Research Article | Open Access

Soft Science

DOI:10.20517/ss.2025.93

Zhao et al. Soft Sci. 2026, 6, 4

Machine learning-enabled on-mask triboelectric
textile electronic system for real-time respiratory
dynamics monitoring

Jia Zhao'2#, Xiaosen Pan"2#

, Ming Yuan'?, Yunxiang Long'?3, Yi Niu'?, Yuyang Sun'24, Jun Wang?®, Ting

Lin4, Junjie Gan®, Feng Xu'?", Yunsheng Fang'?

Keywords:

Triboelectric sensors, textile
electronics, plasma
treatment, respiratory
monitoring, machine
learning

Citation: Zhao, J,; Pan, X.;
Yuan, M;; Long, Y.; Niu, Y.;
Sun, Y.; Wang, J; Lin, T.;
Gan, J.; Xu, F,; Fang, Y.
Machine learning-enabled
on-mask triboelectric textile
electronic system for
real-time respiratory
dynamics monitoring. Soft
Sci. 2026, 6, 4. https://dx.d
0i.org/10.20517/55.2025.93

Received: 22 Sep 2025
First Decision: 14 Oct
2025

Revised: 4 Nov 2025
Accepted: 19 Nov 2025
Published: 16 Jan 2026

Academic Editor:
Carlo Massaroni
Copy Editor:
Xing-Yue Zhang
Production Editor:
Xing-Yue Zhang

") Check for updates

+ User Interface
+ Classification
+ Data analysis

u

Mode dataset Training User interface
l A
=
> -
/\/ » b= M Breathing mode
classifier
Server Real-time data Trained mode Results

Abstract

Real-time and accurate respiratory monitoring is crucial in extreme conditions, such as
high-altitude aviation, critical care, and hazardous occupations, where subtle respiratory
changes may rapidly escalate into life-threatening events. However, existing respiratory
support systems are often cumbersome, insensitive to nuanced breathing patterns, or
susceptible to environmental interference. Herein, we introduce a highly sensitive,
plasma-modified triboelectric textile sensor integrated into an oxygen mask for real-time
respiratory dynamics monitoring. By engineering nanoscale surface roughness and surface
modification via plasma treatment, the sensor achieves a remarkable 420% enhancement
in output voltage, yielding high sensitivity (2.02 V-kPa™), rapid response (96 ms), and
excellent stability (over 95% signal retention after 90 days). Integrated with a machine
learning-assisted classifier, the system achieves 97.2% accuracy in respiratory pattern
recognition, while automatically discriminating authentic breathing signals from artifacts.
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With a customized electronic circuit and an application terminal, the on-mask intelligent system provides immediate
feedback for adaptive oxygen regulation. This capability is of paramount importance for improving
oxygen-management efficiency and safeguarding the lives of personnel operating under extreme conditions.

INTRODUCTION

Respiratory rhythm serves as a critical physiological barometer for homeostatic regulation to internal and
external perturbations!™?. In extreme settings such as high altitude, deep sea, and industrial environments,
variations in ambient pressure, gas composition, or individual physiological constraints induce significant
fluctuations in breathing rate, ventilation volume, and rhythm, which in severe cases may affect life safety".
Real-time monitoring coupled with external oxygen supplementation is therefore essential to maintain vital
signs such as arterial oxygen saturation. Fighter pilots represent the most stringent example of this
requirement during maneuvers, generating extremely high G-forces'*. Oxygen delivery must precisely match
instantaneous metabolic demand to prevent gravity-induced loss of consciousness from insufficient oxygen
partial pressure or pulmonary and central nervous system toxicity arising from over-oxygenation"’. Thus, it
is imperative to develop a highly sensitive sensor system capable of capturing and identifying respiratory
dynamics in real-time, while issuing early warnings upon detection of abnormal patterns'**.

