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ABSTRACT: Existing artificial tactile sensing technologies face significant challenges in
addressing signal instability caused by the complex mechanical responses of soft materials.
Here, a multimodal smart tactile finger based on a triboelectric nanogenerator (TENG)
and a piezoelectric nanogenerator (PENG) is developed. The smart finger system
integrates a stable contact mechanism with a multimodal sensing module, enabling the
synchronous acquisition of composite responses from four TENG channels and one PENG
channel. For different soft materials, the TENG and PENG signals generated during the
detection process are significantly different. The former is generated by the contact and
separation of the TENG module and the soft materials, while the latter is generated by the
elastic collision between the PENG module and the soft materials. The acquired signals are
standardized and processed using a linear discriminant analysis (LDA) model to achieve
accurate classification of soft material types. Testing with 23 soft materials covering broad
ranges of modulus and adhesion strength demonstrates that the classification accuracy with
all five channels exceeds 83%, significantly outperforming results from any single sensor
channel. This smart tactile finger offers promising technological prospects for advanced human−machine interaction, bioinspired
robotics, and medical tactile systems.
KEYWORDS: tactile sensor, triboelectric nanogenerator, piezoelectric nanogenerator, material identification, machine learning

1. INTRODUCTION
Tactile perception is the primary means by which humans
perceive the mechanical and geometric properties of an
object’s surfaces, and its function relies on the response of
cutaneous mechanoreceptors in the skin to external physical
stimuli such as pressure, shear, vibration, and temperature.1

Artificial tactile sensing aims to emulate this perceptual
process,2,3 however, due to the absence of diverse mechanor-
eceptors and corresponding neural processing mechanisms
found in biological skin,4 it still faces significant challenges in
accurately replicating human tactile experiences,5 particularly
in the perception of objects with complex mechanical
properties.6 Soft materials generally refer to materials
characterized by low modulus and significant deformability,7

such as hydrogels,8 polymers,9 and biological tissues.10 These
materials are prevalent in polymeric composites and flexible
electronic systems, demonstrating extensive potential in
healthcare and materials processing fields.11 The mechanical
properties of soft materials directly influence their functional
suitability.12 Rapid and accurate identification of soft material
types is of great significance for applications such as material
sorting, flexible robot interaction, and bionic sensing.13

Currently, the characterization of soft materials’ mechanical
properties, including modulus and adhesion strength, predom-
inantly depends on laboratory instruments such as atomic force

microscopy,14 indentation testing,15 tensile testing, thermal
conductivity,16 ultrasound,17 computer vision,18,19 etc.20−25

Although these methods accurately provide material parame-
ters such as modulus and adhesion strength, limitations
including high equipment costs, complicated operations, and
low measurement efficiency restrict their suitability for rapid in
situ or field testing. Therefore, there is an urgent need to
develop identification techniques that are cost-effective,
efficient, and easily integrated (see Table S1 for comparison
with previous studies).
TENG and PENG have received widespread attention in

self-powered sensing technologies due to their inherent
advantages of requiring no external power supply and being
readily integrable.26−31

The working principle of TENG relies on the triboelectric
effect,32,33 which originates from the charge transfer at the
interface of two contacting materials and generates an electrical
signal that is highly sensitive to the microscopic physical
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properties of the contacting surface.34 Prior studies have
demonstrated artificial tactile fingers based on triboelectric
sensing,35−37 capable of identifying a wide range of solid
material surfaces, achieving average classification accuracies of
approximately 97%. In soft material systems, variations in
electron affinity, modulus,38 surface texture,39 and adhesion
strength result in distinct contact−separation process and
charge transfer behaviors,40−43 thereby leading to triboelectric
signals with strong material dependence. Based on this
principle, TENG sensor array composed of materials with
different modulus and adhesion strength can be constructed to
effectively classify soft materials by analyzing their distinct
electrical responses.44,45

The working principle of PENG is based on the piezoelectric
effect, which refers to the generation of electric potential in a
material due to lattice polarization under the application of
mechanical stress.46−48 In particular, cantilever beam structures
utilizing piezoelectric materials, such as polyvinylidene fluoride
(PVDF), can convert minute deformations at the free end into
detectable electrical signals with high sensitivity.49,50 When the
cantilever beam structure collides with the soft material, the
modulus of the soft material determines the degree of
deformation and energy absorption, thereby adjusting the

dynamic response of the PVDF cantilever beam. Therefore, the
piezoelectric signal serves as an effective indicator of the
material’s modulus.51

