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Human motion understanding has become an important research area for choreography analysis, automated
dance teaching, virtual performance assessment, and interactive entertainment systems. However, existing
dance movement recognition methods often struggle to capture complex spatial skeletal relationships and
long-range temporal motion dependencies, reducing recognition accuracy for intricate dance movements. To
address this limitation, this study proposes a deep learning framework that integrates a Spatial-Temporal
Graph Convolutional Network (ST-GCN) with a Bidirectional Long Short-Term Memory (Bi-LSTM) network to
jointly learn spatial structural information and temporal motion dynamics for dance movement recognition
and performance evaluation. The framework constructs a spatio-temporal graph in which body joints are
graph vertices, bone connections are spatial edges, and inter-frame joint relationships are temporal edges to
preserve motion continuity. Experimental evaluation was conducted using the Dance Motion Capture Dataset
comprising 100 selected dance video sequences. The motion sequences were preprocessed through missing
value removal, Gaussian filtering, Min-Max normalization, and temporal sequence alignment before model
training and evaluation. Spatial features extracted by the ST-GCN were combined with temporal representations
learned by the Bi-LSTM and classified using a fully connected SoftMax layer. The framework was evaluated
using precision, recall, F1-score, and accuracy metrics and compared with K-Nearest Neighbors (KNN), Boost,
and Random Forest. Experimental results achieved 97.14% precision, 96.67% recall, 96.64% F1-score, and 96.67%
accuracy, demonstrating superior recognition performance. The proposed framework provides an effective
approach for dance movement recognition and supports applications in automated dance assessment, virtual
training systems, and human motion analysis.
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1. Introduction

Dance integrates body movements, rhythm, posture, emo-
tion, and coordination to convey artistic meaning and cul-
tural identity [1]. Growing interest in intelligent dance
performance analysis supports applications such as chore-
ography assessment, virtual training, and performance
evaluation. Dance requires balance, synchronization, tim-

ing precision, and spatial awareness among joints [2], yet
traditional evaluation relies on subjective human observa-
tion [3], driving demand for automated, real-time feedback
systems [4]. The complexity of contemporary dance styles
challenges motion understanding [5], as recognizing ges-
tures and transitions remains difficult [6]. Existing meth-
ods struggle to capture spatial joint relationships and long-
range temporal dependencies, along with motion noise
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and similar-movement discrimination [7]. These issues
intensify in group performances requiring multi-dancer
synchronization [8].

Existing dance recognition methods often lack inte-
grated spatial-temporal modeling. A framework combin-
ing skeletal graph learning and temporal dependency anal-
ysis is required for accurate movement recognition. Uni-
fied frameworks integrating motion preprocessing, spatial-
temporal graph construction, spatial feature learning, tem-
poral dependency modeling, and feature fusion remain lim-
ited for intelligent dance movement recognition and perfor-
mance evaluation. This paper proposes a unified ST-GCN-
Bi-LSTM framework that uses three-dimensional skeletal
motion data for intelligent dance movement recognition
and performance evaluation. Unlike conventional ST-GCN,
CNN-LSTM, and graph-based methods, the proposed
framework unifies motion preprocessing, spatial–temporal
graph learning, feature fusion, and complementary spa-
tial–temporal representation within a single end-to-end
architecture.

• Proposed a unified ST-GCN-Bi-LSTM framework for
joint spatial-temporal learning from three-dimensional
skeletal motion data.

• Developed a spatial-temporal skeleton graph repre-
sentation preserving anatomical joint connectivity and
motion continuity.

• Designed a motion preprocessing pipeline using
missing-value handling, Gaussian filtering, Min-Max
normalization, and temporal sequence alignment.

• Integrated graph-based spatial feature extraction with
Bi-LSTM temporal dependency learning through deep
feature fusion for enhanced motion representation.

• Demonstrated improved recognition performance
through comparative and ablation experiments
against conventional machine learning and baseline
deep learning methods.

The structure of the paper is as follows: In Section 1, the
Introduction is provided. Literature Review is presented in
Section 2. Materials and Methods are discussed in Section
3. Section 4 talks about the Result & Discussion. Section 5
is the conclusion.

