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Featured Application

The proposed wearable piezoelectric sensing system, integrated with machine learning-
based signal classification, provides a flexible and compact platform for detecting me-
chanical heterogeneity in soft materials. This approach is well-suited for applications
requiring noninvasive and continuous monitoring, including wearable biomedical sens-
ing, soft tissue characterization, and human-machine interfaces. By enabling real-time
analysis of pulse—echo signals through data-driven algorithms, the system offers potential
for early-stage anomaly screening in controlled environments, as well as applications in
smart prosthetics and adaptive robotic skins. Although demonstrated here as a proof
of concept under phantom conditions, the framework can be extended to more complex
biological systems and integrated into portable or wireless sensing platforms for future
real-world deployment.

Abstract

In contemporary society, breast health has become a significant public health concern,
particularly among women. According to statistics from the World Health Organization,
both the incidence and mortality rates of breast tumors have steadily increased in recent
years. Therefore, effective early-stage screening and postoperative monitoring are essential
for maintaining breast health. However, conventional clinical diagnostic modalities are
typically bulky, operationally complex, and unsuitable for continuous real-time monitor-
ing, which limits their use in portable and everyday health management applications. To
address these limitations, this study proposes a machine learning-integrated wearable
piezoelectric sensing platform as an auxiliary tool for breast health assessment. The device
consists of a PDMS matching layer embedded with flexible silver nanowires, a P(VDF-
TrFE) piezoelectric layer, and a multi-channel low-noise signal acquisition circuit. It is
capable of acquiring acoustic echo signals from tissue-mimicking environments and au-
tomatically evaluating signal validity using a convolutional neural network (CNN). By
integrating piezoelectric sensing with deep learning-based signal analysis, the proposed
system achieves a signal-to-noise ratio exceeding 70 dB and a real-time classification accu-
racy above 96% under controlled conditions. These results demonstrate that the platform
provides a compact, portable, and intelligent approach for wearable sensing of mechanical
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heterogeneity and highlight its potential for future development in continuous biomedical
monitoring technologies.

Keywords: wearable piezoelectric sensor; piezoelectric composite; acoustic biomedical
imaging; machine learning diagnostics; cancer detection

1. Introduction

Breast cancer remains one of the most prevalent malignancies affecting women world-
wide, with incidence rising and the age of onset decreasing, making early detection and
longitudinal monitoring critical for improving clinical outcomes [1,2]. Conventional clinical
imaging modalities, including mammography, ultrasonography, magnetic resonance imag-
ing (MRI), and positron emission tomography (PET), provide strong diagnostic capabilities,
but are constrained by high cost, dependence on specialised infrastructure, and limited
suitability for continuous real-time monitoring in daily-life settings [3,4].

Recent advances in wearable electronics and flexible biointegrated systems have
created unprecedented opportunities for continuous physiological monitoring and early
anomaly detection [5-8]. In particular, wearable ultrasound technology has emerged as a
promising approach for non-invasive deep-tissue interrogation, with expanding applica-
tions in disease diagnosis, intervention guidance, and long-term health monitoring. Recent
studies have shown that artificial intelligence-empowered ultrasound tissue characteri-
zation is advancing disease diagnosis, therapy monitoring, and intervention guidance,
while progress in wearable ultrasound technology is further broadening its application
potential in continuous monitoring scenarios [9,10]. Wearable ultrasound and acoustic
sensors can interrogate deep tissues non-invasively [11], enabling applications in cardio-
vascular monitoring, tissue mechanics assessment, and motion tracking [12-14]. Compared
with rigid probes, flexible acoustic devices achieve better conformal contact with biological
tissues [15], thereby improving signal coupling efficiency and measurement stability [16,17].
Nonetheless, maintaining a high signal-to-noise ratio (SNR) and reliable signal acquisition
remains a critical challenge for wearable acoustic sensing systems [18], as motion artefacts,
environmental fluctuations, and biological variability can significantly degrade signal
quality [19,20].

