
 

 

 

 

 

 

  

Available online at www.HighTechJournal.org  

HighTech and Innovation  
Journal 

Vol. 7, No. 2, June, 2026 

 

 

645 

 

ISSN: 2723-9535 

Dance Performance Action Recognition Technology Based on 

Micro-Electro-Mechanical System Sensors 

Wei Song 1*  

1 School of Music, Hunan University of Technology and Business, Changsha 410205, China. 

Received 08 December 2025; Revised 21 March 2026; Accepted 09 April 2026; Published 01 June 2026 

Abstract 

The widespread use of intelligent algorithms in motion recognition has driven the continuous evolution of technology for 

recognizing dance performances. The goal of this study is to improve the accuracy, robustness, and temporal modeling 

capabilities of dance motion recognition using micro-electro-mechanical systems sensors. This objective is achieved by 

developing a hybrid analysis framework that integrated a calibrated and denoised MEMS acquisition process, a TimeGAN-

based sequence augmentation module, and a 1DCNN-ResBi-LSTM-Attention recognition network. The proposed method 

first uses window-based segmentation to extract multichannel motion representations. Then, the TimeGAN model 

generates high-fidelity synthetic samples to address data imbalance and improve intra-class variability. Subsequently, 

spatial-temporal features are learned through deep convolutional encoding and bidirectional residual recurrent layers. An 

attention mechanism then highlights key, discriminative motion frames. The experimental results demonstrated that the 

enhanced dataset improved recognition accuracy by 6.8%. The full model achieved peak accuracy of 98.7%, reduced 

RMSE, and an improved response time compared to the CNN-LSTM and CNN-ResBi-LSTM baselines. The main novelty 

lies in the combination of MEMS data augmentation and hierarchical, spatial-temporal modeling. This combination 

simultaneously addresses the issues of insufficient data diversity, weak long-sequence dependency representation, and 

suboptimal focus on salient motion details. The result is a more reliable solution for real-time dance movement analysis. 

Keywords: Micro-Electro-Mechanical System Sensors; Dance Performance; Movement Recognition; Graph Neural Networks; Attention 

Mechanisms. 

 

1. Introduction 

Dance movement recognition based on micro-electro-mechanical-system (MEMS) sensors has gained increasing 

attention due to its advantages of low cost, portability, and suitability for real-time performance analysis. Previous studies 

have examined different solutions for classifying human motion. These solutions include traditional machine learning 

approaches that rely on handcrafted statistical features and deep learning methods, such as convolutional neural network 

(CNN)-based spatial feature extraction and long short-term memory (LSTM)-based temporal modeling [1]. While these 

models have generally achieved promising results in human activity recognition, recent research indicates that complex 

artistic movements, such as those in dance, have highly nonlinear dynamics, subtle variations between frames, and strong 

temporal dependency. These characteristics make them more challenging for conventional architectures [2]. 

Furthermore, although data-driven models require large, diverse datasets to ensure generalization, many publicly 

available MEMS-based motion datasets are limited in size. These datasets often lack fine-grained motion categories and 

exhibit class imbalance. This constrains model robustness and increases the risk of overfitting. Several studies have 

attempted to improve temporal modeling through bidirectional recurrent networks or hybrid CNN-RNN structures [3]. 
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Others have explored generative models such as variational autoencoders or recurrent neural networks (RNNs) for 

data augmentation. However, current literature still presents notable gaps. First, existing augmentation models have 

limited ability to capture long-range temporal dependencies and preserve realistic, multi-channel motion correlations, 

often producing synthetic sequences with degraded continuity. Second, CNN-LSTM frameworks often have difficulty 

extracting discriminative representations from subtle, high-frequency dance movements. This results in insufficient 

attention to key frames and poor robustness under intra-class variability. Third, few studies integrate data augmentation 

with hierarchical spatiotemporal modeling in a unified framework specifically designed for recognizing dance motion 

using MEMS sensors. To address these shortcomings, the present study proposes an integrated recognition framework 

combining a TimeGAN-based sequence augmentation module with a 1DCNN-ResBi-LSTM-Attention network.  

The augmentation model enhances dataset diversity by generating high-fidelity motion sequences that maintain 

realistic temporal transitions and multi-axis sensor correlations. The recognition model uses deep convolutional 

encoding, residual bidirectional recurrent learning, and an attention mechanism. This allows it to capture both local 

motion variations and long-range dependencies. As a result, it can identify complex dance movements more precisely. 

The proposed method aims to fill the aforementioned gaps and provide a more reliable and generalizable solution for 

real-time MEMS-based dance movement analysis by jointly improving data richness, temporal representation capability, 

and salient-feature extraction. The novelty of the research lies in developing a dual-level enhancement framework that 

has not been reported in previous dance movement recognition literature. At the data level, the study is the first to 

incorporate TimeGAN into MEMS-based motion acquisition, enabling realistic trajectory expansion with preserved 

temporal continuity and multi-axis dynamics. At the modeling level, a hybrid 1DCNN-ResBi-LSTM-Attention network 

was introduced to learn local motion variations, bidirectional long-term dependencies, and salient temporal features 

simultaneously. This addresses the shortcomings of conventional CNN-LSTM architectures when it comes to capturing 

complex dance patterns. 

To provide a clear overview of the research process, the rest of this article is organized as follows: Section 2 

introduces the MEMS data acquisition procedure, the signal preprocessing pipeline, and the TimeGAN-based sequence 

augmentation mechanism. Section 3 details the proposed 1DCNN-ResBi-LSTM-Attention recognition model and its 

hierarchical spatiotemporal feature extraction strategy. Section 4 presents the experimental setup, evaluation metrics, 

baseline models, and comparative results, including ablation studies. Section 5 discusses the implications, limitations, 

and potential improvements of the proposed framework. Section 6 concludes the study and outlines future research 

directions. 

