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ABSTRACT

The growing prominence of personal health issues has made appropriate physical exercise increasingly essential for maintaining
health. To ensure adequate workout while preventing overexertion, reliable exercise intensity assessment methods are crucial.
However, existing approaches suffer from operational complexity and failure to account for individual physiological differences. In
this paper, a multimodal exercise intensity monitoring wristband integrating piezoelectric, thermoelectric, and electromyography
technologies is developed. A PVDF-based piezoelectric sensor is employed to monitor pulse. Bi,sSb,sTe; and Bi,Se,;Te,;
thermoelectric legs are selected to fabricate a thermoelectric sensor for body temperature monitoring, and sEMG is used for
muscle fatigue assessment. These physiological signals (pulse, body temperature, and muscle fatigue) enable effective exercise
intensity evaluation. During continuous exercise, it is achieved continuous monitoring of heart rate, body temperature, and SEMG
of the subject. Specifically, the subject’s heart rate increased from 77.60 to 91.04 bpm, body temperature rose from 35.3 to 36.0°C,
and the continuous changes in SEMG are also recorded. Then, through machine learning algorithms, quantitative relationships
are established between signal feature value and exercise intensity levels, generating personalized exercise recommendations.
This research demonstrates significant potential for applications in intelligent and personalized physiological health monitoring

systems.
1 | Introduction insufficient time for regular exercise, coupled with widespread
inadequate physical activity levels. Prolonged energy intake
Under the global context of rapid technological advancement, exceeding expenditure predisposes individuals to obesity [1],
individual physical health status has become a prominent con- thereby significantly increasing risks of developing type 2 dia-

cern. The current accelerated pace of life and work leaves  betes [2, 3], hypertension [4-6], fatty liver disease [7, 8], and
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other metabolic disorders [9, 10]. Growing awareness recognizes
physical exercise as essential for maintaining health. Appropriate
exercise modalities and intensity critically determine workout
efficacy. Suboptimal exercise volume leads to inadequate energy
expenditure, negating training benefits. Conversely, excessive
exercise may induce adverse reactions such as dehydration and
chest tightness, while also exacerbating cardiac strain [11] and
joint degeneration [12-14]. Evidence-based assessment of exercise
volume provides scientific guidance for physical training, ensur-
ing achievement of energy expenditure targets while preventing
exercise-related injuries [15].

Traditional exercise volume assessment methodologies can be
categorized into subjective approaches (behavioral observation
and questionnaire surveys) and objective techniques (respira-
tory calorimetry and doubly labeled water method) [16]. While
behavioral observation and questionnaires effectively evaluate
exercise intensity and volume, their reliability is compromised
by observer bias and athletes’ subjective perceptions, failing to
establish accurate quantitative assessments. Objective methods
employ physiological signals acquisition through sensors, such
as respiratory gas analysis and doubly labeled water techniques,
which provide scientifically validated metrics for exercise inten-
sity quantification, offering significant advantages over subjective
evaluations in methodological rigor [17, 18]. However, these con-
ventional objective approaches often require specialized equip-
ment and operator expertise, limiting their real-time applicability
and user-friendliness. Consequently, developing portable, highly
integrated physiological signal sensors capable of capturing com-
prehensive biometric data presents a viable research direction
for enhancing exercise assessment through improved accuracy,
operational simplicity, and real-time monitoring capabilities.

Recent advancements in piezoelectric nanogenerators (PENGs)
[19-22], triboelectric nanogenerators (TENGs) [23-27], and
thermoelectric generators (TEGs) [28-32] have propelled their
widespread adoption in wearable and implantable physiological
signals sensing systems. Numerous studies leveraging these novel
transducer technologies demonstrate significant potential for
monitoring vital biomarkers including pulse waveforms, body
temperature, blood pressure, and human kinematics, owing to
their distinctive technical merits: 1) simple structure providing
significant benefits for signal detection in confined spaces with
enhanced integration feasibility [33-35]; 2) low power consump-
tion enabling operation without external power supply [36-38].
Due to their self-powering capability [39, 40], integrating these
devices into sensor systems to provide energy presents a promis-
ing solution to overcome the limitations of batteries and external
power sources [41, 42]; 3) high sensitivity allowing responsive
detection of subtle forces and temperature variations [43-47].
Existing implementations generally utilize single sensors that
capture only one signal type. The absence of complementary
signal modalities restricts both data volume and diversity, ulti-
mately compromising assessment accuracy. This underscores the
necessity for developing integrated multimodal sensors to acquire
adequately comprehensive physiological signals.

