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Abstract

Flexible tactile sensors capable of resolving complex mechanical stimuli are essential for
advanced electronic skins. However, simultaneous perception of force magnitude,
direction, and dynamic loading remains challenging without complex circuitry. Here, we
report a kirigami-enabled, skin-inspired flexible sensor that achieves spatially distributed
receptor-like responses through a three-dimensional (3D) laser-induced graphene (LIG)
network. By transferring LIG from a kirigami-engineered polyimide substrate, we transform
a planar conductive layer into a 3D architecture with height-dependent electrical
characteristics. This structural differentiation enables spatially-encoded electromechanical
transduction, where heterogeneous sensitivities across the 3D-LIG network translate
simple stimuli into high-dimensional signal features. Consequently, the architecture
inherently decouples force amplitude from dynamic loading through its non-linear
deformation profiles. By further leveraging kirigami-induced anisotropy, the sensor
achieves simultaneous resolution of multidirectional force vectors without requiring
complex peripheral circuitry. The sensor demonstrates a linear pressure range of 0-35 kPa
and high durability over 10,000 cycles. Leveraging this “structural coding” paradigm, the
device enables high-accuracy recognition of surface roughness (95.34%) and gait patterns
(91.77%) via machine learning. This work offers a robust strategy for biomimetic tactile
sensing by integrating 3D structural engineering with intrinsic multidimensional signal
decoupling. This design provides a promising foundation for intelligent prosthetics and
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human machine interfaces, achieving force vector resolution within a single structure.

INTRODUCTION

The ability to perceive complex mechanical stimuli, including force magnitude, direction, and dynamic
loading behaviors, is fundamental to advanced tactile perception in biological systems'. In human skin'/,
such multifunctional sensing is achieved through the spatial distribution of mechanoreceptors with distinct
structural and functional characteristics, enabling simultaneous encoding of static pressure and dynamic
stimuli®. Replicating this capability in artificial tactile sensors, however, remains challenging. Most existing
flexible sensors rely on homogeneous material systems or planar device architectures, which inherently limit
their ability to differentiate multidimensional mechanical inputs and often require external signal processing
to compensate for the lack of structural selectivity*?. Therefore, developing a structural strategy that enables
intrinsic, spatially differentiated mechanotransduction remains a critical challenge for next-generation
electronic skins and human-machine interfaces.

Considerable efforts have been devoted to developing flexible tactile sensors capable of detecting
multidimensional mechanical stimuli, including pressure magnitude'®”, direction®”, and dynamic loading
behaviors"”. Strategies based on material engineering!"'?!, microstructured dielectrics!*'*, multilayer
architectures""”, and signal-processing-assisted"®’ sensor arrays have been widely explored to enhance sensing
performance. Notably, emerging materials such as metal oxides have also shown promise in enabling
self-powered sensing through triboelectric nanogenerator technology, offering alternative pathways for
energy-autonomous tactile systems'”. While these approaches have achieved notable progress, most of them
rely on planar or quasi-planar device configurations, in which different sensing modalities are realized
through material heterogeneity or external signal decoupling algorithms"*"”\. Such designs inherently lack
structural differentiation at the device level, making it difficult to intrinsically encode spatially distributed
mechanical information. As a result, the perception of force direction and dynamic loading often requires
complex post-processing or sensor arrays, rather than arising naturally from the device architecture itself. In
contrast, biological skin achieves multidimensional tactile perception through the spatial organization of
mechanoreceptors with distinct structural and functional characteristics, enabling simultaneous encoding of
static and dynamic stimuli®®>*. Therefore, developing a structural strategy that can translate geometric
differentiation into receptor-like electromechanical responses remains a critical challenge for
next-generation tactile sensors.

In recent years, kirigami-inspired structural engineering has emerged as an effective strategy for imparting
stretchability and mechanical adaptability to flexible electronic systems™. By introducing designed cuts and
folding patterns, kirigami architectures enable planar materials to transform into three-dimensional
configurations with programmable deformation behaviors>**.. This concept has been widely explored in
stretchable conductors™®, wearable electronics™", and electronic skins™, where kirigami structures have
been employed to enhance mechanical compliance, extend strain tolerance, and accommodate complex
surface conformations. In the context of tactile sensing, kirigami-based designs have been utilized to improve
stretchability, enhance pressure sensitivity, or enable conformal contact with irregular surfaces™!. Beyond
improving mechanical deformability, kirigami architectures play several critical roles in the development of
advanced tactile sensors and electronic skins”**!. First, by introducing programmed cuts and folds, kirigami
enables large out-of-plane deformation and enhanced mechanical compliance, allowing devices to conform
to complex surfaces while maintaining structural integrity. Second, the geometric features of kirigami
structures effectively redistribute and localize mechanical stress, which can significantly amplify
electromechanical responses and improve pressure sensitivity. More importantly, kirigami provides a unique
opportunity to introduce structural heterogeneity into otherwise homogeneous sensing layers®**”.. The
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resulting three-dimensional architectures naturally generate spatially differentiated mechanical and electrical
responses under external stimuli, offering a physical basis for encoding tactile information at the structural
level. This characteristic is particularly attractive for emulating the distributed mechanoreceptor system of
human skin, yet remains largely underexplored in existing kirigami-based tactile sensors.

Several studies have demonstrated that kirigami geometries can effectively modulate stress distribution and
amplify electromechanical responses*”, thereby improving sensing performance under large deformation.
However, in most reported cases, kirigami structures primarily serve as mechanical enablers, while the
sensing mechanisms remain largely homogeneous and planar in nature. The resulting devices typically rely
on uniform conductive networks or external signal processing to interpret mechanical stimuli, limiting their
ability to intrinsically differentiate force direction or dynamic loading behaviors. More importantly, despite
the structural complexity introduced by kirigami designs, their potential for enabling spatially differentiated
and receptor-like sensing functions has remained largely unexplored. Existing approaches rarely exploit the
height-dependent or geometry-induced electrical heterogeneity that naturally arises from three-dimensional
kirigami architectures, nor do they establish a direct correlation between structural features and multimodal
tactile perception. This gap highlights the need for a kirigami-enabled sensing strategy in which structural
transformation itself serves as the primary mechanism for encoding force magnitude, direction, and dynamic
information. However, the potential of kirigami-induced three-dimensional architectures to enable spatially
differentiated and receptor-like tactile sensing has not yet been systematically explored.

Here, we report a kirigami-enabled skin-inspired tactile sensor that realizes spatially distributed receptor-like
responses through a three-dimensional graphene architecture. By transferring laser-induced graphene from a
kirigami-engineered polyimide substrate, a planar conductive network is transformed into a
three-dimensional structure with height-dependent electrical characteristics. This kirigami-induced
structural differentiation gives rise to distinct electromechanical responses across different regions of the
device, enabling intrinsic encoding of force magnitude, loading velocity, and force direction without relying
on complex signal processing. This work therefore establishes a kirigami-based structural paradigm for
constructing tactile sensors with receptor-like functionality, offering new opportunities for advanced
electronic skins and human-machine interfaces.