2. Related Works 

Many scholars have investigated the structure based on CNN or RNN and achieved some success in dealing with 

static or slow-motion operations. To improve the performance of the attitude estimation network, Liu et al. suggested a 

lightweight network based on the polarization self-attention mechanism (AM). According to the findings, the approach 

simultaneously optimized efficiency and performance while drastically lowering the number of model parameters with 

little loss of accuracy [4]. An elbow bending behavior recognition method based on pose estimation was proposed by F. 

Gong et al. in an attempt to increase the RA of construction site workers' phone call and smoking behaviors. The 

technique created a key point recognition model, optimized the region of interest localization to minimize complicated 

background interference, and retrained the key points of the human upper body using AlphaPose [5]. Meng et al. 

suggested a model-free technique for figuring out the attitude and inertial characteristics of on-orbit service non-

cooperative targets that combines enhanced Kalman filter with attitude map optimization. It was shown that the method 

effectively solved the alignment uncertainty, reduced the influence of measurement noise and drift error. Moreover, it 

had significant advantages over existing techniques in the inertial parameter identification accuracy [6]. 

Sports recognition technology is often used to automatically identify and analyze actions and behaviors in sports. 

Currently, many experts have conducted research on sports recognition technology. Sun et al. proposed a dynamic 

template mechanism for target recognition in sports competitions, which was interfered by uneven illumination and 

sudden changes. The method incorporated time control factors in the recognition algorithm and designed a classification 

strategy based on unsupervised clustering. Experiments indicated that the scheme could effectively detect multi-gesture, 

partially-obscured athletes in complex backgrounds, providing reliable technical support for competition action feature 

recognition [7]. Hao designed a novel action recognition algorithm to solve the problem of low efficiency of athlete 

detection and recognition algorithms. The algorithm performed grayscale processing by Otsu method, fused Harris 

corner point algorithm to realize multi-target tracking, and applied sequential algorithm to complete the connecting 

component labeling. The outcomes demonstrated that the suggested algorithm had exceptional performance and 

recognition efficiency, as well as useful reference value for correctly identifying athletes [8]. Geng developed a human 

motion model, built the necessary computer hardware and software platform, and used acceleration sensors as the 

medium to convert athlete movements into machine-recognizable action units. According to the study's findings, the 

suggested algorithm was able to categorize and identify the motion data that was gathered, which had some reference 

value for the theoretical examination of athlete movement identification [9]. 
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In summary, the development of intelligent algorithms in recent years has enabled a large number of researchers to 

conduct dance action recognition research using deep learning models, such as convolutional networks, recurrent 

networks, and AMs. These researchers have achieved preliminary results in multi-class action discrimination. However, 

dance sequences often have strong temporal correlations and spatial nonlinear characteristics. Coupled with limited data 

acquisition, traditional models still lack RA, real-time performance, and robustness. To address this challenge, the 

research combines MEMS to create a high-frequency sampling data acquisition system. It also designs an enhancement 

module that integrates graph modeling and a generation mechanism. Additionally, it constructs a recognition network 

with a hybrid network and an AM. These improvements effectively enhance the expression of features and the ability to 

classify complex time-sequential movements. The research aims to promote the practical implementation of high-

precision, high-efficiency action recognition technology in dance training and feedback systems. The goal is to provide 

feasible paths and technical support for motion perception and intelligent teaching. 

3. Methods 

3.1. Motion Data Processing Model for Dance Performance Based on MEMS and TimeGAN 

The theoretical foundation of this research lies in two complementary perspectives: sequence-generation theory for 

time-series augmentation and hierarchical spatiotemporal representation learning for motion recognition. From a 

generative modeling perspective, TimeGAN builds upon classical GAN and recurrent architectures by simultaneously 

optimizing adversarial, supervised embedding, and reconstruction losses. This enables generated sequences to preserve 

multidimensional temporal dependencies while maintaining realistic statistical properties. This theoretical structure 

addresses two fundamental limitations of MEMS-based motion datasets: insufficient diversity and weak intra-class 

temporal variation. It does so by ensuring that synthetic samples remain consistent with the underlying dynamical 

manifold of real motion data. In terms of recognition, the framework draws on deep spatiotemporal representation theory. 

CNNs are suited for extracting local spatial patterns, and recurrent networks capture long-range temporal correlations. 

The incorporation of residual bidirectional LSTM enhances gradient propagation and allows simultaneous forward and 

backward temporal reasoning, aligning with theories of temporal context modeling in sequential neural networks. 

Furthermore, the attention mechanism is grounded in feature-selection theory, assigning adaptive weights to 

discriminative motion segments and improving the interpretability and focus of temporal feature learning. These 

theoretical components are integrated into a unified pipeline, where data augmentation, temporal modeling, and feature 

prioritization reinforce each other. This provides a principled approach to analyzing complex, fine-grained dance 

movement sequences.  

MEMS is a class of multifunctional sensing elements based on the integrated manufacturing of micro-nano 

technology, which is widely used in the fields of motion capture, gesture sensing and smart wearable devices. Its core 

advantage lies in its tiny structure, low cost, low power consumption and easy integration. It can continuously and stably 

collect high-precision motion data without interfering with human activities [10, 11]. In the dance movement recognition 

task, MEMS sensors typically appear as an inertial measurement unit (IMU). IMUs are embedded with three-axis 

accelerometers, three-axis gyroscopes, and three-axis magnetometers. These sensors measure acceleration, angular 

velocity, and changes in the direction of gestures made by body parts in three-dimensional space. By fixing the IMU 

sensor to the key nodes of the dancer's limbs, the dynamic action sequence data of the human body in the process of 

dancing can be continuously collected, realizing high-fidelity restoration of the time-varying action trajectory. Figure 1 

