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Abstract

Continuous monitoring of wrist posture during resistance exercise can provide feedback

on joint alignment and reduce the potential risk of exercise-related injury. However, many

existing wearable approaches rely on multiple sensing elements or indirect estimation of

mailto:yulinwei@njupt.edu.cn
mailto:shengwang@njupt.edu.cn
mailto:songxiaopan@nju.edu.cn
https://www.scierxiv.com/


NOT PEER-REVIEWED

DOI: 10.20517/scierxiv202609.0756.v1 https://www.scierxiv.com/2

joint motion. In this study, we report a morphology-programmable silicon nanowire

(SiNW) bending sensor fabricated directly on a flexible polyimide (PI) substrate via the

in-plane solid-liquid-solid (IPSLS) mechanism. The wavy SiNW geometry combines

mechanical compliance with the piezoresistive response of crystalline silicon, enabling

tensile and compressive bending to produce resistance changes of opposite polarity. The

resulting sensor exhibited high strain sensitivity in both bending directions and

maintained stable responses during repeated deformation. When attached to the dorsal

side of the wrist, the sensor distinguished wrist flexion, neutral position, and wrist

extension. Placement on the radial or ulnar side enabled radial deviation, neutral position,

and ulnar deviation to be resolved. The wirelessly acquired signals were segmented into

1s windows and classified using a lightweight one-dimensional convolutional neural

network, achieving accuracies of approximately 98.0% and 97.8% for the two placement-

specific tasks. By combining direction-sensitive bending responses with position-

dependent wrist sensing, the SiNW bending sensor offers a compact approach for

wearable wrist-posture monitoring during exercise.

Keywords: In-plane solid-liquid-solid, silicon nanowire, bending sensor, wearable wrist

monitoring, convolutional neural network.

INTRODUCTION

Wrist discomfort and injury are common musculoskeletal concerns in resistance

training[1-3]. Under external load, non-neutral wrist postures can redistribute radiocarpal

contact forces and can increase local soft-tissue loading[4,5]. More specifically, axial

loading of an ulnarly deviated and often pronated wrist is a recognized mechanism of

triangular fibrocartilage complex (TFCC) injury[6]. Continuous wrist-posture monitoring

can provide objective feedback on alignment during exercise. In routine gym-based

resistance training, posture is commonly assessed through visual observation and

corrective instruction. Although convenient, visual assessment is affected by viewing

https://www.scierxiv.com/


NOT PEER-REVIEWED

DOI: 10.20517/scierxiv202609.0756.v1 https://www.scierxiv.com/3

angle and temporary occlusion and cannot provide continuous, quantitative tracking[7].

Optical motion-tracking methods can quantify joint kinematics more precisely, but

require dedicated capture setups, reliable visibility and controlled imaging geometry,

limiting their practicality in everyday gym environments[8,9]. Wearable sensors are better

suited to continuous joint posture monitoring during natural exercise. For example,

wearable ultrasound can capture detailed internal motion without camera occlusion, but

requires acoustic coupling and a more complex array and readout system[10]. Inertial

measurement units (IMUs) estimate joint angles from the relative orientations of sensors

mounted on body segments adjacent to the joint. However, measurement accuracy can be

degraded by gyroscope-bias-induced orientation drift and local magnetic-field

disturbances in magnetometer-aided systems[11,12]. Surface electromyography (sEMG)

provides complementary information about muscle excitation and can support model-

based inference of movement intention, but it does not directly measure joint posture and

remains sensitive to electrode placement and limb position[13-15]. These limitations

motivate a skin-conformal approach that directly resolves local wrist deformation and its

directional variation during loaded exercise.