Wearable respiratory sensing technology has emerged as a continuous, noninvasive approach for monitoring
respiratory dynamics''*. Currently, strain sensors with inherent sensitivity and form-factor constraints have

14-16

been deployed, which also necessitate tight adhesion or binding to the abdominal”*'*/, thoracic!"”"*,
cervical", or facial skin***'. During multiaxial acceleration in fighter operations, contact-based monitoring
often suffers from signal drift, classification errors, and discomfort from unstable contact””>**!. Thus,
non-contact approaches such as humidity sensors that measure exhaled moisture are employed to monitor
respiratory rhythm®***.. However, slow response and recovery rates, along with signal degradation caused by
moisture accumulation, make these devices unsuitable for real-time, high-precision monitoring in extreme
environments®'. In contrast, triboelectric sensors offer high sensitivity, lightweight structure, and excellent
robustness, enabling accurate capture of respiratory airflow variations under non-contact conditions® ..
Inevitably, excessive sensitivity also amplifies environmental vibrations and motion artifacts”*. Moreover,
these respiratory monitoring paradigms mostly focus on sensor design without considering the electronic
circuit hardware support and precise algorithm development, thus making it difficult for them to truly adapt
to extreme operational settings. Therefore, the integration of tailored signal-processing algorithms with
hardware systems is required to suppress interference, extract key respiratory features, and provide real-time

feedback®?!.

In this context, we propose a machine learning-enhanced on-mask respiratory electronic system integrated
with a proprietary algorithm and application terminal, enabling real-time, continuous, and accurate
respiratory dynamics monitoring. Specifically, low-pressure plasma treatment creates nanoscale roughness
and surface modification on the triboelectric fibers, increasing their contact area and boosting output voltage
by 420%. The optimized sensor exhibits a 96 ms response time and 2.02 V-kPa™ sensitivity. Moreover, the
sensor maintains signal stability for 5,000 consecutive excitation cycles, and the output amplitude remains
above 95% after 90 days of exposure. Leveraging machine-learning algorithms, the system classifies
respiratory patterns with 97.2% accuracy while intelligently filtering pseudo-respiration artifacts and
providing real-time warnings.
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EXPERIMENTAL

Fabrication of the triboelectric fibers

Copper wires with a diameter of 200 pm (99.95% purity) served as the conductive core for both triboelectric
materials. For epoxy-coated fibers, the copper wires were uniformly coated with epoxy resin at a controlled
withdrawal speed of 2 mm/s, and then dried using a hot plate with a temperature of 380 °C. For
polyvinylidene fluoride (PVDF)-coated fibers, poly (vinylidene fluoride-co-hexafluoropropylene)
(PVDE-HFP) was dissolved in N, N-dimethylformamide (DMF) at a weight concentration of 25% under
magnetic stirring at 60 °C for 12 h. The copper wires were then dip-coated with the PVDF solution at the
same withdrawal speed and dried at 380 °C to ensure complete solvent evaporation.

Low-pressure plasma surface treatment

Low-pressure plasma treatment was performed using a radio-frequency plasma system (PTL-VMs500, PTL
Plasma, Shandong, China) operated at 13.56 MHz. The textile samples were placed in the plasma chamber
and evacuated to achieve a vacuum level of 30-50 Pa. A gas mixture of argon and oxygen (1:1 ratio) was
introduced at a controlled flow rate of 6 mL-min™' to maintain the desired working pressure. The plasma
power was set to 300 W, and treatment duration was varied from 15 to 75 min to optimize sensor
performance. All plasma treatments were conducted at room temperature.

Fabrication of the on-mask sensor

The coated wires were helically twisted together using a custom twisting apparatus to form flexible yarns and
subsequently woven into textile structures using a plain weave pattern. The final textile was tailored into a
circular shape with a diameter of 35 mm to fit within the airflow channel of standard pilot oxygen masks.