displays the MEMS sensor structure schematic diagram. 
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Figure 1. Schematic diagram of MEMS sensor structure 
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In Figure 1, the upper left corner shows the power switch, through which the user can control the power supply of 

the module. The upper right corner shows the Bluetooth transmission interface, indicating that the module supports 

wireless transmission of data via Bluetooth for easy communication with external devices. The CPU area in the center 

is the core processing unit of the module, which is responsible for real-time processing and calculating the acceleration 

and angular velocity data collected by the sensors. The CPU is surrounded by several power connections and sensor 

interfaces, such as the USB port and charging port at the bottom, which are used for data transmission and providing 

power to the module, respectively [12]. The sensing components integrated within the sensor module are mainly used to 

capture the physical data generated during movement. It is also transmitted to an external device via Bluetooth for 

subsequent data analysis and motion recognition. The data collected by the MEMS sensors is processed by a 

preprocessing step to process the collected data. The steps are shown in Figure 2. 

Data 

correction

Smooth 

denoising

Smooth 

denoising

Signal 

separation

Signal 
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Data 

standardization

Sliding window 

segmentation  

Figure 2. Pre-processing flow of raw sensor data 

In Figure 2, the preprocessing flow, including five key steps of data correction, smoothing denoising, signal 

separation, data normalization, and sliding window segmentation. First, data correction is mainly used to correct the 

initial sensor offset and attitude drift errors. It is assumed that the original acceleration be 𝑎𝑟𝑎𝑤  and the corrected 

acceleration be 𝑎𝑐𝑜𝑟𝑟 , as shown in Equation 1. 

acorr r wa ba                           (1) 

In Equation 1, b denotes the static error bias. Next, smoothing denoising is performed to investigate the use of sliding 

average to reduce high frequency jitter. The defined smoothing sequence is shown in Equation 2. 
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In Equation 2, N is the window size. a(t) is the acceleration value at the t th moment. The third step of signal separation 

is to separate the acceleration signal from the angular velocity signal into two independent channels for input into the 

subsequent model [13]. The fourth step is data normalization, which is used to eliminate dimensional differences so that 

all channel data obey a uniform distribution. The study uses Z-score standardization as shown in Equation 3. 

std

x
x






                                      (3) 

In Equation 3, 𝜇 displays the mean, 𝑥 displays the original data, and 𝜎 is the standard deviation. Finally, sliding 

window segmentation divides the continuous time series into multiple frames through a fixed length time window for 

subsequent modeling analysis. Although the original sensor data has strong temporal structure and clear features after 

preprocessing, such as calibration, denoising, and segmentation, the overall dataset is insufficient and uneven due to the 

difficulty of acquiring actual dance samples. This easily leads to overfitting or an insufficient generalization ability of 

the deep recognition model during training [14, 15]. Therefore, the study further introduces structured modeling and data 

expansion of the processed action sequences based on TimeGCN. The model constructs the preprocessed multichannel 

time series as a graph structure. Among them, each time slice serves as a graph node, and the inter-node edge weights 

indicate the similarity or dynamic transfer probability of neighboring time frames. Local neighborhood features are 

extracted by introducing a graph convolution operation. Meanwhile, a time encoder is combined to capture long-range 

dependencies. This achieves high-fidelity modeling and sequence generation of the original data distribution. The flow 

is shown in Figure 3. 
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Figure 3. Structure of TimeGCN-based data generation model 

In Figure 3, the model consists of four parts: encoder, decoder, generator, and discriminator, which are jointly 

optimized centering on the potential coding space [16]. The real data is first mapped to the potential representation 

( )t th E x  by the encoder, and then reconstructed to the original sequence )ˆ (t tx R h  by the decoder. Among them, ˆ
tx  

is the original input sequence, 𝐸() and 𝑅() is the encoding and function. The reconstruction loss function is introduced 

in this process as shown in Equation 4. 

2[|| || ]ˆ
recon t tx x                         (4) 

In Equation 4, [ ]  displays the mathematical expectation operation, averaged over all training samples. || ||2 

denotes the L2 paradigm squared, which is the squared error measure. This equation is used to maintain semantic 

consistency in the latent space [17]. The generator uses random noise and temporal conditions as inputs to create a latent 

sequence. This sequence is then decoded to produce the generated data. The discriminator distinguishes between the 

generated and original latent sequences. Its corresponding loss function is shown in Equation 5. 

[log ( )] [log(1 ( ))]adv t tD h D h                        (5) 

In Equation 5, 𝐿𝑎𝑑𝑣 denotes the adversarial loss. 𝐷( ) is discriminator network function, and the output represents the 

probability that the input is true. Meanwhile, to maintain the time dependence, the supervisory loss is introduced as 

shown in Equation 6. 

2

1 1[|| || ]sup t th h                          (6) 

In Equation 6, 𝐿𝑠𝑢𝑝  is the supervisory loss, which measures the consistency of the continuity of the generated 

sequence in the time dimension with the true trajectory. ℎ𝑡+1 denotes the representation of the real potential sequence at 

the next moment. ℎ̃𝑡+1 denotes the predicted value of the generated potential sequence at the next moment. The model 

maintains temporal consistency throughout the encoding-reconstruction process and enhances generation quality via the 

discriminator, enabling the simulation and expansion of complex dance sequences with high fidelity. 

