing a feasible path 
for the development of intelligent wearable systems.
Furthermore, the proposed closed-loop integrated 
architecture currently exists as a working labora-

tory prototype. Its overall performance validation 
is primarily based on controlled laboratory envi-
ronments and simulated motion scenarios, and has 
not yet undergone system-level deployment testing 
in complex real-world wearable or long-term prac-
tical application environments. Future work will 
involve further long-term validation in real-world 
scenarios and under various user conditions to 
comprehensively assess the engineering feasibility 
and robustness of this closed-loop system in prac-
tical applications.
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