Surface morphology characterization

Surface morphology of the triboelectric fibers was characterized using a scanning electron microscope
(ZEISS SIGMA 360, Carl Zeiss AG, Oberkochen, Germany). Energy dispersive spectroscopy (EDS) mapping
was performed using the same scanning electron microscopy (SEM) system to analyze elemental
composition changes after plasma treatment. Chemical modifications induced by plasma treatment were
analyzed using Fourier Transform Infrared (FTIR) spectroscopy (PerkinElmer Spectrum 3, PerkinElmer,
Waltham, MA, USA) and X-ray photoelectron spectroscopy (XPS; PHI GENESIS 500, ULVAC Inc.,
Kanagawa, Japan). Spectra were recorded from 4,000 to 500 cm™. Three-dimensional surface topography was
measured using atomic force microscopy (SPM-9700HT, Shimadzu Corporation, Kyoto, Japan). Scan areas
of 5 um x 5 pm were analyzed for each sample, and surface roughness parameters, including arithmetic mean
roughness (Ra) and root mean square roughness (Rq), were calculated using SPM-9700 Analysis software
(Shimadzu Corporation, Japan).

Electrical measurement and characterization

A low-noise preamplifier (SR560, Stanford Research Systems, Sunnyvale, CA, USA) was employed to
measure the output voltage of the triboelectric sensors. Applied pressure was monitored using a force sensor
(Z2S-DPU-MZ-50N, IMADA, Toyohashi, Japan), while the compression frequency was varied from 0.25 to
2 Hz. Durability testing was performed by applying pressure at a constant frequency of 2 Hz, driven by a
linear motor (WN500TA, Winner Optical Instruments, Beijing, China). Long-term stability was evaluated by
measuring output voltage monthly over a 90-day period under the same testing conditions. Moisture
resistance testing was accomplished by deploying the sensor within the oxygen mask and continuously
wearing it at room temperature for 12 h, during which the electrical performance was monitored.
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Simulation of surface potential distribution

Finite element simulations were conducted using COMSOL Multiphysics (v. [6.3], COMSOL Inc.,
Stockholm, Sweden) to investigate the influence of surface roughness on triboelectric performance.
Two-dimensional axisymmetric models were developed to represent smooth and rough electrode surfaces.
The latter was characterized by a periodic array of isosceles triangles - with a base width of 0.2 pm and a
height of 0.1 pm - consistent with the surface topography observed via atomic force microscopy (AFM) of
plasma-treated fibers. Material properties for the epoxy resin and PVDF were sourced from the COMSOL
built-in material library. Surface charge densities of + 3 uC-m™ were applied to represent triboelectric
charging, with opposite polarities assigned to the epoxy and PVDF surfaces. The contact-separation process
was simulated by varying the electrode separation distance from 0.1 to 5 pm in 0.1 pm increments. The
surface potential distribution was then derived from a steady-state calculation.

Collection of respiratory data

Volunteers were fitted with pilot oxygen masks incorporating triboelectric sensors positioned above the
mouth-nose airflow channel. Data acquisition was performed using an STM32 microcontroller
(STMicroelectronics, Geneva, Switzerland) with a sampling rate of 100 Hz. Signal conditioning included
amplification using an operational amplifier (OP07CP, Texas Instruments, Dallas, TX, USA) and low-pass
filtering with a cutoff frequency of approximately 15.9 Hz to remove noise. The processed signals were then
transmitted to the host computer via serial communication for further analysis.