3.2. Dance Performance Action Recognition Model Based on 1DCNN-ResBi-LSTM-Attention 

After the TimeGAN model's structured modeling and augmented generation of the original dance action sequences, 

training data with strong temporal consistency and feature diversity are obtained. This provides a sufficient data basis 

for constructing the subsequent recognition model [18]. Therefore, the study further designs a dance action recognition 

model that integrates 1DCNN, ResBi-LSTM and AM, which is used to realize efficient classification and recognition of 

augmented data. Its structure is shown in Figure 4. 
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Figure 4 Structural analysis of dance performance action recognition model based on 1DCNN-ResBi-LSTM-Attention 
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Figure 4 shows that the model uses timing sensor data as input. It processes the data through a 1DCNN, a ResBi-

LSTM timing model, an attention weight allocation layer, and a fully connected classification layer. This allows 

the model to achieve high-precision discrimination of dance movement types. First, the input time-series data 

undergoes local feature extraction through the 1DCNN module. The convolution operation captures trends in action 

changes over short periods of time and compresses redundant information. Next, the feature sequences are fed into 

the ResBi-LSTM module, which combines forward and backward sequence modeling capabilities and achieves 

feature pass through residual structures. This effectively mitigates the gradient vanishing problem in deep network 

(DN) training [19, 20]. Based on this, the AM assigns weights to the hidden states at each point in the bidirectional 

output sequence. It automatically focuses on key frames that are most discriminative for classification. This 

improves the model's efficiency in utilizing long-term dependent information. Finally, the context vectors 

aggregated by the Attention module are input to the fully connected neural network layer, which outputs probability 

distributions corresponding to multiple dance movement categories. Figure 5 illustrates the 1DCNN module's 

structure within this paradigm. 
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Figure 5. Four-layer 1DCNN stacked structure 

In Figure 5, the input multi-channel sensor time series is first fed to the first layer convolution module. 

Subsequently, four layers of feature extraction are completed sequentially by Batch Normalization, Swish activation 

function with maximum pooling operation, and so on. The form of convolution operation for each layer is shown in 

Equation 7. 

( ) ( ) ( ) ( )Swish(BN( ))l l l ly W x b                        (7) 

In Equation 7, 𝑦(𝑙) displays the output feature map (FM) of layer 𝑙. 𝑊(𝑙) displays the one-dimensional convolutional 

kernel of the layer. ∗ displays the one-dimensional convolution operation. 𝑥(𝑙) displays the input FM of the layer. 𝑏(𝑙) 

displays the bias term. BN is the batch normalization operation and Swish is the activation function [21, 22]. The Swish 

function has a smooth nonlinear property as displayed in Equation 8. 

Swish( ) ( )x x x                         (8) 

In Equation 8, 𝜎( ) is the Sigmoid function (SF). 𝛽 is a trainable parameter to control the activation amplitude. The 

maximum pooling operation locally downsamples the FM to extract the most significant features and reduce the 

computational effort, as shown in Equation 9. 

( ) ( )

: 1max( )l l

i i i kz x                         (9) 

In Equation 9, 𝑧𝑖
(𝑙) denotes the 𝑖th pooling output and 𝑘 is the pooling window size. The four-layer stacking structure 

enables the model to fuse features layer by layer, from local short-term dynamics to global long-term dependence on the 

time axis. This provides multi-scale motion representation inputs for subsequent LSTMs with AMs [23, 24]. Figure 6 

depicts the ResBi-LSTM's structure. 
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Figure 6. Network structure of ResBi-LSTM module 

In Figure 6, the network combines forward LSTM (FLSTM) and backward LSTM (BLSTM) sequence modeling 

capabilities and introduces residual connectivity and layer normalization (LN) between layers to improve the training 

stability and expressive power of the DN [25]. The input of the network is the time series sample 𝑥𝑡, which is passed 

into the FLSTM and BLSTM branches respectively. The FLSTM output is ℎ𝑡⃗⃗  ⃗ and the BLSTM output is ℎ𝑡⃖⃗ ⃗⃗ . The two are 

spliced to form a context vector. The final output is then obtained by performing LN processing after the layer's output 

and input are added together using residual concatenation. The flow of information is controlled internally by the LSTM 

unit through a gating mechanism, and its state transfer formula is shown in Equation 10. 

{
  
 

  
 
𝑓𝑡 = 𝜎(𝑊𝑓𝑥𝑡 + 𝑈𝑓ℎ𝑡−1 + 𝑏𝑓)

𝑖𝑡 = 𝜎(𝑊𝑖𝑥𝑡 + 𝑈𝑖ℎ𝑡−1 + 𝑏𝑖)

𝑜𝑡 = 𝜎(𝑊𝑜𝑥𝑡 + 𝑈𝑜ℎ𝑡−1 + 𝑏𝑜)
𝑐̃𝑡 = 𝑡𝑎𝑛ℎ(𝑊𝑐𝑥𝑡 + 𝑈𝑐ℎ𝑡−1 + 𝑏𝑐)

𝑐𝑡 = 𝑓𝑡⊙ 𝑐𝑡−1 + 𝑖𝑡⊙ 𝑐̃𝑡
ℎ𝑡 = 𝑜𝑡 ⊙ 𝑡𝑎𝑛ℎ( 𝑐𝑡)

                    (10) 

In Equation 10, 𝑓𝑡, 𝑖𝑡, and 𝑜𝑡 denote forgetting gate, input gate, output gate, and control state update, respectively. 𝑐̃𝑡 
is candidate memory. 𝑐𝑡 is the cell state. ℎ𝑡 is the output. 𝜎 is the SF. ⊙ is the Hadamard product. 𝑊 and 𝑈 are weight 

matrices, respectively. 𝑏 is the bias term [26, 27]. Residual connections at each layer allow the gradient to traverse the 

nonlinear transform directly during backpropagation. The LN operation further normalizes the activation distribution 

and improves the training stability and network representation. The structure of the AM module is shown in Figure 7. 
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Figure 7. Structure of the attention mechanism module 

In Figure 7, the input to the mechanism is a set of temporal feature representations from the output of the LSTM or 

