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Abstract
Wearable  handwriting  interfaces  represent  one  of  the  most  challenging  frontiers  in
human–machine interaction as the precise decoding of subtle neuromuscular coordination
is  required.  In  this  study,  a  machine-learning-assisted  flexible  force  myography  (FMG)
array  is  presented  for  gesture  and  handwriting  recognition.  The  system  is  constructed
based on a 3 × 3 microstructured polydimethylsiloxane/multiwalled carbon nanotube array
with a mass of 0.15 g and a thickness of 0.43 mm. The system is characterized by its high
sensitivity  (~1.364  kPa-1),  low  hysteresis  [4.75%  full  scale  (F.S.)],  rapid  response  and
recovery times (12 and 16 ms, respectively), and robust mechanical stability under bending,
overload,  and  water-immersion  conditions.  Compared  with  conventional  surface
electromyography  or  electret-based  FMG  systems,  quantitative  mapping  of  the
spatiotemporal  deformation  of  wrist  tendons  is  achieved,  enabling  the  handwriting
sequence, stroke count, and continuity to be decoded with an accuracy of 99.54% ± 0.16%.
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Mechanistic analysis indicates that pressure modulation patterns are governed by the coordinated activation of the
coordinated activation of the flexor carpi radialis, flexor digitorum superficialis, and flexor digitorum profundus, and
the  flexor  carpi  ulnaris–flexor  digitorum  profundus  groups,  thereby  providing  a  physiological  basis  for
character-specific responses. This work extends FMG sensing from gesture-level motion capture to fine-grained
handwriting  interpretation,  and  a  compact,  noninvasive,  and  scalable  platform  is  established  for  wearable
handwriting  recognition  and  human–machine  interaction.

INTRODUCTION
Human handwriting is considered one of the most intricate forms of human–machine interaction, in which

fine neuromuscular coordination and continuous force modulation are involved
[1-4]

. The accurate perception

and decoding of these subtle motions through noninvasive wearable systems are essential for next-generation

intelligent interfaces, digital healthcare, and neurorehabilitation
[5-9]

. Unlike coarse gestures, handwriting

consists of overlapping micromovements that encode individual motor patterns and cognitive intent, making

the continuous and comfortable capture of muscle deformation challenging
[10-14]

.

Over the past decade, noninvasive handwriting recognition has been explored using vision-based systems,

surface electromyography (sEMG), and force myography (FMG)
[15-19]

. Vision-based approaches leveraging

deep learning models have achieved recognition accuracies exceeding 99% on benchmark datasets such as

the handwriting database developed by the Institute for Artificial Intelligence and Pattern Recognition at the

University of Bern, owing to rich spatial and structural information
[20-25]

. Moreover, such systems often rely

on relatively simple hardware, making them suitable for high-precision offline recognition. However, their

performance strongly depends on imaging conditions and can be affected by occlusion, illumination

variation, and camera alignment. In addition, visual methods do not directly capture underlying muscle

activity, which limits their ability to distinguish writing patterns generated by similar trajectories but

different biomechanical dynamics
[26-29]

.

sEMG is a widely used alternative method for capturing bioelectric signals associated with muscle

activation
[30-35]

. Recent advances using high-density electrode arrays (> 64 channels) have demonstrated that

fine motor patterns can be resolved by sEMG, enabling detailed decoding of complex movements.

Nevertheless, sEMG systems require precise electrode placement and stable skin–electrode interfaces, and

they are sensitive to sweat, motion artifacts, and intersubject variability, thereby limiting their robustness in

long-term wearable applications
[36-39]

.

In parallel, soft and flexible pressure sensors have been rapidly developed, with reported sensitivities

exceeding 1 kPa
-1

, detection limits of a few pascals, response times within tens of milliseconds, and

significantly reduced hysteresis
[40-43]

. These advances are primarily attributed to structural engineering

strategies, including porous and hierarchical microarchitectures, as well as percolating nanocomposite

conductive networks that amplify contact and tunneling effects under deformation
[44-47]

. In addition,

standalone flexible and stretchable device platforms have been developed to ensure conformal contact and

mechanical robustness under repeated bending and stretching, which is essential for wearable sensing

applications
[48-50]

.

Despite these substantial advances at the material and device levels, a fundamental challenge remains in

translating high-performance sensing into reliable system-level signal acquisition under dynamic and

unconstrained conditions. In particular, maintaining a balance between sensitivity, linear detection range,

and long-term stability is difficult when sensors are subjected to complex, multi-axis deformation and

interfacial variations during real-world use. These limitations become more pronounced in handwriting
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Figure 1. Concept and mechanism of the flexible FMG handwriting recognition system. (A) Schematic of the mechanism response of the
medial wrist flexor group and a 3 × 3 flexible array during the writing process; (B) Exploded view and key performance indicators of the
flexible pressure sensor array based on MWCNTs/mPDMS; (C) Signal acquisition and neural network decoding process, converting
multichannel time waveforms into gesture and handwriting classifications. FMG: Flexible force myography; MWCNTs: multiwalled carbon
nanotubes; mPDMS: microstructured polydimethylsiloxane; PI: polyimide; DL: detection limit.

recognition, where subtle, continuous, and overlapping muscle deformations must be accurately captured.

