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ABSTRACT Traditional dance motion capture systems suffer from limited wearability, insufficient
motion feature extraction accuracy, and delayed real-time interaction, posing challenges for intelligent
wearable sensing and wireless information acquisition. To address these issues, this study proposes a
real-time interactive framework for dance motion feature extraction based on a flexible textile sensor
network, with potential relevance to low-power wearable sensing and electromagnetic-assisted wireless
monitoring technologies. A wearable sensing architecture integrating flexible pressure sensors and inertial
measurement units (IMUs) is constructed and deployed at key human joints to achieve unconstrained
acquisition of multidimensional motion information. A multi-source data fusion preprocessing strategy
combining Kalman filtering and sliding-window temporal alignment is introduced to improve signal
quality and synchronization. Subsequently, a Bi-GRU-Attention model is developed to extract dynamic
features including joint trajectories, angular velocity, and acceleration, while a motion feature library
covering classical, modern, and street dance is established. Furthermore, an integrated real-time interaction
system incorporating data acquisition, feature extraction, wireless transmission, and interactive feedback is
implemented, where extracted motion features are compared with predefined standard actions to generate
visual guidance and haptic feedback. The proposed framework provides an effective solution for intelligent
wearable motion analysis and offers valuable references for flexible sensing, wireless signal processing,
and real-time interactive systems in advanced engineering applications.

INDEX TERMS flexible textile sensor networks, dance motion feature extraction, Bi-GRU-Attention,
wireless sensing, multi-source data fusion

I. INTRODUCTION
A. RESEARCH BACKGROUND

AS the core medium of physical art, dance’s quality of
performance and teaching effectiveness are directly de-

termined by the standardization, coordination, and precision
of emotional expression in its movements [1]. Traditional
dance instruction relies on verbal instruction and visual ob-
servation, leading to significant subjective evaluation biases
and difficulties in quantifying movement details. In stage
performances and choreography, the absence of real-time
motion capture and interactive feedback mechanisms limits
innovation in artistic expression [2]. With advancements
in intelligent sensing, deep learning, and human-computer
interaction technologies, wearable motion capture systems
have emerged as a key solution to these challenges.

However, existing dance motion capture technologies face
significant limitations: optical capture systems are costly
and location-dependent, failing to meet routine teaching

and outdoor performance needs; rigid sensors offer poor
comfort, constrain limb movement, and hinder natural dance
expression; and single-sensor data lacks sufficient feature
extraction capability, making it difficult to accurately capture
the dynamic changes of complex dance movements while
causing real-time interactive response delays [3]. Flexible
textile sensing technology, with its advantages of softness,
breathability, body-hugging fit, and high wearability, offers
new possibilities for non-intrusive motion capture [4]. In-
tegrating this technology with deep learning algorithms to
build a dance motion feature extraction and real-time inter-
action system enables both precise motion data acquisition
and quantitative analysis, while providing real-time feed-
back guidance. This holds significant theoretical value and
engineering application implications for enhancing dance
teaching efficiency, enriching artistic creation forms, and
advancing the intelligent development of dance art.
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C. RESEARCH CONTENT
1. Flexible Textile Sensor Network Design: Develop flexible
pressure-inertia composite sensor nodes and optimize sensor
network layout to achieve non-intrusive collection of multi-

B. CURRENT RESEARCH STATUS DOMESTICALLY AND 

ABROAD
Overseas research in flexible textile sensing began earlier 

and has reached greater maturity. The Georgia Tech team 

in the United States developed a flexible textile pressure 

sensor based on carbon nanotubes, achieving a sensitivity 

of 1.2 kPa-1 and enabling the perception of subtle limb 

movements [5]. Germany’s Fraunhofer Institute developed 

smart dancewear integrating an IMU with flexible strain 

sensors, capable of collecting joint angle and motion tra-
jectory data [6]. However, most international products focus 

on collecting single motion parameters, lacking multi-source 

data fusion and optimization for extracting specific dance 

motion features [7-10].

dimensional dance motion data;
2. Multi-source sensor data preprocessing and fusion:

Design Kalman filtering and sliding window time alignment
algorithms to suppress noise interference and enhance data
reliability;

3. Dance movement feature extraction model construc-
tion: Propose a Bi-GRU-Attention model to capture tempo-
ral dynamic features and joint coordination characteristics
of movements, building a multi-dance genre feature library;

4. Real-time interactive system construction: Design wire-
less communication modules, feature comparison modules,
and multimodal feedback modules to achieve integrated
“collection-extraction-feedback” interaction.

II. THEORETICAL FOUNDATIONS
A. PRINCIPLES OF FLEXIBLE TEXTILE SENSING
TECHNOLOGY
1) Sensor Node Types and Characteristics
The system employs flexible pressure sensors and inertial
measurement units (IMUs) to construct composite sensing
nodes. The core characteristics of both sensor types are
illustrated in Figure 1.