Bending sensors provide a direct and conformal alternative to wrist-posture monitoring

by detecting the tensile and compressive strains associated with local wrist bending. The

magnitude and polarity of deformation depend on both the direction of wrist motion and

the sensor location, allowing distributed sensors to encode wrist postures through

complementary responses[16-18]. Previous bending sensors have employed metallic

nanowires, graphene, conducting or piezoelectric polymers, optical waveguide

materials[19-24]. For example, Yan et al. embedded crossed Ag-nanowire interdigital

microelectrodes within a P(VDF-TrFE) piezoelectric film to construct a multidirectional

bending sensor, which enabled remote control of a smart car[19]. Zhong et al. fabricated a

dual-colored, bilayer optical-waveguide bending sensor, enabling calibration-free and

bidirectional measurement of bending angles across joints with different curvatures[20].
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For multichannel wrist monitoring during loaded exercise, however, the sensors are

required to simultaneously provide sufficient sensitivity and operating range, low

hysteresis, long-term cyclic stability and reproducible responses across sensing

channels[9,25]. Crystalline silicon (c-Si) is attractive for bending sensors due to its large

piezoresistive response which enables high strain sensitivity with low electrical

hysteresis[26,27]. Nevertheless, the stiffness and brittleness of c-Si necessitate ultrathin

membranes and mesh or serpentine layouts for conformal sensing[28,29]. These devices

often use Si layers released from costly silicon-on-insulator (SOI) wafers and transfer-

printed onto compliant substrates, adding patterning and assembly steps[30]. Scalable

manufacturing of high-sensitivity c-Si bending sensors with programmable geometries

therefore remains challenging.

To address this challenge, we propose a wrist-posture monitoring approach using a

bending sensor based on silicon nanowires (SiNWs) grown through a novel in-plane

solid-liquid-solid (IPSLS) mechanism[31-34]. The SiNW bending sensor combines high

piezoresistive sensitivity to small bending-induced strains with a sufficiently broad

response range for wrist motion. When attached to the wrist, the sensor captures distinct

tensile or compressive strain under different postures. Reversal of the bending direction

changes the local sensor state from tension to compression, or vice versa, thereby

producing distinguishable electrical responses for opposing wrist movements [Figure 1A].

When positioned on the dorsal side of the wrist, the sensor primarily captures flexion and

extension, whereas placement on either the radial or ulnar side enables radial and ulnar

deviation to be distinguished. Each mounting configuration therefore converts the

corresponding pair of wrist movements into a single-channel time series. A compact

wireless unit acquires this signal and transmits it to a computer via Bluetooth Low Energy

(BLE) [Figure 1B]. The resulting time series is processed by a one-dimensional

convolutional neural network (1D-CNN) to identify the wrist states associated with each

https://www.scierxiv.com/


NOT PEER-REVIEWED

DOI: 10.20517/scierxiv202609.0756.v1 https://www.scierxiv.com/5

mounting configuration. This study provides a simple wearable approach for monitoring

wrist motion during resistance training.

EXPERIMENTAL

IPSLS growth of silicon nanowires and sensor fabrication

SiNW bending sensors were fabricated by directly growing morphology-programmed

SiNWs on flexible polyimide (PI) substrates through the IPSLS mechanism. After

ultrasonic cleaning, guiding edges with a depth of approximately 180 nm were defined

by photolithography and oxygen-plasma ICP etching, followed by deposition of a 30-nm

In catalyst layer. The samples were treated with H₂ plasma at 180 °C for 5 min, followed

by deposition of a 15-nm a-Si:H precursor layer at 150 °C for 4 min. IPSLS growth was

then activated by annealing at 200 °C for 1.5 h, allowing the In droplets to migrate along

the guiding edges and form wavy SiNWs. Residual a-Si:H was removed by CF₄ reactive-

ion etching. Finally, the SiNW surface oxide was removed using 4.0% HF solution, and

Pt/Au (5/55 nm) electrodes were deposited to complete the devices.

