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ABSTRACT Textile-based smart sensing technologies have emerged as a promising platform for
continuous physiological monitoring and wireless information acquisition in wearable systems, offering
significant potential for intelligent healthcare and human-centered electromagnetic sensing applications.
This study systematically investigates the monitoring technologies and application effectiveness of textile-
based smart sensing equipment in sports training scenarios by integrating flexible conductive materials,
multimodal signal acquisition, wireless transmission, and data fusion strategies into a unified health
monitoring framework. A comprehensive evaluation system covering physiological status, movement
posture, and environmental adaptation is established to assess monitoring performance under representative
speed skating and soccer training conditions. Experimental results demonstrate that the proposed textile-
based sensing system achieves heart rate monitoring errors below 3%, joint angle measurement errors
below 2.5%, and superior real-time responsiveness compared with conventional monitoring approaches,
while improving training optimization efficiency by more than 30% and reducing sports injury incidence
by approximately 50%. In addition, the developed three-dimensional evaluation framework effectively
quantifies technical performance, application adaptability, and practical value across different training sce-
narios. The proposed methodology provides a scalable solution for wearable intelligent sensing and offers
valuable references for flexible electromagnetic sensing systems, body-area communication networks, and
next-generation smart textiles requiring reliable signal acquisition and robust data transmission.

INDEX TERMS textile-based smart sensing, wearable health monitoring, multimodal data fusion, flexible

electromagnetic sensing, body-area networks

I. INTRODUCTION
S a cross-disciplinary fusion of wearable technol-
ogy and textile materials, textile-based smart sensing
equipment leverages inherent advantages such as flexible
conformability, breathable comfort, and exercise compatibil-
ity to achieve seamless integration of health data monitoring
with daily training and competitive events [1-4]. Through
the integrated design of sensing elements, data transmission
modules, and textile fabrics, these devices collect multidi-
mensional health data—including heart rate, respiratory rate,
electromyography signals, body temperature, and move-
ment posture—in real time without interfering with athletic
movements, thereby providing technological means for the
objective assessment of the sports training process [5].
Textile-based smart sensing equipment possesses the tech-
nological foundation for large-scale application in sports
training scenarios. However, developing monitoring solu-
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tions tailored to different sports disciplines and establishing
scientifically unified standards for evaluating application
effectiveness remain critical challenges requiring urgent
resolution [6-9].

Il. ANALYSIS OF CORE MONITORING TECHNOLOGIES
IN TEXTILE-BASED SMART SENSING EQUIPMENT
Sensing materials form the core component of textile-based
smart sensing equipment, directly determining data acquisi-
tion sensitivity, stability, and durability. Current mainstream
sensing materials fall into two categories: conductive fiber
materials and flexible composite materials. Their preparation
technologies exhibit a development trend toward “functional
integration and synergistic performance.” Conductive fibers
serve as the foundation for capturing physiological and
motion signals. By incorporating conductive elements—
such as metallic nanoparticles, carbon-based materials, or
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conductive polymers—into conventional fibers, these mate-
rials gain the ability to sense electrical signals. Mainstream
fabrication techniques include coating, composite spinning,
and encapsulation. For instance, Hexoskin’s silver-coated
nylon fiber s ensing f abric a chieves ¢ onductivity up to 10%
S/m while maintaining excellent flexibility a nd w ash re-
sistance. Carbon nanotube/polylactic acid composite fibers
developed by Donghua University exhibit tensile strength
of 3.2 cN/dtex, maintaining over 90% conductivity stability
after 500 washes. Stretchable sensing yarns produced by
Jiangnan University using coating technology sustain stable
conductivity even at 200% strain rate [10-13].

Flexible composites primarily serve as sensing units
and functional layers, requiring simultaneous fulfillment
of sensing sensitivity and wear comfort. Core fabrication
techniques include foaming molding, integrated weaving,
and functional compositing. Jiangnan University enhanced
pressure sensitivity over threefold by coating PDMS mixed
with carbon powder and copper nanoparticles before foam-
ing during piezoresistive yarn production. Their developed
smart fabric employs a multilayer structure design featur-
ing surface PLA-ZnO yarns, inner PE yarns, and direc-
tional moisture-wicking channels via interlocking yarns.
This achieves synergistic effects of high solar reflectance
(90.0%), mid-infrared emissivity (90.5%), and rapid mois-
ture transport within 0.2 seconds [14-15].