Multimodal sensors enhance detection accuracy by aggregat-
ing heterogeneous physiological signals, enabling multi-angled
assessment of physiological states through enriched informa-
tion acquisition [43]. Under this strategy, various sensors

are integrated in different combinations, complementing and
enhancing each other. For instance, the simple structure of a
thermosensitive/pressure-sensitive sensor based on a nanowire
network demonstrates the potential of a single sensing element
to respond to multiple types of signals [48]. The electrocar-
diogram and pulse-based multimodal sensor for cuffless blood
pressure monitoring shows promising applications distinct from
traditional blood pressure cuffs [49]. Additionally, the thin-film
flow sensor with an asymmetric thermal structure accurately
identifies the flow velocity and direction of fluids, providing a
novel solution for fluid measurement in medical, industrial, and
other fields [50].

In the field of personalized healthcare, various multimodal sens-
ing systems have been developed to monitor physiological infor-
mation such as sweat metabolites, respiratory parameters, and
cardiovascular waveforms [36, 37, 51-53]. Current investigations
focus on synergistic interpretation of cross-modal bio-signals to
establish comprehensive physiological profiles. In a representa-
tive study, Dai et al. developed a polyvinylidene fluoride (PVDF)
film-based sensor utilizing both piezoelectric and pyroelectric
properties to concurrently detect pressure and temperature sig-
nals [37]. By integrating this with an acetone-specific gas sensor,
the system achieved simultaneous monitoring of mechanical
signals, temperature variations, and acetone molecular con-
centration during respiration. The synergistic analysis of these
three parameters enhanced the accuracy of human respiratory
monitoring. In sweat analysis research, Zhang et al. engineered
a non-invasive multimodal sensor integrating sweat stimulation
with sample collection [51]. This device operates by inducing
sweat secretion through electrical stimulation while simultane-
ously monitoring biomarkers including uric acid, glucose, and
lactate, along with pH fluctuations and skin surface temperature.
The system effectively addresses conventional limitations such as
invasive sampling methods, time-delayed detection, and single-
parameter measurement constraints in physiological monitoring.
These findings demonstrate multimodal sensors’ capability to
enhance sensing accuracy, improve system integration, and
expand application scenarios. However, high-volume physio-
logical signal acquisition imposes heightened requirements on
data processing capacity. This necessitates employing machine
learning techniques to extract physiologically relevant features
from such voluminous, multi-dimensional datasets.

During exercise, as the intensity increases, various biomarkers
typically change [54-57], such as heart rate [58], body temper-
ature [59], sSEMG [60], electroencephalography (EEG) [61, 62],
electrocardiography (ECG) [63-65], blood pressure, respiration
[66], and metabolic compounds [67, 68]. Among these, heart rate,
body temperature, and surface electromyography reflect cardio-
vascular function, thermoregulation, and neuromuscular fatigue,
respectively. Here, this paper proposes a multimodal exercise
intensity assessment wristband (MEIAW) based on PENG, TEG,
and surface electromyography (SEMG) that can simultaneously
monitor these three signals. The obtained signals are sent to
personal terminal by wireless transmission module and given rea-
sonable exercise suggestions through machine learning. Research
shows that evaluation accuracy using three-modal signals is
significantly better than single-modal signal assessments, demon-
strating that multimodal sensing solutions improve accuracy in
personalized healthcare and health monitoring.
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FIGURE 1 | Schematic diagram of multimodal exercise intensity monitoring wristband. (a) Schematic diagram of MEIAW structure. (b,c) are the
physical image and wearing status of MEIAW, respectively. (d) Design concept of the sensing system. (e) Data processing and architecture design of the

machine learning part.