EXPERIMENTAL

Materials

Ecoflex solution (Smooth-0050) was purchased from Smooth-on Inc., Macungie, PA, USA. SiO, powder
(spherical, white, average diameter 300 nm, purity 99% and, volume density 0.08 g/cm’) was purchased from
Shanghai YaoYi Alloy Materials Co., Ltd. Gold finger high-temperature tape (translucent tea color,
polyimide material, thickness 0.08 mm) was purchased from Shenzhen Xinhongsen Technology Co., Ltd.

Sensor fabrication

First, Ecoflex and SiO, powder were thoroughly mixed at a weight ratio of 10:1 to obtain a homogeneous
liquid substrate. Next, laser-induced graphene (LIG) technology was employed, in which a laser (HB-3020,
Liaocheng Huibang Laser Technology Co., Ltd., China) operating at 14% power directly irradiated a
polyimide (PI) substrate to generate a porous graphene structure with a high specific surface area.
Subsequently, the prepared liquid substrate mixture was poured onto the graphene layer. After curing, the
solidified substrate was carefully peeled off from the PI surface. Graphite-based conductive adhesive was
then applied to bond copper tape to the electrode pads of the graphene sensing unit on the cured substrate.
After that, pure Ecoflex liquid substrate material (without SiO, powder filler) was poured into a mold, in
which the peeled solid substrate was positioned and fixed. The assembly was then subjected to thermal
treatment at 60 °C for 30 min to promote the formation of a three-dimensional conductive network
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resembling biological nerve endings. Finally, the cured substrate was demolded, and a new layer of pure
Ecoflex liquid substrate material (without silica filler) was poured onto the bottom surface of the solid
substrate. After the final curing step, the complete flexible sensor structure was obtained.

Testing method and data collection

Basic performance tests were carried out using a ZQ-9908 electronic pressure testing machine (Dongguan
Zhiqu Precision Instrument Co., Ltd., China), which applied forces of varying frequencies and magnitudes to
the pressure sensor. For the multi-directional force tests, the sensor was mounted on platforms tilted at 30°
and 60° to simulate forces applied from different directions. Forces were subsequently applied to the sensor
at various loading speeds. In the surface roughness tests, the mold was mounted on a tensile tester, and
sandpapers with different grit sizes were attached to its underside. The sensor was fixed onto a linear sliding
rail, and the electronic pressure testing machine was used to lower the mold until a pressure of 25 kPa was
applied to the sensor surface. Subsequently, the sliding rail was actuated to move the sensor across surfaces of
different roughness, ensuring stable and continuous contact throughout the process. Resistance variations
during the experiments were recorded in real time using a DAQ970A multifunctional data acquisition
system (Keysight Technologies, USA). For gait detection experiments, two sensors were attached to the soles
of the feet, and four types of motion-walking forward, walking backward, ascending stairs, and descending
stairs-were performed. A custom-designed flexible printed circuit board (FPCB) was used to collect the
resistance signals, which were then transmitted to a computer via Bluetooth for further processing. The
signal acquisition system was implemented using the integrated 12-bit Successive Approximation Register
Analog-to-Digital Converter (SAR ADC) of an nRF52832 microcontroller. The SAR-ADC was configured in
single-ended mode with a 12-bit resolution. The system sampling rate was set to 100 ksps, with an
acquisition time of 3 us to match the source impedance. To maintain high sampling throughput,
oversampling was not enabled. Under these conditions, the estimated effective number of bits (ENOB) was
approximately 9.0 bits, corresponding to a signal-to-noise ratio (SNR) of approximately 56 dB.

Data preprocessing and machine learning protocols

To ensure the reproducibility and rigor of the learning-based assessment, we established strict protocols for
dataset construction and model training across the multi-directional force, roughness, and gait recognition
tasks. Specifically, we constructed three balanced datasets: a 16-class dataset for multi-directional force (N =
800, 50 trials/class), an 8-class dataset for roughness (N = 160, 20 trials/class), and a 4-class dataset for gait
recognition (N = 80, 20 trials/class). The raw multi-channel time-series resistance signals were used as input
features. Prior to training, artifacts were removed, and features were normalized using Z-score
standardization to achieve zero mean and unit variance. For model evaluation, we employed a stratified
hold-out strategy, partitioning each dataset into a 70% training set and a 30% testing set. A fixed random seed
was utilized during this split to ensure experimental reproducibility. During the training phase,
hyperparameters for the K-Nearest Neighbors (KNN) classifier were optimized using a grid search approach
with 5-fold cross-validation on the training set, while the training stability of Backpropagation (BP) neural
networks and Support Vector Machines (SVMs) was monitored against validation performance.

Statistical Analysis and Software

All experimental data obtained from mechanical and electrical characterizations were presented as mean +
standard deviation (SD) where applicable. Raw sensor data acquisition, time-series segmentation, and data
preprocessing were conducted using Python (version 3.10). The extraction of statistical features (mean,
standard deviation, maximum, and minimum), data standardization (Z-score), principal component analysis
(PCA), and the implementation of traditional machine learning algorithms - including KNN and SVM -
were performed using the scikit-learn library. The BP neural networks were constructed using
TensorFlow/Keras, while the 1D Convolutional Neural Networks (1D-CNN) and the Enhanced Multilayer
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Perceptron (EMLP) for multi-directional force decoupling were developed and trained utilizing the PyTorch
framework. Model interpretability and feature importance were analyzed using the SHAP (Shapley Additive
exPlanations) library. Model performance was evaluated using standard metrics including Accuracy, Mean
Squared Error (MSE), R-squared (R?), and Area Under the Curve (AUC), with 5-fold cross-validation
(5-Fold CV) and grid search strategies applied to optimize hyperparameters and ensure robustness. All
statistical visualizations, including confusion matrices, Receiver Operating Characteristic (ROC) curves, box
plots, and feature distribution maps, were generated using Matplotlib and Origin 2024 (OriginLab
Corporation, Northampton, MA, USA). A P-value < 0.05 was considered statistically significant.

RESULTS AND DISCUSSIONS

Overall design and working principle

To achieve tactile sensing capabilities beyond conventional pressure detection, we propose a
structural-functional co-design strategy in which mechanical architecture is deliberately engineered to
encode multidimensional tactile information at the device level. Rather than relying on complex signal
processing or sensor arrays, this work aims to realize intrinsic decoupling of force magnitude, direction, and
loading dynamics through the rational design of material composition and three-dimensional geometry. By
integrating kirigami-enabled structural transformation with a hierarchical conductive network, the sensing
mechanism is shifted from material-dependent response to structure-governed signal modulation, providing
a physically embedded pathway for spatiotemporal tactile perception. Guided by this concept, a bioinspired
tactile system is developed that mimics the layered organization and distributed mechanoreception of human
skin. The design combines a mechanically reinforced elastomeric substrate with a three-dimensional
graphene network, enabling localized deformation, stress redistribution, and rate-dependent electrical
responses. This architecture allows different mechanical stimuli to be mapped into distinguishable electrical
signatures without external decoupling algorithms, thereby establishing a general framework for
multifunctional tactile sensing based on structural encoding.