Mechanically, differences between normal and abnormal tissues in elasticity, density,
and microstructure lead to variations in acoustic impedance and echo characteristics [21],
providing a basis for detecting tissue heterogeneity via acoustic sensing [22]. However,
extracting reliable and discriminative features from weak and noisy echo signals remains
a major challenge for wearable platforms [23]. Traditional approaches often rely on man-
ual interpretation or simplistic signal processing, limiting robustness and scalability [24].
Meanwhile, rapid advances in artificial intelligence for ultrasound tissue characteriza-
tion have demonstrated substantial potential in disease diagnosis, intervention guidance,
and therapy monitoring. In particular, machine learning, especially convolutional neural
networks (CNNSs), has shown strong capability in automatically extracting features and
classifying complex time-series and biomedical signals [25,26], and its integration with
wearable sensors has improved signal interpretation and data-driven decision support [27].
Nevertheless, most existing studies focus on high-level classification or diagnostic tasks;
the more fundamental issue of signal reliability, namely distinguishing valid measurements
from corrupted signals, remains underexplored, especially in wearable acoustic sensing
systems [28,29].
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In this work, we present a machine learning-assisted wearable piezoelectric acoustic
sensing platform for breast tissue monitoring, with a specific emphasis on robust echo
signal acquisition and validity assessment. The system integrates a flexible P(VDF-TrFE)-
based piezoelectric sensor array, silver nanowire electrodes, a PDMS acoustic matching
layer, and a multistage low-noise analogue front end, forming a compact and conformal
sensing interface. To address signal instability, we introduce a CNN-based module to
automatically identify valid and corrupted echo signals before further analysis, thereby
improving overall signal reliability. The key contributions of this study are: (1) integrating
a flexible piezoelectric sensing array with machine learning-based signal classification;
(2) developing a hardware-software co-designed system for pulse-echo signal acquisition
and interpretation; and (3) demonstrating robust classification of mechanical heterogeneity
under controlled conditions.

Using controlled experiments across multiple media and breast tissue-mimicking
phantoms, we demonstrate stable signal acquisition with high SNR and consistent sen-
sitivity to mechanical heterogeneity. Rather than targeting clinical diagnosis, this study
establishes a proof-of-concept framework for reliable signal acquisition and validation in
wearable acoustic sensing systems, providing a scalable foundation for future intelligent
health monitoring applications.

2. Materials and Methods
2.1. Sensor Design and Materials

The flexible device comprises a P(VDE-TrFE)-based piezoelectric array, silver nanowire
electrodes, and a PDMS substrate [30]. The P(VDF-TrFE) layer serves as the active piezoelec-
tric component and offers several advantages, including high flexibility and conformability,
a suitable piezoelectric response for wearable applications, and compatibility with large-
area, low-temperature fabrication, making it an attractive material for flexible piezoelectric
sensors [31,32]. Meanwhile, piezoelectric materials remain an active area of research, par-
ticularly in the development of lead-free alternatives and performance optimization, which
provides a broader context for this work [33,34]. The AgNW network enables mechanical
compliance and wearable operation, while the PDMS substrate provides softness and
elasticity, improving conformal contact with the body surface and mitigating mechanical
damage during deformation [35,36]. The overall three-dimensional architecture of the
device is shown in Figure 1a, and its cross-sectional configuration is shown in Figure 1b.

b

Silver nanowires are embedded in the PDMS layer }

1 AgNW

\ | Excitation signal (input) |
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| Transmit sound waves to human tissues ‘

Figure 1. Schematic diagram. (a) Schematic illustration of the overall sensor architecture.
(b) Schematic illustration of the sensor cross-sectional structure.
2.2. Signal Acquisition and Circuit Design

The sensor array was connected to a multichannel low-noise analog front end. Each
channel employed an MCP6022 differential amplifier (manufactured by Microchip Technol-
ogy Inc., Chandler, AZ, USA) for preamplification, followed by a home-made band-pass
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filter (20-500 kHz) to suppress environmental noise. A MCP6023 rail-to-rail operational
amplifier (manufactured by Microchip Technology Inc., Chandler, AZ, USA) buffered
the DAC output, ensuring uniform excitation of the piezoelectric elements. Signals were
digitized using a home-made 16-bit ADC integrated in a microcontroller unit (MCU) at
a 500 kS/s sampling rate. The MCU controlled sequential channel switching, timing,
and data transmission to the host PC for processing. The circuit connection is shown in
Supplementary Materials Figures S1 and S2.

2.3. Acoustic Measurement Setup

Ultrasonic experiments were conducted in water, rigid substrates, and ex vivo bi-
ological tissue models (e.g., chicken egg samples) used as soft-tissue analogues. The
egg-based model provides heterogeneous internal structures, including shell, membrane,
and fluid regions, which partially mimic acoustic impedance variations in biological
tissues [37-40].

