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ABSTRACT

Wearable motion recognition holds significant promise in rehabilitation medicine and human-machine interaction. However,
they face challenges like signal susceptibility to interference and limited back-end processing capabilities. This work reports a
novel embedded artificial intelligence-enabled sensor cluster featuring high assembly flexibility, good anti-interference ability,
and sensor nodes that autonomously process data, enabling real-time recognition of multiple joint movements. Polyvinylidene
fluoride-based membranes for piezoelectric sensors exhibit high piezoelectric properties due to interface enhancement
mechanisms resulting from hot-pressing and rapid annealing. The well-designed differential structure enhances the signal-to-
noise ratio of the piezoelectric sensor to 72.5dB, outperforming other reported polymer-based flexible piezoelectric sensors
(31dB). The single-joint recognition system used to build the cluster is equipped with a 12-channel sensor array and a
miniaturized signal-conditioning circuit, which can real-time recognize 20 different joint movements via a lightweight
convolutional neural network model deployed on a microcontroller. Finally, the distributed multijoint motion recognition
cluster adopted a one-master-multiple-slaves architecture and multipoint wireless collaboration to synchronously recognize
motions of the wrist, elbow, and shoulder. This work provides guidance for constructing motion recognition systems based on
piezoresistive, piezoelectric, capacitive, and triboelectric principles.

1 | Introduction system faces inherent limitations, such as requiring expensive
optical equipment, privacy concerns caused by persistent sur-
veillance, and a stationary sensing device, while increasing
maintenance cost and complexity [5]. These limitations con-
tradict the recommended practice of conducting rehabilitation
in home or community settings [6, 7]. Therefore, there is an
urgent need for a motion recognition system with high accuracy
and a portable sensing device to support rehabilitation.

The World Health Organization estimates that 1 billion people,
15% of the global population, suffer from disabilities that can
affect their daily lives [1]. Motion recognition technology pro-
vides clinicians with critical, data-driven assessments that pre-
cisely evaluate rehabilitation progress and optimize therapeutic
cycles [2]. Modern rehabilitation science relies on objective
motion recognition data to quantify and restore motor function
in patients recovering from joint injuries, stroke, and related Currently, the intelligent flexible electronic sensors composed
conditions [3, 4]. However, conventional optical motion capture =~ Of fiber films have been extensively studied in terms of
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functionality [8], comfort [9], and stability [10], providing
multiple solutions for the design of flexible wearable sensors.
Wearable sensor system based on flexible piezoelectric materi-
als offers a promising technological path for motion recognition
[11, 12], attributing to their advantages of lightweight, flexibil-
ity, and easy conformal fit to human joints [13] as well as high
sensitivity [14, 15] and fast dynamic response of piezoelectric
sensor [16]. Sensors fabricated from organic piezoelectric
materials can be imperceptibly laminated onto the skin surface,
effectively capturing biomechanical signals generated during
joint movement [17, 18], providing robust solutions for recog-
nizing motions within single joints or localized regions [19].
However, there are still some challenges when using wearable
sensors based on flexible piezoelectric materials for motion
recognition. On the one hand, flexible piezoelectric sensors
made from piezoelectric polymers have relatively low signal-to-
noise ratios (SNRs) and poor interference resistance capabilities
due to low piezoelectric performance [20, 21]. On the other
hand, although flexible piezoelectric polymers are easy to bend,
they do not have the stretchable property like human skin
[22, 23]. Furthermore, as wearable sensors, the skin-friendly
characteristic of piezoelectric materials for human skin also
needs to be taken into consideration.

Meanwhile, from the perspective of sensor hardware and algo-
rithm processing, the following key challenges urgently need to be
conquered in realizing real-time recognition of multijoint syner-
gies despite significant advances in wearable motion recognition
technology [24, 25]. First, to accurately capture the complex
motion states of certain human body regions, it is often necessary
to deploy a multiunit sensor array [26, 27]. Therefore, capturing
complex human motion states necessitates deploying sensor arrays
at each joint, but this leads to a dramatic increase in the number of
sensing channels, thereby increasing the complexity of back-end
processing. Second, piezoelectric signals exhibit inherently low
amplitude and high susceptibility to environmental interference,
demanding multichannel high-performance conditioning circuits
for real-time preprocessing [28, 29]. However, conventional con-
ditioning circuits result in prohibitive size and weight, which
cannot meet the requirements of wearable devices. Finally, reli-
ance on cloud-centric intelligent processing of raw multichannel
data introduces communication latency, bandwidth congestion,
and privacy vulnerability [30, 31], precluding real-time secure
localized inference. Therefore, miniaturized signal-conditioning
hardware and an efficient collaborative embedded artificial intel-
ligence (AI) framework will be key to achieving real-time multi-
joint motion recognition in practical scenarios.