2 | Result

The structural design of the MEIAW is shown in Figure la,
consisting of five primary components: the PENG module, the
TEG module, the sSEMG module, the control module, and the
power module. Here, the PENG is used to detect wrist pulse
signals, the TEG is employed to monitor body temperature
variations, and the sEMG is selected for collecting electrical
signals generated by muscular activity. The wrist offers ideal
anatomical advantages for deploying these sensors: its superfi-
cial radial artery exhibits minimal overlying tissue, facilitating
clear pulse waveform capture; the wrist provides sufficient
contact area to establish stable thermal gradients for the TEG
sensor; proximity to forearm muscle groups enables accurate
surface electromyography (SEMG) signal acquisition during wrist
motion. During operation, PENG requires prestress application
to match measurement range of the sensor. Consequently, the
PENG sensor is positioned at the interface between the wristband
and the radial artery. The wristband provides necessary preload
while simultaneously, the radial artery location offers the clearest
pulse signals and the most reliable acquisition process. TEG
requires a large contact area for thermal signal acquisition to
minimize environmental interference. Therefore, the TEG sensor
is installed at the interface between the casing and wrist, where
the largest and most complete contact area is achieved. To reduce
the problem of motion artifacts during the electromyography
acquisition process, the SEMG is deliberately placed on the
outside of the entire device, adhered to the skin through wet
electrodes, and connected to the control module via wires.
In addition to these three modules, all other components are
encapsulated within a 42 mm (L) x 32 mm (W) X 14 mm (H)
3D-printed enclosure fabricated from polyvinyl chloride (PVC).
Figure 1b,c demonstrate the wearing posture of MEIAW and
physical configuration, respectively.

The design concept is illustrated in Figure 1d. Three sensing
modules (PENG, TEG, and SEMG) are responsible for acquiring
physiological signals and transducing them into electrical signals.
These raw signals are amplified via operational amplifiers. The
amplified analog signals are then converted to digital signals
through an analog-to-digital converter (ADC), enabling the
microcontroller to detect real-time signal intensity. The average
power consumption of MEIAW is approximately 185 mW; thus,
a 400 mAh (~1.32 Wh) lithium-ion battery is integrated. The
whole system of MEIAW can operate continuously for at least 8 h,
which sufficiently covers the entire duration of a typical exercise
session. To facilitate exercise intensity monitoring during physical
activity, a Bluetooth module is integrated into the control module,
transmitting acquired signals to user terminals. Machine learning
algorithms process the data at the terminal to evaluate current
exercise load and provide personalized fitness recommendations.

Figure 1e shows the process of machine learning module building.
After the three sets (PENG, TEG, and SEMG) of 200-second data
are obtained by personal terminal, each segment is divided into
60 slices of 3 s duration. Then, 12 feature values (mean, variance,
standard deviation, etc.) are extracted from each slice, and the
features from the 3 types of signal slices in the same period
are combined to form a feature matrix. Finally, the Principal
Component Analysis (PCA) algorithm is employed to perform
dimensionality reduction on the feature array and establish a
mapping relationship with exercise intensity.

Pulse signal is one of the fundamental vital signs of the human
body and serves as a crucial indicator of exercise intensity.
Generally, as exercise intensity increases, the frequency of pulse
signals, i.e., heart rate, will correspondingly rise. For those
who have long lacked exercise and those who have exercised
sufficiently, there exists a significant difference in terms of both
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FIGURE 2 |

Performance demonstration of the PENG part. (a) The structure design and materials selection of the PENG sensor. (b) Physical picture

of PENG. (c) The working principle of PENG. (d-f) The open circuit voltage, short circuit current, and charge transfer under periodic pressure driving,

respectively. (g) The fitting curve of open circuit voltage changing with pressure. (h) Steady signal status over 3600 cycles. (i) Signal when monitoring

wrist pulse in quiet status.

the acceleration rate of heart rate and the final stabilized heart
rate when performing exercises of identical intensity. These
physiological signals can effectively guide whether the test sub-
jects have achieved adequate training. MEIAW employs a PENG
with superior electromechanical transduction characteristics to
acquire both pulsatile and kinematic signals. The PENG module
features a five-layer thin-film sandwich architecture (Figure 2a),
where PVDF film is selected as the piezoelectric layer due to its
pronounced piezoelectric response. Electrodes with pre-bonded
lead wires are secured on both surfaces of the PVDF film,
followed by polytetrafluoroethylene (PTFE) encapsulation. The
PENG sensor is shown in Figure 2b.