Based on the aforementioned sensing mechanisms, this work
proposes a multimodal smart finger (MSF) system for the
identification of soft materials. The system adopts an
integrated structural design that incorporates a mechanically
stable loading mechanism and a multimodal sensing module,
ensuring consistent mechanical contact conditions while
enabling simultaneous acquisition of triboelectric and piezo-
electric signals. Machine learning-based data processing
enhances classification accuracy,52−54 allowing the system to
discriminate soft materials based on adhesion properties and
internal elastic responses. This study not only demonstrates
the synergistic roles of TENG and PENG in mechanical
characterization of soft materials, but also presents a scalable,
low-power, and high-throughput tactile identification strategy.
The proposed system establishes a technological foundation
for rapid classification and condition monitoring of soft
materials in applications such as intelligent prosthetics, flexible
robotic perception, and human−machine interface systems.

Figure 1. Schematic illustration of the smart finger system and its working principles. (r) Cross-sectional view of the device. (b) Schematic of
material identification. (c) Enlarged view of the sensing module. (d) Signal acquisition and transmission process. (e) Representative sample testing
results with averaged waveforms. (f) Workflow diagram illustrating the interaction between system modules for identification.
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2. RESULTS
2.1. Design and Integration of the MSF. This study

presents a pen-shaped MSF based on TENG and PENG, with
an overall size of approximately 190 mm × 20 mm and a total
weight of about 72 g, offering good portability and stable hand-
held operation (Figure 1a). The MSF integrates a mechanical
loading module, a self-locking module, and a multimodal
sensor module.
During soft material identification, The suction cup at the

tip of the MSF is first aligned and pressed against the surface of
the target sample. Manual downward force is applied until the
self-locking mechanism is engaged, ensuring stable contact
between the TENG sensor array and the sample. Upon release
of the locking structure, the precompressed spring is triggered
to discharge stored mechanical energy, driving the impact head
to deliver a standardized impulse to the sample and eliciting a
dynamic response from the PENG module. This integrated
structure allows the simultaneous acquisition of triboelectric
and piezoelectric signals in a single actuation, enabling
comprehensive sensing of both adhesion properties and
internal mechanical characteristics (Figure 1b).
The sensor module integrates two mechanisms: a TENG

sensor array composed of four soft materials with modulus and
adhesion properties, which respond to contact−separation
process at the interface, and a piezoelectric module based on a
PVDF cantilever beam, which responds to transient elastic
deformation under impact loading (Figure 1c). These signals
respectively reflect modulus and adhesion characteristics of the

material, providing integrated information to enhance the
discriminability of soft material mechanical characterization.
The sensing signals are routed to the microcontroller unit

via a multichannel interface, enabling synchronous acquisition
and preliminary processing. These data are then transmitted to
a host computer through wired communication (Figure 1d).
To visually demonstrate the device’s ability to distinguish

representative samples, Figure 1e presents results from five
materials with distinct combinations of modulus and adhesion
strength. In the resulting low-dimensional feature space, these
materials form clearly separated clusters. The two-dimensional
visualization in this context was achieved using the Uniform
Manifold Approximation and Projection (UMAP) algorithm
solely for illustrative purposes, and the actual classification
model is constructed entirely based on high-dimensional LDA
analysis.
The overall workflow of the system is illustrated in Figure 1f.