Here, we present an embedded Al-enabled wearable cluster
that solves multijoint coordination issues in the premise of
enabling intelligent processing of massive data and reducing
reliance on bulky hardware, thus achieving real-time
collaborative motion recognition. The piezoelectric sensor
array (PSA) was fabricated via piezoelectric layer optimiza-
tion and differential-output design, exhibiting high sensing
performance (0.64 V/N sensitivity at 0.5cm? and 72.5dB
noise rejection) and exceptional mechanical robustness
(100% stretchability and > 25 000 compression cycles without
degradation). It integrates with a miniaturized multichannel
charge amplifier (@=3.6cm) and an edge-deployed
lightweight convolutional neural network (CNN) (99.6%
classification accuracy) to construct a new kind of AI PSA

system (AI-PSA-Sys) unit, which enables both accurate sig-
nal acquisition and on-device data processing. Notably,
the embedded AI can reduce communication bandwidth
and alleviate latency constraints in multinode transmission
by only outputting inference results, which is a critical factor
for realizing multisystem coordination. A master-slave wire-
less architecture synchronizes multiple AI-PSA-Sys units via the
Espressif-Neighbor of WiFi (ESP-NOW) protocol, creating a
scalable intelligent collaborative perception wearable cluster
capable of deciphering complex polyarticular motions. This work
establishes a practical paradigm for wearable multijoint motion
analytics, which is anticipated to provide transformative tech-
nologies for rehabilitation assessment, motion intent recognition,
and injury prevention.

2 | Results and Discussion

2.1 | Functionality and Composition of the
Wearable AI Cluster

As illustrated in Figure 1A and Movie S1, in this study, we
propose and develop an AI sensor cluster for real-time
wearable motion recognition. This cluster utilizes each Al-
PSA-Sys attached to different joints as secondary perception
nodes. By aggregating the motion information of each node, it
can perceive the motion state of the human body. For wear-
able piezoelectric sensors, high-performance piezoelectric
membranes will be beneficial to improving key parameters
such as signal quality and sensing sensitivity of piezoelectric
sensors. In this work, the piezoelectricity of piezoelectric
composite membranes is enhanced by optimizing the
concentration of Ag nanowires (Ag NWs) and adopting the
hot-pressing and rapid annealing process. The preparation
process of piezoelectric membranes is shown in Figure 1B.
For a more detailed process of preparing composite mem-
branes, please refer to Section 4. Subsequently, to accurately
identify the motion state of a single-joint, PSA was designed
and fabricated. The optical image of the array is shown in
Figure 1C, with a total of 12 channels, which can form an
array with six sensing units. Among them, the structure of a
single sensing unit uses two face-to-face assembled piezo-
electric composite membranes, so that the sensing unit can
output differential signals, and the differential-output form
will suppress interference. In the current work, we not only
enhanced the piezoelectric coefficient of the functional layer
of the piezoelectric sensor to increase the electrical output,
but also adopted a differential-output form to reduce the
influence of noise, namely, the numerator and denominator
of the SNR were increased and decreased, respectively,
thereby significantly improving the SNR. This will be con-
ducive to promoting the practical application of flexible
piezoelectric sensing in the field of human health monitoring.

Due to the impedance mismatch of piezoelectric signals, it
is usually necessary to combine with a sensing circuit to
effectively collect motion information. Therefore, we designed
the PSA-Sys, composed of the sensing array and the signal-
conditioning circuit. The optical image of the circuit is shown in
Figure 1D(i). This circuit encompasses a multichannel charge
amplification circuit and a core processing circuit with a
lightweight CNN model deployed. As can be seen from the
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FIGURE 1 | An overview of the wearable Al cluster for motion recognition. (A) Wearable Al cluster composed of multiple AI-PSA-Sys enables

comprehensive multijoint motion recognition. (B) Fabrication process of flexible piezoelectric functional layers. (C) Integrated sensor array capable

of outputting differential signals. (D) Schematic of the AI-PSA-Sys, where (i) represents the optical image of the circuit in this individual system, and

(ii) is the flowchart for deploying machine learning models on this hardware circuit, which is divided into raw data collection, model training, model

compression, and final deployment. CNN, convolutional neural network; HFP, hexafluoropropylene; PI, polyimide; Sys, system.

figure, due to the highly integrated circuit design and layout,
the size of the circuit is similar to that of a coin. To make the
system more accurate, portable, and lightweight, the designed
AI-PSA-Sys deploys a specially designed CNN model on the
microcontroller through embedded AI technology. The flow-
chart for deploying the CNN model on the microcontroller is
shown in Figure 1D(ii). The process of model training and
deployment mainly consists of data collection and cleaning,
model training, model convert and trimming, as well as model
deployment and usage. For specific details on model deploy-
ment and model algorithms, please refer to Figure 5 and
Section 4. In the actual usage process, when there are
significant differences among individuals, the size and

quantity of the sensing units need to be readjusted [32],
which may affect the application scenarios of motion per-
ception. In contrast, thanks to the assembly flexibility of the
wearable Al cluster, it can selectively attach to multiple joints
of the human body and can be mass-produced without relying
on human joints. This methodology can easily adjust the
number of perceived joints or regions, improving usage effi-
ciency and convenience without restricting human motions.
Furthermore, this cluster-intelligent collaborative perception
technology can flexibly place sensor nodes in multinode
sensing tasks, providing a full-process technical path for
the development of intelligent medical auxiliary diagnosis
systems.
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2.2 | Preparation and Optimization of Composite
Membranes

The composite membranes with controlled Ag NWs concen-
trations (0-0.2 wt%) via electrospinning, hot-pressing, and rapid
annealing have been prepared (more details in Section 2.1).
Figure 2A presents the optical image of the PVDF-HFP/Ag NWs
nanofiber composite membrane with the Ag NWs
concentration of 0.05wt%, indicating a uniform and dense
membrane. The scanning electron microscopy (SEM) images