The working principle of PENG is illustrated in Figure 2c. Based
on the state variations of PENG during its operational cycle, one
complete cycle can be divided into four distinct stages. i) Initial
stage: The piezoelectric layer maintains electrical neutrality in
the absence of external forces. ii) Loading stage: Mechanical
strain induced by external force on the PVDF piezoelectric
film triggers redistribution of internal dipoles, generating bound
charges on its surfaces. The electrodes exhibit positive/negative
polarity through electrostatic induction, accompanied by charge
flow in the external circuit. iii) Equilibrium stage: Progressive
deformation increases the induced charges until maximum strain
under applied force is achieved. The system reaches piezoelectric
equilibrium, terminating charge transfer. iv) Releasing stage:
Upon force removal, charges initiate reverse migration with
inverted current polarity until complete restoration to (i) the

initial state, awaiting the next cycle. The high responsivity of
the piezoelectric film enables the detection of minute skin
deformations caused by arterial pulsations, thereby realizing
non-invasive pulse monitoring.

Figure 2d-f respectively present the open-circuit voltage (Vi ),
short-circuit current (I5c), and charge transfer quantity (Q) of the
PENG. Under 1.8 Hz mechanical excitation, PENG demonstrates
stable performance with Vi peaking at 2.6 V, Iy reaching 61 nA,
and Q attaining 2.4 nC. Under applied forces ranging from 0 to 50
N, this PENG demonstrates excellent linearity in its open-circuit
voltage (Figure 2g). This indicates that the PENG sensor can
accurately respond to external forces within the 0 to 50 N range
with a sensitivity of 39 mV/N. Experimental results also confirm
that the sensor can successfully detect minute mechanical stimuli
as low as 0.007 N (Figure SI). Furthermore, after over 3600
compression cycles under identical excitation conditions, the
Voc output retains its peak voltage of 2.6 V, demonstrating
the operational stability of the PENG module (Figure 2h). In
practical deployment, the PENG was affixed to the skin over the
radial artery at the wrist, where it accurately captured pulsatile
waveforms (i). The measured V. exceeded 40 mV, with the signal
exhibiting not only the primary contraction wave but also clearly
identifiable dicrotic waves. This demonstrates the high sensitivity
of the PENG module in detecting faint biomechanical signals.

Body temperature variations reflect physical state changes and
energy consumption, thus changing with exercise intensity
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FIGURE 3 | Performance dimensions of the TEG part and the SEMG part. (a) Structure design and materials selection of the TEG sensor. (b) The
working principle of TEG. (c,d) demonstrate the tensile and bending performance of TEG sensors, respectively. (e) The trend of V¢ variation with AT

for TEG sensors with varying numbers of units. (f) V¢ of TEG sensors at two different heights under different AT. (g) V¢ of the TEG sensors under
varying baseline AT. (h) The output signal of the TEG sensor exhibits excellent agreement with commercial references. (i) Physical display of the SEMG
module. (j,k) The EMG signal variations and their corresponding frequency spectra induced by three repetitive actions.

during training. For monitoring, a TEG sensor is integrated
into the MEIAW. This sensor consists of 15 thermoelectric units
composed of BijsSb,sTe; (p-type) and Bi,Se,;Te,, (n-type)
thermoelectric legs (1 X1 X2 mm), which are interconnected
via serpentine-shaped PI-based flexible printed circuits (FPC)
(Figure 3a). The working principle of the thermoelectric unit is
shown in Figure 3b. Temperature gradients between terminals
drive carrier migration toward cooler regions, establishing
potential differences that induce charge circulation through the
external circuit. Serpentine design of the FPC enhances stretch-
ability and torsional compliance (Figure 3c,d), enabling better
skin conformity to ensure temperature monitoring accuracy.