First, the adhesion and modulus of the target material jointly
influence the responses of the triboelectric and piezoelectric
sensing modules, generating distinctive multimodal signals.
These signals are subsequently subjected to feature extraction,
correlation analysis, and machine learning processing,
ultimately enabling automatic identification of different
materials.
2.2. Design and Integration of the Piezoelectric

Measurement Structure. The PENG sensor module
employs a PVDF cantilever beam structure made of PVDF
with one end fixed and the other free to allow sensitive

Figure 2. Structure and working principle of the PENG modules and identification performance for samples with different moduli. (a) Schematic of
the PENG modules. (b) Diagram of the impact−lock−release process. (c) Working principle of the piezoelectric effect. (d) Piezoelectric signal
waveform under a single impact. (e) Reproducibility test of instantaneous impact force during loading−impact-rebound events. (f) Photographs
and modulus distribution of 12 soft material samples. (g) Averaged piezoelectric waveforms under repeated impact responses. (h) Sample
clustering results in the two-dimensional discriminant feature space. (i) Evolution of validation accuracy with increasing training samples. (j)
Confusion matrix. (k) One-vs-one classification matrix.
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dynamic response under external excitation (Figure 2a). One
end of the PVDF film is firmly anchored to a rigid support
structure to provide mechanical constraint, and its free end is
loaded with a small mass to stabilize the vibration response.
When subjected to external impact, the PVDF cantilever beam
bends and vibrates, inducing charge transfer via the piezo-
electric effect and converting mechanical deformation into an
electrical output. To ensure consistent impact excitation, a
manually preloaded spring mechanism is integrated into the
module and equipped with a self-locking module (Figure 2b).
The signal generation mechanism of the PENG sensor

module is illustrated in Figure 2c. Upon interaction between
the impact head and the soft material (Figure S1), the PVDF
cantilever beam undergoes bending vibrations. This mechan-
ical deformation induces internal strain in the PVDF film,
leading to a reorientation of dipole moments and the
generation of a corresponding piezoelectric signal. The

waveform characteristics of this signal are strongly correlated
with the mechanical response of the impacted material, which
is primarily determined by its modulus.
During experimental operation, the spring is first manually

compressed to a preset level defined by the self-locking
structure. Releasing the latch causes the stored elastic energy to
be rapidly discharged, driving the impact head to deliver a
transient mechanical impulse onto the surface of the target soft
material. The impacted region experiences instantaneous local
compression, followed by elastic recovery, with part of the
energy being transferred back to the PVDF cantilever beam
structure.
As shown in Figure 2d, after the release of the self-locking

structure, the piezoelectric signal reaches its peak at
approximately 0.15 s and decays to zero within several
hundred milliseconds. Repeated impact tests confirm that the
peak force applied to the material surface remains consistently

Figure 3. Structure and working principle of the TENG sensor array and identification performance for samples with different moduli. (a)
Schematic diagram of the TENG sensor array. (b) Flexible substrate and four triboelectric layer materials with their mechanical property
distributions. (c) Static contact angle measurements of the triboelectric layer materials. (d) Working principle of the TENG. (e) Response
waveform of triboelectric signal during a single contact−separation cycle. (f) Representative signals generated during contact with 12 soft materials,
synchronously sampled across four channels. (g) Confusion matrix of the LDA model trained using four-channel triboelectric signals. (h) One vs
One classification probability matrix between each two material pairs. (i) Evolution of classification accuracy with training sample size under
different sensor channel configurations. (j) Two-dimensional visualization of LDA output after UMAP dimensionality reduction, showing
progressively improved class separability as the number of TENG sensor channels increases from 1 to 4.
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around 0.16 N with a fluctuation of only ± 0.005 N (Figure
2e), indicating that the self-locking module provides highly
consistent and controllable impact excitation.
To validate the performance of the PENG sensor module, a

total of 12 soft material samples with distinct moduli were
selected for testing, yielding a range from approximately 45 to
677 kPa (Figure 2f). For each material class, no fewer than 40
independent impact measurements were performed using the
PENG sensor module, and the corresponding dynamic
response signals were collected (Figure 2g). The detailed
number of tests for each material is summarized in Figure S10.
These signals were subjected to feature extraction and
classified by LDA model.
The classification results were visualized in two dimensions

(Figure 2h), revealing clear boundaries between different
material classes, indicative of distinct feature separability within
the high-dimensional space. The data set was partitioned into a
training set comprising 60% of the total samples and a
validation set comprising the remaining 40%. As the training
sample size increased, the classification accuracy on the
validation set exhibited an overall upward trend (Figure 2i),
achieving approximately 77.69% at around 400 training
samples, suggesting the model’s performance is relatively
stable under sufficient training data.
The confusion matrix derived from the validation set (Figure