Characterization and simulation

The morphology of the SiNW bending sensors was characterized by scanning electron

microscopy (SEM). Electrical measurements were performed on a probe station using a

high-precision source meter (Keithley 2635B, Tektronix, USA). The devices were

mounted on a mechanical bending stage and subjected to controlled tensile and

compressive bending under ambient conditions. The nominal surface strain was

calculated as ε = t/(2r), where t is the thickness of the PI substrate and r is the bending

radius. The relative resistance change was calculated as ΔR/R0. For quantitative

sensitivity analysis, the effective gauge factor (GF) was determined from the slope of a

linear fit to the initial approximately linear region of the ΔR/R0–strain curve. Finite

element analysis (FEA) was performed using the Solid Mechanics module in COMSOL

Multiphysics (COMSOLAB, Sweden). The wavy SiNW geometry was constructed using
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composite curves and sweep operations, and the material properties of crystalline silicon

were taken from the COMSOLmaterial library, with a Young’s modulus of 170 GPa and

a Poisson’s ratio of 0.28. Bending deformation was applied using a rigid connector with

a prescribed displacement, and the resulting von Mises stress distribution was extracted

to evaluate stress evolution within the SiNW during bending.

Signal acquisition and 1D-CNN classifier

Sensor signals were acquired using a custom-designed wireless circuit. A regulated bias

voltage was applied to the SiNW sensor, and the resulting current was converted into a

voltage signal by a transimpedance amplifier (TIA) with a 2 MΩ feedback resistor. The

amplified signal was digitized using a 16-bit analog-to-digital converter (ADC) and

transferred via an I2C interface to an STM32WB5MMG microcontroller

(STMicroelectronics, Switzerland), which transmitted the data to a host computer through

Bluetooth Low Energy (BLE). The signals were segmented into 1s windows for

classification. Only non-overlapping windows were used for model development to avoid

data leakage, and the dataset was divided into training, validation, and test sets. The

signals were z-standardized using parameters calculated exclusively from the training set,

without introducing hand-engineered features. Classification was performed using a

lightweight one-dimensional convolutional neural network (1D-CNN) comprising two

convolutional layers, global average pooling, and a fully connected classification layer.

Weighted cross-entropy loss was used to account for class imbalance, and the network

was optimized usingAdamW. Early stopping based on validation loss was applied during

training, and the model with the lowest validation loss was retained for final evaluation.

RESULTSAND DISCUSSION

The structure and sensingmechanism of the SiNWbending sensor are illustrated in Figure

1C-E. The bending sensor consists of wavy SiNWs spanning two metal electrodes on a

PI substrate [Figure 1C]. This morphology allows the conduction path to accommodate
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substrate curvature while preserving the large piezoresistive response associated with

silicon[35,36]. FEA simulation was used to examine the spatial distribution of stress in the

wavy SiNW channel [Figure 1D]. Bending the substrate inward produced a compressive

strain across the SiNW channels, whereas bending it outward generated tensile strain. The

stress distribution remained concentrated within the nanowire channels, converting the

substrate curvature to the local deformation of the SiNWs. These opposite mechanical

states are subsequently converted into electrical outputs through piezoresistive

transduction [Figure 1E]. As illustrated schematically in Figure 1E, tensile strain

increases the resistance, whereas compressive strain reduces the resistance. The polarity

of the relative resistance change ΔR/R0 therefore provides direct information on bending

direction, while its magnitude reflects the degree of local deformation. The combination

of programmable geometry, mechanical compliance, and polarity-dependent

piezoresistive response thus establishes the fundamental sensing principle.

Figure 1. Concept and working principle of the SiNW bending sensor for wrist-posture

monitoring. (A) Schematic illustration of the SiNW bending sensor attached to

representative wrist locations for monitoring postures; (B)Wireless signal acquisition and
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classification workflow for wrist-posture recognition; (C) Schematic structure of the

SiNW bending sensor; (D) Stress distributions in the SiNW bending sensor obtained from

finite-element analysis simulation; (E) Schematic illustration of the piezoresistive

response under tensile and compressive bending.