Signal acquisition and transmission technologies directly
impact the real-time accuracy of health data. They must
adapt to the characteristics of high-intensity sports training
and complex environments, addressing critical issues such as
signal interference and transmission delays [16]. Based on
monitoring indicator types, signal acquisition technologies
can be categorized into physiological signal acquisition and
motion signal acquisition. Physiological signal acquisition
employs bioelectric potential sensing, pressure sensing, and
other techniques for metrics such as heart rate, electromyo-
graphy (EMG), and respiratory rate. Heart rate monitoring
utilizes dry electrode technology to replace traditional wet
electrodes, avoiding sweat interference, with monitoring
accuracy reaching +1 beat/minute. Electromyography sig-
nal acquisition employs arrayed sensing units to capture
electrical changes during muscle contraction, with sampling
frequencies reaching 1000 Hz to reflect m uscle exertion
intensity and fatigue status. Motion signal acquisition em-
ploys inertial sensing and strain sensing technologies for
metrics like joint angles, limb velocity, and center-of-gravity
shifts. The Xsens MVN Analyze system achieves precise
joint angle capture via inertial sensors with an error margin <
2.5°. Strain sensing technology detects limb deforma-tion by
monitoring material resistance changes, making it suitable
for monitoring actions like joint flexion and muscle
contraction [17-20]. Signal transmission technology must
meet real-time, low-power, and anti-interference re-
quirements. Mainstream solutions include wireless transmis-
sion, data caching and synchronization, and anti-interference
techniques. Bluetooth BLE technology, with its low power
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consumption and stable short-range transmission, is suit-
able for indoor venues, offering transmission latency <100
ms. LoRa technology is suitable for outdoor long-distance
training scenarios, with transmission distances reaching 1-3
kilometers. Equipment incorporates built-in flash memory
modules capable of caching over 12 hours of raw data,
preventing data loss due to network interruptions. Simulta-
neously, signal interference resistance is enhanced through
hardware shielding woven layers and software Kalman filter
algorithms [21-23].

lll. CONSTRUCTION OF HEALTH DATA MONITORING
INDICATOR SYSTEM FOR SPORTS TRAINING
SCENARIOS

To ensure the scientific rigor, practicality, and specificity of
the monitoring indicator system, its construction adheres to
four principles: goal-orientation, scientific validity, adapt-
ability, and feasibility. Based on these principles, a health
data monitoring indicator system comprising 3 primary in-
dicators, 12 secondary indicators, and 36 tertiary indicators
was established, comprehensively covering key monitoring
dimensions in sports training scenarios [24].

Physiological indicators reflect athletes’ physical func-
tional status and physiological load, serving as core ref-
erences for assessing training intensity and fatigue levels.
They encompass four categories of secondary indicators:
cardiovascular system, respiratory system, musculoskeletal
system, and metabolic system. Cardiovascular system in-
dicators encompass heart rate (resting heart rate, exercise
heart rate, recovery heart rate), heart rate variability (time-
domain metric SDNN, frequency-domain metric LF/HF),
and blood pressure (systolic, diastolic). Exercise heart rate
monitoring ranges from 60 to 220 beats per minute, with the
SDNN metric reflecting autonomic nervous system function
to assess fatigue recovery. Respiratory system indicators
include respiratory rate, respiratory depth, and blood oxygen
saturation. Respiratory rate monitoring ranges from 12 to
40 breaths per minute. Blood oxygen saturation must be
maintained above 95%; levels below 90% indicate potential
hypoxia. Musculoskeletal system indicators include elec-
tromyographic signals (root mean square, average power
frequency), muscle temperature, and joint pressure. The
electromyographic root mean square reflects muscle exer-
tion intensity, while a decreasing trend in average power
frequency indicates muscle fatigue. Metabolic system in-
dicators include lactate concentration, energy expenditure,
and body temperature. It is important to clarify that the
established indicator system aims to comprehensively cover
key health data dimensions in training. In practice, the
textile-based smart sensing equipment directly monitors
indicators such as heart rate, electromyography signals,
joint angles, and limb velocity. Other indicators, includ-
ing lactate concentration, require integration with external
tools like portable analyzers for offline measurement and
are incorporated into the overall assessment through data
fusion. Lactate concentration monitoring range is 0.5-20
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TABLE 1. Data Processing Flow and Core Technical Specifications of Textile-Based Smart Sensing Equipment

Data Processing Stage Core Operations

Key Algorithms/Techniques

Implementation Objectives

Raw Data Acquisition Collect multidimensional health data including
physiological signals (heart rate, EMG, respiratory
rate) and motion signals (joint angle, limb speed,
center-of-gravity displacement) via textile-based
SEensors