In this context, FMG, which measures pressure variations induced by muscle deformation, is considered to

offer a mechanically mediated sensing modality that is inherently robust to electrical impedance fluctuations

and exhibits low sensitivity to environmental perturbations. Although FMG provides lower spatial resolution

than vision-based systems and high-density sEMG, i t a l lows for stable, low-complexity, and

wearable-compatible sensing. Therefore, FMG is regarded as a practical pathway that bridges

high-performance flexible sensing and real-world human–machine interaction, particularly for continuous

handwriting-recognition tasks that require both robustness and user comfort.

In this study, we report a machine-learning-assisted flexible FMG array that overcomes these limitations

through a multiwalled carbon nanotube/microstructured polydimethylsiloxane (MWCNT/mPDMS)

composite integrated with a lightweight neural decoding model [Figure 1]. As illustrated in Figure 1, distinct

handwriting motions generate distinguishable pressure distribution patterns in the forearm tissues, which are

captured by the FMG sensor array. The pressure patterns underlying the differential sensing behavior are

further analyzed in Supplementary Note 1, where representative forearm anatomical structures are provided

to explain the observed handwriting-related pressure variations. The nine-channel array (0.15 g, 0.43 mm

thick) is conformally attached to the wrist surface and demonstrates a sensitivity of approximately 1.364 kPa
-1

within 0-100 kPa, a detection limit of 9.74 Pa, and response and recovery times of 12 and 16 ms, respectively.

It shows linearity and repeatability (<​ 2.6% and 1.3%, respectively), low hysteresis [4.75% full scale (F.S.)], and

a stable performance under a 1.3 MPa overload and 3,000 loading cycles.

https://file.oaecenter.com/published/pdf/bc464c2cf6560836d9b9fd6a575eafcb/1778320539/ss50143-SupplementaryMaterials.pdf
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By  decoding  spat iotemporal  pressure  maps  through  a  neural  network  trained  on  hybrid

amplitude–frequency features, accuracies of 99.54% ± 0.16% for handwriting recognition and 97% for

complex gesture recognition are achieved without recalibration. Beyond sensitivity and precision, the array

shows robustness against bending, water exposure, and repeated attachment. Systematic benchmarking

against representative sEMG and FMG systems demonstrates the improved accuracy, mechanical reliability,

and cross-user generalization of this system. The platform can recognize continuous and style-variable

handwriting without explicit segmentation or user-dependent calibration, thereby addressing a

long-standing limitation of noninvasive interfaces.

In summary, this work presents a high-performance, lightweight, and robust FMG-based flexible sensing

array that bridges gesture-level sensing and handwriting decoding. Through microstructured material design

and machine-learning-driven analysis, the proposed system enables reliable wearable handwriting

recognition and provides a scalable framework for intelligent human–machine interfaces and digital

authentication.

RESULTS AND DISCUSSION
Fabrication and characterization of flexible sensor arrays for wireless data transmission

The fabrication process of the flexible sensor array is illustrated in Figure 2A. Each sensing unit consists of an

mPDMS substrate integrated with an MWCNT conductive layer and flexible electrodes. The mPDMS

substrate was fabricated via a replica-molding strategy. A structured mold was first prepared using selective

laser sintering (SLS), where nylon powder was selectively fused layer-by-layer under laser irradiation. The

polydimethylsiloxane (PDMS) prepolymer and curing agent (Sylgard 184, Dow Corning) were mixed at a

mass ratio of 10:1, stirred for 10 min, and then degassed under a vacuum for 30 min. The mixture was cast

into the SLS-fabricated mold and cured at 80 °C for 2 h. After cooling, the elastomer was peeled off, thereby

replicating the microstructured surface. To promote interfacial adhesion, the mPDMS surface was treated

with oxygen plasma for 30-60 s to enhance surface wettability and facilitate subsequent deposition.

MWCNTs were dispersed in ethanol at a concentration of 1 mg/mL, followed by ultrasonication to obtain a

homogeneous suspension. A conductive MWCNT network was then deposited onto the mPDMS surface via

physical vapor deposition (PVD). The deposition was performed in a vacuum chamber with a base pressure

of approximately 5 × 10
-3

 Pa and a working pressure of approximately 0.5 Pa, while the substrate was

maintained at 25 ± 3 °C. The deposition duration was controlled within 5-10 min. Flexible electrodes were

fabricated by first depositing copper nanoparticles onto a rigid substrate via drop-casting, after which laser

patterning was used to define the electrode geometry. Polyimide (PI) was then cast and thermally cured to

form a flexible substrate. After release, the patterned copper layer was embedded onto the PI surface,

forming a flexible conductive electrode. Finally, the MWCNT-coated mPDMS layer and the flexible

electrode layer were assembled in a face-to-face configuration and encapsulated using a PDMS film, resulting

in the fully integrated flexible-pressure-sensor array.