(A)

reveal that the incorporation of Ag NWs results in a reduction
of fiber diameter (Figures 2B and S2). This reduction in diam-
eter is attributable to enhanced solution conductivity promoting
jet stretching under electrostatic fields [33]. At lower concen-
trations (<0.01 wt%), heterogeneous dispersion of Ag NWs
triggered localized jet instabilities, forming bead-on-string
defects (Figure S2B). Conversely, excessive Ag NWs loading
(=2 0.1wt%) elevated solution elastic modulus, impairing
spinnability and yielding discontinuous fibrous patches
(Figure S2D). The fibers have optimal continuity, the finest
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FIGURE 2 | Characterization of the piezoelectric functional layer. (A) Optical image and (B) SEM image of the electrospun PVDF-HFP/Ag
NWs nanofiber composite membrane at a concentration of 0.05 wt% Ag NWs. (C) X-ray diffraction pattern of composite membranes with varying
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Ag NWs concentrations. Raman mapping of composite membrane (D) without and (E) with hot-pressing followed by rapid annealing treatment.
PFM of composite membrane (F) without and (G) with hot-pressing followed by rapid annealing treatment. PFM, piezoelectric response force

microscopy.
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diameter, and diameter uniformity occurred at 0.05wt% Ag
NWs (mean diameter = 224 + 35 nm), where extensional strain
maximized polymer chain alignment [34]. X-ray diffraction
(XRD) results (Figure 2C) identified the diffraction peaks
detected at 20 =18.4° and 19.9° correspond to the (020) and
(110) crystal planes of a-phase, while peak at 20.6° confirmed
the (110) crystal planes of S-phase [35]. The composite mem-
brane with 0.05wt% Ag NWs exhibited the highest §-phase
diffraction intensity. The utilization of finer NWs facilitates a
higher stretching ratio, which consequently enhances the phase
transition from o to § through extended-chain conformations
[36]. The Fourier transform infrared results further corroborate
this conclusion (Figure S3).

To probe the piezoelectric enhancement induced by hot-
pressing and rapid annealing, we performed Raman mapping
on 0.05wt% Ag NWs composite membranes (Figure 2D,E),
from which posttreatment samples exhibited compacted
B-crystalline regions, indicating the enlarged -crystalline-
amorphous interfacial areas. This interfacial expansion serves
as a key factor enhancing oriented amorphous fraction density
[37, 38]. PFM measurement further corroborated this interfacial
enhancement mechanism (Figure 2F,G). Specifically, surface
roughness decreased by 39% (90-55nm) while retaining NW
morphology (Figure 2F(i),G(i)), and amplitude/phase homoge-
uniformly distributed piezoelectrically active regions. This
refined piezoelectrically responsive structure expands effective
interfacial area by ~63.5% (Note S1), directly enhancing piezo-
electricity. It is worth noting that PFM results are independent
of sample topography (Figure 2G(i,ii)), confirming morphology-
independent piezoelectric enhancement. Prior study confirmed
that hot-pressing and rapid annealing can elevate fine-domain
content in PVDF-based membranes [21], thus increasing
effective domain area and boosting piezoelectricity. In the
current case, the increase of effective interfacial area favors to
the piezoelectric enhancement. Whether it is the increase in the
effective area of the interface or the rise in the area of fine-
domain, the mechanisms for the piezoelectric enhancement are
consistent.

2.3 | Characterization Analysis of the
Piezoelectric Composite Membranes

To investigate the influence of Ag NWs concentration on the
performance of piezoelectric sensors, the electrical output per-
formance of piezoelectric sensors fabricated from PVDF-HFP/
Ag NWs nanofiber membranes was evaluated. The piezoelectric
sensor exhibits optimal output when incorporating 0.05wt%
Ag NWs, achieving an open-circuit voltage of approximately 3 V
under a pressure of 4N (Figure 3A). Insets illustrate the
physical appearance of composite membranes with varying
concentrations. Subsequently, to validate the enhancement
of piezoelectric properties through hot-pressing and rapid
annealing treatment, output voltage tests were conducted on
both treated and untreated PVDF-HFP membranes, as well as
composite membranes containing 0.05wt% Ag NWs. The
1X1cm membrane depicted in the insets of Figure 3A was
bisected, with one portion retained for comparative analysis,
while the other underwent hot-pressing and rapid annealing

treatment. Despite the surface area being reduced to half of its
original size, the open-circuit voltage remains at approximately
3V (Figure 3B), indicating that the output voltage of piezo-
electric sensors is actually enhanced by hot-pressing and rapid
annealing treatment. Interestingly, the transparency of the
treated composite membrane is also improved. Compared with
pristine PVDF-HFP, the output voltage of the piezoelectric
sensor made from a composite membrane with the Ag NWs
concentration of 0.05 wt% and treated by hot-pressing and rapid
annealing is increased by 5.47-fold (calculation method in
Note S2), in which the composite membrane was termed as the
optimal sample. In all subsequent experiments, the optimal
sample was used for testing. For wearable electronic devices,
the density of the nanofiber composite membrane is a key
parameter affecting wear comfort, as it directly impacts the
quality of the sensors. The density of the nanofiber composite
membrane with and without hot-pressing is 0.78 and
0.82 g/cm?, respectively, posing no excessive burden on the body.
Detailed measurement methods are documented in Note S3.