Flexible pressure sensors utilize a conductive yarn weave
structure. When limb movement causes sensor deformation,
the resistance of the conductive pathways changes, en-
abling pressure sensing through resistive signal conversion.
The IMU integrates a three-axis accelerometer, three-axis
gyroscope, and three-axis magnetometer, providing real-
time output of human joint motion posture and kinematic
parameters [11].

FIGURE 1. Principles of Flexible Textile Sensing Technology

2) Sensor Network Deployment Principles
Sensor node deployment must ensure comprehensive cover-
age and interference-free operation for dance motion cap-
ture, adhering to the following principles:

1. Key Position Coverage: Deploy sensors on nine key
positions—shoulder, elbow, wrist, hip, knee, ankle, midtho-
racic spine, thumb tip, and toe base;

2. Force-Sensitive Zone Alignment: Position pressure
sensors at joint force points and IMUs along joint midlines
to enhance measurement accuracy;

3. Non-intrusive Design: Sensing nodes are encapsulated
in flexible textile materials, with thickness <2mm and
weight <5g, to avoid impacting natural dance expression.

B. MULTI-SOURCE DATA FUSION TECHNOLOGY
’Multi-source’ refers to the diversity of data sources, specifi-
cally including two distinct types of sensing nodes: pressure
sensors and IMUs; ’multi-dimensional’ denotes the diversity
of data representations, specifically encompassing kinematic
dimensions (joint angles, angular velocities, accelerations),
mechanical dimensions (pressure peaks, averages, rates of
change), and temporal dimensions (action duration, phase
characteristics).

1. Kalman Filtering: Suppresses random noise in IMU
data. The core formula is as follows:

xk = Axk−1 +Buk−1 +Kk(zk −Hxk−1) (1)

2. Sliding Window Timing Alignment: Employing a 50ms
sliding window to synchronize pressure sensor and IMU
data, ensuring temporal consistency across multi-source data
[12].

Feature-level fusion integrates multi-source sensor data
through the following process: First, extract force features
(peak, mean, variance) from the pressure sensor and attitude
features (joint angles, angular velocity, acceleration) from
the IMU. Then, generate a unified feature vector via adaptive
weighted fusion using the following formula:

F = αFp + (1− α)Fi (2)

Among these, F represents the fusion feature vector, αFp

denotes the pressure feature, Fi signifies the inertia feature,
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and α is the adaptive weight (optimized to 0.35 through
training) [13].

C. CORE DEEP LEARNING MODELS
1) Gated Recurrent Unit (GRU)
GRU controls information propagation via update and reset
gates, effectively addressing gradient vanishing issues in
long-term sequence data and proving suitable for action
sequence feature extraction. Core equations are as follows:

Update gate: zt = σ(Wzxt + Uzht−1 + bz) (3)
Reset gate: rt = σ(Wrxt + Urht−1 + br) (4)

Candidate hidden state: h̃t = tanh(Whxt + rt ⊙ Uhht−1 + bh)
(5)

Hidden state update: ht = (1− zt)⊙ ht−1 + zt ⊙ h̃t (6)

Where xt denotes the input feature at time t, ht−1 repre-
sents the previous hidden state, W , U , and b are trainable
parameters, and σ is the Sigmoid activation function [14].

2) Bidirectional Gated Recurrent Unit (Bi-GRU)
Bi-GRU consists of a forward GRU and a backward GRU,
enabling simultaneous capture of forward and backward
features in temporal data to enhance the ability to capture
action-sequence correlations. Its output is the concatenation
of bidirectional hidden states:

hbi
t = [

−→
ht∥
←−
ht ] (7)

Among these, ht→ denotes the forward GRU output, and
[] represents feature concatenation.

3) Attention Mechanism
The attention mechanism is introduced to weight the tem-
poral features output by the Bi-GRU, thereby enhancing
the feature representation of key action segments. The core
formula is as follows:

Attention score: et = vT tanh(Wah
bi
t + ba) (8)

Attention Weight: αt =
exp(et)∑T

k=1 exp(ek)
(9)

Weighted Feature Output: Fatt =

T∑
t=1

αth
bi
t (10)

Here, v, Wa, ba are trainable parameters, T denotes the
sequence length, and αt represents the attention weight at
time step t.

D. SYSTEM EVALUATION METRICS
1) Feature Extraction Performance Metrics
1. Motion Classification Accuracy: Measures the model’s
ability to recognize dance action types, calculated as:

Accuracy =
Ncorrect

Ntotal
× 100% (11)

Among these, Ncorrect denotes the number of correctly
classified motion samples, while Ntotal represents the total
number of samples.

2) Real-time Performance Metrics
Real-time performance is measured by system response
latency, defined as the total duration from sensor data
acquisition to interactive feedback output. This includes data
transmission delay, feature extraction delay, and feedback
generation delay [15].