The entire device consisted of a 3 × 3 nine-channel flexible pressure sensor array with a sensing area of

approximately 14 × 14 mm. The actual object and size are presented in Supplementary Figures 1 and 2.

Notably, the flexible sensor array exhibited an ultralight design, with a mass of 0.15 g and a thickness of

0.43 mm. Supplementary Figure 3A presents scanning electron microscopy (SEM) images of the PDMS

surface without SLS treatment at different magnifications. The PDMS surface is shown to be relatively

smooth and without a distinct surface structure. Figure 2B shows an SEM image of the mPDMS, wherein the

surface observed after SLS treatment exhibited a pronounced microstructured morphology. SEM images of

the MWCNT/mPDMS system at different magnifications are presented in Figure 2C and Supplementary

Figure 3B. The microstructure remains clearly observable even at a magnification of 10,000×. Figure 2D and
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Figure 2. Preparation process and characterization of the flexible pressure sensor array. (A) Preparation process of the flexible sensor
array. SEM images of (B) mPDMS and (C) MWCNTs/PDMS; (D) 3D topography scanning image of the MWCNT/mPDMS surface; (E-G)
Elemental distribution of MWCNT/mPDMS. SEM: Scanning electron microscopy; mPDMS: microstructured polydimethylsiloxane;
MWCNTs: multiwalled carbon nanotubes; SLS: selective laser sintering; PI: polyimide.

Supplementary Figure 4 show three-dimensional topography images of the PDMS and MWCNTs/mPDMS

surfaces, and the surface line-scan roughness information is provided in Supplementary Figure 5. The PDMS

surface exhibited a small height fluctuation with a roughness of only 0.765 μm, suggesting a relatively smooth

surface with minimal topographical variation. By contrast, the MWCNT/mPDMS surface exhibited

significant height variation, with a maximum height difference of approximately 65 μm and a surface

roughness of 14.32 μm. These characterization results confirm the successful fabrication of a PDMS film with

a surface microstructure via SLS. SEM and three-dimensional surface profilometry analyses were employed

to elucidate the structural characteristics introduced by SLS. The precise replication of the designed

microstructures on the PDMS surface was confirmed, and their effect on the sensing performance was

investigated. The mPDMS layer exhibited a significantly higher surface roughness (Ra ≈ 14.32 μm) compared

with the pristine PDMS film (Ra ≈ 0.76 μm), indicating an enlarged effective contact area and enhanced

interfacial friction at the electrode–polymer interface under compression. This roughened morphology

facilitates the formation of multiple tunneling pathways among the embedded MWCNTs, thereby improving

the pressure-dependent conductance response. By contrast, the smooth PDMS surface reduced the dynamic

                                                                                          

https://file.oaecenter.com/published/pdf/bc464c2cf6560836d9b9fd6a575eafcb/1778320539/ss50143-SupplementaryMaterials.pdf
https://file.oaecenter.com/published/pdf/bc464c2cf6560836d9b9fd6a575eafcb/1778320539/ss50143-SupplementaryMaterials.pdf


Page 6 of 18 Liu et al. Soft Sci. 2026, 6, 34

modulation of the conductive network, which lowered the piezoresistive sensitivity.

Supplementary Figure 6A and B presents the Raman and Fourier transform infrared (FTIR) spectra of the

MWCNT/mPDMS system, respectively, which confirm that MWCNTs were successfully deposited on the

surface of mPDMS. The elemental distribution of mPDMS is presented in Supplementary Figure 7A-C,

wherein Si is shown to be dominant and C and O are present in relatively low proportions. These results are

consistent with those of the energy spectrum characterization [Supplementary Figure 7D]. The elemental

distribution of MWCNT/mPDMS is presented in Figure 2E-G, and the corresponding spectral results are

shown in Supplementary Figure 8. Here, the C and O contents are significantly greater than those of

mPDMS, and the peak intensity of C is slightly increased, indicating the successful deposition of MWCNTs

onto the mPDMS surface.

Performance characterization of the flexible sensing unit

A wireless microcontroller-based acquisition module was developed to enable real-time transmission of the

sensing signals [Supplementary Figures 9 and 10]. The performance of the flexible array was first

characterized at the unit level. Calibration results from five fabrication batches exhibited exceptional

uniformity, yielding a mean sensitivity of 1.364 kPa
-1
 and excellent linearity within 0-100 kPa [Figure 3A and

B]. This near-linear response is attributed to the progressive contact evolution of the microstructured surface

and the continuous modulation of the MWCNT conductive network. The working principle of the sensor is

illustrated in Figure 3C, where the surface microstructure enables gradual contact modulation under zero-,

low-, and high-pressure conditions, resulting in increased conductive pathways and corresponding electrical

signal variations. The relative sensitivity deviation across batches was as low as 2.17%, while the calibrated

linearity and repeatability errors remained below 2.6% and 1.3%, respectively [Supplementary Figure 11].