Feature extraction and classification of respiratory signals

Machine learning-based classification of respiratory patterns was implemented using a backpropagation
neural network architecture based on features extracted from the respiratory signals. Feature extraction was
performed in three domains to capture comprehensive characteristics of the respiratory signals.
Time-domain features included breathing frequency, signal amplitude (representing breathing depth),
inhalation time, exhalation time, and discrete signal energy calculated as the sum of squared voltage samples.
Frequency-domain analysis employed the Fast Fourier Transform to determine the dominant frequency and
its ratio to the total spectral power. Time-frequency domain features were extracted using the Short-Time
Fourier Transform with a 512-sample window. The neural network consisted of an input layer with six
neurons corresponding to the extracted features, two hidden layers with ten neurons each, and an output
layer with six neurons representing the respiratory pattern classes. For network training, the Adam optimizer
was adopted to optimize model parameters, and the cross-entropy loss function was used to quantify the
discrepancy between predicted and true respiratory pattern labels. To enhance the model’s generalization
across subjects and its reliability for practical applications, a dataset of 5,500 labeled samples was compiled,
collected from five distinct subjects and covering six target respiratory patterns. A portion of these samples
was acquired under high electromagnetic field conditions and simulated flight-related stress, such as motion
and vibration, to emulate interference in real flight environments. The dataset was partitioned to ensure
unbiased performance evaluation: 5,000 samples were allocated to the training set, and the remaining 500
samples served as an independent held-out test set. The training set was further processed using five-fold
stratified cross-validation to ensure robust model selection and hyperparameter tuning. The held-out test set
was used exclusively for final performance evaluation to reflect the model’s real-world predictive capability.

Customized pilot respiratory monitoring user interface

A real-time monitoring interface was developed using the PyQtes framework (Riverbank Computing,
Dorchester, UK) to provide comprehensive visualization and analysis capabilities for pilot respiratory
assessment. The interface integrated multiple display modules, including real-time waveform visualization,
automated pattern classification results updated at the completion of each respiratory cycle, feature
parameter tracking, and an alert management system for abnormal respiratory patterns.
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Figure 1. Design and preparation of respiratory monitoring system. (A) Schematic diagram of respiratory monitoring and oxygen supply
between pilots and ground control platform; (B) Schematic diagram of periodic respiration waveform with feature extraction and artifact
identification, including time, depth, energy, and frequency; (C) Fabrication process of triboelectric fibers; (D) (i) Digital image (Scale bar:
2 mm) and (i) SEM image (Scale bar: 2 um) of triboelectric fibers; (E) Pilot mask integrated with triboelectric sensors; (F) Schematic
illustration of the machine learning-assisted respiratory monitoring system. SEM: Scanning electron microscope; PVDF: polyvinylidene
fluoride; VCC: voltage common collector; STM32: STMicroelectronics Microcontroller 32-bit; ADC: analog-to-digital converter; DMA:
direct memory access; USART: universal synchronous asynchronous receiver transmitter; GND: ground; MCU: microcontroller unit.

RESULTS AND DISCUSSION

Design and fabrication of the respiratory monitoring system

To address the needs of extreme scenarios, the sensor system is designed in a form that can be placed inside
the breathing mask to enable real-time, non-invasive monitoring of respiratory parameters. This
configuration enables unobtrusive placement within standard respiratory protection gear, allowing
continuous monitoring without impeding the wearer. Figure 1A demonstrates a potential application
involving a high-altitude fighter pilot equipped with a sensor-integrated oxygen mask that continuously
monitors respiratory patterns and transmits data to a ground station. It captures periodic respiratory
waveforms while extracting key features and identifying artifacts for respiratory assessment, as schematically
illustrated in Figure 1B. When the system detects respiratory abnormalities, the monitoring system can
trigger an alarm promptly to assist the command center in quickly adjusting the oxygen supply strategy and
ensuring pilot safety. Thus, fast detection and clear alarms are essential to timely interventions in
mission-critical environments. Such mission-critical operation demands exceptional sensitivity and robust
performance under dynamic motion and low-pressure conditions.

The core sensing element is composed of plasma-treated triboelectric fibers fabricated through a multi-step
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process [Figure 1C]. Copper wires, respectively coated with epoxy resin and PVDF, form the triboelectric
pair [Supplementary Figure 1] To enhance the sensitivity of the triboelectric sensor'*”’, we employ a plasma
surface treatment using a 1:1 argon-oxygen gas mixture under low pressure [Supplementary Note 1], which
modifies the fiber surface by creating nanoscale roughness and surface modification*"**. These wires are
then helically twisted into flexible yarns and woven into textiles [Supplementary Figure 2]. The macroscopic
and scanning electron microscopy images of the resulting textiles reveal a uniform fiber arrangement with
consistent coating [Figure 1D]. These images confirm the micro- and nanoscale surface features introduced
by plasma treatment and the uniformity of the coatings, which together underpin consistent sensor
performance. When positioned above the mouth-nose airflow channel of a fighter-pilot oxygen mask [Figure
1E], cyclic inhaled and exhaled airflow deforms the textile, generating periodic triboelectric voltage
signals'* . These voltage signals are subsequently acquired and processed by a machine learning-assisted
monitoring system, including feature extraction, respiratory patterns classification, and real-time breathing
metrics display to support adaptive oxygen delivery [Figure 1F].