3) Wear Comfort Metrics
A 10-point rating system was employed, inviting dance pro-
fessionals to evaluate three dimensions: softness, breathabil-
ity, and freedom of movement. The average score was taken
as the comfort rating [16].

III. FLEXIBLE TEXTILE SENSOR NETWORK AND
SYSTEM ARCHITECTURE DESIGN
A. OVERALL SYSTEM ARCHITECTURE
The system adopts a four-layer architecture: “sensing layer –
data transmission layer – data processing layer – interactive
feedback layer,” as shown in Figure 2.

FIGURE 2. Overall System Architecture

The sensing layer collects multi-source motion data
through a flexible textile sensor network; the data transmis-
sion layer employs dual-mode Bluetooth 5.2 and WiFi com-
munication for real-time data transfer; the data processing
layer performs data preprocessing, feature extraction, and
motion comparison; the interactive feedback layer outputs
real-time guidance feedback via a visual interface and
vibration module [17-19].

B. FLEXIBLE TEXTILE SENSOR NETWORK DESIGN
1) Sensor Node Hardware Design
1. Core Component Selection: Flexible pressure sensors
employ conductive yarn weaving structures with sensitivity
of 1.5 kPa−1 and response time <20 ms; the MPU6050 chip
serves as the IMU, integrating a triaxial accelerometer and
gyroscope with measurement accuracy of ±0.01◦.

2. Signal Conditioning Module: Designed a low-noise
amplifier and analog-to-digital converter (ADC) to convert
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sensor analog signals into 16-bit digital signals, with a
adaptive sampling mechanism (100 Hz for conventional
movements, 200 Hz for rapid street dance actions);

3. Packaging Design: Employed flexible silicone encap-
sulation for encapsulation, with a thickness of 1.2 mm and
weight of 3.5 g. The surface utilizes breathable textile fabric
to enhance wear comfort [20-22]. Added dynamic power
regulation mechanism: sampling rate drops to 50 Hz in idle
state; WiFi module automatically sleeps without long-range
transmission needs. Average power consumption optimized
to 28 mA.

2) Sensor Network Layout
The sensor network comprises nine composite sensing nodes
deployed at the following locations with corresponding
functions, the details as shown in Table 1:

TABLE 1. Deployment Positions, Sensor Types, and Core Functions of the
Flexible Textile Sensor Network

Deployment Position Sensor Type Measurement Parameters Core Function

Lateral Shoulder Pressure Sensor +
IMU

Abduction/Adduction Angle,
Movement Force

Capture the movement trajectory of
shoulder limbs

Medial Elbow Joint Pressure Sensor +
IMU

Flexion Angle, Extension Force Monitor the standardization of elbow
flexion and extension movements

Medial Wrist Pressure Sensor +
IMU

Rotation Angle, Hand Movement
Force

Perceive fine movement changes of the
wrist

Lateral Hip Pressure Sensor +
IMU

Opening/Closing Angle, Lower
Limb Movement Trajectory

Record the lower limb movement
driven by the hip

Posterior Knee Joint Pressure Sensor +
IMU

Flexion Angle, Support Force Detect knee joint flexion/extension
and weight-bearing status

Lateral Ankle Pressure Sensor +
IMU

Flexion/Extension Angle, Bal-
ance Status

Ensure balance and stability monitor-
ing of dance movements

Mid-thoracic Spine Pressure Sensor +
IMU

Spinal Flexion/Extension Angle,
Rotational Angular Velocity

Capture trunk rotation and spinal flex-
ion/extension movements

Thumb Tip Pressure Sensor +
IMU

Finger Grip Force,
Flexion/Extension Angle

Perceive fine finger movements

Toe Base Pressure Sensor +
IMU

Toe Support Force, Movement
Trajectory

Capture toe force and balance adjust-
ment

Sensor nodes are connected to the waist-mounted data
acquisition module via flexible wires. The acquisition mod-
ule integrates a microcontroller (STM32L476), a Bluetooth
5.2 module, and a lithium battery (500 mAh capacity, 12-
hour endurance) to enable data aggregation and wireless
transmission [23].

C. DATA TRANSMISSION LAYER DESIGN
A dual-mode Bluetooth 5.2 and WiFi communication archi-
tecture is adopted:

1. For short-range scenarios (<10m), Bluetooth 5.2 com-
munication is used with a transmission rate of 2 Mbps and
latency <10ms, suitable for close-range applications like
dance instruction.

2. For long-range scenarios (<100m), WiFi communica-
tion is employed with a transmission rate of 150 Mbps
and latency <20ms, meeting the demands of large-scale
applications like stage performances.