These results confirm the high reproducibility of the preparation process and provide a solid basis for

manufacturable large-scale integration. Compared with representative thin-film pressure sensors reported in

recent years [Supplementary Table 1], both wide-range detection and high sensitivity were achieved,

overcoming the traditional tradeoff between compliance and measurement precision.

The high sensitivity is attributed to the hierarchical microstructured surface of the MWCNT/mPDMS

composite. At low pressures, limited contact between the electrode and concave microstructures results in

low baseline conduction; as pressure increases, the progressive contact growth reduces the tunneling

resistance, resulting in an exponential-to-linear transition. Once the microstructures are fully compressed,

further loading leads to a saturated response, forming a quasilinear region for calibration. This mechanism

accounts for the excellent sensing precision and stability. The I–V curves display highly linear behavior

[Figure 3D] and minimal frequency dependence [Figure 3E], while the cyclic loading tests show reproducible

amplitudes with a hysteresis error of only 4.75% F.S. [Figure 3F and G]. The combination of low hysteresis

and a high signal-to-noise ratio ensures accurate dynamic transduction for continuous handwriting

recognition.

In addition to high sensitivity, the device exhibited a fast dynamic response, environmental resilience, and

mechanical durability, all of which are essential yet rarely co-realized in soft-matter sensors. The unit

detected pressures as small as 9.74 Pa and exhibited rapid response and recovery times of 12 and 16 ms,

respectively [Figure 3H and I]. The sensor response was systematically evaluated under representative

temperature conditions (20-45 °C) and bending angles (0°-50°) [Supplementary Figure 12]. The results show

minimal signal fluctuation during real-time environmental changes and mechanical deformation, indicating

good environmental and structural robustness. After 7 d of water immersion, the signal deviation was

maintained below 1.02%, demonstrating the effectiveness of PDMS encapsulation in waterproofing and

sweat resistance [Figure 3J and Supplementary Figure 13]. Under 45° cyclic bending at 2 Hz, the response
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Figure 3. Performance characterization of the flexible sensing unit. (A) Calibration curves of different batches of sensors; (B) Sensitivity
characterization. The error bars represent the SD of five batches of sensors; (C) Sensor operation principle; (D) I–V characteristic curves
of the sensors; (E) Response curves for different frequencies at 20 kPa; (F) Response curves for four loading cycles at different pressures;
(G) Full-scale hysteresis error. The error bars indicate the SDs obtained from repeated tests (n = 5); (H) Minimum resolving power; (I)
Response and recovery time; (J) Waterproofing characteristics; (K) Bending resistance characteristics; (L) Overload stability; (M)
Durability. SD: Standard deviation; PDMS: polydimethylsiloxane.
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deviation remained within 3.94% [Figure 3K and Supplementary Figure 14], and after applying an overload

of 1.3 MPa, the sensitivity was reduced by only 9.84% without significant deterioration in linearity or

repeatability [Figure 3L, Supplementary Figures 15 and 16]. Long-term cyclic tests further demonstrated the

mechanical endurance of this system, which exhibited a consistent response amplitude and a total deviation

of approximately 6.3% after 3,000 loading cycles at 30 kPa [Figure 3M and Supplementary Figure 17].

Importantly, no drift in the baseline or sensitivity was observed, underscoring the excellent fatigue resistance

of the MWCNT/mPDMS interface. The plasma-induced surface activation was found to improve the

adhesion of the MWCNT network to PDMS, thereby contributing to its stable electrical response under

repeated mechanical deformation cycles. Compared with previously reported devices, which often prioritized

single metrics (e.g., sensitivity–range tradeoff or short-term response), multifactorial optimization was

achieved, including ultrahigh sensitivity, broad detection range, rapid response dynamics, waterproof

reliability, and long-term mechanical stability in a unified architecture. Moreover, the coupling between the

hierarchical microstructure, conductive percolation, and elastomeric compliance enhanced signal fidelity and

ensured stable performance under diverse operating conditions. This synergistic design principle allows for

the precise spatiotemporal mapping of subtle muscle deformations, providing a robust foundation for

array-level FMG sensing and high-accuracy handwriting decoding.