Characterization of surface-modified triboelectric fibers

During the plasma treatment, high-energy ions bombard the polymer surface, causing surface roughness to
increase the frictional contact area between fibers for enhanced signal output intensity from small
deformations [Figure 2A]">*). To establish a clear link between processing parameters and sensor
performance, we systematically characterized both morphology and chemistry of the fibers after different
plasma exposure durations. Figure 2B and C shows the surface-treated epoxy-coated and PVDF-coated
copper wires. These macroscopic images provide preliminary visual confirmation of the surface coating on
the copper wires. Figure 2D and E confirms significant morphological changes after 60-minute plasma
treatment. The untreated fibers exhibit relatively smooth surfaces [Figure 2D, 2D, 2E,, and 2E, ], while the
plasma-treated fibers develop pronounced nanoscale roughness with characteristic etching patterns [Figure
2D, 2D,,, 2E,;;, and 2E,,]. The contrast between untreated and treated surfaces indicates that plasma
processing effectively creates new topographical features that are expected to increase effective contact area
during mechanical deformation. Moreover, EDS mappings [Supplementary Figures 3-5] show the
compositional changes of carbon, oxygen, and fluorine elements on the surfaces of epoxy resin and PVDF
fibers. Progressive surface modifications are observed with increasing plasma treatment duration
[Supplementary Figures 6 and 7]. Three-dimensional AFM further confirms the enhancement in surface
roughness after plasma treatment [Figure 2F and Supplementary Figure 8]. Quantitative analysis of surface
roughness parameters, including R, and R, demonstrates a significant increase with plasma treatment

duration [Figure 2G]J.

Chemical changes are characterized using FTIR spectroscopy. Figure 2H presents the FTIR spectra of epoxy
and PVDF fibers before and after 60-minute plasma treatment, respectively. For epoxy fibers [Figure 2H,],
the plasma treatment introduced oxygen-containing groups. These modifications are evidenced by the
enhanced absorption around 1,200 cm™, where the C-O stretching vibrations become more pronounced.
Additionally, the characteristic C-H stretching vibration at 2,900 cm™ shows reduced intensity after
treatment, indicating that the introduced oxide leads to the removal or oxidation of C-H groups. For epoxy
fibers [Figure 2H, ], plasma treatment resulted in the disappearance of minor absorption peaks in the
1,500-1,600 cm™ region, which correspond to the stretching vibration of C=C bonds in the aromatic ring and
the bending vibration of C-H bonds. Besides, the weakened C-H stretching vibrations around 2,900 cm™
corresponding to non-polar aliphatic groups (methyl and methylene) manifest as a notable reduction in
absorption intensity. This can also be attributed to surface damage and coverage of oxygen-containing
functional groups. XPS analysis of the C 1s spectra further confirmed the plasma-induced surface chemical
modifications of PVDF and epoxy fibers [Supplementary Figure 9]. For PVDF, the C-C, CH,, and CF/C-C-F
components shift from 284.0, 285.3, and 288.0 eV to 284.2, 286.4, and 291.3 eV, respectively. The binding
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Figure 2. Characterization of the surface treatment of triboelectric fibers. (A) Schematic illustration of the fiber surfaces before and after
plasma treatment. Digital images of surface-treated (B) epoxy-coated and (C) PVDF-coated copper wires with a diameter of 200 pm
(Scale bar: 10 mm); (D) and (E) SEM images, and (F) 3D AFM images of epoxy and PVDF fibers before and after 60-minute plasma
treatment, respectively; (G) Roughness variation of 5 um X 5 um surface regions for epoxy and PVDF fibers with plasma treatment time at
varying durations; (H) FTIR spectra of epoxy and PVDF fibers before and after plasma treatment. PVDF: Polyvinylidene fluoride; SEM:
scanning electron microscope; 3D: three-dimensional; AFM: atomic force microscopy; FTIR: Fourier Transform Infrared.