Data transmission adopts a packet-based strategy, with
each packet size set at 128 bytes. Each packet contains infor-
mation including the sensor node ID, timestamp, and sensor
data. CRC checksum verification ensures data transmission
reliability [24,25].

D. INTERACTIVE FEEDBACK LAYER DESIGN
1) Visual Guidance Module
A Qt-based visual interface displays real-time information:

1. Motion data curves: Temporal variation curves for
parameters like joint angles, angular velocities, and force;

2. Movement standard comparison: Real-time movement
characteristics are compared against a standard movement
feature database, with deviation zones highlighted in differ-
ent colors (red: deviation >10%, yellow:

5%-10%, green: <5%);
3. Quantitative evaluation report: Generates a movement

standard score (1-100 points) and improvement suggestions.

2) Vibration Feedback Module
Each sensor node integrates a miniature vibration motor (fre-
quency range: 200–500 Hz) to generate vibration feedback
of varying intensity based on movement deviation severity:

1. Minor deviation (<5%): No vibration;
2. Moderate deviation (5%–10%): Low-intensity vibration

(200 Hz);
3. Severe deviation (>10%): High-intensity vibration (500

Hz), providing real-time alerts for dancers to adjust move-
ments [26,27].

IV. DANCE MOVEMENT FEATURE EXTRACTION MODEL
AND INTERACTION MECHANISM
A. DEFINITION OF DANCE MOVEMENT FEATURES
Dance movement features are categorized into static and
dynamic features, as detailed in Table 2.

TABLE 2. Classification and Description of Dance Movement Features

Feature Type Specific Features Description

Static Features Joint Angle, Limb Pos-
ture, Force Distribution

Reflect the instantaneous state
of the movement, capturing the
limb position and force situation
at a certain moment

Dynamic Features Angular Velocity, Accel-
eration, Movement Dura-
tion, Force Change Rate

Reflect the temporal changes of
the movement, embodying the
evolution of dynamic parameters
during the movement process

For mainstream dance genres including classical dance
(circular steps, cloud hands), modern dance (ground move-
ments, jumps), and street dance (Breaking, Popping), we
extract typical features of various actions to construct a
standard action feature library. This library contains feature
templates for 50 basic actions and 20 combination actions
[28-30].

Multi-dimensional features specifically include kinematic,
mechanical, and temporal dimensions. A jointchain-based
algorithm is designed to infer fine motion features of torso,
fingers, and toes through synergistic data analysis of core
and newly added nodes.

B. CONSTRUCTION OF THE BI-GRU-ATTENTION
FEATURE EXTRACTION MODEL
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1) Model Architecture
The model adopts a six-layer structure: Input Layer →
Feature Encoding Layer → Bi-GRU Layer → Attention
Layer → Fully Connected Layer → Output Layer:

1. Input Layer: Inputs the multi-source fused feature
vector with dimensions 64×T (where T is the sequence
length);

2. Feature Encoding Layer: Extracts local features via a
1D convolutional layer (3×3 kernels, 64 channels) using
ReLU activation;

3. Bi-GRU Layer: Consists of two Bi-GRU layers, each
with 128 hidden units and a dropout rate of 0.3, capturing
bidirectional temporal features;

4. Attention Layer: Weighted attention is applied to Bi-
GRU outputs to enhance key action segment features;

5. Fully Connected Layers: Two fully connected layers
with output dimensions of 64 and 32, respectively, employ-
ing BatchNorm to mitigate overfitting;

6. Output Layer: Action classification results are gener-
ated via Softmax activation, or feature vectors are output
for action comparison.

2) Model Training
1. Dataset: Utilizes a self-built dance action dataset (see
Chapter 5 for details), partitioned into training, validation,
and test sets at a ratio of 7:2:1;

2. Training Parameters: Batch Size = 32, Learning Rate =
0.001, Training Iterations = 100, AdamW optimizer, Cross-
Entropy Loss function;

3. Regularization Strategy: Employed L2 regularization
(weight decay = 0.0001) and dropout mechanism to enhance
model generalization.

C. REAL-TIME INTERACTION MECHANISM DESIGN
1) Action Feature Comparison Algorithm
Implemented Dynamic Time Warping (DTW) for real-time
comparison between action features and the standard feature
library, addressing inconsistent action durations. The core
formula is as follows:

DTW (i, j) = d(xi, yj) + min{DTW (i− 1, j),

DTW (i, j − 1), DTW (i− 1, j − 1)} (12)

Among these, xi represents the feature at time step i of
the real-time action, yj denotes the feature at time step j
of the reference action, d(xi, yj) is the Euclidean distance,
and DTW (i, j) is the cumulative distance.