BiLSTM network at each time step. To calculate the importance score, or attention weight, for each time step, these 

temporal data are first fed into the fully connected layer for nonlinear transformation [28]. The weights reflect the relative 

contribution of the feature at that moment in time to the overall sequence. Subsequently, the model fuses the feature 

vectors at each time step weighted according to these weights. Valuable information is retained and redundancies are 

suppressed to obtain a global context vector as the final expression output. The context vector contains the 

comprehensive features of the whole sequence, and it also strengthens the most critical movement change points. This 

provides a clearer and more focused input for the subsequent classification of the full connectivity layer [29]. The 

precision and resilience of movement identification are greatly increased by this method, which enables the model to 

automatically "focus" on the important nodes of the dance motions, such as transitions. 
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4. Results 

4.1. Performance Analysis of MEMS and TimeGAN Based Motion Data Processing Model for Dance Performance 

The experimental environment for the study is Windows 10, Core i7-3320M with 8GB of RAM and GPU NVIDIA 

Geforce RTX3090 with 8GB of video memory. The dataset is constructed using a self-constructed dataset, which is 

constructed by collecting data from digital dance performance athletes through MEMS. The dataset contains three-axis 

acceleration, three-axis angular velocity, and three-axis magnetic force data. The sampling frequency is 100Hz to ensure 

dynamic feature reproduction at high temporal resolution. The dataset covers a wide range of dance styles such as hip-

hop, ballet, street dance, Latin, etc., and contains more than ten categories of typical movements such as basic steps, 

torso twisting, upper and lower limb stretching, and jumping in place. Each sample is labeled with movements and has 

good label consistency and diversity. In total, the dataset consists of 18 dancers and 12 movement categories spanning 

four major dance styles. A total of 9,360 raw motion sequences are collected, with each sequence containing between 

600 and 1,200 time steps, depending on the duration of the movement. After preprocessing and segmentation with a 100-

sample sliding window and 50% overlap, the final dataset includes 28,480 training samples and 7,120 test samples. This 

dataset scale ensures sufficient temporal variation and inter-subject diversity for training both the TimeGAN 

augmentation model and the hybrid 1DCNN-ResBi-LSTM-Attention recognition framework.  

To ensure reproducibility of the data acquisition process, six MEMS IMU sensors are attached to anatomically 

meaningful body segments. Specifically, sensors are placed on the left and right wrists, the lateral sides of the left and 

right ankles, the sternum, and the lumbar region. This six-node configuration captures distal limb movements and global 

trunk dynamics. This allows the model to learn fine-grained motion variations and whole-body coordination patterns. 

To maintain stable alignment during fast rotational or large-amplitude dance movements and minimize motion artifacts, 

all sensors are fixed using adjustable elastic straps. TimeGAN module are provided as follows. The latent vector 

dimension is set to 64, and both the embedding and generator networks consist of three stacked LSTM layers with 128 

hidden units each. The discriminator network includes two fully connected layers of sizes 256 and 128. All networks are 

trained using the Adam optimizer with a learning rate of 0.0002, β1=0.5, and β2=0.9. A batch size of 64 and a training 

epoch budget of 300 are used to ensure convergence. Gradient clipping of 1.0 is applied to prevent exploding gradients, 

and early stopping is triggered if no improvement is observed in 20 consecutive epochs. These settings collectively 

provide a stable and reproducible augmentation pipeline for MEMS-based motion sequences. The dance performance 

action data processing model based on RNN and the dance performance action data processing model based on 

variational auto encoder (VAE) are selected as comparison models. Figure 8 displays the findings. 
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Figure 8. Performance analysis of each model with unpaired number of iterations 

Following the generation of dance performance movement data under varying iterations, Figure 8(a) compares the 

recognition accuracy (RA) of three models-TimeGAN, VAE, and RNN. The accuracy of all models exhibits a 

consistently increasing trend as the number of training iterations rises. However, their final performance levels and rates 

of improvement differ substantially. TimeGAN achieves an accuracy of approximately 0.85 at 50 iterations, exceeding 

the 0.75 of VAE and the 0.70 of RNN. Its accuracy further increases to 0.96 at 200 iterations, surpassing the 0.89 of 

VAE and the 0.84 of RNN. These results suggest that TimeGAN is significantly better at producing consistent and 

distinctive samples, especially for complex, structured dance movement data with pronounced temporal characteristics. 

Consequently, TimeGAN outperforms alternative techniques by producing samples that are more consistent and 

discriminative, making it especially suitable for data with intricate structures and distinct temporal dependencies. The 

samples generated by TimeGAN also enhance the training effectiveness of subsequent recognition models. Figure 8(b) 

illustrates the RMSE trends of the three models across different iteration counts. As the number of iterations increases, 
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the RMSE of all models decreases. However, TimeGAN consistently has a lower RMSE throughout training. After 50 

iterations, its RMSE is approximately 0.22, which is significantly lower than the RMSEs of VAE (0.32) and RNN (0.35). 

It decreases further to around 0.13 after 200 iterations. In contrast, VAE and RNN reach 0.19 and 0.22, respectively. 

Overall, TimeGAN more effectively captures the dynamic variations of dance movement data. It produces high-quality 

sequences that more closely resemble real samples. This demonstrates its superior ability to model temporal 

dependencies and maintain data diversity. Five different types of dance movements are selected for analysis, namely, 

basic steps, torso twist, upper and lower limb extension, jumping in place, and rotational movements. The results are 

shown in Figure 9. 
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Figure 9. Comparison of training time and processing time of the model in processing five different dance movements 

Figure 9(a) presents a comparison of the training times of the three models when processing five different dance 

movements. Overall, the results indicate that the RNN model needs substantially more training time than the other two 

models, especially for Actions 2 and 3. These actions require approximately 2.9 and 3.8 s, respectively. In comparison, 

the VAE requires 2.1 and 2.3 s for the same actions, while TimeGAN requires only about 1.3 and 1.5 s. These findings 

indicate that TimeGAN is notably more efficient during the training phase. Its advantage stems from its joint optimization 

mechanism, which integrates adversarial learning and temporal modeling. This enables it to capture time-dependent 

features faster and reduce ineffective iterations. By contrast, RNNs are more susceptible to gradient diffusion and time-

consuming backpropagation when training long sequences, which results in substantially higher training times. Figure 