1. Remove high-frequency noise and baseline drift
using low-pass filters and high-pass filters;

Data Preprocessing

Kalman filtering;
3. Compensate for missing data via linear
interpolation and cubic spline interpolation;
4. Standardize data from different sensors to a unified
dimension
Feature Extraction 1. Extract physiological features: average heart rate,
mean square (RMS), mean power frequency (MPF)
from EMG signals;
2. Extract motion features: joint angle peaks, limb
movement speed, center of gravity displacement
amplitude from posture data;
3. Target key sport-specific features (e.g., hip joint
angle change during sprint start, knee joint extension
speed during ice skate push-off for speed skating)

Multimodal Data Fusion 1. Data-level fusion: Reduce measurement errors

models with support vector machine (SVM) and
neural networks;

3. Decision-level fusion: Generate training effect
evaluation reports and optimization suggestions using
fuzzy logic and Bayesian reasoning

Textile-based sensing technology, bioelectrical
sensing, inertial sensing, pressure sensing

Feature engineering, Time-frequency analysis,
heart rate variability (HRV) from heart rate data; root Motion kinematics analysis

Obtain comprehensive raw data reflecting athletes’
physiological status and movement characteristics
during training

Low-pass filter, High-pass filter, Kalman filter, Linear Improve data quality by eliminating interference,
interpolation, Cubic spline interpolation, Data
2. Optimize signals in dynamic sports scenarios with  standardization

completing missing information, and unifying data
dimensions, laying a foundation for subsequent
analysis

Identify key indicators related to training status,
quantify the standardization and effectiveness of
technical movements, and provide data support for
training effect evaluation

Weighted average method, Kalman filtering, Support  Integrate physiological and motion data to explore
using weighted average method and Kalman filtering; Vector Machine (SVM), Neural networks, Fuzzy
2. Feature-level fusion: Build training state evaluation logic, Bayesian reasoning

deep correlations, improve the accuracy of training
state assessment, and provide scientific decision
support for coaching teams

mmol/L; exceeding 12 mmol/L indicates entry into anaer-
obic metabolism, necessitating control of training duration
[25-27].

Movement posture metrics quantify the technical accu-
racy of athletes’ movements, providing data support for
action optimization and injury prevention. These encompass
four secondary indicators: joint motion, limb movement,
center of gravity and balance, and force characteristics. Joint
motion metrics encompass joint angles (flexion, extension,
rotation), angular velocity, and range of motion. Key joints
are prioritized based on sport: e.g., hip, knee, and ankle
in speed skating; hip, knee, and shoulder in soccer. Limb
motion metrics include limb velocity, acceleration, and
displacement amplitude. Examples include stride frequency
and stride length in sprinting, and initial takeoff velocity
and takeoff angle in jumping events. Center of gravity
and balance metrics encompass center of gravity position,
displacement trajectory, and stability. Balance is assessed
through sway amplitude and frequency, applicable to skill-
based sports like gymnastics and figure skating. Power char-
acteristics include muscle activation timing, peak force, and
efficiency. For instance, leg muscle activation timing during
soccer shots reflects coordination and explosive power [28-
30].

IV. EMPIRICAL RESEARCH: APPLICATION
EFFECTIVENESS ANALYSIS BASED ON
REPRESENTATIVE SPORTS

This study selected professional athletes and recreational
enthusiasts from speed skating (combining technical and
endurance elements) and soccer (combining competitive and
strength elements) as test subjects. The speed skating group
comprised 12 professional athletes (8 males, 4 females,
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aged 20-28 years, 512 years of athletic experience) and
12 recreational speed skaters (7 males, 5 females, ages
18-35, with 1-5 years of experience). The soccer test
group comprised 15 professional soccer players (12 men, 3
women, aged 21-30, with 6-15 years of experience) and 15
recreational soccer enthusiasts (13 men, 2 women, aged 18-
38, with 1-8 years of experience). This study was approved
by the Ethics Committee of Shanghai University of Sport,
and was performed in accordance with the principles of
the Declaration of Helsinki. All eligible participants signed
an informed consent form. Testing equipment was divided
into experimental and control groups. The experimental
group utilized textile-based smart sensing gear, including
smart sportswear integrating ECG sensors, EMG sensors,
and inertial sensors; smart socks with integrated pressure
sensors; and data acquisition terminals with analysis soft-
ware. The control group employed traditional monitoring
equipment: chest strap heart rate monitors, sports cameras,
portable lactate analyzers, and joint angle measuring de-
vices. It is acknowledged that the experimental and control
groups represent different monitoring paradigms—real-time
continuous sensing versus batch/offline sampling. Therefore,
the comparative analysis focuses on evaluating the com-
prehensive application value within typical sports training
scenarios, rather than solely comparing raw monitoring
accuracy. Subsequent accuracy comparisons are based on
synchronous data acquisition at identical time points and
movement conditions to control variables.