2. Literature review

Recent studies on dance recognition, generation, and as-
sessment are reviewed to highlight ML and DL effective-
ness, advantages, and limitations. Miao et al. (2025) [9]

applied ST-GCN for folk dance movement evaluation using
skeletal data; however, reliance on ST-GCN alone limited
long-range temporal dependency modeling and generaliza-
tion. Wang and Tong (2022) [10] combined DL and IoT for
dance performance evaluation using motion monitoring,
but sensor noise and device dependency limited dynamic
performance.

Kritsis et al. (2022) [11] introduced DanceConv, a CNN
model for realistic dance sequence generation with smooth
transitions, but limited diversity and style generalization.
Zhang (2022) [12] used CNNs and biological image visual-
ization for posture analysis, improving interpretation accu-
racy while facing high computational costs and scalability
challenges for large datasets. Rani and Devarakonda (2022)
[13] developed a CNN-LSTM model for classical dance
pose estimation, capturing spatial-temporal feature strug-
gling with occlusion and complex backgrounds. Ferreira et
al. (2021) [14] introduced a graph convolutional adversar-
ial network for audio-driven dance generation, improving
music-motion synchronization while facing training insta-
bility and high computational demands. Table 1 presents
a comparative analysis of existing dance movement recog-
nition models. Existing dance analysis frameworks face
limitations in computation, robustness, datasets, and real-
time evaluation, requiring efficient deep learning solutions.
Existing ST-GCN, CNN-LSTM, and graph-based methods
separately learn spatial or temporal features, limiting mo-
tion representation. Integrating ST-GCN with Bi-LSTM
enables comprehensive spatial–temporal learning for com-
plex dance movement recognition and performance evalu-
ation.

3. Materials and methods

The framework preprocesses DMCD sequences, extracts
spatial–temporal features using ST-GCN Bi-LSTM, and clas-
sifies dance movements with Softmax, as shown in Fig. 1.

DMCD provides 3D skeletal dance sequences; 100 repre-
sentative videos were selected for evaluation [15]. The com-
plete DMCD contains approximately 12,000 dance videos,
from which a 100-video subset (20 per category) was se-
lected using stratified random sampling to ensure balanced
representation across the five dance categories. The sub-
set was partitioned into 80% training and 20% validation
data, with duplicate, corrupted, and incomplete skeletal
sequences excluded to maintain data quality.

Table 2 summarizes the experimental configuration for
training and evaluation, enhancing methodological trans-
parency and ensuring reproducibility of the reported re-
sults. Preprocessing removes missing joints and noise, en-
suring consistency (Eq. (1)).
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Table 1. Comparative Evaluation of AI and DL Dance Recognition Methods.

Author Method Dataset / Applica-
tion

Objective Advantage Limitation

Miao et al. (2025)
[9]

ST-GCN Public + folk
dance skeletal
data

Dance evaluation
via skeletal data

Captures spatial
joint relations

Limited long-
range temporal
modeling

Wang and Tong
(2022) [10]

DL with IoT inte-
gration

Dance motion
monitoring data

Dance perfor-
mance

Improved real-
time tracking

Noise / device-
sensitive

Kritsis et al. (2022)
[11]

DanceConv CNN Dance motion se-
quences

Dance motion
generation

Smooth motion
output

Poor style general-
ization

Zhang (2022) [12] CNN + bioimage
visualization

Dance posture im-
ages

Dance posture
analysis

Improved visual
interpretation

High computa-
tional cost

Rani and De-
varakonda (2022)
[13]

CNN–LSTM Classical dance
video sequences

Pose recognition Spatial + tempo-
ral features

No skeletal graph
topology

Ferreira et al.
(2021) [14]

GCN Adversarial
Network

Audio-driven
dance dataset

Dance motion
generation

Better motion–
music sync

The model is for
generation only,
not recognition.

Table 2. Experimental setup and hyperparameter configuration.

Hyperparameter / Setting Value / Description

Input representation 3D skeletal sequences (33 joints, ≤ 100 frames)
Batch size 16
Learning rate 1× 10−3

Optimizer Adam
Epochs 32
Dropout rate 0.5
Loss function Categorical Cross-Entropy
Output activation Softmax
Random seed 42
Tuning strategy Validation-based grid search
Evaluation metrics Accuracy, Precision, Recall, Macro-F1

G(x) =
1√

2πσ2
e−

x2

2σ2 (1)

where G(x) represents the Gaussian kernel, x denotes tem-
poral distance, and σ defines smoothing strength while
preserving motion dynamics and reducing noise. Gaus-
sian filtering used a 5× 5 kernel with σ = 1.2 and reflect
padding, effectively reducing high-frequency skeletal noise
while preserving motion continuity before ST-GCN fea-
ture extraction. Min-Max normalization was performed
independently for each motion sequence rather than across
the complete dataset, preserving individual dance motion
characteristics before ST-GCN and Bi-LSTM feature extrac-
tion. Min-Max normalization scales coordinates for stable
convergence (Eq. (2)).