To elucidate the biomimetic design concept and structural architecture of the proposed sensor, Figure 1
provides an overview of its working mechanism, material composition, and representative application
scenarios of the kirigami-enabled tactile sensor. Figure 1A illustrates the sensory mechanism of human skin,
which converts external tactile stimuli into electrical impulses through sensory nerve endings, transmitting
them to the brain for processing. Inspired by the hierarchical organization and spatial distribution of
mechanoreceptors (e.g., Meissner and Pacinian corpuscles) in human skin, we developed a kirigami-enabled
tactile sensor with a three-dimensional (3D)-structured conductive architecture [Supplementary Figure 1].
By employing a kirigami-assisted transfer of laser-induced graphene, the sensor replicates the skin’s stratified
sensing capabilities, enabling height-dependent electromechanical responses that decouple complex tactile
stimuli with high spatial accuracy. As illustrated in Figure 1B, the sensor consists of a SiO,-doped Ecoflex
substrate, a three-dimensional graphene sensing layer, and patterned copper electrodes. The introduction of
SiO, particles enhances the stiffness of the elastomer and promotes efficient stress transmission to the
conductive network. Scanning electron microscopy (SEM) observations [Figure 1C] reveal a
well-interconnected graphene morphology with embedded SiO, particles. Correspondingly, the doped
structure exhibits a markedly enhanced pressure-dependent resistance response compared with the undoped
counterpart. The sensing layer comprises a graphene-based conductive network engineered into a
three-dimensional configuration, mimicking the neural architecture of human skin and thereby improving
the sensor’s sensitivity and spatial resolution. This biomimetic design enables the sensor to discern both the
direction and spatial distribution of applied pressure, effectively emulating the skin’s response to external
stimuli [Figure 1C-I]. The SEM image [Figure 1C-II] reveals the surface morphology of the SiO,-doped
graphene film, where SiO, particles are embedded within the graphene pores. The incorporation of SiO, not

only enhances electrical conductivity but also forms a microstructure reminiscent of collagen fibers in the
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Figure 1. Design, sensing mechanism, and application overview of the skin-inspired flexible pressure sensor. (A) Schematic illustration of
the sensory mechanism of human skin; (B) Structural schematic of the layered architecture of the proposed sensor; (C) Cross-sectional
schematic of Ecoflex doped with SiO,, scanning electron microscopy (SEM) image of the SiO,-decorated graphene surface, and
comparative resistance-pressure response curves of SiO,-doped and undoped materials; (D) Illustration of the sensor’s conductive
mechanism, deformation response under different loading rates, and corresponding resistance variation waveform during high-speed
loading; (E) Application schematics showing the sensor's capability in multi-directional force recognition, surface roughness detection, and
gait monitoring; (F) Photographs of the fabricated sensor exhibiting excellent flexibility and mechanical stability under bending and
stretching conditions. Figure 1 and Figure 1F are photographs taken by the authors themselves during the experiments. 3D:
Three-dimensional.

stratum corneum and dermis, thereby improving the response speed and precision of pressure detection. A
comparison of resistance variations between SiO,-doped and undoped samples under compressive strain
[Figure 1C-III] demonstrates that SiO, doping induces larger resistance changes, confirming improved
sensitivity and detection accuracy. The kirigami-enabled 3D configuration plays a critical role in generating
rich, high-dimensional signal features, which significantly enhances the classification performance of the
Artificial Intelligence (AI) algorithms. As illustrated in Figure 1D, mechanical loading induces sequential
deformation of the hierarchical structure [Figure 1D-I], leading to distinct resistance evolution stages under
different loading rates. This deformation-dependent conduction pathway gives rise to characteristic
dual-peak electrical responses [Figure 1D-II], which attributes to presence of viscoelastic hysteresis and
structural phase lag within the 3D kirigami framework [Figure 1D-III]. Owing to this 3D structure, the
sensor is capable of resolving complex mechanical stimuli, including multidirectional forces and dynamic
loading conditions, thereby providing a physical and structural encoding for spatiotemporal tactile
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perception.

Figure 1E depicts the schematic illustration of the sensor in diverse application scenarios, including
multi-directional force recognition, surface roughness detection, and gait monitoring. In multi-directional
force recognition, the sensor precisely detects forces from varying orientations and converts them into
analyzable electrical signals. In surface roughness detection, it perceives the influence of diverse surface
textures on pressure fluctuations, enabling accurate discrimination of subtle surface variations. For gait
recognition, the sensor continuously monitors step dynamics in real time, offering crucial support for
motion tracking and health assessment. Finally, Figure 1F presents photographs of the fabricated sensor,
demonstrating its remarkable flexibility and stable functionality under bending, twisting, stretching, and
tearing conditions.

Fabrication and characterization

Figure 2 summarizes the fabrication procedure, microstructural features, and material characteristics of the
kirigami-enabled tactile sensor. As illustrated in Figure 2A, Supplementary Figure 2 and Supplementary
Movie 1, the device is fabricated through a sequential process involving the uniform mixing of Ecoflex with
SiO, particles to enhance mechanical stiffness and structural stability, followed by LIG patterning
[Supplementary Figure 3] and kirigami-assisted transfer. The Kirigami process involves laser-cutting cracks
into the LIG-attached PI using a laser cutter, followed by pressing the LIG-attached PI film onto a rigid mold
with pyramid-shaped protrusions. This process lifts the PI film, creating a 3D structure, which mimics the
Kirigami folding technique. The elastomeric precursor is cast into a predesigned mold, while the patterned
LIG layer is subsequently integrated through a controlled demolding process, enabling the formation of a
three-dimensional conductive network with out-of-plane deformation capability. This strategy allows planar
LIG to be effectively transformed into a 3D architecture while maintaining electrical continuity.