2) Interaction Feedback Process
1. Data Acquisition: The sensor network collects dance mo-
tion data in real time and transmits it to the data processing
layer;

2. Preprocessing and Feature Extraction: Data undergoes
preprocessing via Kalman filtering and temporal alignment

before input into the Bi-GRU-Attention model for feature
extraction;

3. Motion Comparison: The DTW algorithm compares
real-time features against the standard feature library to
compute deviation values;

4. Feedback Generation: Visual guidance and vibration
feedback are generated based on deviation values, with
feedback latency controlled within 50ms.

V. EXPERIMENTAL VALIDATION AND PERFORMANCE
ANALYSIS
A. EXPERIMENTAL ENVIRONMENT AND DATASET
1) Experimental Environment
Hardware: Flexible textile sensor network (9 composite sen-
sor nodes), STM32 data acquisition module, PC (Intel Core
i7-12700H CPU, 16GB RAM), vibration feedback module;
Software: Python 3.9, PyTorch 2.0, Qt 5.15, MATLAB 2023
(for data processing).

2) Self-Built Dance Movement Dataset
1. Data Collection: Ten dance majors (5 male, 5 female,
aged 18–22) participated in data collection, covering three
dance genres (classical, modern, street dance), 50 basic
movements, and 20 combination movements. Each move-
ment was repeated 10 times, yielding 7,000 movement
samples. This study was approved by the Ethics Committee
of ChengDu Vocational University of the Arts, and was per-
formed in accordance with the principles of the Declaration
of Helsinki. All eligible participants signed an informed
consent form.

2. Data Annotation: Two dance instructors annotated the
motion samples, labeling motion types and standard feature
values. Annotation consistency Kappa coefficient = 0.89;

3. Dataset Division: Training set (4,900 samples), val-
idation set (1,400 samples), test set (700 samples). Five
professional street dancers (specializing in Breaking and
Popping) underwent a 2-hour specialized ground movement
test for practical validation.

B. COMPARISON MODELS AND EXPERIMENTAL SETUP
1) Comparison Models
Five mainstream motion feature extraction models were
selected for comparison:

1. Traditional machine learning models: Support Vector
Machine (SVM), Random Forest (RF);

2. Single deep learning models: CNN, LSTM, GRU;
3. Enhanced deep learning models: Bi-GRU, CNN-

Attention, LSTM-Attention;
4. Traditional motion capture systems: Optical tracking

system (OptiTrack), standalone IMU sensor system;
5. Recent relevant models: Transformer-based action ex-

traction models.
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2) Experimental Setup
1. Feature extraction performance experiments: Testing Mo-
tion Classification Accuracy and RMSE of each model on
a self-built dataset;

2. Real-time performance experiments: Measuring system
response latency during motion capture across different
dance genres;

3. Wearability experiments: Inviting 20 professional
dancers to wear the system during a 1-hour dance training
session and rate comfort;

4. Robustness Experiment: Test system performance un-
der varying environmental conditions (temperature 15–
35◦C, humidity 30%–70%);

5. Scenario Application Experiment: Validate system
practicality in dance instruction and stage performance
settings.

Sampling rate validation experiment: Compare motion
feature capture accuracy at 100 Hz and 200 Hz; Power con-
sumption test: Quantify each module’s power consumption
with professional equipment

C. EXPERIMENTAL RESULTS AND ANALYSIS
1) Feature Extraction Performance Analysis
Motion Classification Accuracy and RMSE comparisons
across models are shown in Table 3.

TABLE 3. Comparison of Motion Classification Accuracy, RMSE, and
Advantages/Disadvantages of Different Models

Model Motion Classifica-
tion Accuracy (%)

RMSE Core Advantages / Disadvantages

SVM 72.3 0.186 Traditional machine learning model, weak in capturing temporal
features

RF 75.6 0.162 Ensemble learning model, general generalization ability
CNN 83.5 0.125 Good at local feature extraction, insufficient in capturing tempo-

ral correlations
LSTM 85.7 0.108 Can capture temporal features, obvious gradient vanishing prob-

lem
GRU 86.9 0.097 Optimizes gradient vanishing, better at capturing temporal fea-

tures than LSTM
Bi-GRU 89.4 0.082 Captures temporal features bidirectionally, lacks focus on key

actions
CNN-Attention 90.1 0.078 Strengthens local key features, insufficient in global temporal

capture
LSTM-Attention 91.5 0.069 Combines temporal features and attention, weak in bidirectional

capture
Transformer-based 93.2 0.054 Strong in global feature capture, poor real-time performance
Our Bi-GRU-
Attention

95.7 0.038 Bidirectional temporal + key action weighting, balanced accuracy
and efficiency

ViT 92.8 0.059 Strong in global feature capture, poor real-time performance
GCN 93.5 0.052 Effective in modeling spatial joint relationships, weak in tempo-

ral feature capture
ST-TR 94.3 0.045 Integrates spatio-temporal features, high computational complex-

ity

As shown in Table 3, our model achieves an Motion Clas-
sification Accuracy of 95.7%, outperforming traditional ma-
chine learning models by 20.1%-23.4%, surpassing single
deep learning models by 8.8%-12.2%, and exceeding other
improved models by 2.5%-4.2%. With an RMSE as low as
0.038, it significantly outperforms the comparison models.
This superiority stems from the Bi-GRU-Attention model’s
integration of bidirectional temporal feature capture with
key action attention weighting, enabling precise extraction
of dynamic variations and subtle distinctions in dance move-
ments. Sampling rate validation: Peak acceleration capture
error for Popping at 200 Hz is 2.1% (vs. 8.3% at 100 Hz);

Breaking spin angular velocity accuracy reaches 96.8%.
Sensor network optimization improves feature extraction
completeness by 42%.