Jnorm =
J − Jmin

Jmax − Jmin
(2)

where Jnorm , J, Jmin , and Jmax denote normalized, actual,
minimum, and maximum joint coordinates. Motion con-
tinuity is preserved by combining temporal interpolation,
Gaussian smoothing, and sequence alignment before graph
construction, maintaining smooth frame transitions and
consistent trajectories for reliable spatial-temporal graph
representation. Temporal alignment normalizes motion
lengths, enhancing consistent sequential learning. A se-
quence length of 100 frames was selected to capture com-
plete dance movement cycles while maintaining uniform
temporal representation, reducing variability and enabling
consistent spatial-temporal feature learning across samples.
Skeleton graph models spatial-temporal joint relationships
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Fig. 1. Proposed block diagram.

(Eq. (3)).

G = (V, E) (3)

where G denotes skeleton graph, V is the set of nodes,
and E indicates joint connections. Spatial edges connect
anatomically adjacent joints to preserve skeletal structure
and posture relationships, while temporal edges connect
the same joint across frames to capture motion continuity
and dynamic movement evolution.

3.1. Spatial-Temporal Feature Learning and Dance Move-
ment Classification

ST-GCN and Bi-LSTM capture spatial postures and tempo-
ral motion dependencies.

The hybrid ST-GCN–Bi-LSTM architecture extracts spa-
tial–temporal features and classifies dance movements us-
ing Softmax, as shown in Fig. 2. The proposed framework
consists of three ST-GCN layers for spatial–temporal skele-
tal feature extraction, followed by a two-layer Bi-LSTM for
bidirectional temporal modeling. The extracted spatial and
temporal features are concatenated and passed through a
fully connected layer with ReLU activation before Softmax
classification.

Table 3 summarizes the ST-GCN–Bi-LSTM architecture,
including ST-GCN design, Bi-LSTM configuration, feature
fusion strategy, classifier, and training settings. Hyper-
parameter optimization was performed using validation
performance, and the evaluated candidate configurations
together with the final selected values are presented in
Table 4.

Bi-LSTM is defined in Eq. (4).

ht =
[︂−→

ht ;
←−
ht

]︂
(4)

Fig. 2. Architecture of the proposed hybrid ST-GCN -
Bi-LSTM framework.

where ht represents bidirectional hidden features, fused
with Softmax classification for accurate multi-class dance
movement recognition. Feature concatenation preserves
complementary spatial and temporal information with-
out loss from averaging. Compared with feature addition
and attention-based weighting, it retains complete repre-
sentations, enabling richer spatial-temporal embeddings
for dance recognition. ST-GCN and Bi-LSTM features are
concatenated to form fused features Ffusion , combining
FSTGCN and FBiLSTM as defined in Eq. (5).

Ffusion = [FSTGCN ; FBiLSTM] (5)

4. Results and discussions

The Python-based ST-GCN–Bi-LSTM employs Conv2D,
BiLSTM, and Softmax for dance recognition.

Table 5 summarizes the computational complexity of the
proposed ST-GCN–Bi-LSTM framework, demonstrating
efficient parameter utilization, FLOPs, memory footprint,
and inference latency for real-time deployment.

Fig. 3 illustrates annotated Hip-Hop movement recogni-
tion, including joint labels, confidence visualization, influ-
ential skeletal regions, and classification confidence.

Fig. 4 demonstrates annotated ballet movement classifi-
cation using joint labels, confidence visualization, influen-
tial skeletal regions, and classification confidence.

Fig. 5 illustrates annotated contemporary movement
classification using joint labels, confidence visualization,
influential skeletal regions, and classification confidence.

Fig. 6 presents annotated folk dance classification us-
ing joint labels, confidence visualization, influential skele-
tal regions, and classification confidence. The Folk Dance
example contains partially occluded skeletal regions; the
framework maintains reliable recognition by exploiting vis-
ible joint connectivity and temporal continuity, ensuring
robust feature learning despite incomplete observations.
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Table 3. Experimental Configuration.