The microstructural features of the LIG network are shown in Figure 2B and Supplementary Figure 4, the
SEM and Super-Depth Microscope (SDM) images reveal a porous, interconnected graphene framework with
a high surface area, which is beneficial for stress concentration and charge transport. After SiO,
incorporation, nanoparticles are uniformly distributed within the graphene network, contributing to
enhanced mechanical robustness and strain transfer efficiency. Based on the Einstein-Smallwood and
Guth-Gold models, the introduction of SiO, rigid fillers perturbs the matrix stress field and lead to a
modulus enhancement. According to the Cox shear lag and Kelly-Tyson theories, the expansive interfacial
area of these sub-micron particles ensures efficient stress transfer from the compliant Ecoflex to the
high-modulus fillers. This reinforcement effectively optimizes local strain distribution and suppresses the
non-linear viscoelasticity of the polymer, thereby improving the sensitivity and linearity of the LIG-based
sensing network. Figure 2C presents the compressive stress-strain curves of the elastomer at various SiO,
filler concentrations (0 to 50 wt%), evaluated under a standardized strain level. Driven by the reinforcement
effect, increasing the SiO, content leads to a highly significant, monotonic enhancement in both the
composite modulus (from 376.4 kPa to 707.6 kPa; Spearman’s p = 0.925, P = 4.04 x 10°°) and the peak stress
(from 65.3 kPa to 124.7 kPa; Spearman’s p = 0.956, P = 5.95 x 107°). Detailed statistical analyses validating
these trends are provided in Supplementary Note 1 and Supplementary Figure 5. While the 50 wt%
concentration offers the highest force transmission efficiency, excessive powder loading leads to structural
brittleness, poor dispersion, and surface irregularities, as shown in Supplementary Figure 6. Simultaneously,
the expanded hysteresis loops at higher concentrations confirm the filler’s role in tuning the viscoelastic
dissipation of the composite matrix. The successful integration of the graphene layer into the elastomer
matrix is further confirmed in inset of Figure 2D, where the transferred graphene maintains structural
integrity and intimate interfacial contact with the Ecoflex substrate, ensuring reliable electrical conduction
under deformation. Material characterization further verifies the quality of the fabricated sensing layer. The
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Figure 2. Fabrication process, microstructure, and material characterization of the skin-inspired flexible pressure sensor. (A) Schematic
illustration of the sequential fabrication steps of the sensor; (B) SEM images of the laser-induced graphene (LIG) surface morphology,
before and after deposition of SiO, particles; (C) Optical image and SEM micrograph of graphene transferred onto the Ecoflex substrate;
(D) The cross-sectional SEM image of the LIG interface after 3D transfer; (E) Raman spectrum of graphene, highlighting the characteristic
D, G, and 2D peaks; (F) XPS spectrum of graphene, focusing on the C 1s peak and associated bonding states; (G) XRD pattern of graphene,
showing diffraction peaks corresponding to its crystalline structure. 3D: Three-dimensional; 2D: two-dimensional; SEM: scanning electron
microscopy; XPS: X-ray photoelectron spectroscopy; XRD:X-ray diffraction.

cross-sectional SEM image of the LIG interface after 3D transfer [Figure 2D and Supplementary Figure 7]
reveals excellent structural integrity and uniformity. The surface remains smooth and well-preserved, with
no noticeable delamination or distortion. The graphene network exhibits consistent distribution across the
entire surface, ensuring reliable electrical performance and mechanical stability. This uniformity is crucial for
maintaining the sensor’s high sensitivity and durability during operation. The Raman spectrum [Figure 2E]
exhibits pronounced D and 2D bands, indicating the formation of conductive graphene with a moderate
defect density suitable for piezoresistive sensing. X-ray Photoelectron Spectroscopy (XPS) analysis of the C
1s region [Figure 2F] reveals characteristic C-C, C-O, and C=0 bonding configurations, confirming the
presence of functional groups that contribute to interfacial adhesion and environmental stability. In addition,
the X-ray Diffraction (XRD) pattern [Figure 2G] shows distinct diffraction peaks corresponding to graphitic
crystal planes, demonstrating the preserved crystalline features of the graphene network after processing.
Collectively, these results confirm that the proposed fabrication strategy enables the construction of a
mechanically robust, electrically conductive, and structurally well-defined 3D graphene network, providing a
solid foundation for subsequent electromechanical and sensing performance.
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Sensing performance

The fundamental performance of the skin-inspired flexible pressure sensor is extensively characterized in
Figure 3, covering key aspects such as pressure distribution, mechanical response, dynamic behavior,
loading-rate dependence, and long-term stability. These evaluations validate the sensor’s performance
decoupling for practical applications. Figure 3A presents the experimental setup, where the sensor is
subjected to vertical normal pressure on a flat substrate, and the tested device is shown in Supplementary
Figure 8. After that, Figures 3B show the COMSOL-simulated von Mises stress distributions for the undoped
and SiO,-doped structures under identical loading conditions. Compared to the undoped structure, the
SiO,-doped sensor exhibits improved stress concentration and enhanced stress transfer in the bottom region,
highlighting the beneficial effect of SiO, doping on the mechanical response of the composite material. The
pressure-strain characteristics of both sensors, shown in Figure 3C, demonstrate that the SiO,-doped sensor
has a higher elastic modulus, requiring more stress for the same strain, thus enhancing mechanical stiffness.
Figure 3D compares the cyclic resistance responses of the doped and undoped SiO, sensors under a pressure
of 25 kPa. The SiO,-doped sensor shows a larger relative resistance change (AR/R,), indicating that SiO,

incorporation improves stress transmission efficiency between the conductive layers.

In Figure 3E, the stepwise pressure response of the sensor in the 0-35 kPa range reveals good repeatability
and stable signal output. The sensor achieves sensitivities of approximately 3 x 10? kPa™ in the 0-17 kPa
range and 2 x 107 kPa™ in the 17-31 kPa range, confirming its tunable multi-regime pressure-sensing
capability. The dynamic response, shown in Figure 3F, includes a loading response time of approximately
220 ms and a recovery time of 1.94 s, demonstrating the sensor’s quick response and good elastic resilience.
Figure 3G demonstrates excellent long-term stability, as the sensor maintains stable output after 10000
loading-unloading cycles at 20 kPa, with no significant performance degradation. To further validate the
mechanical robustness of the sensing architecture, cross-sectional photo analysis was conducted following
the 10,000-cycle durability test [Supplementary Figure 9]. The images reveal that the LIG network remains
securely anchored within the Ecoflex matrix, with the LIG/substrate interface maintaining seamless
structural integrity and no observable delamination, thereby corroborating the high reversibility and baseline
stability of the device. To evaluate environmental robustness more, the sensor’s response to temperature and
humidity was characterized in Figure 3H. The device exhibits a Positive Temperature Coefficient (PTC),
where the relative resistance (AR/R,) increases linearly with temperature from 20 °C to 80 °C. This behavior
might be attributed to the mismatched thermal expansion between the LIG network and the substrate.
Notably, the temperature dependence shows an exceptional linearity of R’ = 0.997, which facilitates
straightforward real-time compensation using a linear correction factor. Furthermore, the sensor
demonstrates excellent stability across a wide humidity range (30% to 95% RH). The relative resistance
change remains negligible (blue line in Figure 3H), confirming that the encapsulation effectively isolates the
LIG conductive network from moisture interference. This dual-stability confirms the sensor’s reliability for
operation in complex, varying environments.