energy increases are mainly attributed to surface defluorination, which removes the strong shielding effect of
fluorine, and to concurrent oxidation that introduces electronegative oxygen species; both effects reduce the
electron density at carbon sites. For the epoxy resin, the C-C/C-H, C-O and C=0/0O-C components shift
from 284.2, 285.3 and 288.2 eV to 285.0, 286.0 and 289.2 eV, respectively. The upward shifts are consistent
with substantial near-surface oxidation that replaces C-H bonds with more electronegative C-O bonds,
thereby lowering the electron cloud density on the carbon atoms. These systematic shifts to higher binding
energy confirm that plasma treatment significantly modified the surface chemistry of both materials.
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Figure 3. Electrical properties of the respiratory triboelectric sensors. (A) Schematic diagram of the working mechanism; (B) Output
voltages comparison and (C) Signal output curves of sensors with different plasma treatment times under an external pressure of 1kPa;
(D) Simulation mappings of surface potential distribution during contact-separation process for smooth-surfaced and rough-surfaced
fibers; (E) and (F) Output curves of the respiratory triboelectric sensors under different pressures at a constant frequency of 2 Hz and
under different frequencies at a constant pressure of 1kPa, respectively; (G) Response and recovery times of the respiratory triboelectric
sensor; (H) Durability test of the respiratory triboelectric sensor under a pressure of 1kPa. PVDF: Polyvinylidene fluoride.

Electrical properties of triboelectric respiratory sensors

The working mechanism of the respiratory triboelectric sensor is based on the coupling of contact
electrification [Supplementary Figure 10] and electrostatic induction [Supplementary Figure 11]"**.. During
inhalation and exhalation, the airflow-induced deformation causes periodic contact and separation between
the epoxy and PVDF fibers [Figure 3A]"**". Upon contact, electrons transfer from the epoxy to the PVDF
due to their difference in electron affinity, creating opposite triboelectric charges on their surfaces. During
separation, the charge redistribution induces a potential difference, driving electrons to flow through the
external circuit. This cyclic process generates alternating electrical signals that correspond to the respiratory
rhythm. Thus, the sensor transduces the mechanical waveform of breathing into time-resolved electrical
signals that can be directly correlated with respiratory metrics.

To optimize sensor performance, the effect of plasma treatment duration on output voltage is investigated to
establish a direct processing-performance relationship. Figure 3B presents a comparative analysis of the
output voltage of triboelectric sensors under a consistent external pressure of 1 kPa for varying plasma
treatment durations. The output voltage increased with plasma treatment time, reaching an optimal point at
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60 min, which represents approximately 420% enhancement (2.05 + 0.14 V) compared to the untreated
sensor (0.48 + 0.02 V). This dramatic increase highlights the critical role of nanoscale surface engineering in
amplifying triboelectric electricity generation. Representative output voltage waveforms for sensors with
different plasma treatment times confirm consistent improvement in signal amplitude [Figure 3C].
Simulation results further validate the impact of surface roughness on triboelectric performance. Finite
element simulations of the surface potential distribution during the contact-separation process for both
smooth-surfaced and rough-surfaced devices indicate that the increased surface roughness leads to enhanced
open-circuit voltage [Figure 3D and Supplementary Figure 12]. Long-term cyclic stability under repeated
deformation demonstrates the suitability of the textile sensor for continuous, real-world respiratory
monitoring.