2.4. CNN-Based Signal Analysis

To further improve signal interpretation and reliability, raw echo signals were
organized into time-domain tensors and fed into a convolutional neural network (CNN)
consisting of three convolutional layers with ReLU activation and one fully connected
classification layer [41]. The network classified signals as valid or corrupted. Training
employed the Adam optimizer with a learning rate of 0.001, using cross-entropy loss
for 1000 iterations [42]. Data were split into training, validation, and test sets at a
6:2:2 ratio, maintaining class balance. The specific training parameters are shown in
Table 1.

Table 1. Training configuration.

Parameter Value

Iteration 1000

Learning rate 0.001

Loss function Cross-entropy loss function
Optimizer Adam optimizer

In this study, the cross-entropy loss function was used and is defined as follows [43]:

L= _%[%‘ log(pi) + (1 —yi)log(1 — pi)] @

where N is the batch size, y; is the ground-truth label of sample i (1 for abnormal and 0 for
normal), and p; is the predicted probability that the sample is abnormal [44].

All materials, code, and protocols are available upon reasonable request. No human
or animal subjects were directly involved in this study. Ethical approval was not required.

3. Results

The complete workflow of this study is illustrated in Figure 2. First, excitation signals
generated by the DAC are used to drive the sensor to emit ultrasonic waves, thereby
obtaining echo signals from human tissues. The echo signals are then acquired by the ADC,
and a convolutional neural network is further employed to classify the signals into valid
and invalid categories.
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Figure 2. Schematic diagram of the overall system workflow, including sensor excitation and
pulse-echo signal generation, signal acquisition and amplification, data processing, and machine
learning-based classification.

3.1. Signal Acquisition Performance and System Stability

The performance of the sensing system was first evaluated in terms of signal acqui-
sition and stability, followed by multichannel assessment using a 3 x 3 sensor array, as
shown in Figure 3a—e. The system successfully achieved synchronized excitation, signal
acquisition, and spatial mapping across all channels.
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Figure 3. Multichannel excitation and echo acquisition process based on the 3 x 3 piezoelec-
tric sensor array. (a) Pulse excitation waveform (3.3 V, 10 pus pulse width, 180 kHz frequency);
(b) raw millivolt-level signals captured by the sensor; (c) analog front-end (AFE) processed signals,
including 18.3x amplification and 53 kHz low-pass filtering; (d) heatmap representing the signal
intensity distribution across all channels; (e) automated diagnostic output, where the abnormal
echo signal exhibits significantly higher amplitude than the normal one. (f) Multi-channel (10 x 10)
sensor simulation results. In the future, this sensor can be scaled up to an n x n array for detecting
abnormalities in other body parts.
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The resulting amplitude heatmaps reveal clear spatial variation in echo intensity,
enabling localization of abnormal regions. Simulation results for a larger 10 x 10 array
(Figure 3f) indicate that increasing array density can further improve spatial resolution
without significant signal degradation.

These results demonstrate the scalability of the proposed system and its potential for
high-resolution, large-area acoustic sensing applications.

In Figure 3a, the DAC module generates a square-wave excitation signal with a
frequency of 180 kHz and an amplitude of approximately 3.3 V. This periodic waveform
serves as the driving signal to induce mechanical vibration and acoustic responses in the
piezoelectric array. When the excitation is applied to the sensor, a pulsed echo response
is produced through the inverse piezoelectric effect, as shown in Figure 3b. The resulting
echo signal has an amplitude in the microvolt-to-millivolt range and therefore cannot be
directly digitized without appropriate signal conditioning.

To analyze these extremely weak bioacoustic signals, the analog front end (AFE)
provides a high-gain, low-noise signal conditioning stage. Through cascaded amplification
and subsequent digital enhancement, the system achieves a total gain of approximately
80 dB, effectively raising microvolt-level echo signals above the quantization threshold
of the 16-bit ADC. This process enables the system to reliably resolve subtle backscatter
variations above the system noise floor.