2j) shows that most classes achieved classification accuracies
exceeding 70%. A few material classes with closely matched
moduli (e.g., classes 5 and 6) exhibited moderate misclassifi-
cation, highlighting areas of limited interclass resolution.
Additionally, one-vs-one classification results (Figure 2k)
further demonstrate the model’s discriminative power, with
most class pairs achieving accuracies above 80%, underscoring
the model’s robust one-vs-one classification capacity.
2.3. Design and Integration of the Triboelectric

Sensing Structure. The TENG sensor array adopts an
array composed of four soft materials with distinct mechanical
characteristics, forming the functional layers of the sensor
elements (Figure 3a).To accommodate the geometric
deformation of soft samples, the compliant substrate was
fabricated from flexible materials, while the outer layer adopted
a suction cup architecture (Figure 1a) that provides stable
elastic support, ensuring intimate surface conformity and a
nearly constant contact area. In addition, a self-locking
mechanism with tactile feedback (Figure 2b) was integrated
to maintain a stable contact force during repeated triboelectric
measurements. The triboelectric layers include two poly-
dimethylsiloxane (PDMS) elastomers with different mixing
ratios (10:1 and 20:1), a silicone gel, and Ecoflex rubber.
These materials cover a broad spectrum of moduli and
adhesion strength (Figure 3b), and exhibit markedly different
hydrophilic properties (Figure 3c), thereby enhancing signal
diversity and sensitivity in a single contact.
The sensor array operates in four single-electrode contact-

separation mode TENGs, enabling simultaneous multichannel
signal acquisition. During testing, each triboelectric layer
undergoes periodic contact and separation with the target soft
material. Owing to differences in electron affinity and
interfacial interactions, contact electrification and electrostatic
induction result in the generation of surface charges and
corresponding voltage signals (Figure 3d). The signal
characteristics are closely related to the physical properties of
the contacted material, with surface modulus and adhesion
strength playing prominent roles.

The sensor array operates in four single-electrode contact-
separation mode TENGs, enabling simultaneous multichannel
signal acquisition. During testing, each triboelectric layer
undergoes periodic contact and separation with the target soft
material. Owing to differences in electron affinity and
interfacial interactions, contact electrification and electrostatic
induction result in the generation of surface charges and
corresponding voltage signals (Figure 3d). The signal
characteristics are closely related to the physical properties of
the contacted material, with surface modulus and adhesion
strength playing prominent roles.
The sensor array operates in four single-electrode contact-

separation mode TENGs, enabling simultaneous multichannel
signal acquisition. During testing, each triboelectric layer
undergoes periodic contact and separation with the target soft
material. Owing to differences in electron affinity and
interfacial interactions, contact electrification and electrostatic
induction result in the generation of surface charges and
corresponding voltage signals (Figure 3d). The signal
characteristics are closely related to the physical properties of
the contacted material, with surface modulus and adhesion
strength playing prominent roles.
Given that variations in contact force and angle significantly

affect measurement consistency (Figure S2), the MSF terminal
is equipped with a fixture incorporating a suction cup to ensure
stable contact (Figure S3). During testing, the TENG sensor
array is manually pressed against the sample surface until the
self-locking mechanism is triggered, ensuring uniform contact
force. A representative voltage waveform from a single contact
cycle is shown in Figure 3e, where the signal reaches its peak
within approximately 0.39 s, demonstrating fast response
suitable for downstream pattern identification.
To evaluate the sensor’s performance, 12 soft materials with

varying moduli were selected and tested under linear motor
control (Figure 3f, Figure S4). For each material, no fewer than
200 independent contact measurements were performed (see
Figure S10 for detailed sample numbers).In addition, the long-
term durability of the triboelectric module was verified through
cyclic fatigue testing, confirming stable signal output after
nearly 2000 repeated operations (Figure S11). The influence
of environmental factors such as temperature and humidity on
the triboelectric performance was also examined, and the
corresponding results are provided in the Supporting
Information (Figures S15 and S16). Feature vectors were
extracted from the triboelectric signals and used to construct a
high-dimensional feature space. Classification was carried out
using LDA and the model’s performance is summarized in the
confusion matrix (Figure 3g, Figure S5). Most materials were
accurately classified, indicating that the sensor exhibits both
high sensitivity and classification robustness in soft material
identification tasks. Specifically, half material classes achieved
classification accuracies above 90%, with the highest reaching
100% (class 12), and the lowest still maintaining over 80%
(class 1), demonstrating a uniformly high classification quality.
Further analysis of one vs one classification probabilities