Sensor sensitivity is evaluated by measuring output voltage under varying pressures (from 0.5 to 1.5kPa) at a
constant 2 Hz frequency [Figure 3E] and varying frequencies (from 2 to 0.25Hz) at a constant 1 kPa pressure
[Figure 3F]. The results demonstrate a linear response to pressure changes with a sensitivity of 2.02 V-kPa"
and stable performance across frequencies, indicating reliability for respiratory monitoring. The response
and recovery times of the triboelectric sensor are measured to be 96 and 126.1 ms [Figure 3G], which enables
the detection of transient respiratory events and abrupt changes in breathing patterns that may indicate
physiological distress. Moreover, the textile sensor demonstrates outstanding durability, maintaining stable
output performance over 5,000 continuous operating cycles [Figure 3H]. Collectively, the experimental
measurements and simulations show that controlled plasma-induced nanoscale roughness is a practical and
effective strategy to enhance triboelectric output for reliable respiratory monitoring.

On-mask triboelectric sensors for respiratory monitoring

The system implementation involves continuous monitoring and analysis of respiratory parameters from
testers wearing the sensor-integrated mask in real-world scenarios [Figure 4A and Supplementary Figure 13]
and simulated strong electromagnetic field environments. The triboelectric sensor produces distinctive
voltage signals corresponding to various respiratory patterns in real-world scenarios, including normal,
rapid, deep, shallow, speaking, and dyspneic breathing [Figure 4B]. Each pattern generates a unique
waveform with characteristic features in terms of amplitude, frequency, and regularity, which forms the basis
for subsequent signal analysis and machine learning-driven classification. Even in strong electromagnetic
field environments, the high-frequency noise in raw sensor signals can be effectively filtered by our custom
hardware low-pass circuit [Supplementary Figure 14], confirming the system’s robustness against
electromagnetic interference [Supplementary Figure 15]. Figure 4C shows the correspondence between the
signal curve and the stages of exhalation and inhalation during normal breathing. This mapping verifies that
temporal features of the voltage trace accurately reflect physiological respiratory phases. In comparison,
Figure 4D shows the signal curve output by abnormal breathing caused by interference signals, and breathing
delays can be sensitively detected. Interference signals introduced by mechanical actions during actual use
are identified by a custom algorithm, which analyzes the temporal continuity and amplitude variation
characteristics of respiratory signals. Breathing delays are distinguished by the characteristics of the
inspiratory phase following exhalation: normal breathing shows a rapid downward transition, while
breathing delay presents a gradual decrease. The extraction of these features provides a guarantee for the
accurate classification of subsequent dynamic breathing patterns.

To ensure reliable performance under extreme conditions, we assess the electrical durability of the
triboelectric sensor during prolonged use [Figure 4E]. Long-term testing reveals that the sensor retains over
95% of its initial output voltage after 90 days of regular use, indicating excellent durability for practical
applications. Besides, stable output under humid conditions is critical for long-lasting scenarios. We
conducted a 12-hour continuous wear test with sensor-integrated masks [Figure 4F], where the sensor was in
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Figure 4. Stability characterization of triboelectric sensors for dynamic respiratory monitoring. (A) Digital image of the simulated
respiratory monitoring scenario; (B) Output signals under different respiratory patterns; (C) Algorithmic identification of
exhalation/inhalation phases in measured respiratory signal; (D) Algorithmic identification of interference and respiration delay in
respiratory signals; (E) Output voltage signal of the sensor over a period of 90 days; (F) Output voltage of textile sensor after mask
wearing within 12 h; (G) Amplitude variation curve within 12 h.

direct contact with exhaled vapor, and volunteers performed strenuous exercise midway to simulate
sweating. The sensor maintained stable output performance over 12 h of continuous wear, demonstrating its
suitability for extended flight [Figure 4G]. The results of long-term stability and moisture-resistance tests
indicate that the integrated system is both robust and practical for in-flight respiratory monitoring,
supporting timely pilot assessment and adaptive oxygen management.