After amplification and band-pass filtering through the AFE, the output signal exhibits
a stable oscillatory waveform with peak amplitudes around £4 V, as shown in Figure 3c.
This indicates that the echo signals from the piezoelectric elements have been effectively
captured and conditioned by the low-noise amplification stage. Using the sampled data
from all array elements, a 3 x 3 amplitude heatmap can be generated, as illustrated
in Figure 3d. Color contrast reveals spatial variations in response amplitude, with a
pronounced anomaly detected at the first row, second column, suggesting the presence
of abnormal tissue. The digitized waveform shown in Figure 3e corresponds to signals
acquired with a 16-bit ADC at a 500 kS/s sampling rate.

On this basis, Figure 3f further demonstrates the scalability of the array design toward
an n x n configuration (here n = 10). The expanded heatmap indicates that higher-density
arrays can provide improved spatial resolution and enhanced sensitivity, making them
well-suited for large-area echo imaging and multipoint sensing applications. Overall, these
simulations verify that the developed piezoelectric sensor array offers stable excitation,
effective signal extraction, and good inter-channel consistency, thereby establishing a
scalable foundation for future high-density piezoelectric sensing systems [45].

3.2. Acoustic Response Under Different Media

As shown in Figure S3 in the Supplementary Materials, to investigate the sensitivity
of the sensor to different acoustic environments, experiments were conducted in water,
rigid materials, and soft-tissue analogues (egg-based models). As shown in Figure 4a—c,
the system produced distinct echo responses depending on the acoustic impedance and
mechanical properties of the medium.

In water, the echo signals exhibited smooth decay and high temporal consistency
due to minimal impedance mismatch. In contrast, rigid substrates generated stronger
reflections and higher-amplitude oscillatory responses, reflecting significant impedance
discontinuities. The soft-tissue analogue produced more complex and spatially distributed
echo patterns due to its heterogeneous internal structure.
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Figure 4. (a) Testing results in a soft-tissue-like environment. Because the acoustic impedance
difference between the soft material and the sensor is small, the resulting echo signals are weaker and
more diffuse. The generated feature map shows moderate intensity, reflecting the signal characteristics
of soft-tissue environments. (b) Measurement feature map on rigid materials. Rigid materials create
a larger acoustic impedance mismatch, resulting in stronger reflections and more pronounced echo
signals. (c) Testing of the sensor and circuit in water. When the piezoelectric sensor is subjected to
pressure and deforms in water, its output signal generally becomes higher. The received ultrasonic
echo signals, after passing through the amplification and filtering circuit, exhibit good periodic
consistency and very low noise, indicating stable and reliable signal acquisition. (d) Detection of a
lesion within a breast tissue model. The presence of a lesion significantly alters the propagation and
reflection characteristics of ultrasound, producing noticeably different echo patterns. After identifying
these changes, distinct abnormal signals associated with the lesion are generated, reflecting the echo
differences caused by tissue abnormalities.

These results demonstrate that the sensor system is capable of distinguishing materials
with different acoustic properties and can sensitively respond to variations in impedance
and structural composition.

As shown in Figure 4d, regions containing internal anomalies exhibited distinct echo
characteristics compared with homogeneous regions. In particular, the presence of embed-
ded lesions or internal interfaces resulted in localized amplitude enhancement, waveform
distortion, and phase variation. These variations were clearly visualized in the spatial
heatmaps, where abnormal regions exhibited significantly higher signal intensity. The
Figure 54 in the Supplementary Materials can further illustrate its sensitivity.
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These findings indicate that the system is sensitive to local variations in mechanical
stiffness and acoustic impedance, enabling the detection of heterogeneous structures within
biological-like media.

3.3. CNN-Based Signal Validation and Classification

To improve signal reliability, a convolutional neural network (CNN) was employed to
distinguish valid echo signals from corrupted measurements [46]. Representative wave-
forms shown in Figure 5a indicate that valid signals exhibit smooth and consistent patterns,
whereas invalid signals display noise fluctuations, distortion, and temporal misalignment.
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Figure 5. Architecture and training performance of the CNN model. (a) Comparison of two types of

000

O

input signals (sine wave and square wave) under accurate and erroneous measurement conditions in
the neural network. Orange: Generated signal; Purple: Received signals; Red: Subtraction signal.
(b) Schematic diagram of the CNN model structure, showing the convolutional and fully connected
layers used to classify signals as accurate or erroneous.

As shown in Figure 5b, raw time-series signals were fed into the model for abnormality
assessment. The network consists of three convolutional layers, which progressively extract
increasingly complex features: the first layer uses four channels to capture basic local
patterns, the second expands to 32 channels to learn higher-dimensional representations,
and the third compresses the output to two channels to preserve critical information while
reducing parameter count. The resulting features are then flattened and passed to a fully
connected layer, which outputs a binary classification indicating whether the signal is
normal or erroneous.