Flexible-sensing-array performance characterization

The sensitivity of the nine channels of the sensor array is presented in Supplementary Figure 18A and B, and

an average value of 1.385 kPa
-1
 was obtained. The sensitivity of the nine channels relative to the average value

[Supplementary Figure 18C] showed a maximum deviation of approximately 5.97%, indicating that the

different channels demonstrate high consistency. The response curves of each channel of the flexible sensing

array to a single-point external force are presented in Figure 4A. Clear responses to varying applied forces are

shown, which enabled the differentiation of the location and magnitude of the applied force [Figure 4B-D].

The crosstalk of the flexible sensing array was calculated [Figure 4E-G], and the maximum crosstalk of the

remaining channels was 4.34%, 4.58%, and 2.75% when only channels 1, 5, and 8 were subjected to an

external force [Supplementary Note 2]. The crosstalk of each channel remained within a reasonable range

under single-point loading, ensuring the measurement accuracy of the flexible sensing array. The flexible

sensing array also demonstrated an effective mapping capability for multipoint forces, as illustrated by the

response schematics and curves for objects of different shapes [Supplementary Figure 19A-D]. The

calculated response heatmaps of the array are shown in Supplementary Figure 19E-G, wherein the flexible

sensing array exhibited a reliable mapping performance for multipoint force distributions.

Hand-motion detection with flexible sensing arrays

To evaluate the performance of the wearable flexible sensing array, 10 healthy volunteers (five males and five

females aged 22 ± 2 years, with no history of neuromuscular disorders) were recruited to participate in

gesture- and handwriting-recognition tests [Supplementary Note 3 and Supplementary Figure 20]. The 3 × 3

sensing array was conformally attached to the dorsal forearm using a polyurethane film to prevent

displacement [Supplementary Figure 21A]. Each sensing channel was connected in series with a 5 kΩ resistor

and sampled at 50 Hz via a wireless microcontroller module [Supplementary Figures 9 and 10]. The

deformation of local muscles during finger or wrist motion altered the pressure at the skin–sensor interface,

resulting in measurable voltage changes across the array. Furthermore, by combining experimental

measurements of the proposed system with reported data from representative wearable interfaces, the

system-level performance (including the latency and user calibration time) was evaluated, thereby enabling a

comprehensive assessment of real-time applicability [Supplementary Figure 21B and C]. The recorded

time-domain signals exhibited periodic fluctuations consistent with the voluntary motion frequency

(< 3 Hz), as confirmed by the fast Fourier transform and short-time Fourier transform analyses [Figure 5A

and B, Supplementary Figure 22]. After applying low- and high-pass filters at 3 Hz, the low-frequency
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Figure 4. Characterization of the flexible sensing array. (A) Response curve for a single-point applied force; (B-D) Heat maps of the
response to an applied force for channels 1, 5, and 8; (E-G) Heat maps of the crosstalk error for each channel when an external force was
applied to channels 1, 5, and 8.

components reflected voluntary control, while the high-frequency residuals corresponded to intrinsic

mechanomyographic signatures. The filtered signals retained distinct amplitude and phase patterns for

different gestures [Figure 5A
2
 and A

3
], demonstrating the ability of the array to resolve muscle deformation

dynamics at multiple temporal scales.

Each of the nine channels selectively responds to specific gestures, forming characteristic spatiotemporal

response maps [Figure 5C and D]. Although certain channels exhibited partially similar patterns among

hand gestures “0”, “1”, and “8”, cross-channel comparison enables unambiguous classification. Repeated

measurements showed highly consistent response timing and amplitude over 10 consecutive cycles [Figure

5E], confirming excellent repeatability. The corresponding power spectral density (PSD) maps further

distinguish different gestures based on their spectral energy distribution [Figure 5F and G, Supplementary

Figure 23]. Dimensionality reduction through principal component analysis and t-distributed stochastic

neighbor embedding revealed compact clustering within identical gesture classes and clear separation

between distinct gestures [Figure 5H].

Statistical evaluation of the root-mean-square (RMS) values and signal standard deviations (SDs) [Figure 5I

and J, Supplementary Figures 24 and 25] showed that the motion states exhibited larger variance than the

stationary states, confirming robust channel activation and effective noise suppression. Collectively, these
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Figure 5. Response of the flexible sensing array to different hand motions. (A1) Raw signal of 10 repetition cycles of hand movement “0”,
(A2) 3 Hz low-pass-filtered signal of 10 repetition cycles of hand movement “0”, (A3) fast-pass filtered signal of hand movement “0” for 10
repetition cycles using a 3 Hz high-pass filtered signal; (B) Fast Fourier transform (a.u., arbitrary units) of the hand movement “0” signal;
(C and D) three repetition cycles of the original signals of different hand movements; (E) Response times of different hand movements; (F)
PSD curves from channel 6 for the nine different motions; (G) PSD curves for 10 repetition cycles of hand motion “0” for channel 6; (H)
Mapping of different hand motion features in the 2D plane; (I) RMS of channel 6 for the detection of different hand motions; (J) SD of the
rate of change of the output signals for the steady-state and motion states of the nine different hand motions. PSD: Power spectral density;
RMS: root-mean-square; SD: standard deviation.

analyses demonstrate that the array captured muscular deformation with a high temporal resolution and

specificity, thereby forming a stable biomechanical signature for each gesture.