(Figure 3h) confirms the high discriminative power of the
TENG sensor array: the majority of material pairs achieved
accuracies above 90%. A comparison of classification perform-
ance under different channel combinations (Figure 3i)
highlights that increased channel count significantly enhances
accuracy, with the four-channel setup yielding optimal results.
The accuracy improved from 76.58% (single channel) to
90.08% (four channels), illustrating the clear advantage of
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multichannel data combination. To visualize the influence of
channel number on class separability, we performed
dimensionality reduction on the LDA feature space using a
two-dimensional mapping (Figure 3j). From single to four-
channel configurations, progressively clearer clustering boun-
daries emerged, with substantially reduced overlap between
classes. This affirms the advantage of multichannel data
combination in feature representation.
To further evaluate the capability of the TENG sensor array

in identifying adhesion strength of soft materials, six samples
with different adhesion strengths (range from approximately
1.5 to 7.5 kPa) were selected for testing were tested using a
linear motor-controlled setup (Figure 4a). Each material
underwent a series of contact−separation cycles with the
four-channel TENG sensor array (see Figure S10 for details).
The acquired signals were then processed through feature
extraction, followed by classification using a LDA model.
The classification results confirmed the sensor’s ability to

effectively distinguish between different adhesion strength,
achieving an overall accuracy of approximately 96% (Figure 4b,
Figure S6). Moreover, consistent with the trends observed in
the modulus classification experiment, the number of sensor
channels significantly impacted the identification performance
for adhesion properties. As shown in Figure 4c, the integration
of four sensing channels enabled high classification accuracy
with relatively few repeated measurements. In contrast,
reducing the number of channels limited performance
improvements even with extensive repetitions, indicating that
multichannel signal combination plays a critical role in
improving the identification accuracy of adhesive properties.
Figure 4d provides a two-dimensional visualization of the

classification results under different channels. The progression

from single to four-channel reveals increasingly distinct
clustering and clearer boundaries between material classes,
further illustrating the advantage of multichannel combination
in improving class separability for adhesive materials.
In summary, the experiments on modulus and adhesion

strength identification demonstrate that the TENG sensor
array exhibits strong sensitivity to various mechanical proper-
ties of soft materials. The integration of multichannel signals
enables simultaneous differentiation of modulus and surface
adhesion attributes, establishing a solid foundation for the
subsequent multimodal data combination of triboelectric and
piezoelectric signals.
2.4. Multimodal Measurement Results. To further

evaluate the capability of the MSF in multidimensional
identification of soft materials under practical conditions, we
extended the experimental targets to 23 types of soft materials
exhibiting diverse combinations of moduli and adhesion
strengths (Figure 5a, Figure S7). LDA was employed to
maximize interclass distances and minimize intraclass varia-
bility in a lower-dimensional space, facilitating effective
classification. This method not only achieves positive
classification accuracy but also provides interpretable feature
weights and decision boundaries, making it well-suited for
practical engineering applications. The raw signals were
preprocessed and normalized, followed by a feature engineer-
ing stage involving multidimensional feature extraction.
Redundant features were removed through feature selection
techniques, retaining only those with significant contribution
to the classification task. The refined high-quality feature
matrix was then input into the LDA model for training and
testing (Figure 5b).

Figure 4. Identification performance for materials with different adhesion strength. (a) Photographs of six soft material samples and their adhesion
strength distributions. (b) Confusion matrix of the LDA model trained using four-channel triboelectric signals. (c) Evolution of classification
accuracy with training sample size under different sensor channel configurations. (d) Two-dimensional visualization of LDA output after UMAP
dimensionality reduction, showing progressively improved class separability as the number of TENG sensor channels increases from 1 to 4.
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During actual measurements (Figure 5f), the smart finger
simultaneously acquired fourchannel triboelectric signals and
one-channel piezoelectric signal, which represent the mechan-
ical response of each material under contact conditions (Figure
5c).
Figures 5d and 5e compare the classification results between

a single-channel input and the full five-channel Combination
(four TENGs and one PENG). With only a single channel
(PENG), the overall classification accuracy was approximately
60.1%, and the clustering of different materials in feature space

exhibited substantial overlap and poor separability. In contrast,
the combination of all five channels led to a markedly
improved classification accuracy of approximately 83%, along
with more distinct and well-defined cluster boundaries in the
feature space (Figure S8). The individual classification
accuracies of each sensing channel are provided in Supple-
mentary Figure S12.
As the number of training samples increased (Figure 5g), the

classification accuracy of models based on different sensor
channel combinations consistently improved. Notably, models

