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Appendix A Fabrication and Design
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Figure A1l Geometric optimization of the electrode structure. (a) Schematic of the tensile testing setup. (b) Optical images of S-shaped,

Zigzag, and Square-wave electrodes at maximum absolute elongation. (¢) Comparison of mechanical failure modes; the S-shaped structure

distributes stress evenly along the curves, whereas Zigzag and Square-wave designs suffer from stress concentration at corners. (d) Real-time
resistance variation of the three structures under increasing tensile strain, confirming the superior electrical stability of the S-shaped design.
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Appendix A.1 Comparison of Electrode Geometries

To verify the advantages of the S-shaped design, we compared it with Zigzag and Square-wave electrodes fabricated under identical
3D printing conditions. Figure A1l presents the electromechanical performance of these three geometries. Mechanically, the Zigzag and
Square-wave designs suffer from stress concentration at their sharp corners. As shown in Figure Al(c), this leads to permanent plastic
deformation (slackness) after the electrodes were subjected to 100 stretch-release cycles reaching the maximum absolute elongation.
Conversely, the S-shaped electrode utilizes smooth arcs to distribute stress, allowing for elastic recovery and structural integrity.
Electrically, the S-shaped design exhibits superior conductivity and stability (Figure A1(d)). Its initial resistance is only 0.400 M,
significantly lower than that of the Zigzag (1.033 M) and Square-wave (1.319 MQ) electrodes. After 100 cycles of stretching to the
maximum extension limit, the S-shaped electrode maintains a low resistance of 0.540 M2, while the resistance of the Zigzag and Square-
wave electrodes increases to 1.381 M2 and 1.733 M, respectively. These results demonstrate that the S-shaped geometry minimizes
both initial impedance and resistance degradation under deformation.
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Figure A2 Material characterization. Conductive TPU: (a) Pyrolysis-gas chromatography-mass spectrometry (Py-GC/MS) results, (b) SEM-
EDS layered elemental images, (c) Elemental mapping, (d) Surface SEM image; (e) Surface SEM image of silicone rubber.

Appendix A.2 Material Characterization

Commercially available conductive TPU filaments for FDM 3D printing exhibit good flexibility and conductivity after molding. The as-
fabricated conductive TPU exhibits a resistivity of 2.41 ©2-m, and the resistance between the two ends of the printed S-shaped electrode
is 401 Q. Conductive TPU typically consists of a TPU matrix and conductive fillers, whose composite structure enables simultaneous
compatibility with FDM printing, mechanical flexibility, and electrical conductivity. The compositional characteristics of the conductive
TPU filament were analyzed using pyrolysis-gas chromatography-mass spectrometry (Py-GC-MS) and scanning electron microscopy-
energy dispersive X-ray spectroscopy (SEM-EDS). The Py-GC-MS analysis results are shown in Figure A2(a). The results indicate that
the polymer matrix is polyether-based TPU, supported by the following evidence: In the Py-GC-MS test, a characteristic peak was
detected at a retention time (RT) of 2.20 min, and its mass spectrum showed a high match (92.10% similarity) with tetrahydrofuran
(C4HgO). Tetrahydrofuran (THF) is a signature pyrolysis product of polytetramethylene ether glycol (PTMEG) - the soft segment in
polyether-based TPU - formed via cyclization and cleavage of ether bonds under high temperature. In contrast, such compounds are
typically absent in polyester-based TPU pyrolysates. Additionally, bis(epoxypropyl) ether derivatives (C10H1804) were detected at RT=
17.21 min and RT=25.31 min, identified as Oxirane, 2,2’-[1,4-butanediylbis(oxymethylene)]bis- (match qualities: 41.0% and 18.46%).
These compounds suggest possible ether-linked crosslinking or chain extension during synthesis, further supporting the polyether-based
TPU chemistry. The characteristic peaks of tetrahydrofuran and epoxy derivatives in the Py-GC-MS profile provide direct evidence for
polyether-based TPU. Other peaks originate from additives (e.g., dispersants, plasticizers, coupling agents), side reactions, or process
residues, and are not intrinsic to the polymer matrix. For example, the peak at RT=3.63 min matches cyclopentanone (CsHgO, 80%
match), likely from oxidative degradation of PTMEG or residual solvent. The peak at RT=16.38 min corresponds to bis(butenyl)
adipate (C14H2204, 97% match), possibly a plasticizer or adipate ester byproduct. SEM-EDS layered elemental images and elemental
mapping are shown in Figures A2(b) and A2(c), respectively. The surface consists primarily of C (76.06 wt%, 80.79 at%), O (22.78
wt%, 18.17 at%), and trace N (1.15 wt%, 1.05 at%). This elemental composition aligns well with the molecular structure of TPU.
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The trace presence of nitrogen can be explained by the presence of urethane groups (-NHCOO-) in the TPU molecular chain, while
the high content of carbon and oxygen originates from the polyol soft segment (polyester/polyether) and isocyanate hard segment in
the backbone. Notably, the carbon content is significantly higher than the theoretical value for pure TPU (approximately 60-70%).
Combined with the material’s conductive properties, it is inferred that conductive carbon materials are doped in the matrix. SEM
images of the conductive TPU and silicone rubber surfaces are shown in Figures A2(d) and A2(e), respectively. The conductive TPU
surface displays uniformly distributed nanoscale agglomerates, consistent with carbon black morphology. Combined with SEM-EDS
quantitative data (C: 76.06 wt%) and elemental mapping, this confirms that carbon black forms a continuous conductive network within
the TPU matrix. High-resolution SE imaging reveals strong interfacial adhesion between carbon black particles and the polymer matrix,
indicating effective prevention of filler agglomeration by the FDM process, ensuring stable electrical performance. Py-GC-MS analysis
detected no metal components, ruling out other conductive fillers such as metal nanoparticles. Therefore, the conductivity of the TPU
is attributed to the doping of conductive carbon black. The comprehensive characterization results reveal that the conductive TPU
is polyether-based. It achieves conductive functionality by uniformly doping high-carbon-content conductive fillers, likely nano-carbon
black, to construct a conductive network. At the same time, it maintains the inherent elasticity and FDM 3D printing performance of
TPU.