Figure 31 illustrates the experimental setup under different loading speeds [Supplementary Figure 10], with
deformation images of the conductive layer taken at three representative height positions (Height1-Height3)
within the LIG layer. The dynamic signal profile [Figure 3]] reveals a distinct rate-dependent “dual-peak”
feature. While the response remains almost single-peak at 1 mm/min, higher loading rates (up to
20 mm/min) induce a prominent secondary peak with an increasing temporal offset. Figure 3K and L
quantitatively extracts the peak separation (At) from the double-peak features in the resistance curves. The At
decreases monotonically with increasing loading speed. This evolution validates the presence of viscoelastic
hysteresis and structural phase lag within the 3D kirigami framework. The high-speed loading triggers a
sequential mechanical transition where the time-dependent relaxation of the elastomer governs the interval
between the initial compression and the subsequent structural buckling event, thereby enriching the
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Figure 3. Fundamental performance characterization of the skin-inspired pressure sensor. (A) Schematic of the basic pressure-sensing
test; (B) COMSOL-simulated stress distributions of undoped and SiO,-doped structures, highlighting the effect of doping on stress
dispersion; (C) COMSOL-simulated pressure-strain characteristics of the sensors; (D) Comparison of cyclic resistance responses for
doped SiO,; (E) Stepwise pressure response and sensitivity in different pressure regions; (F) Dynamic loading and unloading behavior,
including response and recovery; (G) Cyclic durability under repeated loading; (H) Environmental stability characterization of the
LIG-based tactile sensor; (1) Experimental setup at varying loading speeds with deformation images of the conductive layer and analysis of
vertical stress transmission at three height positions (Height1-Height3); (J) Cyclic resistance responses at different speeds; (K and L) Peak
separation in resistance curves, defined as At; (M and N) Time-resolved height variations under low-speed (m) and high-speed (n)
loading; (O and P) First derivatives of height curves to analyze deformation propagation at different speeds. LIG: Laser-induced graphene.

temporal features of the sensor output. To further elucidate the physical origin of the rate-dependent signal
characteristics, we characterized the mechanical hysteresis and dynamic response of the elastomer across
varying loading velocities [Supplementary Figure 11]. The stress-strain hysteresis loop expands significantly
as the loading rate increases from 3 to 50 mm/min, confirming the presence of pronounced viscoelastic
dissipation. After that, the structural dynamics of the kirigami network are the another driver of the
“dual-peak” signal. To provide a rigorous mechanical basis for the observed speed-dependent features, we
performed high-speed optical tracking to analyze the internal deformation dynamics of the 3D-LIG
framework [Figure 3M-P] using computer vision method [Supplementary Figure 12]. Under low-speed
loading, the vertical compression (Height1-3) and derivative profiles (dh/dt) exhibit a relatively uniform and
quasi-static progression. Conversely, at high-speed loading (20 mm/min and above), the dh/dt curves reveal
discrete, asynchronous velocity fluctuations across the structural cross-section [Figure 3P], indicating
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localized mechanical instability. This structural complexity is further substantiated by the speed-dependent
evolution of the LIG network length [Supplementary Figure 13]. While length-time profile displays a
non-monotonic “step” characteristic, a typical signature of structural buckling or snap-through instability
within the 3D-LIG cells. These results confirm that the “dual-peak” electrical response is a direct result of the
sequential mechanical transitions inherent to the 3D-engineered architecture. Additionally, its ability to
distinguish pressure signals at varying loading rates and directions highlights its dynamic response and
superior multi-directional force detection capabilities.

Multi-directional force testing

The multi-directional force sensing performance of the skin-inspired pressure sensor is illustrated in Figure
4, including its directional response characteristics. Figure 4A presents the physical appearance and
schematic diagram of the skin-inspired pressure sensor. During testing, the sensor was mounted on a
platform tilted at 30° and 60° and subjected to vertical loading to simulate multi-directional forces.
Supplementary Figure 14 shows the deformation of the graphene under inclined force pressure, with the
black areas representing the graphene material. This image highlights the material’s response to directional
stress, providing valuable insight into its mechanical behavior under non-vertical loading conditions. The
different platform inclinations emulate external forces applied from varying directions. The sensor contains
four independent sensing channels (ch1-ch4), as shown in the schematic, each used to monitor resistance
variation under applied force. Table 1 summarizes the correspondence between the 16 directional angles and
the associated sensor channels.

For instance, in direction 1, the applied force is tilted 30° from the vertical, with the horizontal component
directed from A to O; direction 2 represents a 30° tilt with the horizontal force component oriented from B
to O. Similarly, directions 9 and 10 correspond to 60° tilts, with horizontal components directed from A to O
and B to O, respectively. Based on the structural symmetry and mechanical properties of the sensor, the two
directional groups (AO-CO-EO-GO and BO-DO-FO-HO) exhibit mirror symmetry. When a force is applied
along the AO direction, stress is primarily concentrated near point E, resulting in a pronounced resistance
change in channel ch3. Owing to the structural symmetry, forces applied along the CO, EO, and GO
directions yield equivalent effects on the resistance network, producing similar resistance variation patterns.
Consequently, once the force in the AO direction is identified, those in CO, EO, and GO can also be inferred,
and the same applies to the BO-DO-FO-HO group. Comparing direction 1 and direction 9 (both
corresponding to AO), the 60° tilt results in higher stress concentration at point E, thereby inducing a larger
resistance variation in ch3. To evaluate the classification performance rigorously, a balanced dataset was
constructed comprising 16 directional categories. Each category contained 50 experimental trials, resulting in
a total of 800 samples. The raw multi-channel resistance signals were used as input features. The sensor’s
robust multi-directional force recognition capability is demonstrated by high classification accuracies across
three machine-learning algorithms - BP (94.34%), SVM (96.85%), and KNN (99.46%) - confirming that the
structural encoding of the LIG-based device provides highly discriminative features for directional analysis.

Figure 4C presents resistance variation (AR/R,) curves for directions 1, 2, 9, and 10, highlighting the effect of
directional loading on the sensor’s resistance response. For direction 1, the resistance change rates of ch3 and
ch4 are 20.7% and 8.7%, respectively [Figure 4B-I]. For direction 2, the change rates for ch3 and ch4 are
18.6% and 10.6% [Figure 4B-II]. Compared with direction 1, ch3 shows a slightly reduced resistance variation
in direction 2, while ch4 shows an increase, indicating a shift in stress concentration from point E to point F.
In directions 9 and 10 [Figure 4B-III-IV], the resistance change rates reach 39.9% and 12.8% for direction 9,
and 33.6% and 14.1% for direction 10, confirming that these two directions can be effectively distinguished.
Compared with direction 1, direction 9 exhibits a greater resistance change in ch3, signifying stronger stress
concentration at point E.
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Figure 4. Characterization of multi-directional force perception and decoupling performance. (A) Experimental configuration and
schematic illustration of the multi-directional force testing platform; (B) Representative relative resistance response (AR/Ro) across four
sensing channels under typical force vectors (Directions 1, 2, 9, and 10); (C) KNN classification results and feature distribution of the
sensor under four representative force directions; (D) Feature distribution for Direction 9 across different indentation speeds (5, 10, and
20 mm/min); (E) Schematic workflow of the force decoupling framework for the simultaneous extraction of normal and shear
components; (F and G) Decoupling performance demonstrating the predicted versus measured normal force (Fz) and shear force (Fx, Fy)
components; (H) Statistical performance metrics and evaluation parameters (e.g., R? and RMSE) of the force-decoupling algorithm. Figure
4A was photographs taken by the authors themselves during the experiments. KNN: K-nearest neighbors; MSE: mean squared error;
RMSE: root mean square error; MLP: multilayer perceptron.

Table 1. Correspondence between 16 directional angles and sensor channels

Direction No.

Direction details

Direction No.