To fabricate the morphology-programmable SiNW bending sensor, we adopted a direct,

in situ route to grow SiNWs on a flexible PI substrate under low-temperature conditions

through the IPSLS mechanism. Figure 2 summarizes the fabrication process, structural

morphology, dimensional consistency, and representative on-wrist placement of the

sensor. As shown in Figure 2A, in-plane guiding edges and the In catalyst region are first

defined on the PI substrate. Hydrogen-plasma treatment converts the In film into droplets,

after which an a-Si:H precursor layer is deposited. During subsequent thermal activation

at approximately 200 °C, the In droplets absorb silicon species from the surrounding

precursor and migrate laterally along the predefined guiding edges, continuously

extruding SiNWs along their trajectories. After removal of the residual materials, Pt/Au

electrodes are deposited to establish electrical contact with the SiNW channels. SEM

characterization confirms the formation of continuous wavy SiNW structures [Figure 2B].

The enlarged image in Figure 2C further resolves the wavy nanowire path without

obvious discontinuities. Additional optical and SEM images are provided in

Supplementary Figure 1, further showing multiple fabricated sensor units and the large-

area distribution of wavy SiNW arrays across the patterned regions. The diameter

distribution in Figure 2D is concentrated mainly between approximately 120 and 150 nm,

with Gaussian fitting giving a characteristic diameter of 136 ± 5 nm. Figure 2E shows

representative placements of the fabricated sensor to the dorsal, ulnar, and radial sides of

the wrist, illustrating the conformal integration of the flexible device with the curved wrist

surface.
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Figure 2. Fabrication, morphology, and representative on-wrist placement of the SiNW

bending sensor. (A) Fabrication process of the morphology-programmable SiNW

bending sensor through the IPSLS mechanism; (B) Representative SEM image of the

wavy SiNW channels on the PI substrate; (C) Enlarged SEM image of the boxed region

in (B), highlighting the continuous wavy SiNW morphology; (D) SiNW diameter

distribution with Gaussian fitting; (E) Photographs of the sensor attached to the dorsal,

ulnar, and radial sides of the wrist.

The response of the SiNW bending sensor under compression was first characterized, as

shown in Figure 3A-D.When the PI substrate was bent toward the SiNW side, the sensing

channel was subjected to compressive deformation [Figure 3A]. The I-V curves remained

approximately linear from -0.10 to 0.10 V at all applied strains, while their slopes

gradually increased with increasing compression [Figure 3B]. This indicates a

progressive decrease in the resistance of the SiNW channel without an obvious change in

the overall conduction behavior. The same trend is observed in the dynamic

measurements. At a fixed bias of 0.1 V, the current increased stepwise as the compressive

strain was increased, and each strain level produced a clearly distinguishable current state

[Figure 3C]. Figure 3D summarizes the corresponding relative resistance change ΔR/R0

in the initial approximately linear portion. This low-strain regime is relevant to the wrist-

posture application considered in this work. Within this region, ΔR/R0 decreases nearly
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linearly with increasing compression, giving an effective GF magnitude of approximately

32.

An opposite electrical response was observed when the bending direction was reversed

and the SiNW channel was subjected to tensile deformation [Figure 3E-H]. The I-V

characteristics remained approximately linear throughout the tested strain range, but the

slopes decreased progressively with increasing tensile strain [Figure 3F], corresponding

to an increase in channel resistance. This trend is also evident in the time-dependent

current measurements at a bias of 0.1 V. As the tensile strain increased, the current

decreased stepwise and formed distinct plateaus for different deformation levels [Figure

3G]. Figure 3H presents the initial approximately linear region of the ΔR/R0-strain curve

for sensitivity evaluation. In this low-strain range, ΔR/R0 increases nearly linearly with

tensile strain, giving an effective GF of approximately 170. Comparison of Figure 3D and

H therefore shows that compression and tension generate resistance changes of opposite

polarity, while the tensile state exhibits a larger effective sensitivity within the low-strain

regime. This polarity-dependent response enables the two bending directions to be

distinguished using a single electrical channel.