Figure 5. Practical application scenarios and identification performance. (a) Illustration of the smart finger measuring 23 soft materials with
different combinations of modulus and adhesion strength. (b) Workflow for feature extraction and classification. (c) Representative five-channel
sensing responses for 23 materials. (d-e) Comparison of LDA classification results using single-channel and five-channel signals, including
confusion matrices and two-dimensional clustering. (f) Experimental photographs showing the smart finger operating on different materials. (g)
Evolution of identification accuracy with training sample size across different sensor channel configurations.
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incorporating more channels achieved higher accuracy more
rapidly and exhibited more stable performance as sample size
grew. These findings underscore the generalization capability
of machine learning models when supplied with comprehen-
sive feature information, significantly enhancing the reliability
and applicability of the smart finger in real-world scenarios.
In conclusion, by employing a robust machine learning

strategy that includes optimized feature extraction and
integrated analysis, the challenges of high-dimensional
information identification in complex material systems are
effectively addressed. The developed MSF not only enables
rapid and accurate identification of the multidimensional
mechanical properties of soft materials, but also offers a
versatile and efficient data analysis framework applicable to
sensor design and soft material evaluation in future
applications.

■ CONCLUSION
In this study, we developed an MSF based on the synergistic
integration of TENG and PENG, enabling rapid identification
of soft materials. Our work extends the applicability of TENG
sensors to the identification of soft materials. In contrast to
conventional techniques, the proposed method significantly
reduces measurement costs, enhances operational simplicity
and efficiency, and offers advantages in real-time response and
portable deployment. The integration of a self-locking
structural module significantly contributes to the improvement
of recognition accuracy in the multimodal sensing system, as it
ensures consistent mechanical coupling during repeated
contact events. This structural design enhances the repeat-
ability and consistency of the measurement process, enabling
stable data acquisition without the need for precision loading
equipment. In actual testing, the system utilized five-channel
sensor inputs to achieve an identification accuracy exceeding
83% across 23 soft materials with a wide range of moduli and
adhesion strengths, demonstrating that multimodal sensor
combination significantly improves material discriminability.
The current results demonstrate that the proposed system

combines structural simplicity, rapid response, and rich signal
information to effectively support soft material identification.
Although the synergistic advantages of TENG and PENG in
soft material recognition are confirmed, certain general
limitations remain, such as the need for improved robustness
under diverse operating conditions and broader applicability
across more complex material scenarios. Future work may
involve the integration of additional sensory modalities (e.g.,
pressure, temperature) and the deployment of more advanced
machine learning algorithms, as well as a systematic
exploration of alternative triboelectric materials with diverse
chemical compositions and surface energy characteristics. The
development process may also reference open-source hardware
and software frameworks (see Figure S13) to support system-
level integration. These efforts will further broaden the
applicability of such intelligent sensors in medical rehabil-
itation, soft robotics, and material characterization.

■ EXPERIMENTAL SECTION
For clarity, the main machine-learning terminologies and workflow
used in this study are briefly defined in the Supporting Information
(Section S1).
Fabrication of the Smart Finger. The TENG sensor array

consists of four TENG units. The substrate was prepared by mixing
Sylgard 184 PDMS elastomer and curing agent in a mass ratio of 10:1,

followed by casting the mixture into a sector mold (1 cm radius) and
curing at 40 °C. After curing, a conductive metal layer was deposited
on the substrate surface, and conductive wires were fixed to form
electrodes. The four TENG units were prepared using different soft
friction layer materials: PDMS elastomers with two mixing ratios
(10:1 and 20:1), liquid silica gel (POSILICONE), and Ecoflex
silicone rubber. The uncured mixtures were poured into the respective
cavities of the array substrate, allowed to level naturally, and then
cured at 40 °C to obtain the complete TENG sensor array.
The PENG sensor module was constructed using a 50 μm-thick