Appendix B Sensing Performance Evaluation

Appendix B.1 Characterization of Electrical Output Response

The output response of the sensor under varying force magnitudes reflects its key performance metrics. Therefore, the open-circuit
voltage and short-circuit current of the 3DPS-sensor were characterized under cyclic compressive forces ranging from 5 N to 300 N at
a frequency of 1 Hz, as illustrated in Figures B1l(a). Each output signal corresponds precisely to an individual mechanical impact, and
the waveforms exhibit excellent repeatability under identical loading conditions. Both the peak open-circuit voltage and peak-to-peak
short-circuit current increase monotonically with applied force. Specifically, at 5 N, the peak voltage is 12.68 V and the peak-to-peak
current is 0.10 A; at 300 N, these values rise to 68.13 V and 0.44 A, respectively. To further elucidate the relationship between
open-circuit voltage and applied force, the peak voltage values were fitted. The results reveal a piecewise linear dependence of voltage
on force magnitude. The adjusted R-squared values for both linear segments exceed 0.96, indicating a high-quality fit. The sensitivity of
the 3DPS-sensor is 0.459 V/N for forces below 110 N, and decreases to 0.045 V/N in the range of 110-300 N. This two-stage sensitivity
response is primarily attributed to the saturation of the effective contact area and material deformation limits. In the low-pressure
region, the microscopic surface roughness of the sensor and the friction layer (natural latex) allows the effective contact area to expand
significantly with increasing pressure, resulting in a rapid rise in output voltage. However, as the pressure increases further (> 110 N),
the deformation of the silicone rubber encapsulation approaches its elastic limit (mechanical stiffening), and the contact area between
the triboelectric layers reaches saturation. These combined effects restrict the further enhancement of charge induction, leading to a
stabilized sensitivity in the high-pressure regime.

Furthermore, the open-circuit voltage response of the 3DPS-sensor under tensile strains ranging from 20% to 100% was characterized,
as shown in Figure B1(b). Each mechanical stretch event triggers a corresponding output signal, and waveform repeatability is excellent
under identical tensile strain levels. The peak open-circuit voltage increases monotonically with tensile strain - from 12.47 V at 20%
to 44.99 V at 100%. Linear fitting of the peak voltage versus tensile strain, yields a high-quality fit, with adjusted R-squared values
exceeding 0.98. The output response of the 3DPS-sensor under varying excitation frequencies (fixed force magnitude: 40 N; frequencies:
1, 2, and 3 Hz) was characterized. As shown in Figure B1(c), The waveform density of both output voltage and current per unit time
increases with excitation frequency. The peak-to-peak short-circuit current rises with frequency, while the peak open-circuit voltage
remains relatively stable, exhibiting only a marginal increase.