Direction details

Directionl
Direction3
Direction5
Direction7
Direction9
DirectionTl
Direction13

Direction15

30°A->0
30°C->0
30°E->0
30°G->0
60°A->0
60°C->0
60°E->0
60°G->0

Direction2
Direction4
Direction6
Direction8
Direction10
Direction12
Direction14

Direction16

30°B->0
30°D->0
30°F->0

30°H->0
60°B->0
60°D->0
60°F->0

60°H->0
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The discriminative ability of the structural-electrical encoding was visualized through feature distribution
plots [Figure 4C and D]. Figure 4C illustrates that force vectors from different orientations (e.g., Classes 7, 8,
15, and 16) occupy distinct, non-overlapping regions in the feature space, substantiating the high directional
resolution provided by the asymmetric deformation of the 3D kirigami architecture. True labels are
represented as semi-transparent shaded regions of different colors generated by kernel density estimation,
indicating the distribution density and range of each category in the two-dimensional feature space.
Predicted results are shown as colored “x” symbols scattered across the plots. Furthermore, Figure 4D
evaluates the classification performance under varying dynamic stimuli for a single orientation (Direction 9).
The classification labels follow the format “direction_speed”; for instance, label 9_5 denotes direction 9 at
5 mm min". The clear clustering observed across different indentation speeds (5 to 20 mm/min) highlights
the model’s ability to maintain high recognition fidelity regardless of the mechanical loading rate. The
corresponding bar charts further confirm the stability of the classification, with Precision, Recall, and
F1-scores consistently exceeding 90% across all classes (details in Supplementary Figures 15 and 16). The
exceptional directional classification accuracy (99.46%) is intrinsically rooted in the sensor’s quadrant
symmetry and the resulting spatial-electrical encoding paradigm. Upon the application of an inclined force,
the kirigami-engineered architecture deterministically partitions the mechanical stress among the four
sensing channels. Rather than being suppressed as interference, this signal “crosstalk” serves as a
high-dimensional feature set, where the specific amplitude ratios and temporal profiles across the four
quadrants define a unique “fingerprint” for each of the 16 orientations. The structural anisotropy induced by
the kirigami geometry further amplifies the signal divergence between adjacent channels, providing highly
discriminative inputs for the machine learning model and ensuring robust vector resolution even under
subtle angular variations.

To accurately perceive complex external three-dimensional force stimuli, this study proposes a force
decoupling algorithm framework based on an Enhanced Multilayer Perceptron (Enhanced MLP) (Figure 4E
and Supplementary Note 2 for detailed architectural and feature engineering descriptions). This framework
can precisely decouple the oblique force applied to the sensor into normal force (F,) and shear force (F)). The
overall force decoupling workflow consists of three core stages: data acquisition and preprocessing, model
construction and training, and physical quantity output and evaluation. When the sensor is subjected to a
force, the internal channels generate corresponding electrical signal changes. To improve the model’s noise
resistance and generalization capability, instead of directly inputting the raw time-series signals into the
network, statistical feature extraction was performed. The system sampled the response signals from three
effective channels (Channel_1, Channel_2, Channel_3), calculating the mean, standard deviation (Std),
maximum (Max), and minimum (Min) for the signal segments of each channel. By extracting a
12-dimensional feature vector, including mean, variance, and peak-to-peak fluctuations, from three sensing
channels, we preserved critical spatial and dynamic temporal characteristics [Figure 4E-I]. Following feature
extraction, an Enhanced MLP model with a four-layer architecture (1 input layer, 3 hidden layers, and 1
output layer) was designed for the nonlinear force decoupling mapping. The input layer contains 12 nodes
corresponding to the 12D input features. This is followed by three hidden layers with 128, 64, and 32 nodes
respectively, all utilizing ReLU as the activation function. Finally, an output layer with 2 nodes yields the
prediction results. To ensure the model’s robustness and maximize data utilization, a 5-Fold
Cross-Validation (5-Fold CV) strategy was employed during the training process. The model used the Adam
optimizer for parameter updates with an initial learning rate of 0.003, combined with a ReduceLROnPlateau
learning rate decay strategy based on validation set loss [Figure 4E-II]. The model’s final outputs correspond
to the normal force (F,) and shear force (F,) experienced by the sensor. Using these two orthogonal
components, the magnitude of the actual resultant force can be reconstructed using the formula [Figure
4E-TII):


https://file.oaecenter.com/published/pdf/e8852058cf019ea3291e989e1487c2d8/1776325848/ss50158-SupplementaryMaterials.zip
https://file.oaecenter.com/published/pdf/e8852058cf019ea3291e989e1487c2d8/1776325848/ss50158-SupplementaryMaterials.zip
https://file.oaecenter.com/published/pdf/e8852058cf019ea3291e989e1487c2d8/1776325848/ss50158-SupplementaryMaterials.zip

Page 14 of 21 Du et al. Soft Sci. 2026, 6, 28

— [ 2 2
F = FN+FS (1)

To comprehensively verify the effectiveness of the proposed Enhanced MLP in the force decoupling task, a
systematic visual analysis and quantitative evaluation of the model’s training process and final prediction
accuracy were conducted. The convergence characteristics of the decoupling algorithm are presented in
Figure 4F. Both training and validation losses decreased rapidly and stabilized at a low level, demonstrating
the model’s efficient learning of the nonlinear mapping between sensor signals and multi-axial forces. The
minimal divergence between the two curves, supported by the ReduceLROnPlateau strategy and 5-fold
cross-validation, confirms the model’s robust convergence and the absence of overfitting. To intuitively
demonstrate the model’s predictive performance for each orthogonal force component, scatter plots of the
true versus predicted values were generated [Figure 4G]. As shown, the predicted scatter points compactly
converge around the ideal red diagonal line. Specifically, the R* value for the normal force reached 0.9917,
with an MSE as low as 0.05178 N* meanwhile, the shear force, which has been extremely difficult to decouple
due to nonlinear deformation, also achieved a high R* of 0.9853, with its MSE suppressed to 0.08238 N°.
These excellent R* scores demonstrate that this architecture can accurately isolate and quantify individual
force components under complex loading conditions. To further compare the comprehensive performance
differences across various model architectures, a radar chart was introduced for multi-dimensional visual
comparison [Figure 4H]. The vertices of the radar chart correspond to different error evaluation metrics,
such as single-component errors, resultant force vector error (RFVE), and direction angle error (AE). The
error evaluation metrics were processed using Min-Max normalization and reversed Min-Max
normalization. For metrics requiring inverse mapping to display relative performance, we adopted the
following reversed normalization formula:

X — Xmin (2)

x'=1-
Xmax — Xmin

where x represents the raw error evaluation value of the current model, x,, and x,_,_ represent the minimum

and maximum values of that specific metric among all compared models. Through this reverse mapping
operation, the raw error data can be flexibly standardized into the [0,1] interval; smaller original error values
indicating better performance are mapped to the extreme closer to 1. Ultimately, the normalized radar chart
clearly displays the comprehensive capabilities of each model. The area enclosed by the proposed Enhanced
MLP model in the chart visually proves that it achieved optimal levels across multiple error metrics,

demonstrating outstanding comprehensive decoupling performance and extremely high robustness.