Figure 3. Electrical characterization of the SiNW bending sensor under compression and

tension. (A) Photographs of the SiNW bending sensor subjected to compressive strain;

(B) I-V characteristics of the SiNW bending sensor measured under compressive strain;
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(C) Time-dependent current responses recorded at an input bias of Vin = 0.1 V; (D)

Relative resistance change ΔR/R0 versus compressive strain in the initial approximately

linear region, with error bars and the corresponding effective GF; (E) Photographs of the

SiNW bending sensor subjected to tensile strain; (F) I-V characteristics of the SiNW

bending sensor measured under tensile strain; (G) Time-dependent current responses

recorded at an input bias of Vin = 0.1 V; (H) Relative resistance change ΔR/R0 versus

tensile strain in the initial approximately linear region, with error bars and the

corresponding effective GF.

The difference in effective sensitivity between tension and compression likely arises from

the combined effects of strain transfer through the wavy SiNW geometry and the

piezoresistive response of c-Si. Mechanical stress alters the band structure and carrier

transport in c-Si, thereby changing its resistivity[37-39]. In this work, the GF is evaluated

using the nominal bending strain of the PI substrate and therefore represents the effective

sensitivity of the complete device rather than the intrinsic piezoresistive coefficient of the

SiNWs. Because the SiNWs follow a wavy path, the applied substrate strain is not

transferred directly into uniform axial strain along the nanowire. Instead, part of the

deformation can be accommodated through changes in local curvature[40,41]. Under

tension, the curved segments tend to straighten, allowing a larger fraction of the substrate

deformation to be transferred into axial stretching of the nanowire. Under compression,

deformation can be accommodated to a greater extent by increased curvature. The

asymmetry between tension and compression may arise from the distinct geometric

responses of wavy silicon structures under compression and tension[42]. This geometry-

dependent deformation may also contribute to the higher effective sensitivity observed

under tension in the initial linear regime[16,43]. At larger deformation, continued geometric

reconfiguration can introduce a nonlinear relationship between substrate strain and

nanowire strain. Because such larger bending is not the operating condition for the wrist-

posture measurements, these nonlinear regions are not used for additional GF
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quantification. The opposite low-strain resistance responses under tension and

compression therefore provide the sensing basis for distinguishing wrist movements.

Before wrist-posture monitoring, the stability of the SiNW bending sensor was evaluated

under cyclic deformation. Figure 4A shows the current response under repeated 0.8%

compressive strain. The current increases during compression and returns toward its

initial level after release, while the response amplitude remains similar over cycles. The

tensile response was further examined under 0.8% strain for 50 loading cycles [Figure

4B] without obvious progressive degradation or baseline drift. During each cycle, the

relative resistance change reaches a comparable peak and then recovers after unloading.

The enlarged traces in the inset show similar waveform shapes and peak values

throughout the test. These results indicate that the SiNW channel maintains stable

electrical transduction during repeated compression and tension. Such repeatability is

important for wrist monitoring because the sensor experiences continuous bending and

recovery during natural motion rather than isolated static deformation. The cyclic

measurements therefore confirm that the programmed SiNW channel can preserve both

its response direction and signal amplitude under repetitive loading, providing a reliable

basis for subsequent acquisition of posture-dependent wrist signals.

We then evaluated the capability of the SiNW bending sensor to monitor wrist motion.

When the sensor was attached to the dorsal side of the wrist, repeated wrist extension

produced reproducible current changes from the neutral position [Figure 4C], whereas

wrist flexion generated a response in the opposite direction [Figure 4D]. This behavior

agrees with the controlled bending measurements in Figure 3, where tensile and

compressive deformation produce resistance changes with opposite polarities. During

wrist motion, extension and flexion create different local curvature states at the dorsal

attachment site and therefore drive the SiNW channel toward opposite deformation

conditions[25,44]. The two movements can consequently be distinguished from both the
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direction and magnitude of the electrical response. Differences in peak amplitude and

waveform shape are observed among individual cycles, mainly because the bending angle

and movement speed vary between natural motions. Nevertheless, the response direction

remains clear throughout the repeated measurements. The same placement-dependent

principle applies to the ulnar side of the wrist, where radial and ulnar deviation produce

opposite local bending states.