To evaluate the potential of the as-prepared samples as piezo-
electric sensors, the output voltage under different testing
frequencies, exerted forces, and bending angles was tested
(Figure 3C,D,F). The experimental results (Figure 3C) indicate
that the output voltage initially increases with the rise in fre-
quency, subsequently stabilizes, and exhibits attenuation when
the frequency exceeds 10 Hz. This phenomenon arises because
excessively high frequencies may hinder the ability of charge
carriers within the material to respond promptly to rapidly
varying stress, thereby resulting in reduced charge accumula-
tion and increased leakage [39]. Moreover, the output voltage
increases with the increase of applied force due to the direct
piezoelectric effect (Figure 3D). The peak values of electrical
signals under varying force were averaged, and their standard
deviations were calculated, followed by fitting with a linear
regression model. The fitting results indicate that the R* value
and sensitivity are 0.995 and 0.64 V/N (at 0.5 cm?), respectively,
demonstrating an excellent linear relationship between output
voltage and applied force. Moreover, as shown in Figure 3E, the
sensitivity of the current piezoelectric sensor is superior to that
of other polymer-based flexible piezoelectric sensors reported in
some literatures [11, 15, 16, 40-42]. Details of the calculation
and comparative analysis of piezoelectric sensor sensitivity are
provided in Note S4 and Table S1, respectively. Afterwards, the
output voltage of piezoelectric sensors under different bending
conditions has been measured in the angle range from 10° to
90° with a step of 10° (Figure 3F). The R* value of the fitting
results between the bending angle and the output voltage is
0.996. From Figure 3D,F, it is indicated that the piezoelectric
sensor excels in sensing force and bending angle, which lays a
foundation for monitoring complex human movement. It
should be noted that the force is applied perpendicular to the
fiber membrane surface for the force-output measurement, but
parallel to the membrane ends to induce bending for the angle-
output measurement. Because the shear force parallel to the
membrane is difficult to quantify, prior work has generally
focused on characterizing the angle versus output voltage [43]
without simultaneous force measurement. Furthermore, a
durability test was employed to evaluate the long-term output
performance of the piezoelectric sensor. After 25000 mechani-
cal stimulus cycles, there is no significant degradation of the
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output voltage (Figure 3G). The magnified view of the electrical
output at the terminal stage (Figure 3H) demonstrates the
outstanding stability and durability of the sensor, which is at-
tributed to the enhanced flexibility of the composite membrane
resulting from the incorporation of the Ag NWs conductive
network [44].

The comfort of the wearer is another key consideration in
wearable technology [35, 45]. To assess the wearing comfort of
the fabricated composite membrane as wearable piezoelectric
sensors, the thermal insulation and breathability were tested.
Under xenon lamp illumination at air mass (AM)=1.5G for
90 min, the temperature variation curves of simulated skin,
polyester textiles, and composite membranes were recorded
using an infrared thermographic camera (Figure 31(i)), reveal-
ing a significantly slower temperature increase in the composite
membrane than that in the simulated skin and polyester tex-
tiles. Specifically, from Figure 3I(i), it can be seen that the
temperature of simulated skin and polyester reached 55°C and
46°C after 90 min, respectively, while the composite membrane
maintained the temperature of 40°C. The relatively lower
temperature in the fabricated composite membrane compared
with that in simulated skin and polyester textiles indicates
the optimal thermal comfort of the composite membrane.
taken before the experiment and after 20min of xenon
irradiation, respectively, demonstrating that the fabricated
composite membrane exhibits an excellent radiative cooling
effect. The rough surface of the composite membrane gives rise
to the infrared radiation to scatter uniformly in all directions,
which can be used to explain the superior radiative cooling
effect of the membrane [46, 47]. After 5min of exposure to a
xenon lamp, the temperature on the composite membrane
surface increased by 3°C while the temperature on the human
skin surface increased by 7°C, further demonstrating the
superior thermal comfort of the as-prepared composite
membrane (Figure 3J). To validate the breathability of
the composite membrane, medical-grade PU film was employed
as the control group. Comparative analysis between the com-
posite membrane and PU film before and after 1 h exercise in
the afternoon implies superior gas permeability of the com-
posite membrane (Figure 3K). Collectively, these experimental
results in Figure 3I-K confirm that the composite membrane
possesses excellent skin-friendly characteristics, which are
suitable to fabricate wearable piezoelectric sensors for
multijoint motion recognition.

2.4 | An Anti-Interference Stretchable Sensor
Array System

To enhance the ability of the sensors to capture more detailed
motion information, an integrated array was designed through
flexible printed circuit (FPC) technology. The structure diagram
of the unassembled PSA is shown in Figure 4A and the
assembly details of PSA can be found in Section 2. Briefly
speaking, 12 piezoelectric sensors, each with dimensions of
12mm X 6 mm, were arranged in an axisymmetric structure.
Subsequently, whether there is crosstalk between 12 channels
inside the PSA was validated, which is a prerequisite for stable
operation. External strain was independently applied to each
channel, and the signal outputs of all channels were measured

synchronously (Figure S4). It is found that only the channel
where the stress was applied could generate piezoelectric out-
put signals, while no significant anomalous signals were
observed in other channels (Movie S2). To visually verify
whether there is crosstalk between channels, the collected data
were quantitatively analyzed, and a chord diagram was plotted
in Figure 4B. In this figure, the arc length represents the
crosstalk value, while the color of the chord indicates
the direction of crosstalk, specifically determined by which of
the two interfering quantities is more significantly affected.
Benefiting from the serpentine routing that suppresses
mechanical crosstalk [48], the chords between channels are
essentially invisible, indicating that the crosstalk between
channels is at an extremely low level. Notably, at the same
bending angle, the peak outputs of channel 1 (Ch1) and channel
2 (Ch2) are around 0.5V, which is smaller than the 1V of other
channels (Figures 4B and S4). The relatively small peak voltage
of Chl and Ch2 is attributed to the positions of Chl and Ch2
spatially overlapping with the FPC connection cable.