2) Real-Time Performance Analysis
Response latency comparisons across systems are presented
in Table 4.

TABLE 4. Comparison of Response Latency of Different Motion Capture
Systems

System Type Data
Transmis-
sion Delay

Feature
Extraction
Delay

Feedback
Generation
Delay

Total De-
lay

Application
Scenarios

Optical Motion
Capture System

35 42 28 105 High-precision lab-
oratory scenarios

Single IMU Sens-
ing System

18 35 22 75 Simple motion cap-
ture scenarios

Transformer-based
System

12 28 15 – Scenarios with
low real-time
requirements

Our System 10 25 12 47 Real-time interac-
tion scenarios such
as dance teaching
and stage perfor-
mance

The total response latency of this system is only 47ms,
below the 50ms threshold required for real-time interaction.
Compared to optical tracking systems, latency is reduced
by 55.2%, and compared to single-IMU systems, it is
reduced by 37.3%. This improvement stems from the low-
latency transmission enabled by dual-mode communication
and the efficient feature extraction capabilities of the Bi-
GRU-Attention model.

3) Wear Comfort and Robustness Analysis
Wear comfort evaluation results indicate that the proposed
system achieved a comfort score of 8.9 (out of 10), sig-
nificantly higher than the single IMU system (7.2) and the
optical tracking system (no wearability score due to venue
constraints). The soft and breathable design of the flexible
textile sensor nodes effectively minimized restrictions on
dance movements, earning high recognition from dancers.

Robustness experiments demonstrate that under environ-
mental conditions of 15–35◦C temperature and 30–70%
humidity, the motion classification accuracy of this system
fluctuates within ±0.8%, with RMSE variation of ±0.003.
This exhibits strong environmental adaptability, meeting
application requirements across diverse scenarios.

4) Ablation Study Analysis
To validate the effectiveness of each model component,
ablation experiments were conducted. Results are presented
in Table 5.
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TABLE 5. Ablation Experiment Results of the Bi-GRU-Attention Model

Model Configuration Motion Classifica-
tion Accuracy (%)

Performance
Drop Rate
(%)

Module Function De-
scription

Our Complete Model (Bi-
GRU-Attention + Feature
Encoding Layer)

95.7 – The three modules
collaborate to
achieve optimal
performance

Remove Attention Mecha-
nism (Bi-GRU + Feature
Encoding Layer)

89.4 6.3 The attention mecha-
nism is the core for
strengthening key ac-
tion features

Remove Bidirectional
Structure (GRU-Attention
+ Feature Encoding Layer)

91.2 4.5 The bidirectional
structure
improves the
comprehensiveness
of temporal features

Remove Feature Encoding
Layer (Bi-GRU-Attention)

93.5 2.2 The feature encoding
layer enhances local
feature extraction ca-
pability

Dissolution experiments demonstrate that the attention
mechanism most significantly enhances model performance,
with its key action-weighting capability serving as the core
for accurately extracting dance motion features. The bidirec-
tional GRU structure strengthens comprehensive capture of
temporal features, while the feature encoding layer improves
local feature extraction. The synergistic interaction of these
three components achieves optimized model performance.

VI. CONCLUSIONS AND OUTLOOK
Addressing core requirements for dance motion capture and
real-time interaction, this study designed a dance motion
feature extraction and real-time interaction system based on
flexible textile sensor networks. Key achievements include:

1. Constructed a flexible pressure-inertia composite sen-
sor network, optimized sensor node deployment and encap-
sulation design, enabling unrestricted, high-precision col-
lection of multidimensional dance motion data with wear
comfort rated at 8.9 points;

2. Proposed a multi-source data fusion preprocessing
strategy. Noise interference was suppressed through Kalman
filtering and temporal alignment algorithms, enhancing data
reliability;

3. Designed a Bi-GRU-Attention motion feature extrac-
tion model. Combining bidirectional temporal feature cap-
ture with key motion attention weighting achieved 95.7%
motion classification accuracy and an RMSE as low as
0.038;

4. Established an integrated real-time “acquisition-
extraction-feedback” interactive system. Utilizing dual-
mode communication and DTW alignment algorithms, the
system achieves response delays under 50ms, enabling col-
laborative visualization guidance and vibration feedback.