PVDF film (6 mm × 10 mm), with one end fixed to a 3D-printed
supporting structure and the free end attached to a small mass block
to increase vibration inertia. The metal electrodes on the PVDF
surface were connected to external leads through a through-contact
structure to ensure stable signal extraction. A copper guiding structure
was placed at the center of the TENG sensor array to constrain the
impact axis along the axial direction and minimize lateral deviations.
The entire sensing structure was assembled with a commercial
housing and suction cup component to form a complete multimodal
sensing probe. The supporting framework was fabricated using
custom 3D-printed parts, while the guiding system consisted of
customized metal rails and an impact rod. The dimensions and
geometry of these components were simplified to meet both
functional and assembly requirements(Figure S14). The triboelectric
structure consists of a friction layer, conductive coating, electrode
wiring, and flexible substrate, with corresponding thicknesses of
approximately 1.0 mm and 0.2 mm for the friction and conductive
layers, respectively. Each triboelectric unit was connected to the
oscilloscope positive terminal via a conductive wire, while the negative
terminal was grounded. For the piezoelectric module, the PVDF film
(commercial, 52 μm thick, purchased from PolyK Technologie) was
poled and has a nominal d33 of 25−32 pC/N, as specified by the
manufacturer.
Characterization and Measurements. All measurements were

performed under controlled laboratory conditions (25 °C, 35% RH).
A linear motor (model E1100, LinMot) was used to generate periodic
contact−release motions with a descending velocity of 10 mm s−1. A
force sensor positioned beneath the sample continuously monitored
contact force, maintaining a load of 2 ± 0.1 N during each test. The
valid sample numbers for each experimental test are summarized in
Supplementary Figure S10. The output performance of all sensors was
measured using an oscilloscope. Triboelectric measurements were
performed using a linear motor to simulate controlled contact−
separation cycles. During testing, the negative electrode of the sensor
circuit was grounded to minimize external electromagnetic interfer-
ence.
Signal Processing Workflow. In this study, both triboelectric

and piezoelectric signals were processed through a unified signal
segmentation and screening procedure. Each data set was divided into
contact−release windows based on peak detection, and the
corresponding baseline noise level was used to exclude segments
with insufficient signal quality.
The segmented raw signals were then directly used for feature

extraction without additional filtering or baseline correction, so as to
preserve their intrinsic waveform morphology. Multidimensional
features were computed using the extract_features function from
the tsfresh Python library with the EfficientFCParameters config-
uration, which provides a comprehensive framework for time-series
feature extraction. The extracted descriptors covered both time- and
frequency-domain characteristics, including statistical parameters
(mean, variance, skewness, kurtosis), amplitude-related indices
(peak value, energy), and spectral-domain features (dominant
frequency components and spectral energy).
For the subsequent classification, the mechanical parameters of the

tested materials (elastic modulus and viscosity) were normalized to
comparable scales to prevent bias arising from magnitude differences.
The resulting feature matrix, together with the normalized material
parameters, was divided into training and validation sets and used as
input to a Linear Discriminant Analysis (LDA) classifier to identify
the optimal feature combinations for material discrimination. For
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clarity, the main machine-learning terminologies and workflow used in
this study are briefly defined in the Supporting Information (Section
S1).
Mechanical Characterization of Test Samples. The elastic

modulus and surface adhesion strength of each test sample were
measured using a MARE-10 mechanical testing system (Figure S9). A
flat-ended probe with a contact area of 1 cm2 was pressed vertically
into the material surface at a constant speed to obtain the force−
displacement curve. After reaching a predefined indentation depth,
the probe was retracted at the same speed. For samples exhibiting
adhesive behavior, a distinct pull-off force was observed during
separation. Both the elastic modulus and adhesion strength were
calculated from the recorded force curve and known contact area. The
test samples were fabricated from PDMS, Ecoflex, and commercial
silicone rubbers. The mixtures were poured into molds at various
volumes and cured at 40 °C to obtain elastomers with a broad range
of mechanical properties.
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