Appendix B.2 Verification of the Minimum Detection Limit via Drop Test

To investigate the 3DPS-sensor’s response to minute mechanical stimuli, a plastic particle (mass: 0.0097 g) was released from a height
of 50 mm onto the sensor surface, as shown in Figure B2. Based on the impulse-momentum theorem and the measured signal response
duration, this impact corresponds to a dynamic force significantly lower than 0.01 N (conservatively estimated at  0.0002 N). Therefore,
we define 0.01 N as a reliable contact force detection limit to ensure signal fidelity. The sensor generates a clearly measurable output
signal even under this ultra-low-force condition. The detailed calculation process is as follows:
1. Experimental Parameters

e Object: Solid cylindrical PLA particle.

e Mass (m): 0.0097 g (9:7 10 © kg).

e Drop Height (h): 50 mm (0.05 m).

e Substrate: Silicone elastomer (sensor surface).
2. Physical Calculation
The impact force (F) is derived from the change in momentum (Ap) over the effective impact duration (At).

Step A: Impact Velocity (v)

Neglecting air resistance for the solid particle over the short drop distance, the velocity upon impact is calculated as:

v =+/2gh = \/2 9:8 m=s*> 0:05m 1:0 m=s

Step B: Change in Momentum (Ap)
Assuming a quasi-elastic collision where the hard PLA particle rebounds from the elastic silicone surface (which generates a larger
impulse than a non-rebound case), the total change in momentum is:

Ap=2mv=2 (97 10 ®kg) (1:0m=s) 1:94 10 ®kg m=s
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Figure B1 Comprehensive electrical output characteristics of the 3DPS-sensor under different mechanical stimuli.

(left) and short-circuit current (right) response under varying excitation frequencies (1 Hz, 2 Hz, 3 Hz).

Figure B2 Photographs of the drop test setup using a 0.0097 g PLA micro-particle, showing the states before and after release.

(a) Open-circuit voltage
(top) and short-circuit current (bottom) response to step-increased compressive forces ranging from 5 N to 300 N, demonstrating the sensor’s
ultra-wide detection range and stable output. (b) Voltage response under tensile strains ranging from 20% to 100% (left) and the linear fitting
of peak voltage versus tensile strain (R? > 0:98) (right), indicating a reliable linear response to stretching deformation. (c¢) Open-circuit voltage
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Step C: E ective Impact Duration (At)
The effective impact duration was determined by the experimental voltage response shown in Figure 1(b) (Main Text). Due to the
viscoelastic relaxation of the silicone substrate and the circuit characteristics, the signal exhibits a distinct fall time of approximately
0.08 s. We use this measured duration for a conservative force estimation.

Step D: Calculated Impact Force (F)

_Ap _ 1:94 10 ®kg m=s

F = =
At 0:08 s

0:00024 N

3. Conclusion

The calculated dynamic force of 0.0002 N is significantly lower than the detection limit of 0.01 N claimed in the main text. This
confirms that the value of 0.01 N represents a safe, conservative threshold, ensuring high reliability and signal-to-noise ratio for practical
applications.
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Figure B3 Cyclic durability tests of the 3DPS-sensor. (a) Pressure cycling at 100 N (1 Hz) for 10,000 cycles. (b) Tensile cycling at 80% strain
for 1,000 cycles.

Appendix B.3 Durability Analysis

In addition, to evaluate the operational stability of the 3DPS-sensor, a comprehensive set of durability and environmental tests were
conducted. To validate robustness under extreme conditions, we performed a high-load fatigue test at 100 N for 10,000 cycles, as well
as a large-deformation cyclic test at 80% tensile strain for 1,000 cycles (Figure B3). Both tests exhibited consistent output signals with
negligible degradation.