Figure 3e illustrates the correlation between the output voltage,
the quantity of thermoelectric legs, and temperature gradi-
ents. When the cold junction is stabilized at 0°C, the voltage
output increases as the temperature gradient increases. This
is because the increased temperature gradient enhances the
carrier mobility within the semiconductor, thereby amplifying
the potential difference. Under identical temperature gradients,
series-interconnected configurations enable additive superposi-
tion of individual potential differences generated across each

semiconductor block operating under a temperature gradient. As
a result, the sensitivity of the device can reach 2.33 mV K~1. The
output performances of thermoelectric legs with two different
heights (2 and 1.25 mm) are compared in Figure 3f. For thermo-
electric legs with a length of 2 mm, the extended heat transfer path
length between hot and cold ends reduces thermal conduction,
facilitating more stable temperature differential establishment
and maintenance, thereby achieving 67.5 mV output voltage—a
47% increase over the 1.25-mm legs. Meanwhile, the consistency
of charge mobility under the same thermal gradient conditions
was verified. Figure 3e,f further demonstrate the TEG sensor’s
linear response and reliable detection capability to temperature
differences spanning 0 to 20°C, confirming its competence for
accurate body temperature monitoring across diverse environ-
ments. Figure 3g presents the V. characteristics of the TEG
module under differential temperature conditions (T, and T, €
[0, 20]°C) applied to its respective surfaces. The output voltages
demonstrate essential consistency when |AT| values remain
equivalent, evidencing the temperature detection capability of
the TEG module across varied ambient temperature conditions.
Finally, the performance of the TEG module is compared with
that of a commercial sensor to verify its measurement accuracy
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(Figure 3h). The voltage curve output from the TEG module
exhibits remarkable similarity to the temperature profile recorded
by commercial sensors, with nearly identical variation trends.
Moreover, it is experimentally demonstrated that the module
responds to temperature changes as small as 0.1°C at room
temperature (23°C), as shown in Figure S2. This demonstrates the
high accuracy of the TEG module in temperature measurement,
particularly in tracking temperature variation patterns.

The sEMG signals can reflect muscle fatigue levels, which in turn
indicate exercise intensity. Figure 3i shows the physical diagram
of the SEMG module. The module is attached to the skin over the
extensor carpi ulnaris muscle and flexor digitorum superficialis
muscle on the forearm using adhesive wet electrodes. When
muscle activity occurs, the sensor detects fluctuations in SEMG
signals (action potentials) (Figure 3j). The spectral analysis of
these signals (Figure 3k) shows that the main frequency signal
interval of the three motion signals is 3 s, which exactly cor-
responds to the period between the predetermined continuous
motions in the test.

To distinguish and assess different levels of fatigue, PCA was
employed to process and analyze multimodal data from physical
exercise. PCA is the most widely used algorithm for data dimen-
sionality reduction. The principle of PCA is to map n-dimensional
features onto k-dimensional features, which are new orthogonal
features also known as principal components.

To ensure movement standardization, experimental consistency,
and operational convenience, all five participants were instructed
to securely and consistently wear the MEIAW wristband fol-
lowing the protocol illustrated in Figure 1b. Participants were
required to use a hand dynamometer calibrated at 20 kg,
with each grip requiring full compression to the mechanical
endpoint of the device. They subsequently performed stan-
dardized gripping motions at 2-second intervals until reaching
task-terminating muscle fatigue, enabling comprehensive phys-
iological monitoring from full vitality to complete exhaustion.
This protocol facilitated continuous acquisition of pulse rhythm,
body temperature fluctuations, and SEMG signals throughout the
complete exercise cycle. As the number of movements increased,
the level of fatigue in the subjects also gradually increased.
Therefore, to facilitate quantitative analysis of fatigue levels, we
define the fatigue level at the first movement (the start of the
exercise) as O, representing the state of minimal fatigue. The
fatigue level at the last successful repetition of the standard move-
ment (before fatigue prevents the completion of the standard
movement) is defined as 1, representing the maximum fatigue for
that individual in the task. We assume that fatigue accumulates
linearly with the number of repetitions completed (or the time
elapsed) between these two endpoints. Thus, the normalized
fatigue level at any intermediate point n (where n is the number of
repetitions between 1 and N,,,,, the final repetition) is calculated
as follows:

¢y

Normalized Fatigue Level =

max

Data were collected from over 50 consecutive periodic move-
ments performed by the subjects (Figure 4a; Figure S3). First,
these three types of signals are segmented according to the action

cycle, so that each segment represents the signal of one action
cycle, and then features are extracted from these segments. These
features include Standard Deviation (STD), Entropy (Ent), Auto-
correlation Coefficient (AC), Zero Cross Rate (ZCR), Power, Root
Mean Square (RMS, the RMS of TEG is shown in Figure 4b), Sum,
Peak-to-Peak Value (PPV), Peak-Valley Interval (PVI), Kurtosis
(KUR), Skewness (SKE), and Mean Power Frequency (MPF), they
are shown in Figure S4, and the relevant calculation formulas are
also recorded in Note 1.

Figure 4c-e present scatter plots of feature dimensionality reduc-
tion for individual signals (pulse, SEMG and body temperature),
with the horizontal and vertical axes representing Principal
Component 1 and Principal Component 2, respectively; as dimen-
sionality reduction integrates multiple features, these principal
components lack straightforward physical interpretations, and
although color-coding indicates fatigue levels, Figure 4c,d show
no discernible pattern between scatter distribution and color
gradients, while Figure 4e exhibits significant point clustering
that impedes differentiation of intermediate fatigue states, thus
indicating that utilizing individual signals for fatigue assessment
suffers from inadequate discriminative capability; in contrast,
Figure 4f demonstrates the dimensionality reduction results
for hybrid signals, where the scatter distribution establishes a
clearly defined, near-linear relationship with color gradients,
confirming hybrid signals’ superior discriminative power for
fatigue level identification. Among the numerous features men-
tioned above, different features contribute differently to the
model construction, and Figure 4g illustrates their respective
contribution proportions (in the figure, “PENG Power” denotes
the Power feature of PENG, and so forth for other feature naming
conventions).

Here, to practically validate the feasibility of multimodal sensing,
the MEIAW was employed to monitor physiological states during
physical exercise. The working positions and corresponding
physiological signals source of each component of the MEIAW
are shown in Figure 5a. The MEIAW was worn throughout
the entire exercise session, with pulse, body temperature, and
EMG signals during the initial, middle, and fatigue stages dis-
played in Figure 5b. It can be clearly seen that as the exercise
continues, the pulse increases from 77.60 bpm in the initial
stage to 91.04 bpm in the fatigue stage (subgraphs (1), (2), and
(3) in Figure 5b). Meanwhile, body temperature increased from
35.3°C (initial phase) to 35.9°C (middle phase) and subsequently
stabilized (subgraphs (4), (5), and (6) in Figure 5b). This steady
temperature state reflects the body’s compensatory mechanisms
to enhance heat dissipation and maintain thermal homeostasis,
thereby preventing hyperthermia-induced physiological impair-
ment. The SEMG signals of the initial, middle, and fatigue stages
of this exercise process are shown in Figure 5b (7), (8), and
(9), respectively. By analyzing the characteristic features of these
physiological signals, we can effectively assess the user’s real-time
exercise status. This analytical framework enables: generation of
tailored recommendations matching current exertion levels, and
early warnings for persistent overexertion through continuous
monitoring (the program flowchart is shown in Figure S5).

Figure 5c,d show the obverse and reverse sides of the printed
circuit board (PCB) of the control module. This compact 40 X
30 mm PCB integrates a PENG signal processor, EMG processor,
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FIGURE 4 |

Signal processing results during machine learning. (a) Time series diagram of (1) pulse, (2) sEMG, and (3) body temperature during

exercise. (b) Root mean square of the pulse signal. Dimensionality reduction scatter mapping diagram of (c) pulse, (d) SEMG, (e) body temperature, and

(f) hybrid signal. (g) The contribution of each feature value to the model among the three signals.