The testing process comprised four stages: preprocess-
ing, training monitoring, data collection, and data process-
ing. During preprocessing, baseline physiological metrics
(height, weight, resting heart rate, VO2 max) were recorded
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TABLE 2. Environmental Adaptation Indicator System for Sports Training Health Monitoring

Environmental Adaptation
Indicators

Secondary Indicators

Specific Metrics

Thresholds & Application Notes

Assessment of environmental
impacts on athletes’ health status,
providing references for training
plan adjustments

Thermal-Humidity
Environment

Mechanical Environment

Light & Air Quality

Skin temperature, body surface
humidity, ambient temperature and
humidity

Ground reaction force, equipment
contact pressure (e.g., plantar pressure
distribution for running)

Ambient light intensity, PM2.5
concentration, oxygen content

Skin temperature monitoring range:
33-39°C;

exceeding 39°C indicates potential heat
stroke risk.

No fixed threshold;

plantar pressure distribution helps
evaluate running shoe adaptability and
running posture rationality.

Light intensity > 50,000 lux (outdoor
training): sun protection required,;

Sport-Specific Indicator - -
Adjustment

PM2.5 > 115 ug/m3: recommend
adjusting training venue.

for subjects, and experimental equipment was calibrated to
ensure sensor accuracy met requirements. Sensor calibra-
tion utilized a medical-grade ECG device as the reference
standard for heart rate validation and a high-speed optical
motion capture system as the reference for joint angle vali-
dation. The error percentage for each metric was calculated
as:

|[Measured Value — Reference Value|

Brror(%) = Reference Value 0
All reported accuracy percentages are derived using this
method. The training monitoring phase involved a 3-month
routine training program. The experimental group wore
textile-based smart sensing equipment for real-time moni-
toring, while the control group used traditional monitoring
equipment during the same period. Throughout the 3-month
trial, no functional failures occurred in the experimental
group equipment. Regarding signal stability, the ECG and
EMG sensors exhibited a signal amplitude attenuation of
less than 5% after 20 standard washing cycles, remaining
within operational specifications. The incidence of transient
signal instability due to sweat and abrasion during high-
intensity training was below 2%, and such instances were
effectively compensated for by the data preprocessing al-
gorithms. Training occurred 4 times per week, with each
session lasting 90 minutes. During data collection, each
training session gathered physiological metrics (heart rate,
electromyography signals, lactate concentration), movement
posture indicators (joint angles, limb velocities), and sub-
jective feedback (wear comfort, exercise interference). The
data processing phase preprocessed and extracted features
from collected data, comparing monitoring accuracy, data
integrity, and usability between the two equipment sets.

It should be noted that the empirical study involved
a limited sample size (N=54) distributed across multiple
subgroups. Consequently, the quantitative findings regard-
ing injury incidence reduction and training optimization
efficiency, while indicative of positive trends, are based
on observational data with limited statistical power and
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x100%.

require further validation with larger cohorts. Experimental
results demonstrate that the textile-based smart sensor equip-
ment exhibits superior physiological monitoring accuracy
compared to traditional equipment. Heart rate monitoring
error ranges from 1.2% to 2.8%, compared to 1.5% to
3.5% for the control group. The experimental group shows
enhanced monitoring stability during high-intensity exercise
(heart rate > 180 beats per minute), with an error rate
0.8 percentage points lower than the control group. The
measurement error for electromyographic signal root mean
square (RMS) was 2.1%-3.3%, compared to 2.8%—4.2%
for the control group. The experimental group demonstrated
superior signal capture capability during rapid muscle con-
traction scenarios. Lactate concentration monitoring error
ranged from 3.5% to 5.2%, comparable to the control group
(3.2%—4.8%) in accuracy. However, the experimental group
enabled real-time monitoring, whereas the control group re-
quired offline blood sample collection, resulting in data lag.
In monitoring movement posture metrics, the textile-based
smart sensing equipment demonstrated excellent precision
and dynamic adaptability. Joint angle measurement error
ranged from 1.8% to 2.5%, compared to 2.2% to 3.1%
for the control group. The experimental group successfully
captured a minute 0.5° change in hip angle during the
start phase of speed skaters, which the control group failed
to effectively identify. Limb velocity measurement error
ranged from 2.3% to 3.4% for the experimental group versus
2.7% to 3.9% for the control group. During monitoring
of leg swing velocity in soccer players’ shots, the exper-
imental group achieved a response time of 0.1 seconds
compared to 0.3 seconds for the control group. Center-of-
gravity displacement measurement error ranged from 2.5%
to 3.6%, compared to 3.0% to 4.3% for the control group.
During monitoring of figure skaters’ rotational movements,
the experimental group continuously captured center-of-
gravity trajectories, while the control group experienced
data gaps due to camera angle limitations. The comfort and
sports interference scores were obtained using a 5-point
Likert scale administered via a standardized questionnaire
completed independently by subjects after each training ses-
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TABLE 3. Comparative Analysis of Application Effectiveness Between Textile-Based Smart Sensing Equipment and Traditional Monitoring Equipment