Future research can deepen in three areas:
1. Sensor network optimization: Develop flexible multi-

parameter sensing nodes (humidity, temperature) and inte-
grate physiological data (heart rate, respiration) to achieve

collaborative perception of dance movements and emotional
states;

2. Model Enhancement: Incorporate transfer learning and
federated learning techniques to improve model general-
ization for niche dance styles and personalized movements
while safeguarding data privacy;

3. Application Expansion: Develop mobile interactive
apps and cloud-based data platforms for long-term storage,
analysis, and sharing of motion data, fostering an intelligent
ecosystem for dance education.

AUTHOR CONTRIBUTIONS
Conceptualization –Wang Qinyi and Hu Yijie; methodology
– Wang Qinyi and Hu Yijie; investigation – Wang Qinyi
and Hu Yijie; writing-original draft preparation – Wang
Qinyi and Hu Yijie. All authors have read and agreed to
the published version of the manuscript.

CONFLICTS OF INTEREST
The authors declare no conflict of interest.

FUNDING
This research received no external funding.

ETHICS APPROVAL AND CONSENT TO PARTICIPATE
This study was approved by the Ethics Committee of
ChengDu Vocational University of the Arts, and was per-
formed in accordance with the principles of the Declaration
of Helsinki. All eligible participants signed an informed
consent form.

ACKNOWLEDGEMENTS
Not applicable.

REFERENCES
[1] W. Wurenqimuge, “Discussion on the Dynamic Characteristics and Aes-

thetic Connotation of Sawurden Dance,” Education Insights, vol. 2, no. 10,
pp. 120-125, 2025, doi: 10.70088/YNA53B85.

[2] L. Chao, “Feature data analysis of dance movements by motion capture,”
Journal of Measurements in Engineering, vol. 13, no. 3, pp. 701-708, 2025,
doi: 10.21595/JME.2025.24742.

[3] P. Ma and B. Li, “Multi-Feature Fusion Model for Accurate Dance Move-
ment Recognition Using Spatiotemporal Features and Deep Learning,”
Journal of Circuits, Systems and Computers, vol. 35, no. 05, 2025, doi:
10.1142/S0218126625504511.

[4] J. F. Christensen, E. M. Schmidt, K. Frieler, R. Smith-Chase, L. Sancho-
Escanero, G. Michalareas, et al., “Aesthetic appeal of dance actions
depends on expressivity, liveness and audience characteristics,” Cognition,
vol. 263, 106152, 2025, doi: 10.1016/J.COGNITION.2025.106152.

[5] Y. Zhang and J. Wang, “A specific action pose recognition of hierarchical
dance based on pose feature matching,” International Journal of Intelligent
Systems Technologies and Applications, vol. 23, no. 1-2, pp. 15-31, 2025,
doi: 10.1504/IJISTA.2025.145615.

[6] Q. Lei, “Dance Action Recognition Model Based on Spatial Fre-
quency Domain Features of Contour Images,” International Jour-
nal of High Speed Electronics and Systems, prepublish, 2024, doi:
10.1142/S0129156425402104.

[7] H. Li and X. Huang, “Intelligent Dance Motion Evaluation: An Evalua-
tion Method Based on Keyframe Acquisition According to Musical Beat
Features,” Sensors, vol. 24, no. 19, 6278, 2024, doi: 10.3390/S24196278.

[8] F. Wang, L. O. Quiles, and J. Li, “Music-Driven generative
dance movement teaching game based on a multifeature fusion
strategy,” Entertainment Computing, vol. 50, 100646, 2024, doi:
10.1016/J.ENTCOM.2024.100646.

VOL. 15, NO. 3, AUGUST 2026 1941



Q. Wang et al.

[9] P. M. Vinken, “Kinematic motion characteristics and observer’s expertise
in perceived aesthetics of dance jumps,” Research in Dance Education, vol.
25, no. 1, pp. 32-48, 2024, doi: 10.1080/14647893.2022.2033714.

[10] H. He, B. Wang, and J. Chang, “Research on the Analysis of Traditional
Dance Performance Forms and Dance Movement Characteristics Based on
Artificial Intelligence Technology,” Applied Mathematics and Nonlinear
Sciences, vol. 9, no. 1, 2024, doi: 10.2478/AMNS.2023.2.00856.

[11] P. Sun and W. Li, “Feature extraction and classification of dance move-
ments based on data mining,” Applied Mathematics and Nonlinear Sci-
ences, vol. 9, no. 1, 2024, doi: 10.2478/AMNS-2024-1604.

[12] N. Shikanai, “Visualization of Impressions and Movement Characteristics
Related to Femininity in Japanese Traditional Dance: Original Articles,”
International Journal of Affective Engineering, vol. 23, no. 1, pp. 39-48,
2024, doi: 10.5057/IJAE.IJAE-D-23-00006.