To quantify recognition performance, a deep neural network (DNN) comprising three hidden layers

(50–30–20 neurons) was trained on the acquired dataset, with an 80%/20% training/testing split [Figure 6A

and Supplementary Note 4]. The recognition accuracy increased with the number of active channels,

reaching 84.3%, 90.4%, 95.2%, 97.4%, and 99.6% for three-, four-, five-, six-, and nine-channel configurations,
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Figure 6. (A) Schematic of the DNN; (B) Recall and accuracy of classification prediction using raw data with different numbers of
channels; (C) Recall and accuracy of predictions using high-pass-filtered data (HP data), low-pass-filtered data (LP data), and raw data;
(D) Recall and accuracy of classification predictions using low-pass-filtered (< ​ 3 Hz) data with different numbers of channels; (E) Recall
and (F) accuracy of predictions using low-pass-filtered (< ​ 3 Hz) data with different numbers of channels; (G) Recall and accuracy of
predictions for each hand movement; (H) Average response time for different hand-movement speeds; (I) Recall and accuracy of
predictions using different hand-movement speeds; (J) Confusion matrix for predictions made with mixed data. The error bars represent
the SD obtained from a five-fold cross-validation. DNN: Deep neural network; SD: standard deviation.

respectively [Supplementary Figure 26 and Figure 6B]. Even when reduced to a four- or five-channel array,

accuracies above 90% and 95% were obtained, respectively, suggesting that high recognition reliability can be

achieved with fewer sensing sites. Channel arrangement had a negligible influence on recall and precision

[Supplementary Figure 27]. By contrast, signal preprocessing affected classification outcomes, as

high-pass-filtered data yielded poor prediction accuracy due to low signal amplitude and environmental

noise, whereas low-pass-filtered data achieved comparable or slightly superior accuracy compared with raw

data [Figure 6C-F and Supplementary Figure 28]. The effect of dataset size was further investigated by

varying the number of motion repetitions. The recognition accuracy significantly improved from one to two

repetitions but plateaued thereafter [Figure 6G, Supplementary Figures 29 and 30], indicating that high

performance can be maintained with reduced data volume and computational cost.
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The gesture recognition robustness was examined across different movement speeds [Figure 6H]. Extremely

fast gestures resulted in reduced accuracy, while the inclusion of multispeed data during training restored

and further enhanced the overall performance [Figure 6I and J, Supplementary Figure 31]. These results

demonstrate the adaptability of the DNN model to intrasubject speed variations and its potential for

generalized motion decoding.

Overall, the wearable array exhibited precise, repeatable, and high-fidelity detection of muscular deformation

during voluntary motion. By coupling dense spatiotemporal sensing with machine-learning-based decoding,

near-perfect gesture recognition (≈ 99.5%) was achieved without recalibration, establishing a scalable strategy

for noninvasive human–machine interaction and neuromuscular monitoring.

Handwriting recognition using the flexible sensing arrays

As significant differences in hand-force generation are encountered when writing different symbols and

words, the proposed flexible sensing array may be applied to the recognition and correction of handwriting.

Figure 7A shows a schematic of the writing process, while Figure 7B presents the corresponding symbols and

their stroke orders, such as counterclockwise and orthogonal circular motions. Letters, numbers, and

Chinese characters with different stroke orders and continuous strokes were used to evaluate the

performance of the proposed system [Figure 7C-E and Supplementary Figure 32]. Figure 7F shows the

response curves of each channel when writing different shapes, demonstrating clear distinctions among

shapes. The action time required for writing different shapes is presented in Figure 7G, which indicates that

both shape and stroke sequence produced distinguishable temporal features for symbol identification. The

RMS results obtained for channel 6 when different writing shapes are shown in Figure 7H, wherein clustered

distributions for identical shapes and a clear separation between different shapes are observed. These results

indicate that the proposed flexible sensing array effectively distinguishes different writing symbols and

different writing sequences of the same symbol. The response curves generated during the writing of

different characters are presented in Figures 7I and J, which demonstrate distinct multichannel signal

patterns corresponding to different handwriting tasks.