Then, 12 piezoelectric sensors are folded along their central axis
to form PSA, consisting of six sensing units that can output
differential signals, which serves as a crucial prerequisite
for interference resistance. The operational principle of the
sensing unit is schematically illustrated in Figure S5. The
optical image of the PSA is illustrated in Figure 4C(i), and its
output terminal is connected to the circuit through an FPC
connection cable (Figure S6). It is noteworthy that the PSA
adopts a cruciform configuration, which is specifically designed
to maximize deformation detection within the target area.
Thanks to the serpentine interconnects design between sensing
units as presented in Figure 4C(i) [49]. PSA exhibits remarkable
stretchability. As shown in Figure 4C(ii), PSA can expand from
an initial 1-2 cm, achieving a maximum elongation of 100%
compared with its original state. The SNR of the sensor unit is
72.5dB (Figure 4D(i) and Note S5). As shown in Figure 4D(ii),
the SNR outperforms other reported polymer-based flexible
piezoelectric sensors and can be compared with piezoelectric
ceramic sensors [50-57]. A detailed comparative analysis of
SNR is presented in Table S2. This is attributed to the
differential-output form significantly mitigating the impact of
noise on the output signal. Specifically, the denominator in SNR
calculation is substantially reduced, thereby SNR is enhanced.
Figure 4E indicates that each sensing unit inside the PSA can
generate two signals with identical amplitudes and opposite
phases, demonstrating the characteristic of outputting electrical
signals in a differential form. Impressively, unlike a single
piezoelectric sensor with limited functionality, PSA is capable of
detecting pulse waveforms in a differential manner (Figure S7).
Furthermore, a human pulse wave velocity of the wrist and
neck regions can be calculated by analyzing the time difference
of arrival among array nodes (Figure S8), proving the applica-
tion potential of PSA in cardiovascular monitoring.

To address impedance mismatch and improve the accuracy of
motion monitoring, signal-conditioning circuits and embedded
AI were developed to construct an AI-PSA-Sys. The operation
flowchart of the AI-PSA-Sys is illustrated in Figure 4F, where
electrical signals generated by human joint motion are acquired
through PSA and subsequently sampled by the signal-
conditioning circuit and processed by the CNN model deployed
in the microcontroller unit (MCU). The AI-PSA-Sys, functioning
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FIGURE 4 | Construction and implementation of PSA-Sys. (A) Structure diagram of a differential array. (B) Crosstalk-free testing of
different channels for the sensor array and quantifying the interference through a chord diagram. (C) Optical images of (i) the assembled
PSA composed of six sensing units and (ii) the two differential sensing units under stretch state. (D) The high SNR sensing unit can (i) output
differential electrical signals to suppress interference and (ii) be compared with SNR in other literature. (E) Typical output signal of the PSA
during operation. (F) Operational flowchart of the PSA-Sys. (G) Exploded view of the hardware circuit for processing multichannel PSA
signals and deploying a machine learning model. (H) (i) Schematic diagram of the signal-conditioning circuit and (ii) electric output signals
sampled by the signal-conditioning circuit during wrist joint flexion. KNN, potassium sodium niobate; MCU, microcontroller unit; PCB,
printed circuit board; PDMS, polydimethylsiloxane; PLA, polylactic acid; PZT, lead zirconate titanate; SNR, signal-to-noise ratio; UART,
universal asynchronous receiver-transmitter.

as a secondary node, sends information to the host device using a
many-to-one communication protocol. To achieve portability and
wearability, a highly integrated circuit layout with a diameter of
3.6 cm was designed (Figures 1D and 4G and S9A), which con-
sists of a 12-channel signal-conditioning circuit, a CNN-deployed
MCU core, and a well-designed power management circuit
(Figure S10). The signals generated by human movement
are sampled by the six-layer PCB-designed multichannel

signal-conditioning circuit, and then processed by the four-layer
PCB-designed core circuit (Figure S9B). The circuit design
schematic of a single sampling channel in the signal-conditioning
circuit is shown in Figure 4H(i), comprising a charge amplifier
circuit and a second-order low-pass filter circuit. To validate the
efficacy of the 12-channel signal-conditioning circuit in accu-
rately sensing motion signals and achieving wireless transmis-
sion, we attached PSA-Sys without edge-Al on wrist, elbow, and
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arm with bending angles of 10°, 30°, and 60°, respectively, for
testing. The output electrical signals (Figures 4H(ii) and S11)
exhibit the distinct differential characteristic at different joint
motions and different motion angles, which conclusively demon-
strate that the designed PSA-Sys can precisely capture the motion
states of various human joints, thereby establishing a basis for the
subsequent training of CNN models for motion perception.

2.5 | Wearable AI Cluster for Multijoint Motion
Recognition

The ability of multiple embedded AI systems to share percep-
tual information is a key factor in pushing edge AI to higher
levels [58, 59]. Embedded AI has the advantages of local rapid
data processing and directly transmittable inference results.
Leveraging the advantages of the embedded AI, the designed
wearable Al cluster achieves precise recognition of complex
human motion states by sharing information among multiple
AI-PSA-Sys. The optical image in Figure 5A demonstrates the
layout diagram of the wearable AI cluster in various joints of
the human body. To quickly and accurately recognize joint
motions, it is critical to train machine learning (ML) model for
motion recognition and enable localized deployment. As
depicted in Figure 5B, the data acquisition process involves
collecting 20 distinct motion classification states, including
three flexion angles (10°, 30°, and 60°) of wrist, arm, shoulder,
ankle, and knee joints, nodding and shaking motions of the
neck, walking and running gaits, and resting states of human
joints. During the operation of the PSA-Sys, the 12-channel
sensor data were transmitted wirelessly and stably, and dis-
played in differential form on the home-made receiver software
(detailed data collection process can be seen in Movie S3). It is
worth noting that all sensing data were collected by the
designed PSA-Sys to ensure the consistency of the data sam-
pling rate and amplitude between the training model and actual
use, which is the basis for the embedded intelligent system to
stably recognize human motion.