9(b) illustrates the data-processing elapsed times of the three models after generating different dance movements. The 

RNN model exhibits the highest processing times across all action categories, with Action 3 reaching approximately 3.8 

s—the longest duration observed. The VAE model's processing times fall between those of the RNN and the TimeGAN 

models. It demonstrates relatively stable performance for Actions 2 and 5, with processing times of approximately 1.9 

and 2.2 s, respectively. In contrast, TimeGAN achieves the lowest processing times across all five actions, requiring 

only about 1.2 s and 1.0 s for Actions 1 and 2, significantly outperforming both VAE and RNN. These results demonstrate 

that TimeGAN is substantially more computationally efficient during the post-generation processing stage. Its efficient 

temporal-embedding module and adversarial-training optimization reduce redundant computational paths in the network, 

thereby accelerating processing. Conversely, the RNN model demands greater computational effort due to its step-by-

step state-propagation mechanism, resulting in notably longer processing times. In summary, TimeGAN is highly 

efficient in processing while maintaining the quality of generated data. This makes it particularly suitable for tasks that 

require high RA and operational speed, such as dance movement data enhancement. The performance of different types 

of dance movements is analyzed. The results are shown in Figure 10. 
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Figure 10(a) represents the effect of the generated data of the three models on the RA under five different dance 
movement types. TimeGAN shows the highest accuracy in all action categories, especially in Action 3 and Action 4, 
where the accuracy is close to 0.98 and 0.99, respectively. It is significantly higher than 0.93 and 0.95 for VAE and 0.88 

and 0.91 for RNN. Whereas in Action 1, although the overall accuracy of the three models is on the low side, TimeGAN 
still reaches about 0.91, which is higher than the 0.86 of VAE and the 0.80 of RNN. This suggests that TimeGAN is 
more effective in retaining discriminative features of the original data when generating the dance action data, which 
improves the performance of the recognition model. Its superiority mainly comes from its fusion of adversarial training, 
temporal supervision, and reconstruction consistency triple constraint mechanism. In Figure 10(b), TimeGAN maintains 
the lowest error values on all types of actions, especially in Action 4 and Action 5, where the mean squared error (MSE) 

is about 0.08 and 0.09, respectively, which is significantly better than the VAE's 0.13 and 0.14, and the RNN's 0.18 and 
0.17. In Action 2, the MSE of the RNN model once exceeded 0.22, reflecting its significant deviation in this class of 
sequence generation. In summary, TimeGAN is capable of generating high-quality sequences stably on multi-category 
dance movement data. The comprehensive performance of each model is analyzed after the training is completed. Table 
1 displays the findings. 

Table 1. Comprehensive model performance analysis 

Index RNN VAE TimeGAN 

Accuracy 0.88 0.93 0.97 

MSE 0.19 0.14 0.09 

RMSE 0.32 0.26 0.18 

Training time (s) 1.6 2.3 2.7 

Processing time (s) 3.5 2.8 2.1 

Discriminative score 0.41 0.34 0.22 

Cosine similarity 0.78 0.85 0.91 

In Table 1, in terms of accuracy metrics, TimeGAN is significantly higher than VAE's 0.93 and RNN's 0.88 with 
0.97. It indicates that its generated data is more conducive to improving the classification performance of subsequent 

recognition tasks. In terms of the error index, the MSE and RMSE of TimeGAN are 0.09 and 0.18, which are much 
lower than those of VAE at 0.14 and 0.26 and RNN at 0.19 and 0.32. It indicates that its generated data are numerically 
closer to the real samples, and the reconstruction quality is higher. In terms of discriminative ability, TimeGAN has a 
Discriminative Score of 0.22, which is lower compared to VAE's 0.34 and RNN's 0.41. It means that its generated 
samples are more difficult to be distinguished as fake data and have stronger fidelity. In addition, in terms of feature 
consistency, TimeGAN has a cosine similarity of 0.91, which is significantly better than other models. It reflects its 

advantage in preserving the original temporal feature structure. Although TimeGAN is slightly higher than RNN and 
VAE in training time, it performs better in processing time, which is only 2.1 s. It indicates that its generation process is 
more efficient. In summary, TimeGAN outperforms the RNN and VAE in terms of RA, error control, generation fidelity, 
and feature consistency are better than the comparison models. It is the most balanced and optimal model in terms of 
performance performance in the current dance movement data enhancement task. 

4.2. Performance Validation of Dance Performance Action Recognition Based on 1DCNN-ResBi-LSTM-Attention 

The study selects the model's performance across several datasets as the comparison index and employs CNN-LSTM 
and CNN-ResBi-LSTM as comparison models to validate the suggested model's performance. Figure 11 presents the 
findings. 
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Figure 11. RA and RMSE of the model with different training set sizes 
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Figure 11(a) illustrates the RA trends of the three models under varying training set sizes. Although the performance 

gap among them widens, the accuracy of all models increases progressively as the amount of training data grows. When 

the sample size is small, the accuracy differences among the three models remain relatively minor. However, once the 

training set size reaches 600 or more, the accuracy of the 1DCNN-ResBi-LSTM-Attention model increases markedly. 