As pen diameter and weight vary in practical applications, the effects of these parameters were investigated

considering the writing-recognition accuracy. The flexible sensing array exhibited good response as the mass

of the gripped object was varied [Supplementary Figure 33]. Here, a single pen was weighted using a

tennis-racket weight to simulate different pen masses. The recognition performance obtained under different

pen weights was further evaluated [Supplementary Figure 34 and Figure 7K]. The classification accuracies for

the normal pen, slightly heavier pen, and heavier pen were 98.25% ± 1.47%, 97.93% ± 1.76%, and 98.37% ±
1.70%, respectively. Statistical analysis using a paired t-test showed no significant difference between these

conditions (P > 0.05), indicating that the proposed FMG-based recognition system was robust toward

variations in pen weight. By contrast, the responses of each channel when holding objects with different

diameters significantly differed [Supplementary Figures 35 and 36]. The confusion matrix for symbol

classification using pens of different thicknesses, achieved by wrapping the pen with tennis grip tape, is

shown in Supplementary Figure 37, while the recall and classification accuracy for each pattern are presented

in Figure 7L. Although the classification accuracy slightly decreased (from 98.13% to 97.25%) as the pen

became thicker, the overall prediction accuracy remained high.

The action times of the written words are presented in Supplementary Figure 38, and the RMS of channel 6 is

shown in Supplementary Figure 39. The action times and RMS significantly varied across different words,

while variations within identical actions remain small. The classification confusion matrix for writing

different words is shown in Supplementary Figure 40, and the recall and accuracy are provided in

Supplementary Figure 41, demonstrating a high recognition accuracy of 96.35% ± 0.53%. Effective
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Figure 7. Writing-recognition results. (A) Schematic showing the writing of different words; (B) Writing symbols in different stroke orders;
(C) Writing different numbers and letters; (D) Writing Chinese characters using different stroke orders; (E) Writing numbers, letters, and
Chinese characters using a continuous stroke. Here, “中”, “石”, and “油” are Chinese characters, abbreviated as “CNz”, “CNs”, and “CNy”,
respectively. The numbers “1” and “2” represent different writing orders, and “L” represents cursive writing; (F) Response curves of each
channel for symbols written using different stroke orders; (G) Action time for writing symbols using different stroke orders; (H) RMS for
writing symbols using different stroke orders; (I and J) Response curves of each channel for writing numbers, letters, and Chinese
characters using different stroke orders; Recognition accuracy of different characters under different pen (K) weight and (L) thickness
conditions. The error bars represent the SD obtained from a five-fold cross-validation (n = 5). Data are presented as mean ± SD. Statistical
analysis was performed using MATLAB R2023b (MathWorks, Natick, MA, USA). Paired t-tests were conducted based on matched
cross-validation folds; (M) Confusion matrices for classifying different words during writing. RMS: Root-mean-square; SD: standard
deviation.
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differentiation was also achieved for different downstroke orders for the same word. Moreover, variances

across shapes and stroke sequences enabled the effective discrimination between different writing symbols.

The RMS value of the signal detected by channel 6 differed significantly across writing shapes, exhibiting

clustered distributions for identical shapes and clear separation between different shapes. These results

indicate that the proposed flexible sensing array effectively distinguishes different writing symbols and

different writing sequences of the same symbol. To assess scalability, a 26-letter handwriting dataset was

collected under natural writing conditions. The model achieved an accuracy of ~98.8% with errors mainly

occurring among structurally similar letters, indicating strong discrimination under an expanded vocabulary

[Supplementary Figure 42].

We further explored the impact of cursive writing on recognition accuracy. As shown in Supplementary

Figures 43 and 44, the overall recognition accuracy reached 97.83% ± 0.22% and was unaffected by cursive

writing. The confusion matrix and recall rate of different character classifications for datasets composed of

mixed stroke orders and cursive variations of standard writing (for example, B includes B1, B2, and BL) are

shown in Figure 7M and Supplementary Figure 45. An accuracy of 99.54% ± 0.16% was obtained when using

mixed data for the classification and prediction of handwritten characters, which is significantly higher than

that obtained using a single dataset (P <​ 0.05). Therefore, when constructing a dataset of written characters,

the inclusion of different stroke orders and cursive writing methods is necessary to improve prediction

accuracy. To evaluate the performance of different machine-learning models in the handwriting recognition

task, four models [DNN, gated recurrent unit (GRU), long short-term memory (LSTM), and Transformer]

were compared [Supplementary Table 2 and Supplementary Figure 46]. Among them, GRU, LSTM, and

Transformer represent temporal modeling approaches capable of capturing time-dependent features in FMG

signals, whereas DNN relies on multichannel instantaneous features for classification. All models achieved

accuracies of > 99%, with Transformer achieving the highest accuracy and DNN achieving a comparable

accuracy. Notably, DNN exhibited the smallest number of parameters, lowest model size, and fastest

inference speed. Considering both the recognition performance and computational efficiency, the DNN

model was selected for further investigation considering real-time and lightweight wearable applications.