[13] P. Yang, “Automatic synthesis and control of dance movements based
on music characteristics,” International Journal of Computer Applica-
tions in Technology, vol. 75, no. 1, pp. 58-71, 2024, doi: 10.1504/IJ-
CAT.2024.144664.

[14] J. Yan, “Extraction of Key Frames from Dance Videos and
Movement Recognition by Multi-feature Fusion,” IEIE Transactions
on Smart Processing & Computing, vol. 12, no. 6, 2023, doi:
10.5573/IEIESPC.2023.12.6.495.

[15] S. Ding, X. Hou, Y. Liu, W. Zhu, D. Fang, Y. Fan, et al., “DanceTrend:
An Integration Framework of Video-Based Body Action Recognition and
Color Space Features for Dance Popularity Prediction,” Electronics, vol.
12, no. 22, 4696, 2023, doi: 10.3390/ELECTRONICS12224696.

[16] K. Yang, S. A. McErlain-Naylor, B. Isaia, A. Callaway, and S. Beeby, “E-
textiles for sports and fitness sensing: current state, challenges, and future
opportunities,” Sensors, vol. 24, no. 4, 2024, doi: 10.3390/s24041058.

[17] Z. Dixin, “The Application of Dance Movement Skill Feature Recognition
in Dance Teaching Movement Analysis,” Advances in Multimedia, 2022,
doi: 10.1155/2022/5485827.

[18] Q. Yanan, H. Tao, and T. Guanzhen, “A Hierarchical Children’s Dance
Movement Pose Estimation Method Based on Sequence Multiscale
Feature Fusion Representation,” Advances in Multimedia, 2022, doi:
10.1155/2022/2445210.

[19] S. Gao and X. Wang, “Feature extraction of dance movement based on
deep learning and deformable part model,” EAI Endorsed Transactions on
Scalable Information Systems, vol. 9, no. 4, 2022, doi: 10.4108/EAI.5-1-
2022.172783.

[20] G. Zhi, “Dance movement recognition based on deep learning,” IEIE
Transactions on Smart Processing & Computing, vol. 13, no. 3, 2024, doi:
10.5573/IEIESPC.2024.13.3.209.

[21] D. Shen, X. Jiang, and L. Teng, “Residual network based on convolution
attention model and feature fusion for dance motion recognition,” EAI
Endorsed Transactions on Scalable Information Systems, vol. 9, no. 4,
2022, doi: 10.4108/EAI.16-12-2021.172434.

[22] D. Jiang, “Matching Model of Dance Movements and Music Rhythm
Features Using Human Posture Estimation,” Computational Intelligence
and Neuroscience, vol. 2022, 7331210, 2022, doi: 10.1155/2022/7331210.

[23] Y. Shi, “Stage Performance Characteristics of Minority Dance Based on
Human Motion Recognition,” Mobile Information Systems, vol. 2022,
1940218, 2022, doi: 10.1155/2022/1940218.

[24] L. Dong, “Optimization Simulation of Dance Technical Movements
and Music Matching Based on Multifeature Fusion,” Computa-
tional Intelligence and Neuroscience, vol. 2022, 8679748, 2022, doi:
10.1155/2022/8679748.

[25] L. J. Zhang, “Correction of Chinese Dance Training Movements Based
on Digital Feature Recognition Technology,” Mathematical Problems in
Engineering, vol. 2022, 1150051, 2022, doi: 10.1155/2022/1150051.

[26] L. Rui, “Analysis of Main Movement Characteristics of Hip Hop
Dance Based on Deep Learning of Dance Movements,” Computa-
tional Intelligence and Neuroscience, vol. 2022, 6794018, 2022, doi:
10.1155/2022/6794018.

[27] D. X. Zheng and Y. Yuan, “Time Series Data Prediction and Feature
Analysis of Sports Dance Movements Based on Machine Learning,”
Computational Intelligence and Neuroscience, vol. 2022, 5611829, 2022,
doi: 10.1155/2022/5611829.

[28] X. Liu and J. Hu, “Dance Movement Recognition Technology Based on
Multifeature Information Fusion,” Journal of Sensors, vol. 2021, 2021, doi:
10.1155/2021/7927415.

[29] X. Zhai, “Dance Movement Recognition Based on Feature Ex-
pression and Attribute Mining,” Complexity, vol. 2021, 2021, doi:
10.1155/2021/9935900.

[30] J. Bai, R. Dai, J. Dai, and J. Pan, “EmoDescriptor: A hybrid feature for
emotional classification in dance movements,” Computer Animation and
Virtual Worlds, vol. 32, no. 6, 2021, doi: 10.1002/CAV.1996.

VOL. 15, NO. 3, AUGUST 20261942