Appendix B.4 Performance Comparison

As summarized in Table B1, we present a comparative analysis of the comprehensive performance of recently reported 3D-printed flexible
TENGs. Among mainstream 3D printing techniques—including DIW, SLA, DLP, and FDM—FDM emerges as the most cost-effective
and commercially accessible platform. However, the majority of FDM-based TENGs rely on rigid or non-stretchable thermoplastics (e.g.,
PLA, ABS, or conventional TPU), which inherently restrict mechanical compliance and render them unsuitable for wearable applications
demanding dynamic deformation. In contrast, this work leverages a low-cost, commercially available FDM system, integrating a novel
conductive TPU filament with an S-shaped structural design to achieve exceptional stretchability. This approach successfully bridges
economic manufacturability with functional material compliance, offering a scalable and reliable pathway toward practical wearable
sensing applications. Moreover, the 3DPS-sensor exhibits a broad measurement range (5-300 N) and an ultralow minimum detectable
force ( 0.01 N). This dual capability enables simultaneous monitoring of subtle physiological signals (such as pulse waves and respiration)
and dynamic biomechanical activities (including joint motion). While certain 3D-printed TENGs are capable of detecting finger taps
or plantar pressure, few single devices span such an extensive biomechanical stimulus spectrum. In contrast to conventional flexible
TENGs—typically constrained by higher detection thresholds (>1 N) or narrow operational windows—the 3DPS-sensor demonstrates
exceptional versatility in sensing range.

Appendix C Physiological Monitoring Applications
Appendix C.1 Physiological Signal Monitoring and Analysis

Pulse and respiratory signals are vital physiological indicators of human health. The pulse waveform arises from arterial pressure
waves propagated by cardiac contraction. As illustrated in Figure Cl(a), the sleeve-type 3DPS-sensor is directly worn on the radial
artery of the left wrist, enabling simultaneous, non-invasive monitoring of pulse and respiration. To validate its accuracy in pulse
detection, a commercial finger-clip PPG sensor was concurrently placed on the volunteer’s left index finger as a reference. As shown in
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Table B1 Performance Comparison of 3D-Printed Flexible TENGs.

Ref. Print Tech Materials Stretch? Range Min Force Application Year
(1] Coaxial DIW PDMS, MWCNTs Yes 1-5 N 1IN Joint movement 2024
[2] Coaxial DIW PDMS, Ecoflex, CB Yes 2-30 N 2N Finger touch 2021
[3] DIW PGS, CNTs, Salt No / / Joint, Plantar 2018
[4] DIW PVA, MXene No 10-50 N 10 N Joint, Finger 2023
[5] DIW CoNiG@QCoC-FSi Yes 6-26 N 6 N Joint, Plantar 2025
(6] DIW Cellulose, PDMS / 0.2-10 N 0.2 N Hand, Joint 2019
[7] DIW Conductive hydrogel No / / Joint (Energy) 2025
8] DIW MXene/PANI / 1-40 N 1IN / 2025
[9] DIW MXene ink Yes 5.2-25 N / Joint movement 2022
[10] DIW SnS,/SnS/PVA No / / / 2023
[11] DIW PDMS-EGaln Yes 5-15 N 5N Finger touch 2025
[12] DIW Nanocellulose No / / Plantar, Hand 2024
[13] Coaxial Copper, Silicone Yes / / Silent speech 2020
[14] Multi-layer Functional ink Yes <0.85 kPa ~0.05 kPa Joint, Plantar 2021
[15] SLA Photocurable resin No / / Breathing 2022
[16] SLA Photosensitive resin No / / Plantar, Hand 2018
[17] DLP Isotropic resin No / / / 2025
[18] SLA/DIW TangoBlack, PDMS No / / Hand pressure 2018
[19] MJF /Polyjet Polyamide, ABS No / / / 2024
[20] FDM TPU No / / Joint, Plantar 2021
[21] FDM CNT/TPU No 400-2400 N 400 N Knee load 2025
[22] FDM TPU No 2-55 N 2N Joint, Plantar 2022
[23] FDM PLA /core-shell No / / / 2023
[24] FDM TPU No 1-120 kPa ~1 kPa Joint movement 2023
[25] FDM TPE No / / Joint movement 2024
[26] FDM PVA Yes 2-10 N 2N Robot tactile 2024
[27] FDM PP Yes 10-40 N 10 N Finger touch 2025