Ablation studies were performed on network depth and regularization to validate the selected DNN model

[Supplementary Tables 3 and 4]. Increasing the network depth improved feature representation, and an

optimal performance was achieved using a three-layer architecture. Batch normalization and dropout both

enhanced stability and generalization, and their removal resulted in performance degradation. To further

assess model effectiveness, DNN, one-dimensional convolutional neural network (1D-CNN), LSTM, and an

ensemble model were compared under the same protocol [Supplementary Figure 47]. DNN achieved the best

overall performance, offering the highest accuracy despite having a slightly higher relative RMS error

(RRMSE), and it was therefore selected for further handwriting recognition evaluation. This system also

showed strong robustness in cross-subject evaluations. A leave-one-subject-out validation showed that the

recognition accuracy remained above 97%. In addition, signal drift induced by repeated reattachment (10

cycles) remained below 1.6%, confirming the reliability of the system for practical wearable applications

[Supplementary Note 5 and Supplementary Figure 48]. To evaluate robustness under dynamic motion, tests

were conducted using different walking speeds. The model maintained a high accuracy under both slow

(98.74% ± 0.37%) and fast (98.63% ± 0.42%) walking, with no significant difference compared with the

baseline (99.54% ± 0.16%) [Supplementary Figure 49].

In addition, cross-age validation was performed using data from two participants that were over 40 years old.

Without retraining on this group, the model achieved accuracies of 98.63% ± 0.42% and 98.71% ± 0.38%, with

no significant difference compared with the baseline (P = 0.067 and 0.074; Supplementary Figure 50),

demonstrating a strong generalization capability. To further assess robustness under a cognitive load, a
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dual-task experiment was conducted in which participants performed continuous subtraction during

handwriting. The system maintained a high accuracy of 97.65% ± 0.34% (P = 0.068; Supplementary Figure

51), indicating a stable decoding performance under attention fluctuation. Cross-continuity generalization

experiments were conducted to evaluate the robustness of the model under different handwriting styles

[Supplementary Figure 52]. When the training and testing styles were inconsistent, the recognition accuracy

slightly decreased to 96.5% ± 0.21% (Normal → Legato) and 96.0% ± 0.17% (Legato → Normal). After

introducing mixed handwriting samples for training, the accuracy significantly improved to 98.5% ± 0.13%

(Mixed → Legato) and 99.09% ± 0.09% (Mixed → Normal), demonstrating enhanced cross-style

generalization ability. To evaluate temporal robustness, time-sequential cross-validation was performed by

training the model using early writing samples and testing it on later samples within the same session

[Supplementary Figure 53]. The recognition accuracy was 99.34% ± 0.15%, with no significant difference

compared with the Early → Early condition (99.54% ± 0.16%, P = 0.071). The analyzed system also

maintained robust handwriting recognition across different writing modalities and scales. The recognition

accuracy remained above 97% even for cursive and high-speed writing, with a <​ 1.5% deviation from discrete

characters. Moreover, it exhibited minimal dependence on handwriting size (5-25 mm), confirming the

geometric and temporal adaptability of the proposed FMG-based sensing array [Supplementary Note 6 and

Supplementary Figure 54].

The findings of representative studies are listed in Supplementary Tables 5 and 6 to compare the proposed

system with recently developed flexible-sensor gesture-recognition systems. The competitive advantages of

our system are highlighted in terms of its accuracy and wearable-device integration. The proposed array

uniquely integrates both gesture and stroke-order recognition tasks, demonstrating array-level reliability and

handwriting capability beyond existing FMG or sEMG systems.

CONCLUSIONS
This study established a new paradigm for noninvasive handwriting perception by bridging high-fidelity

mechanical sensing and intelligent neural decoding. The MWCNTs/mPDMS array achieved the

simultaneous optimization of sensitivity, linearity, and durability, enabling the robust detection of

tendon-driven microdeformations associated with complex handwriting dynamics. Through hybrid

amplitude–frequency feature fusion, continuous, cursive, and style-variable handwriting was decoded by the

neural network at near-perfect accuracy, exceeding conventional sEMG and FMG systems in cross-user

stability and recognition accuracy. Mechanistic analysis confirmed a direct link between wrist flexor

coordination and differential pressure signatures, validating the physiological interpretability of the signals.

The real-time adaptability, fast recalibration, and mechanical endurance of the proposed system highlight its

scalability for use in next-generation wearable interfaces, rehabilitation feedback systems, and digital

neuromotor diagnostics.

Despite its high recognition accuracy, several limitations remain. First, the physiological interpretation of

this system was derived from empirical correlations between handwriting motion and forearm pressure

patterns, and this requires further validation using complementary techniques such as sEMG or ultrasound

imaging. In addition, residual errors may influence feedback-driven motor learning, indicating that clinical

applications require professional supervision and subject-specific calibration to ensure safety and reliability.

Future work will focus on the evaluation of long-term stability under continuous wear, particularly

emphasizing signal drift induced by sweat accumulation and skin–sensor interface variations. Moreover,

clinical studies involving patients with motor impairments (e.g., stroke or Parkinson’s disease) will be

conducted to further explore the potential of this system in rehabilitation monitoring and functional

assessment.
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