With a sample size of 1,000, its accuracy approaches 0.99, which is a significant improvement over the CNN-LSTM 

(0.91) and CNN-ResBi-LSTM (0.95) models. These results demonstrate that a structure integrating convolutional feature 

extraction, residual bidirectional modeling, and an attention mechanism is better suited for processing large-scale dance 

movement data. This structure can emphasize key frames more effectively and enhance classification capabilities. Figure 

11(b) depicts the RMSE variations of the three models across different training set sizes. Overall, the RMSE of all 

models decreases as the size of the training set increases. Among the three models, the 1DCNN-ResBi-LSTM-Attention 

model has the lowest RMSE. At training sizes of 800 and 1000, the RMSE is approximately 0.15 and 0.12, respectively. 

This substantially outperforms the RMSE of 0.22 and 0.18 of the CNN-LSTM and CNN-ResBi-LSTM models, 

respectively. In conclusion, the proposed model demonstrates greater stability and higher predictive accuracy compared 

with the baseline models across all training set sizes. Furthermore, the model’s performance across different action 

categories is also examined. The structure is shown in Figure 12. 
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Figure 12. Performance of the model in different types of actions 

Figure 12(a) presents the comparative accuracy results of the three models across six types of dance movement 

recognition tasks. The RA of the 1DCNN-ResBi-LSTM-Attention model exceeds that of both CNN-ResBi-LSTM and 

CNN-LSTM across all movement types. In particular, it performs especially well on Actions 3 and 6, achieving 

accuracies of approximately 92% and 95%, respectively. In contrast, the CNN-ResBi-LSTM model achieves accuracy 

of approximately 87% and 89% for the same movements. Meanwhile, the CNN-LSTM model performs worse, achieving 

accuracy of 81% and 84%. This performance improvement stems from three key factors: the model’s integration of 1D 

convolution for local feature extraction, residual bidirectional LSTM for enhanced temporal modeling, and an attention 

mechanism for emphasizing key frames. These components work together to enable more effective learning of the 

spatiotemporal characteristics of complex dance movements, thereby improving overall classification performance. 

Figure 12(b) illustrates the average response times of the three models across the six recognition categories. The CNN-

LSTM model has the longest response times of all movement types. Several responses exceed 300 ms, and movements 

2 and 5 reach approximately 340 ms. In contrast, CNN-ResBi-LSTM typically requires 200-250 ms for most movements. 

Despite incorporating the attention mechanism, the 1DCNN-ResBi-LSTM-Attention model maintains substantially 

better processing efficiency. Its response time does not exceed 250 ms for any of the six actions and drops to as low as 

180 ms for Actions 1 and 4. These results demonstrate the model’s strong real-time processing capability while 

preserving high accuracy. In summary, the proposed model architecture strikes an effective balance between RA and 

operational efficiency. This makes it well-suited for deployment in dance training and feedback systems that require 

rapid response times. After training, the overall performance of each model is evaluated. Table 2 displays the findings. 

In Table 2, the 1DCNN-ResBi-LSTM-Attention model performs optimally in all action types in terms of accuracy. 

The accuracy is especially high in Actions 3 and 4, reaching 93.6% and 95.2%, respectively. This is significantly better 

than the 88.2% and 89.8% of CNN-ResBi-LSTM and the 84.5% and 86.1% of CNN-LSTM. It indicates that it possesses 

a stronger recognition ability in complex action patterns. In terms of error management, the RMSEs of 1DCNN-ResBi-

LSTM-Attention in Actions 4 and 1 are 0.08 and 0.13, respectively. These values are substantially lower than the 0.19 

and 0.26 RMSEs of CNN-LSTM. It indicates that its generated output is closer to the real labels and has a higher 

prediction accuracy. The model also demonstrates high efficiency in terms of response time. Its average response times 

are 190 ms and 185 ms for Actions 1 and 2, respectively. These response times are much lower than the 320 and 310 ms 

of the CNN-LSTM, reflecting the optimized structure and light operation of the model. In summary, the 1DCNN-ResBi-
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LSTM-Attention model outperforms traditional models in terms of RA, error control, and response efficiency. It is 

particularly well-suited for dance performance action recognition scenarios that require real-time accuracy. The final 

performance of the model is analyzed using ablation experiments. Table 3 displays the findings. 

Table 2. Performance analysis of the model in different types of data 

Index Action type CNN-LSTM CNN-ResBi-LSTM 1DCNN-ResBi-LSTM-Attention 

Accuracy (%) 

Action 1 78.4 82.1 88.7 

Action 2 81.3 86 91.5 

Action 3 84.5 88.2 93.6 

Action 4 86.1 89.8 95.2 

Action 5 83.2 87.5 92.8 

Action 6 80.7 85.3 90.4 

RMSE 

Action 1 0.26 0.19 0.13 

Action 2 0.24 0.18 0.11 

Action 3 0.21 0.16 0.10 

Action 4 0.19 0.14 0.08 

Action 5 0.22 0.17 0.10 

Action 6 0.25 0.19 0.12 

Response time 

(ms) 

Action 1 320 250 190 

Action 2 310 240 185 

Action 3 315 255 200 

Action 4 330 260 210 

Action 5 305 245 195 

Action 6 325 250 198 

Table 3. Analysis of ablation experiments 

Metric Full model Without attention module Without ResBi-LSTM module Without 1DCNN module 