‘Work FDM Cond. TPU Yes 0.01-300 N 0.01 N Joint, Pulse 2025

Figure C1(b), the waveforms are temporally aligned. Quantitative analysis confirms high accuracy: the fundamental frequency of the
commercial monitor (1.12 Hz, 67 BPM) closely matches the 3DPS-sensor (1.10 Hz, 66 BPM). To further substantiate this reliability,
a multi-subject study (n=3) was conducted (Figure C3). The derived Heart Rate (HR) and Respiration Rate (RR) demonstrated
excellent linear agreement with commercial standards, yielding Pearson correlation coefficients of r = 0:996 and r = 0:972 (p < 0:001),
respectively. Additionally, the sensor captures high-fidelity waveforms rich in hemodynamic features (e.g., systolic, tidal, and dicrotic
waves, Figure C1(c)), enabling diagnostic assessment of arterial compliance and ventricular dynamics. Simultaneous extraction of pulse
and respiratory signals was achieved via Fast Fourier Transform (FFT)-based filtering. As shown in Figure C1(d), the raw baseline
exhibits respiration-induced undulations. Using FFT spectral analysis, the respiratory component (< 0.8 Hz) and pulse component (>
0.8 Hz) were successfully isolated. Results in Figure Cl(e) quantify the physiological response to exercise: the volunteer’s breathing
rate increased from 18 to 23 bpm, and heart rate rose from 72 to 107 bpm, accompanied by increased signal intensities.

Appendix C.2 Digitized TCM Pulse Diagnosis

Traditional Chinese Medicine (TCM) pulse diagnosis relies on the assessment of three anatomically defined pulse positions along the
radial artery: Cun, Guan, and Chi. Guan is anatomically aligned with the medial aspect of the radial styloid process; Cun lies
distally (toward the wrist), and Chi proximally (toward the elbow). By interpreting the dynamic characteristics of the pulse at these
loci - including rhythm, amplitude, and waveform morphology - TCM practitioners infer the functional status of internal organs and
the equilibrium of Qi and blood, forming the diagnostic foundation for syndrome differentiation and therapeutic intervention. The
central sensing cavity was originally composed of monolithic silicone rubber and conductive TPU. It was then redesigned into three
sensor arrays capable of independent signal acquisition, each conformally aligned with one of the Cun, Guan, and Chi loci. It was
observed that the frequencies of the pulse signals from these three points align with human pulse rates. Notably, signal amplitudes
vary across positions: Cun demonstrates the highest amplitude, followed by Guan and Chi. Superposition of the three signals yields a
composite waveform matching the morphology of a conventional radial pulse, albeit with slightly attenuated amplitude. In TCM theory,
Qi and blood circulation are intrinsically linked to thermoregulation. Exposure to cold is believed to impede microcirculatory flow,
manifesting as detectable alterations in pulse quality. To experimentally validate this principle, we monitored pulse dynamics in healthy
volunteers following 2-hour acclimatization to controlled ambient temperatures: 23 C (thermoneutral) and 13 C (cold stress). Results
are presented in Figure C2(b). Under thermoneutral conditions, pulse signals at all three positions exhibited high regularity, strong
inter-site consistency, and sharply defined systolic peaks. These features are indicative of robust cardiovascular tone and unimpeded
Qi-blood circulation. In contrast, cold exposure induced marked physiological modulation: waveforms became flattened and exhibited
reduced consistency, with reduced peak amplitude and decreased pulse frequency. These changes can reflect a decline in the activity level
of the human body’s functions. Compared to single-point pulse diagnosis, the array-based 3DPS-sensor enables simultaneous monitoring
and real-time visualization of pulse signals at all three loci: Cun, Guan, and Chi. This allows TCM practitioners to perform quantitative
analysis of pulse characteristics. Instead of relying solely on subjective sensation, this device offers a method to quantitatively record
and visualize pulse waveforms. While large-scale clinical trials are needed to validate diagnostic standards, these results demonstrate
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Figure C1 Application of the 3DPS-sensor in pulse wave monitoring. (a) Working principle; (b) Signal comparison with a commercial finger-
clip optical pulse oximeter; (c) Characteristic analysis of pulse wave morphology; (d) Pulse and respiratory signals, and (e) their amplitude and
frequency, before and after physical activity.

the sensor’s potential to facilitate the digitization and objective analysis of TCM pulse diagnosis.