For wrist posture recognition, the continuously recorded signals were processed using the

workflow shown in Figure 4E. The ADC signal was divided into fixed 1s windows, and

the resulting time-series segments were fed into a 1D-CNN. For the sensor placed on the

dorsal side of the wrist, the model classified wrist flexion, neutral position, and wrist

extension with an overall accuracy of approximately 98.0%, as shown by the confusion

matrix in Figure 4F. For the sensor placed on the radial or ulnar side of the wrist, a

separate model was used to distinguish radial deviation, neutral position, and ulnar

deviation, achieving an accuracy of approximately 97.8% [Figure 4G]. Only a small

number of samples were assigned to incorrect classes in either task. The corresponding

training and validation loss curves are provided in Figure S2. The two losses decrease

during training and remain close as the models converge, without a clear divergence

between the training and validation sets, indicating no evident overfitting. These results

show that the posture-dependent signals obtained from both wrist locations contain

sufficient temporal information for reliable recognition.

The classification performance of the 1D-CNN was further compared with four

conventional models: random forest (RF), logistic regression (LR), support vector

machine with a radial basis function kernel (RBF-SVM), and polynomial regression (PR)

[Figure 4H]. The comparison was performed for the posture-recognition tasks based on

signals collected from the dorsal and radial/ulnar sides of the wrist. The 1D-CNN

achieved the highest overall classification accuracy of approximately 97.5%, followed
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closely by RF at 96.5%. LR and RBF-SVM both reached approximately 95.8%, while PR

showed a lower classification accuracy. The relatively small performance gap among the

better-performing models also suggests that the electrical signals associated with different

wrist postures are intrinsically well separated, rather than becoming distinguishable only

after complex model processing. Nevertheless, the 1D-CNN provided the best overall

result while operating directly on the segmented time-series signals. Its convolutional

layers capture short-term variations in signal magnitude and waveform evolution within

each window, which are useful for distinguishing dynamic wrist movements[18,45].

Figure 4. Comprehensive characterization of the bending sensor toward wrist posture

monitoring. (A) Time-dependent current response under repeated 0.8% compressive

strain; (B) Relative resistance change ΔR/R0 during 50 tensile loading cycles at 0.8%

strain, the inset shows an enlarged view of representative loading cycles; (C, D) Time-

dependent current responses during repeated transitions between the neutral wrist position

and (C) wrist extension and (D) wrist flexion; (E) Signal-processing workflow in which

the continuous ADC voltage is segmented into fixed 1s windows and fed into a 1D-CNN;

(F) Confusion matrix for classification of wrist flexion, neutral position, and wrist

extension; (G) Confusion matrix for classification of radial deviation, neutral position,

and ulnar deviation; (H) Comparison of classification accuracy among the 1D-CNN,

random forest, logistic regression, RBF-SVM, and polynomial regression models.
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CONCLUSION

In this work, we developed a morphology-programmable SiNW bending sensor for

wearable wrist-posture monitoring. The SiNWs were grown directly on a flexible PI

substrate through the IPSLS process, allowing wavy sensing channels to be defined

without transfer printing. The resulting device showed clear and opposite resistance

responses under tensile and compressive bending. For sensitivity evaluation, only the

initial approximately linear strain regions were considered, giving effective GF

magnitudes of approximately 32 under compression and 170 under tension. Repeated

bending tests further showed stable and reversible electrical responses. The bidirectional

response allowed wrist movements to be distinguished according to sensor attachment

position. A sensor placed on the dorsal side of the wrist resolved flexion, neutral position,

and extension, whereas placement on the radial or ulnar side resolved radial deviation,

neutral position, and ulnar deviation. After wireless acquisition and 1s signal

segmentation, a lightweight 1D-CNN achieved classification accuracies of approximately

98.0% and 97.8% for the two three-class tasks. The close training and validation loss

curves further showed no evident overfitting during model training. The present system

uses one sensing location to monitor one main wrist-motion plane, and further work is

needed to combine multiple sensing locations and evaluate performance across different

users and exercise conditions. Nevertheless, the combination of programmable SiNW

growth, direction-dependent bending response, and simple single-channel signal

processing provides a practical route toward compact wearable systems for wrist-posture

monitoring.
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