Application

The surface roughness recognition experiment using the skin-inspired pressure sensor is presented in Figure
5, aimed at detecting resistance changes as the sensor slides over surfaces of different roughness and
achieving precise classification of surface textures. This experiment not only demonstrates the sensor’s
response on various roughness levels but also employs a KNN algorithm to classify those differences, thereby
validating the sensor’s recognition capability in practical applications. Figure 5A shows the basic setup and
testing procedure. First, a fixture is mounted on a tensile tester, and sandpapers of different grit sizes are
affixed to the fixture’s underside. The sensor is then secured on a sliding rail. The tensile tester lowers the
fixture until a pressure of 25 kPa is applied to the sensor. Next, the sliding rail drives the sensor to move
across each sandpaper surface, ensuring stable contact so that resistance changes can be recorded. During
sliding, resistance data are collected in real time to analyze and identify how surface roughness affects the
sensor’s electrical response. Eight sandpaper grades were chosen for this test: 60, 100, 150, 180, 320, 600, 800,
and 1500 grit. Data collection involved 20 independent sliding trials for each of the eight roughness levels,
generating a balanced dataset of 160 samples to prevent class imbalance bias during training. Figure 5B
shows the classification results of these eight surfaces using the KNN algorithm. The confusion matrix
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Figure 5. Surface Roughness Recognition Test of the Skin-inspired Pressure Sensor. (A) Experimental setup and schematic diagram for the
surface roughness recognition test; (B) Classification results using K-nearest neighbors (KNN) for eight different surface roughness levels;
(C) Resistance change curves corresponding to the eight different surface roughness levels.

reveals that the KNN achieved an overall accuracy of 95.34%, indicating that the combination of the
skin-inspired pressure sensor and KNN can effectively distinguish between different surface roughness levels
(details in Supplementary Figure 17). Figure 5C depicts the resistance change curves (AR/R,) recorded as the
sensor slid over each of the eight surfaces. These curves illustrate the temporal variation in resistance when
the sensor contacts different textures. It can be observed that coarser surfaces induce larger resistance
changes, while smoother surfaces cause smaller fluctuations. For example, on the 60-grit surface, the
maximum resistance change reached 12.4%, whereas on the 1500-grit surface it was only 2.18%. This
behavior arises because rougher surfaces generate higher frictional forces on the sensor - producing greater
stress and thus larger resistance shifts - whereas smoother surfaces exert lower friction and smaller resistance
variations. Each inset plot highlights the peak resistance change for a given grit size, providing an intuitive
comparison of how surface roughness influences the sensor’s electrical response.

The experiment of gait recognition using two flexible pressure sensors is shown in Figure 6. Figure 6A
illustrates the working principle of the gait signal acquisition system. In this system, the sensors are designed
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and fixed to the sole, covering the forefoot and hindfoot regions. The forefoot includes four sensing
channels, while the hindfoot uses one channel. Through these sensors, the system monitors real-time
pressure variations in different areas of the sole, collects data through a customized flexible printed circuit
board (FPCB), and transmits the signals. The signals are then converted by an analog-to-digital converter
(ADC) and sent via Bluetooth to a computer, where they are processed by a KNN algorithm for gait
classification, enabling the recognition of different gait types. Figure 6B shows the four gait types involved in
the experiment: going upstairs, going downstairs, walking straight ahead, and walking backwards. Each gait
is divided into three stages (Stage 1, Stage 2, Stage 3) to capture the dynamic changes in foot movement over
time. By recording and analyzing resistance variations in real time, the system can effectively identify the gait
type and the corresponding foot motion. During the process of going upstairs, the gait can be divided into
three stages. In Stage 1, the foot has not yet touched the ground, and the resistance remains at its initial value.
Around 6 s, the forefoot and hindfoot contact the ground simultaneously, entering Stage 2, during which the
resistance of all five channels increases. At approximately 16 s, one foot lifts off the ground, concentrating the
load on the foot with the sensors and generating new resistance pulses. During stair descent, Stage 1 is
similar to that in stair ascent, but at 4-5 s, Stage 2 begins when the forefoot first contacts the ground, leading
to resistance changes in channels 1-4. Around 10-11 s, the hindfoot touches the ground, entering Stage 3,
where the hindfoot sensor resistance increases. During forward walking, Stage 1 shows a similar resistance
variation pattern to those of the stair ascent and descent gaits. At approximately 7 s, Stage 2 begins when the
hindfoot contacts the ground, causing an increase in channel 5 resistance. Around 15 s, the forefoot touches
the ground, and the resistances of channels 1-4 increase further. In backward walking, the pressure
distribution on the sole is similar to that during stair descent. In Stage 1, the foot is suspended in the air,
followed by the forefoot contacting the ground in Stage 2, and finally, the hindfoot contacting the ground in
Stage 3. However, the key difference lies in the forefoot pressure during Stage 2. When walking backwards,
the angle between the sensor and the ground is smaller than in stair descent, resulting in lower pressure
concentrated near channel 4. Moreover, in backward walking, the forefoot contact area with the ground in
Stage 2 is larger than that during stair descent. This leads to lower pressure on the forefoot sensors when
walking backwards, producing smaller resistance changes. During the stable period of Stage 2 in backward
walking, the resistance variation rates of channels 1, 2, 3, and 4 are 63.9%, 63.3%, 30.9%, and 52.4%,
respectively. By contrast, in the stable Stage 2 of stair descent, the variation rates are 59.4%, 96.9%, 48.8%, and
104%, respectively. This indicates that, compared with stair descent, the forefoot pressure is smaller when
walking backwards, especially near channel 4.

For the classification task, a dataset consisting of 4 gait classes was established. Each class included 20
experimental trials, ensuring a uniform sample distribution. The time-series signals from the five sensing
channels served as the feature vectors. Figure 6C presents the confusion matrix of the KNN classification
results for the four gait types. The classification accuracies are 90.16% for going upstairs, 91.15% for going
downstairs, 96.14% for walking forward, and 89.63% for walking backwards. The confusion matrix shows
good consistency between predicted and true labels, with high accuracy and low misclassification rates,
demonstrating the system’s strong performance in gait classification. Figure 6D displays the feature
importance in gait recognition. The importance values are calculated using the permutation importance
method, where the color bar represents the magnitude of importance, with darker colors indicating higher
importance. Feature 5 (hindfoot channel) exhibits the highest importance (0.3861), which is attributed to the
biomechanical significance of the heel strike phase. During initial contact, the heel bears the primary impact
of the body’s weight, generating signals with superior temporal localization and amplitude stability. These
sharp pressure peaks serve as critical temporal anchors for distinguishing gait patterns like backward walking
or stair navigation. In contrast, while the forefoot channels capture rich spatial data, the mechanical stress
during the push-off phase is more distributed, leading to dispersed signal features with lower discriminative
weight. Figure 6E shows the ROC curves for the four gait classifications. Each curve reflects the performance