Appendix C.3 Wide-Range Motion Monitoring

Finally, the sensor’s wide-range capability was demonstrated in gait analysis and joint monitoring. As illustrated in Figure C4, the
sensor attached to a shoe heel successfully distinguished five distinct motion states (walking, running, jumping, squatting, tiptoeing),
capturing peak voltages exceeding 100 V during jumping. Furthermore, Figure C5 verifies its effectiveness in monitoring elbow and
knee joint angles. These results confirm the 3DPS-sensor as a versatile platform for comprehensive human activity monitoring.

Appendix D Gesture Recognition System

Table D1 Comparison of output voltages and ratios under different humidity levels.

Condition (90 Bending) Peak Voltage at 10% RH (V) Peak Voltage at 50% RH (V)
Index Finger 4.776 1.949
Little Finger 3.473 1.5437
Ratio (V(Index) / V(Little)) 1.375 1.262

Gestures convey information and play a vital role in both human-to-human communication and human-machine interaction. To enable
accurate gesture recognition, we developed a gesture recognition system composed of four sleeve-shaped 3DPS-sensors, a multi-channel
data acquisition card (USB-6009, National Instruments), and a host computer. The four sensors were worn on the right index, middle,
ring, and little fingers of the volunteer. They were labeled S1, S2, S3, and S4, respectively. The data acquisition card synchronized
signal collection from all four sensors and transmitted the data to the host computer. On the host computer, we implemented hybrid
programming between NI LabVIEW and MathWorks MATLAB. Sensor signal features were extracted for analysis, and a Support Vector
Machine (SVM) classifier with a Radial Basis Function (RBF) kernel was applied to recognize patterns. While advanced clustering
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commercial monitor.

algorithms and deep learning methodologies offer powerful solutions for abstract tasks, the SVM provides a highly efficient supervised
classification approach for this specific application. The selection of this classifier is grounded in the physical nature of the sensor
signals. Unlike speech or facial expressions, the finger gestures here are based on deterministic kinematics, where triboelectric signals
exhibit a clear, one-to-one physical correspondence with joint flexion angles. Given this strong physical causality, explicit kinematic
features combined with an RBF-SVM are sufficient to achieve robust classification, effectively handling non-linear decision boundaries
between complex gesture clusters (e.g., ”Money” and ”Fist”). This enabled automatic identification of six distinct gestures: 717, 727,
73”7, ”Money”, ”Hook finger”, and ”Fist”. The complete workflow is illustrated in Figure D1(a). During different gestures, the bending
amplitude and movement sequence of each finger joint vary. Based on this observation, a physics-informed feature extraction framework
was implemented, as illustrated in Figure D1(b). First, an 11-dimensional feature vector was extracted, consisting of the peak-to-peak
amplitudes of signals from each of the four fingers (F1-F4), the inter-crest intervals representing motion frequency (F5-F8), and the
time lags between the peak occurrence of the index finger and those of the other three fingers (F9-F11). Crucially, to ensure robustness
against environmental humidity variations (Figure D2 and Table D1), L2-norm normalization was applied to amplitude features (F1-
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Figure C4 Demonstration of the 3DPS-sensor for large-force sensing and gait analysis. (a) Photograph showing the sensor attached to the
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Squatting down, and (f) Standing on tiptoe.
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Figure C5 Output voltage responses of the 3DPS-sensor monitoring large-deformation joint movements: (a) elbow joint flexion and extension,
and (b) knee joint flexion and extension.

F4). This step scales the feature vector to a unit norm, effectively eliminating the influence of absolute voltage attenuation caused by
humidity while preserving the relative signal ratios between fingers, thereby creating a humidity-invariant feature space. Finally, global
Z-score normalization was applied to all features to facilitate model convergence. To evaluate the system’s generalization capability,
data collection was expanded to include three volunteers, resulting in a total of 386 samples. The dataset was randomly partitioned
into 70% for training and 30% for testing. Five-fold cross-validation was employed during model training. The visualization of SVM
decision boundaries and the scatter plot of the feature distribution are presented in Figure D1(c). The validation and independent test
confusion matrices are displayed in Figure D1(d). The results indicate high classification performance, with a validation accuracy of
96.7% and a test accuracy of 96.6%. The system testing scenario is illustrated in Figure D1(e) and Video 3. Results demonstrate that
the system reliably recognizes all six gestures across different users.
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