The CNN model achieved a classification accuracy exceeding 96% on the test dataset,
with stable convergence observed during training (Figure 6a,b). The ROC and PR curves
(Figure 6¢,d) further demonstrate robust discriminative performance, with consistent results
across training, validation, and test sets.
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Figure 6. Performance evaluation of the CNN model for echo-signal classification. (a) Evolution
of the loss function during training. (b) Accuracy curves of the training and validation sets as a
function of iteration number. (c¢) Comparison of ROC curves for the training, validation, and test
sets. (d) Precision-recall (PR) curves further evaluating model precision across different recall levels.
(e) Confusion matrix results showing high classification accuracy for both classes.

Figure 6a shows the evolution of the loss function during training. The results indicate
that the model parameters gradually stabilized over the course of iteration, with no obvious
divergence observed, suggesting that the proposed model could be optimized reliably
under the current data conditions and effectively distinguish valid from invalid echo
signals. Figure 6b presents the corresponding accuracy curves during training. As the
number of iterations increased, the accuracy on both the training and validation sets rose
rapidly and reached a high level at an early stage, indicating that the convolutional neural
network was able to quickly learn discriminative features from the echo signals. Both curves
then remained stable and converged to above 96%, demonstrating good convergence and
training stability. Moreover, the small gap and limited fluctuation between the training
and validation curves suggest that no evident overfitting occurred and that the model
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achieved good generalization performance. Figure 6¢c shows that the model achieved
consistent discriminative performance across the training, validation, and test sets, with
AUC values of 0.818, 0.748, and 0.765, respectively. All ROC curves remained above the
random-classifier baseline, indicating effective separation of positive and negative samples.
The similar AUC values for the validation and test sets further suggest stable performance
on unseen data, with no evidence of severe overfitting despite the slightly higher AUC on
the training set. In Figure 6d, the PR curves further confirmed the robustness of the model
across datasets. The AP values reached 0.829, 0.802, and 0.810 on the training, validation,
and test sets, respectively, indicating a favorable balance between precision and recall.
Although precision declined with increasing recall, as expected for binary classification, the
curves remained consistently high, supporting stable positive-class recognition. As shown
in Figure 6e, the confusion matrix results indicate that the model achieves an accuracy of
approximately 97%.

The small performance gap between datasets suggests that the model achieved good
generalization without significant overfitting. These results indicate that the CNN effec-
tively improves signal reliability by filtering out corrupted data prior to further analysis.

4. Conclusions

Based on the above experimental results, this work establishes a wearable diagnostic
platform that integrates functional materials, low-noise electronics, and machine learning
within a unified sensing architecture [45]. By combining AgNW /P(VDF-TrFE)-based piezo-
electric sensing with CNN-enabled signal interpretation, the system is able to not only
detect weak bioacoustic responses, but also extract diagnostically relevant information in
real time. These results highlight the potential of coupling intrinsically responsive materials
with intelligent algorithms to create closed-loop systems for signal acquisition, feature
analysis, and decision support. Recent advances in flexible and wearable ultrasound de-
vices, including innovations in materials, structural designs, and wearable imaging patches,
further support the broad potential of such systems for continuous health monitoring and
personalized medicine [46—48].

At the same time, this study remains a proof of concept. Validation was limited
to breast phantoms and benchtop experiments, and the performance of the device in
heterogeneous living tissues has not yet been established. Further in vivo studies in
animal models or human subjects will therefore be required before clinical translation
can be considered [49]. Looking ahead, this platform provides a promising foundation
for expansion into a wearable intelligent diagnostic network, supporting coordinated
operation between multimodal sensing and cloud-based intelligent analysis for continuous
health monitoring and personalized medical intervention [50]. Beyond breast abnormality
detection, the platform may also find broader applications in cardiovascular function
monitoring, tissue elasticity imaging, and neural pulse sensing.

Supplementary Materials: The following supporting information can be downloaded at https:
/ /www.mdpi.com/article/10.3390/app16126126/s1. Figure S1: The test circuit [51]; Figure S2: The
test conducted under different conditions; Figure S3: The sensor can receive different signals and
reflect their differences; Figure S4: Schematic diagram of the amplification filter circuit.
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