Subsequently, the 72 raw sensing data under each of the 20
motion categories were standardized and partitioned into
training, test, and validation set, with the training set ac-
counting for 60% of the total data and the test and validation
sets each accounting for 20%. To effectively extract spatio-
temporal features from the sensing data, considering the limited
computational capacity of the MCU, a lightweight classification
model based on a two-layer 2D-CNN was constructed, as
illustrated in Figure 5C. This model framework is characterized
by its simplicity, efficiency, and low complexity. The output
model size is 245 KB, making it suitable for embedded deploy-
ment. Specifically, this model consists of a feature extraction
module and a decision-making module. The input dimension of
the model is a two-dimensional (2D) matrix with a size of
12 X 400, which is regarded as 12 single-channel pseudo-images.
The model progressively extracts joint features between nodes
and time series through two layers of 2D convolutional modules
and pooling modules, and then compresses and maps the
original matrix information into high-dimensional feature rep-
resentations. In the process of decision classification, the fea-
tures extracted by convolution are flattened and fed into a fully
connected network. Outputting the probabilities of 20 motion

categories by the SoftMax function, thereby achieving motion
classification. The classification capability of the model is
visually demonstrated through a confusion matrix and training
curves. The confusion matrix in Figure 5D reveals that the
model achieves 100% accuracy in recognizing wrist, arm,
shoulder, ankle, and neck bending angles, as well as two gaits of
walking and running of a person. However, a misclassification
occurred at a 60° knee bend, 92.9% of the samples were cor-
rectly identified, while 7.1% of the samples were misclassified as
a 30° arm joint bend. In short, the confusion matrix exhibits
a clear diagonal distribution, with the model achieving an
average accuracy rate of 99.6%. It is important to note that
the work prioritizes deployability on resource-constrained mi-
crocontrollers for wearable sensing. Under such hardware
limitations, opting for a more complex network for a marginal
accuracy improvement is difficult. Given that the model already
achieves an overall accuracy of 99.6%, the 7.1% error rate is a
practically acceptable trade-off within the targeted application
scenario. This level of accuracy is sufficient to meet the func-
tional requirements for on-device AI classification. As shown in
Figure 5E, the accuracy curves of the test set and the validation
sets rise rapidly in the initial stage and remain stable after 30
epochs, indicating a good fitting capability. Simultaneously, the
loss curves decrease rapidly before 20 epochs and gradually
converge, and then remain stable without any signs of over-
fitting. The accuracy and loss curves during training reflect the
fitting degree and evolutionary trend of the CNN model, dem-
onstrating obvious dual-index optimization characteristics and
good robustness of the model.

The obtained CNN model is converted in format and then
deployed on the MCU (more details in Section 2.4). The algo-
rithmic flowchart of the model on the MUC is illustrated in
Figure 5F, in which the analog-digital conversion reads data
from 12 channels, writes it into a sliding window, and performs
standardization processing before invoking the model for motion
classification. To enhance system stability, this study adopts a
buffering algorithm, wherein the classification result is wirelessly
transmitted to the master node only when multiple consecutive
judgment results are consistent, thereby mitigating sporadic er-
rors caused by signal jitter and environmental interference. In
addition, since the data is standardized during the model training
process, standardization mapping is also required for the data
within the sliding window, ensuring consistency in the training
and generalization scales of the model. After the model was
deployed, the confusion matrix of the recognition results for 20
types of human motion was presented in Figure 5G. Further-
more, to evaluate the efficacy of the cluster in multijoint motion
recognition, a wearable AI cluster was proposed. This cluster
consists of a host device responsible for data aggregation
(described in Note S6) and three AI-PSA-Sys units distributed on
the wrist, arm, and shoulder for recognition of complex arm
movements, as illustrated in Figure 5H. The recognition results
are displayed on a self-developed mobile application, as pre-
sented in Figure S12. Figure S13 presents the circuit schematic
and optical image of the host device. Subsequently, subjects
equipped with the wearable AI cluster performed a series of
motions. Figure 51(i-iv) and Movie S1 depict the random motion
postures of the wearable AI cluster and the corresponding
recognition results. Specifically, 27 movements composed of
three recognition angles of 10°, 30°, and 90° for the wrist, elbow,
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and shoulder joints were recognized, respectively. The confusion
matrix of the recognition results is shown in Figure S14. The
experimental results show that the wearable AI cluster
effectively recognizes and displays simultaneous motions of
the shoulder, elbow, and wrist in the perception of multijoint
coordinated motion of the arm, indicating that the AI-PSA-Sys
can accurately identify the coordinated motions involving
multiple joints by sharing recognition information. Through
further comparison with other literature [19, 43, 60, 61], it
can be seen that the advantage of this cluster lies in its
high assembly flexibility, the ability of sensor nodes to
independently process information and perform data
fusion (Figure 5J), which is expected to be widely applied in
multinode sensing scenarios. Thus, a wearable AI cluster
offers a promising hardware solution that caters to the evolving
demands of rehabilitation training, motion intention recognition,
and sports injury prevention. In a word, the efficient integration of
high-performance piezoelectric sensors, multichannel signal-
conditioning circuits, embedded systems, and ML algorithms
demonstrates the advantages of unconstrained operation and easy
scalability, making the wearable Al cluster present a bright future
in the field of human health monitoring.