Du et al. Soft Sci. 2026, 6, 28 Page 17 of 21

| Data processing I | KNN I

9}
o
<
Bluetooth Result
Go up stairs Go straight ahead
B Stage1 Stage2 Stage1 Stage2 Stage3
0.8 F—CH5 S 0.8 F—CcH5
00— 00
__________ 'I‘_'__—__I o 0.8 =—CH4 0.8 = CH4
r | stage1 Stage2 | stage3 : ¥ = gg:g o
' & = I R e B
I 1.Climb the stairs | L Y —
| 1 0.0 = L 1 1 I 0.0 L L ' |
i 0 5 10 b 20 0 5 |.° 15 20
I 2.Walk down the stairs l_l_l_lg.‘_‘.&l Time /s Time /s
I 1 I 1 Walk down the stairs Walk backwards
I 3 Go straight ahead ! 1 %3- | | Stage1 Stage2 Stage3 Stage1 Stage2  Stage3
| ’ S L 08 F—cns ——— 08 —cHs
I ¥ 1 oo E 0.0
| \ 1 ’ 1 0.8 | CH4 0.8 = CH4
4.Walk backwards I éﬁ ! J § 00— g | e
I h < 0.0 < 0.0 =
B - [E N — 08 CH2 06 - CH2
__________ == 00 L 00
0.6 - CH1 0.6 - CH1
0.0 = 4 1 1 0.0 L 1 1
0 5 10 15 o 5 10 15
Time/s Time /s

O
O
m

Feature Importance Heatmap (Based on Permutation Importance)

ROC Curve

038 " _
- 3.99 -
. 036 //
~08 r
034, & s
.
TN 2.95 608 o 5 g L
2 g e 0325 So6 e
T ] 2 L
3 - £ 0.2878 0.2516 0.2303 E g .
: wi}
Em 048 gk 2 Bos L
08¢ g s
20 £ o — 1(AUC = 0.98)
-0.26 0.2/ i —— 2(AUC = 0.99)
<- 293 1.60 ad —— 3(AUC = 0.99)
" 024 7 —— 4(AUC = 0.98)
1 2 3 i i : 2 0"10 0.2 0.4 0.6 0.8 1.0
Predicted Label o False Positive Rate (FPR)

Figure 6. Gait recognition test using skin-inspired pressure sensors. (A) Schematic diagram of the system structure, showing the sensor
array and data processing flow; (B) Resistance variations of four gait signals, including going upstairs, going downstairs, walking straight
ahead, and walking backwards; (C) KNN-based classification results for four gait types; (D) Feature importance heatmap, showing the
contribution of each feature in classification; (E) ROC curve, illustrating the AUC values of different gaits. KNN: K-nearest neighbors; AUC:
area under the curve; ROC: receiver operating characteristic.

of different gaits at varying thresholds, with the AUC (area under the curve) used to quantify classification
accuracy. The curves correspond to four gait classification results with AUC values of 0.98 (Gait 1), 0.99
(Gait 2), 0.99 (Gait 3), and 0.98 (Gait 4). The results demonstrate that all four gaits achieve high classification
accuracy, particularly Gait 2 and Gait 3, with AUC values approaching 1, indicating excellent classification
performance. Supplementary Figure 18 provides a comprehensive view of the classification metrics
(Precision, Recall, and F1-score) for each gait type. All three metrics consistently exceed 90% across all
classes, this balanced performance across multiple evaluation indices confirms that the proposed system
avoids bias toward any specific gait and maintains high reliability for real-world activity monitoring.

Discussion

Our sensor demonstrates excellent multi-dimensional sensing capabilities, with the ability to track force
signals across 16 distinct directions and at varying rates, which is critical for applications such as electronic
skin, smart prosthetics, and dynamic motion monitoring. This capability was validated through systematic
testing, where the sensor achieved a remarkable classification accuracy of up to 99.46% in multi-directional
tests and exhibited strong performance in rate-dependent force tracking.
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Table 2. Performance comparison of this work with state-of-the-art flexible pressure sensors

Author Linear range Sensitivity Response time Recovery time Durability
Song et al. (2025)11 0-55 kPa 1.7356 kPa™ 147 ms 59 ms 2,000 cycles

) ) 33.2%/MPa )

[42] -
Beigh & Alcheikh (2025) 0-2500 kPa (~0.0332 kPa) 300 ms 700 ms 5,000 s loading for 5 weeks
Uzabakiriho et al. (2025)“3  0-40% strain  GF =71.5 80 ms 160 ms 3,000 cycles
Kang et al. (2025)#4 0-8N -0.0625 kQ/N 93 ms - 10,000 cycles
Xu et al. (2025)t45) - GF =634.12 - - 15,000 cycles
-1 -

This work 0-35kPa 0.03kPa (0-17kPa) * 554 g 1945 10,000 cycles

0.02 kPa (17-31kPa)

GF: Gauge factor.

The sensor’s pressure-response characteristics are equally impressive, showing a highly linear relationship
between applied pressure and resistance variation in the range of 0-35 kPa. This linearity, coupled with the
sensor’s high mechanical stability, makes it ideal for precise pressure quantification in real-world
applications. Additionally, the sensor’s robustness was confirmed by its consistent performance through over
10000 loading cycles, which highlights its potential for long-term use in dynamic environments. To
benchmark these capabilities, Table 2 compares our device’s key performance metrics with other recently
reported flexible sensors. While specific designs may offer higher sensitivity or faster response times, our
work stands out through a robust combination of a wide linear range, high durability (10,000 cycles), and the
unique capacity to decouple multi-directional forces. This balanced performance profile ensures reliable
operation in complex mechanical environments where multi-axial information is critical.

CONCLUSIONS

In summary, we have developed a biomimetic, kirigami-enabled flexible tactile sensor that effectively
overcomes the dimensionality and decoupling limitations of traditional planar devices by replicating the
hierarchical mechanoreceptor architecture and stress-dispersing functions of human skin. By integrating a
3D LIG network with a SiO,-doped Ecoflex substrate, the unique structural heterogeneity translates spatial
deformations into distinct anisotropic electrical signatures, enabling the intrinsic decoupling of force
magnitude, direction, and dynamic stimuli. The sensor demonstrates outstanding electromechanical
performance, featuring a wide linear range (0-35 kPa), exceptional durability (10,000 cycles), and highly
discriminative encoding capabilities that allowed machine learning algorithms to achieve a 99.46% accuracy
in 16-direction recognition. Furthermore, our EMLP framework successfully achieved precise quantitative
decoupling of normal and shear forces (R* > 0.97), effectively suppressing the non-linear interference and
viscoelastic hysteresis inherent in soft materials. Beyond fundamental characterization, the sensor’s practical
utility was validated through high-fidelity surface roughness discrimination (95.34%) and real-time human
gait monitoring (91.77%). Ultimately, this work establishes a new structural coding paradigm for tactile
perception, paving the way for the next generation of intelligent electronic skins, advanced prosthetics, and
seamless human-machine interaction systems.
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