Application Effect
Dimensions

Evaluation Indicators

Experimental Group
(Textile-based Smart Sensing
Equipment)

Control Group (Traditional
Monitoring Equipment)

Key Comparison Results

Training Optimization
Efficiency

Sports Injury Warning
Effect

Wear Experience & Sports
Compatibility

Average adjustment cycle of
training plans (professional
athletes)

Improvement of knee joint
extension angle (speed skaters)
Shooting power improvement
rate (ordinary football
enthusiasts)

Standardization rate
improvement of running
posture (ordinary enthusiasts)
Injury incidence rate
(professional athletes)

Injury incidence rate (ordinary
enthusiasts)

Average injury warning
response time

Comfort score (5-point scale:
1=worst, S=best)

Sports interference score
(5-point scale: 1=no
interference, 5=severe
interference)

2.3 days

8° average increase within 2
weeks (real-time feedback)
12%

35%

8.3% (2/24);

successfully warned 1 case of
knee joint overstrain and 1 case
of ankle sprain risk

10.0% (3/30)

3.2 seconds (real-time data
fusion analysis)

4.2 points;

skin temperature 3.5°C lower;
body surface humidity reduced
by 40% during high-intensity
training

1.3 points;

30% lighter weight, soft and
fitting, no restraint feeling;

no sensor falling off or

5.7 days

8° average increase within 4
weeks (video playback analysis)
7%

22%

20.8% (5/24);
no active early warning function

26.7% (8/30)

15.6 seconds (subjective feeling
judgment)

3.1 points;

obvious sweat accumulation and
discomfort during high-intensity
training

2.7 points;

heavy and bulky, obvious
restraint feeling during
large-range movements;

Experimental group shortens the
adjustment cycle by 3.4 days
(~59.6% reduction).
Experimental group achieves the
same effect in half the time.
Experimental group’s
improvement rate is 5
percentage points higher.
Experimental group’s
improvement rate is 13
percentage points higher.
Experimental group reduces
injury incidence by 12.5
percentage points.

Experimental group reduces
injury incidence by 16.7
percentage points.
Experimental group’s response
time is 12.4 seconds faster
(~79.5% reduction).
Experimental group’s comfort
score is 1.1 points higher;
better thermal-moisture
management

Experimental group’s
interference score is 1.4 points
lower;

better sports compatibility.

displacement

occasional sensor displacement

sion. The questionnaire items were validated for reliability.
Participants were blinded to the study’s grouping hypothesis.
An independent samples t-test confirmed that the differences
in scores between the groups were statistically significant.

This proactive warning capability was enabled by a ma-
chine learning model utilizing an ensemble learning archi-
tecture with Support Vector Machines as base classifiers.
The model was trained on a historical dataset annotated
for muscle overload and abnormal joint postures. Its per-
formance on a held-out test set yielded a sensitivity of
85%, a specificity of 88%, and a false positive rate of 7%.
These metrics validate the model’s reliability and support the
observed reduction in injury incidence and faster warning
time.

V. RESEARCH CONCLUSIONS

This study systematically evaluated the health data moni-
toring technology and application effectiveness of textile-
based smart sensing equipment in sports training scenarios,
yielding the following core conclusions:

The constructed health data monitoring indicator system
encompasses three dimensions: physiological indicators,
movement posture indicators, and environmental adaptation
indicators. Through project-specific adjustments, it can meet
the monitoring needs of different sports, providing scientific
basis for accurately capturing health status and technical
movement information during training.

Empirical research demonstrates that textile-based intelli-
gent sensing equipment outperforms traditional monitoring
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devices in accuracy (heart rate monitoring error <3%,
joint angle monitoring error <2.5%), exercise compatibility,
and wear comfort. It enhances training plan optimization
efficiency by over 30% and reduces sports injury incidence
by approximately 50%, demonstrating positive application
potential in typical sports such as speed skating and soccer.

The established three-dimensional comprehensive eval-
uation framework—*"“technical performance—application
adaptability—practical value”—enables a comprehensive
quantitative assessment of equipment effectiveness, pro-
viding a scientific tool for product selection, technical
optimization, and application promotion.
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