3 | Conclusions

In this study, we proposed and developed a scalable, distributed
wearable Al cluster monitoring the motion states of multiple
human joints, which can perform real-time recognition of
human movements. By optimizing material preparation process
and unique integrated device design, the output performance and
SNR of the flexible piezoelectric sensing unit have been en-
hanced, as indicated by the differential-output waveform of the
device. Furthermore, the processed composite membranes
demonstrated excellent skin-friendly characteristics. When
combined with a specifically designed miniaturized multichannel
signal processing circuit and a lightweight CNN model, the
AI-PSA-Sys can efficiently capture the output waveforms of
the sensor array and thus perceive the motion state of indi-
vidual joints. Subsequently, a sensing cluster is formed
through multiple AI-PSA-Sys to perceive the motion states
involved in multiple joints of the human body. Thanks to the
utilization of embedded AI, the AI-PSA-Sys can output clear
inference results, reduce communication latency, and thus
be able to perform real-time motion recognition, thereby
achieving a leap from single-action perception to multijoint
compound motion recognition. In summary, the integration of
high-performance piezoelectric materials, multichannel sens-
ing circuits, embedded systems, ML algorithms, and the
wearable AI cluster throughout the entire process demon-
strates advantages of high integration, unconstrained opera-
tion, and easy scalability, positioning this technology for
broader applications in rehabilitation training, motion inten-
tion recognition, and sports injury prevention.

4 | Experimental Section
4.1 | Materials

Commercially available PVDF-HFP (Macklin Biochemical, China),
acetone (Fuyu Fine Chemical, China), N,N-dimethylformamide

(DMF) (Aladdin Biochemical, China), and Ag NWs (XFJ01,
Xianfeng Nano, China) were used without further purification.

4.2 | Composite Membranes Preparation

To replace the ethanol used for soaking the Ag NWs, solvent
exchange to DMF was performed on the Ag NWs dispersion
(10 mg/mL), where the initial volume was recorded and
the mass was derived from concentration and volume, with
postexchange concentration recalculated for precise dosing
(Figure S1). Subsequently, PVDF-HFP precursor solution was
prepared by dissolving PVDF-HFP (12wt%) in DMF:acetone
(3:2) under sealed magnetic stirring (600 rpm, 60°C, 6h),
followed by blending Ag NWs at 0.01, 0.05, 0.1, and 0.2 wt%
concentrations. At this moment, the PVDF-HFP/Ag NWs have
been prepared for electrospinning. The process parameters of the
electrospinning were optimized as follows. A stable Taylor cone
was obtained at 10kV using a 21-gauge flat needle, with a
solution feed rate of 0.8mL/h. The rotating collector drum
(800 rpm) was placed 16 cm away in a controlled environment
(~40°C, <20% relative humidity, through a heating lamp/
dehumidifier). The PVDF-HFP/Ag NWs nanofiber membranes
were deposited on the conductive cloth, followed by vacuum-
dried for 12 h. The membranes were cut into 1 cm X 1 cm pieces
and hot-pressed between aluminum foils at 120°C and 5 MPa for
15 min, with final rapid annealing at a rate of 30°C/min using ice
water via a circulating chiller (Xinnuo RYJ-600C, China). At this
point, the preparation of the membranes has been completed.

4.3 | Sensor Characterization

4.3.1 | Electrical Testing and Characterization of the
Composite Membranes

The contact separation motion was driven sinusoidal by a linear
motor (E1100, Linmot) under ambient atmosphere, while the
electrical output was measured using a multichannel nano-
generator analyzer (T5000-18A). The PVDF-HFP/Ag NWs na-
nofiber membranes were characterized using: SEM (JSM-7610F
Plus), XRD (D8 Advance), Raman spectroscopy (inVia,
Renishaw) with computer data processing, PFM (MFP-3D
Origin+), and radiative cooling effect via infrared thermogra-
phy (Pi400, Optris) under 1 mW/cm? solar illuminance by a
xenon lamp system (CEL-S500, Ceaulicht).

4.3.2 | Assembly of Sensor Array for Differential Signal
Output

The sensor array circuitry was initially designed in Jialichuang
electronic design automation (EDA) software, which adopts FPC
technology and has 12 channels (12 mm X 6 mm per channel)
arranged in an axially symmetric configuration. During the
assembly process, each sensing channel integrates PVDF-HFP/
Ag NWs piezoelectric composite membranes, in which the con-
ductive fabric provides adhesion and electrical connectivity while
maintaining a uniform polarization direction on all membranes.
Among them, the conductive fabric was purchased from Jin-
lueyue electronic materials company. It was obtained by coating
copper and nickel on polyester fibers. Finally, folding the array
along its central axis and inserting six polyimide sheets

Interdisciplinary Materials, 2026

461

85U8017 SUOWILWIOD BAITEID) 8|qea!dde ay) Aq pausencb ae sspie YO ‘88N Jo sejni 1oy Ariq1T8UIIUO AB|IA UO (SUORIPUOD-PUR-SWB} W00 A8 | IMAeIq1 Ul UO//:SdNy) SUONIPUOD pue SWis | 8U188S *[9202/90/60] U0 AriqiauliuO AB|IM BuIyDBURIL0D AQ £500. ZWP1/Z00T OT/I0P/W00" A3 1M Ae.q 1 |puluoy//Sdiy wolj pepeojumod ‘€ ‘9202 ‘XTiy29/2



(6 mm X 12 mm) as interunit insulators inside the array to gen-
erate the PSA with the six sensing units (Figure 1B).