Machine learning-enabled real-time respiratory monitoring system

To demonstrate the practical utility of the triboelectric respiratory sensor, we develop a machine
learning-assisted real-time monitoring system for pilot respiratory assessment. The signal processing and
analysis system is outlined in Figure 5A. Raw voltage signals are processed by filtering and amplification
before being acquired by a microcontroller unit and transmitted to a host computer. Feature extraction is
then performed in three domains [Supplementary Note 2] of the time domain (frequency, depth, inhalation
time, exhalation time, and discrete signal energy), frequency domain (dominant frequency ratio), and
time-frequency domain (Short-Time Fourier Transform). These multimodal features serve as inputs to a
backpropagation neural network, selected after comparing with several other machine learning modules
[Supplementary Table 1]. The machine learning model is trained and validated using 5,000 annotated
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Figure 5. Application of the machine learning-assisted real-time pilot respiratory monitoring system. (A) Schematic diagram of the
respiratory monitoring and signal processing system; (B) Loss function and accuracy for the training and validation sets over 300 epochs;
(C) Confusion matrix for the classification of 6 respiratory patterns, where Labels 1-6 correspond to normal, rapid, deep, shallow, speaking,
and dyspneic breath, respectively; (D) Classification precision of 6 respiratory patterns; (E) User interface for the real-time pilot
respiratory monitoring system. T-D: Time-domain; F-D: frequency-domain; T-F: time-frequency; STFT: short-time Fourier transform; BP:

back propagation; Acc: accuracy.

respiratory segments acquired from long-term monitoring, with the loss function decreasing below 0.15 and

validation accuracy exceeding 95% after 300 epochs [Figure 5B]. The final model achieves an overall accuracy

of 97.2% in classifying the six respiratory patterns and maintains excellent real-time performance to meet the

demands of on-mask respiratory monitoring, with an average classification time of 0.157 milliseconds per

sample on the test set. The classification results [Figure 5C and Supplementary Figure 16] demonstrate the

excellent performance across all pattern categories, with precision values exceeding 93% for each respiratory
pattern and 100% for three patterns [Figure 5D].

Ultimately, a real-time monitoring user interface is integrated to provide continuous visualization of
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respiratory waveforms, automated pattern classification results, and analysis of signal features [Figure 5E].
The interface offers both summary dashboards and event-level detail to support rapid decision-making by
flight personnel or ground operators. When the automatic pattern classification results in ‘dyspneic
respiration’, the system automatically triggers alerts [Supplementary Figure 17], enabling prompt
intervention in potential hypoxia or respiratory distress scenarios. An algorithmic analysis of the descending
slope also allows the system to identify inhalation and exhalation phases and distinguish between genuine
respiratory signals and artifacts caused by breath-holding, thereby providing a foundation for oxygen supply
regulation in the mask. This integration enables adaptive life support control based on classified respiratory
patterns, enhancing pilot safety during high-altitude operations where rapid physiological changes can have
serious consequences. In summary, the combined signal-processing, classification, and user-interface
components produce a closed-loop monitoring solution that is accurate, timely, and suited for critical
mission respiratory support.

CONCLUSIONS

In summary, we developed a machine learning-assisted real-time and high-sensitivity respiratory dynamics
monitoring system designed for deployment in demanding extreme scenarios to ensure continuous,
high-fidelity assessment of breathing patterns. To enhance the sensitivity of the triboelectric sensor, we apply
plasma treatment to triboelectric fibers sewn into a flexible textile and embedded in a standard oxygen mask.
This approach yields a response time of 96 ms, a sensitivity of 2.02 V-kPa, and a 420% increase in output
voltage. A miniaturized acquisition module performs multimodal feature extraction and intelligent
algorithm-driven classification of six respiratory patterns with 97.2% accuracy, enabling precise
discrimination of authentic breathing signals from artifacts such as speech or coughing. This integrated
platform provides continuous, accurate tracking of respiratory parameters without compromising comfort or
mask functionality, achieving superior sensitivity and wearability compared with prior art. It therefore
supplies critical decision-support data for adaptive oxygen regulation and ground command systems in
aviation, critical care, and telemedicine applications.
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