TEG signal processor, power controller, and data storage module
to achieve preliminary signal processing, power management,
and data storage functionalities. The wiring diagrams of the PCB’s
obverse and reverse sides are presented in Figure 5e (1) and (2),
respectively. In addition, the schematic diagram of the PCB is also
provided in Figure S6.

3 | Conclusions and Discussion

In conclusion, since pulse rate, body temperature, and muscle
fatigue levels serve as critical references for assessing exercise
intensity, a multimodal wristband based on PENG, TEG, and
SEMG technologies is developed to function as an exercise
assistant for physical training reference. In the MEIAW system,
leveraging responsiveness to mechanical signals of PENG, a
PVDF-film-based piezoelectric sensor is fabricated for pulse
monitoring. Utilizing the high thermal sensitivity of TEG, a
TEG module was developed using Bi, ;Sb, sTe; and Bi,Se,;Te,,
thermoelectric legs to track body temperature variations. Addi-

tionally, SEMG signals were acquired to assess muscle fatigue
levels. By integrating these three sensors and incorporating
machine learning techniques, a comprehensive evaluation of
exercise intensity was achieved. The heart rate, body temperature,
and SEMG of the subject were continuously monitored during
a single session of continuous physical exercise. The heart rate
increased from 70 to 80, body temperature rose from 36.1 to 36.9,
and continuous changes in electromyography were also recorded.
This provides exercisers with objective, individualized exercise
recommendations based on physiological characteristics. The
present study may serve as a reference for intelligent physiological
health monitoring in the future.

4 | Experimental Section

4.1 | Materials

PVDE was purchased from VKING Manufacturing Co., Ltd.
The PCB and FPC using LCEDA-pro was designed, and the
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FIGURE 5 | Application demonstration of the MEIAW. (a) These three sensors and the raw signals they monitor. (b) The signals of the MEIAW
during the initial, middle, and fatigue stages of exercise. (c,d) respectively display the front and back sides of the control module PCB for the MEIAW

with integrated functional modules. (e) Wiring diagrams for the front and back of the control module.

PCB manufacturing service was provided by Shenzhen JLC
Technology Group Co., Ltd. The 3D resin casing was designed
using FreeCAD, and the 3D printing service was provided by
Shenzhen JLC Technology Group Co., Ltd. The Bi,sSb, sTe; and
Bi,Se, ;Te, ; thermoelectric legs were purchased from Quanzhou
Qijin New Material Co., Ltd.

4.2 | Fabrication

1) Preparation of the PENG sensor. First, a 50-micron-thick PVDF
film was cut into 1 cm X 1.5 cm pieces. Copper foil was then
attached to both sides of the PVDF, and wires were drawn out.
Encapsulation was performed using a 0.1 mm-thick PTFE film.
2) Preparation of the TEG sensor. First, low-temperature solder
paste was evenly applied to the pads of a pair of FPCs. N-type and

p-type TE legs were alternately placed on the solder-pasted pads.
Finally, a hot plate was used to melt the solder paste, fully filling
the gaps between the pads and TE legs. After cooling, the TEG
sensor was obtained. 3) Integration. The prepared PENG sensor,
TEG sensor, SEMG module, and PCB of the control module were
assembled, ultimately yielding the MEIAW prototype with a total
mass of 31 g (excluding wrist strap components).

4.3 | Characterization and Measurement

The linear motor (LinMot E1100) was used to continuously
provide periodic pressure to the PENG sensor. A Keithley 6517
electrometer is employed to measure the charge transfer, Vi,
and Iy of both the PENG sensor and TEG sensor, while an
oscilloscope (LeCroy HDO6104) was used to acquire and record
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the data. A self-made temperature control platform based on the
Peltier effect was utilized to provide a stable temperature gradient
for measuring the relevant performance of the TEG sensor.

This work has been approved by the Medical Ethics Review Com-
mittee of the Beijing Institute of Nanoenergy and Nanosystems,
with the ethics approval number 2025012LZ.
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