4.3.3 | Design of PSA-Sys and Host Device Hardware

To achieve the miniaturization of the PSA-Sys, the signal-
conditioning circuit and the core microcontroller circuit are
designed separately to ensure that the design size is as small as
possible. The signal-conditioning circuit adopts the OPA4377
operational amplifier (Tokmas, USA), featuring 12 front-end
charge amplifier circuits for piezoelectric signal amplification
and impedance matching, as well as 12-s-order low-pass filter
circuits to ensure that the signal waveform is noise-free and
intact. The core processing board utilizes an ESP32 MCU
(Espressif, China) and integrates power management and de-
bugging circuits into the board. The wearable AI cluster hard-
ware comprises both these PSA-Sys units as subnodes and a
host device for data aggregation. The host device employs an
ESP32-WROOM-32E module utilizing the ESP-NOW protocol
for many-to-one communication to aggregate data from the
multiple subnodes. The ESP32-S3R8 chip utilizes Bluetooth
Low Energy for transmitting the final recognized motion
information externally. All PCBs were designed using the
Jialichuang EDA software and fabricated by the Jialichuang
company. Component specifications for the above-mentioned
circuits are detailed in Table S3.

4.3.4 | Details of Data Collection, Cleansing, and Annotation

Data collection was performed for 20 distinct motion categories
using the home-made PSA-Sys. PSA-Sys were affixed to relevant
joints, and each motion was executed repeatedly (72 times) at
fixed intervals of 5s. The wireless transmission of data utilized
an ESP32-based hardware module, which is programmed in
C++ within the Visual Studio Code integrated development
environment (IDE) via the PlatformIO framework. Synchro-
nous data reception, real-time visualization, and storage were
implemented through a Python-based application developed
within the PyCharm IDE, and the graphical user interface is
achieved using the PyQt framework (Movie S3). Subsequently,
the obtained raw data were cleaned and annotated. For
instance, the data captured from 72 repetitions of a 30° arm
bend were initially stored in a comma separated values (CSV)
file, which was then split into 72 individual CSV files based on
the known time intervals. Each segmented file was stored in a
folder to represent the corresponding motions category. The
names of the folder serve as classification labels of the samples.
Subsequently, we applied standardization using the Stan-
dardScaler algorithm. Specifically, each sequence was stan-
dardized independently to achieve a distribution with a mean of
0 and a standard deviation of 1. This step ensures that all fea-
tures share a common scale, thereby improving model per-
formance and convergence speed.

4.3.5 | Explanation of ML Algorithms

This network employs a 2D CNN architecture to process
sequential input data of shape (64, 400, 12). Initially, the data is
transformed into a convolutional input format of (64, 1, 12, 400)
through dimension permutation and expansion. The feature
extraction module consists of two convolutional layers: the first

layer employs 64 3 X3 convolutional kernels with padding,
followed by batch normalization, rectified linear unit (ReLU)
activation, and 2 X 2 max pooling; the second layer applies 128
3% 3 convolutional kernels with similar processing. Subse-
quently, adaptive average pooling compresses the feature maps
to a size of (6,50). The classification module includes two
dropout layers with a rate of 50%, with a 512-dimensional fully
connected layer and ReLU activation in between, ultimately
producing outputs for 20 classes. The model utilizes Cross-
EntropyLoss as the loss function and is trained using the Adam
optimizer with a learning rate of 0.001.

4.3.6 | Robustness Test of the Fixed Random Split

Specifically, to robustly evaluate the model performance, the
data set was randomly divided into training, validation, and test
sets at a 6:2:2 ratio, and the cross-entropy loss function was used
to guide the optimization. To mitigate the inherent bias of a
single random split, this partitioning process was independently
repeated 10 times. The standard deviation of the test accuracy in
the final report is +1.1% (Figure S17), demonstrating the
robustness of the results.

4.3.7 | Setups for Deploying Embedded Al

Deploying the trained model onto the embedded platform
requires converting the PyTorch training output (.pth) to a for-
mat compatible with the TensorFlow Lite Micro (TFLM) run-
time. This conversion process began by transforming the model
into the cross-platform open neural network exchange model
format, which was then converted into a TensorFlow SavedMo-
del. Whereafter, the SavedModel was compiled into the TFLite
format suitable for TFLM. To reduce the model size and com-
putational load to the minimum required by the embedded
platform, integer quantization processing after training was car-
ried out. Specifically, converting the weights and activation val-
ues from 32-bit floating-point to 8-bit fixed-point precision. After
quantization, the TFLite model was translated into a C-header
file representation. Finally, integrating this header file into the
embedded software project to enable the hardware to take
advantage of quantified model parameters and architecture.

4.3.8 | Development of Mobile Device Display Software

To make the recognition results intuitive and visual, we have
developed a corresponding motion-display mini-program
within the WeChat Mini-Program framework. The architec-
ture of the application was programmed in JavaScript, while its
structure and styling were defined using weixin markup lan-
guage and weixin style sheets, respectively. By leveraging
Tencent's Cloud Development services, the mini-program
invokes and displays images consistent with the motion
recognition results (Figure S13B).
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