Accuracy (%) 93.4 89.2 87.1 84.5 

Precision (%) 94.1 90.3 88.7 86.2 

Recall (%) 92.5 88.1 85.9 83.4 

F1-score 0.92 0.89 0.87 0.84 

RMSE 0.14 0.19 0.22 0.25 

Response time (ms) 205 198 180 195 

Robustness (drop rate %) 5.6 9.2 11.5 13.8 

Feature stability score 0.91 0.85 0.82 0.78 

In Table 3, the full model performs best in all metrics with an accuracy of 93.4% and an F1-score number of 0.92, 

which is significantly better than the other three variants. When the attention module is removed, the model accuracy 

drops to 89.2%. This indicates that the module plays an important role in focusing on key frames and improving the 

discriminative ability. After removing the ResBi-LSTM module, the recall of the model decreases to 85.9%, and the F1-

score number decreases to 0.87. It shows that its key role in time-dependent modeling is irreplaceable. While in the case 

of removing the 1DCNN module, the model accuracy is the lowest, only 84.5%, and the RMSE rises to 0.25. It indicates 

that the convolution module is crucial for the extraction of local dynamic features, and the absence of this module will 

lead to a significant decrease in the feature expression ability. In terms of robustness, the performance degradation rate 

of the complete model under perturbation is 5.6%, while the degradation after removing 1DCNN is as high as 13.8%. It 

demonstrates that the module significantly improves the anti-disturbance capacity. In addition, the feature stability score 

is 0.91 for the complete model, which shows a significant decrease after removing any module, especially only 0.78 after 

removing the 1DCNN module. This indicates that the integrity of the network structure is of key significance for 

maintaining stable feature extraction and discrimination effects. In summary, the sub-modules synergize and 

complement each other in the model, which together constitute a high-performance recognition system. 
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To further position the contribution of the proposed framework within existing scholarship, the experimental results 

are compared with findings from representative studies on MEMS-based motion recognition and time-series 

augmentation. Prior works that employ handcrafted features combined with classical classifiers, such as SVM or Random 

Forest, typically report recognition accuracy in the range of 80-90%, are largely constrained by limited feature 

expressiveness and sensitivity to noise. Deep learning approaches have shown improved performance, with CNN-based 

models approximating 92-94% accuracy and CNN-LSTM hybrids reaching 94-96% in more recent studies. However, 

these models often struggle with complex motion categories, especially those containing rapid, non-periodic transitions, 

due to inadequate long-term temporal modeling and insufficient attention mechanisms. 

5. Discussion 

In selecting comparison baselines for the generative component, RNN- and VAE-based sequence models were 

chosen because they represent the most widely used classical architectures for time-series augmentation in MEMS-based 

motion recognition. Although advanced generators, such as temporal convolutional networks (TCNs) and transformer-

based architectures, demonstrated strong performance in large-scale vision and language domains, they remained limited 

in their applicability to small, sensor-level datasets due to their high data requirements, sensitivity to noise, and increased 

computational cost. Preliminary experiments revealed that transformer-based generators exhibited unstable convergence 

with the available dataset scale. Meanwhile, TCN-based models were less effective than TimeGAN at preserving multi-

axis temporal continuity. Therefore, the selected baselines allowed a fair and reproducible comparison within the 

constraints of MEMS motion data, while ensuring methodological relevance to prior research in wearable-sensing time-

series generation. In the field of dance performance movement recognition, current models face challenges such as data 

scarcity, high movement complexity, and strong temporal dependency. By comparing with existing approaches in the 

literature, the proposed model demonstrates significant advantages in handling dance movement data. Many existing 

studies have used a combination of CNNs and RNNs to recognize dance movements, but the performance of these 

models is deficient in the face of high-frequency variations and complex movements.  

In this research, the problem of sparse data and uneven categories was successfully solved by introducing MEMS 

sensor data enhancement and TimeGAN-based generative model. Its significantly improved the model's ability to capture 

complex actions. Compared with CNN-LSTM and CNN-ResBi-LSTM, the proposed model achieved an average 

accuracy of 93.4% in six categories of dance movements, which was much higher than the other compared models. More 

importantly, the removal of the convolution module significantly decreased the accuracy of the model. The RMSE 

increased to 0.25 and the feature stability score decreased to 0.78. It indicated that the convolutional feature extraction 

had a crucial role in capturing local dynamic changes. Specifically, the AM greatly enhanced the model's resistance to 

interference, and when this module was removed, the robustness degradation rate rose from 5.6% to 9.2%. This outcome 

aligned with the research conducted by Zhang et al. [30]. However, despite the excellent performance of the proposed 

method in terms of accuracy and efficiency, there are still some limitations. First, the dataset is relatively single-sourced, 

focusing mainly on specific dance styles. Future research should take into account combining diverse datasets from 

various sources to enhance the model's capacity for generalization. Second, the existing model's performance is still 

deteriorated in ultra-long time-series modeling, even though it performs exceptionally well in short-series data. 

6. Conclusion 

This study developed an integrated framework for fine-grained dance movement recognition. This framework 

combined MEMS-based data acquisition, TimeGAN sequence augmentation, and a hierarchical 1DCNN-ResBi-LSTM-

Attention recognition model. The experimental results demonstrated that the proposed approach effectively enhanced 

dataset diversity, improved temporal continuity in synthetic sequences, and significantly increased recognition 

performance. TimeGAN produced more realistic motion trajectories than traditional augmentation methods, such as 

RNN- or VAE-based generation. This resulted in a 6.8% improvement in downstream accuracy. The recognition model 

achieved peak accuracy of 98.7%, surpassing the CNN-LSTM and CNN-ResBi-LSTM baselines significantly. It also 

reduced RMSE and response time. These findings verified that jointly addressing data imbalance, temporal dependency 

modeling, and salient-feature extraction led to a more robust and reliable motion-recognition pipeline. Despite its strong 

performance, this study presented several limitations. This dataset was collected from a small group of participants and 

may not accurately reflect the full range of dance styles, movement intensities, or sensor placements. Additionally, 

although the proposed model captures both local and long-range dependencies, extremely long or highly irregular motion 

sequences may still challenge its temporal stability. Future research will focus on three areas: expanding the diversity of 

MEMS datasets, integrating multimodal inputs such as vision and skeletal data, and exploring more advanced generative 

models. These efforts will further enhance motion variability. Moreover, deploying the model in real-world wearable 

systems and assessing its performance in dynamic, unconstrained environments will be essential for advancing practical 

applications in intelligent dance training and human–computer interaction. 
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