Component Configuration
Input representation 3D skeletal joint sequences (33 joints, maximum 100 frames)
ST-GCN layers 3 Spatial-Temporal Graph Convolution layers
Graph structure Natural skeletal adjacency with spatial and temporal edges
Graph kernel size 3
Temporal kernel size 9
ST-GCN output channels 64 → 128 → 256
Bi-LSTM layers 2
Bi-LSTM hidden units 128 per direction (256 combined)
Sequence length 100 frames
Feature fusion Concatenation (512-dimensional feature vector)
Fully connected layer 512→ 256 (ReLU)

Table 4. Hyperparameter Search Space and Optimal Configuration.

Hyperparameter Candidate Values Selected Value Selection Criterion

Learning Rate {0.1, 0.01, 0.001, 0.0001} 0.001 Highest validation accuracy
Learning-Rate Scheduler {None, Step Decay} Step Decay Stable convergence
ST-GCN Layers {2, 3, 4} 3 Optimal feature extraction
Hidden Units (BiLSTM) {64, 128, 256} 128 Highest validation F1-score
Dropout Rate {0.2, 0.3, 0.5} 0.3 Overfitting mitigation

Table 5. Computational Complexity and Inference
Performance of the Proposed Framework

Metric Value

Trainable parameters 3.42 million
Computational complexity 1.86 GFLOPs / sequence
Model size 13.7 MB
Peak memory usage 612 MB (CPU), 1.28 GB (GPU)
Mean inference latency 18.6 ms / sample

Fig. 3. Annotated Hip-Hop dance movement classification
using skeletal features.

Fig. 7 presents annotated salsa movement classifica-
tion using joint labels, confidence visualization, influential
skeletal regions, and classification confidence.

Fig. 4. Annotated ballet dance movement classification
using skeletal features.

Table 6 compares the false positive and false negative
rates of the proposed framework with baseline methods.
The proposed ST-GCN–Bi-LSTM model achieves the lowest
error rates, demonstrating superior classification reliabil-
ity and reducing both incorrect positive predictions and
missed dance movement classifications.

Figs. 8 and 9 illustrate the feature-space distributions
obtained using t-SNE and UMAP, respectively. Both vi-
sualizations demonstrate compact intra-class clustering
and clear inter-class separation across the five dance cat-
egories, indicating that the proposed ST-GCN–Bi-LSTM
framework learns discriminative spatial–temporal repre-
sentations with strong class separability.
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Table 6. Comparison of False Positive Rate and False Negative Rate.

Model False Positive Rate (%) False Negative Rate (%)

RF 8.24 9.12
XGB 7.15 8.34
KNN 10.46 11.28
Proposed ST-GCN–Bi-LSTM 2.31 2.85

Table 7. Component-wise Ablation Study of the Proposed ST-GCN–Bi-LSTM Framework.

Configuration GF MMN TSA ST-GCN Bi-LSTM Fusion Accuracy (%) F1-score (%)

Baseline × × × ✓ × × 89.84 89.81
+ Gaussian Filtering ✓ × × ✓ × × 91.26 91.18
+ Min-Max Normalization × ✓ × ✓ × × 92.48 92.41
+ Temporal Alignment × × ✓ ✓ × × 93.17 93.14
+ Complete Preprocessing ✓ ✓ ✓ ✓ × × 94.68 94.63
+ Bi-LSTM ✓ ✓ ✓ ✓ ✓ × 95.86 95.82
+ Proposed (Feature Fusion) ✓ ✓ ✓ ✓ ✓ ✓ 96.67 96.64

Table 8. Subject-Independent and Performer-Disjoint Evaluation.

Evaluation Protocol Accuracy (%) Precision (%) Recall (%) F1-score (%)

Random Split (80/20) 96.67 97.14 96.67 96.64
Subject-Independent Cross-Validation 95.92 96.51 95.84 95.76
Performer-Disjoint Testing 95.38 96.03 95.21 95.15

Table 9. Repeated 5-Fold Cross-Validation Results.

Metric Accuracy Precision Recall F1-score

Mean± SD (%) 96.67± 0.19 97.28± 0.14 96.64± 0.17 96.60± 0.18
95% Confidence Interval 96.43–96.91 97.10–97.46 96.43–96.85 96.38–96.82

Fig. 5. Annotated contemporary dance movement
classification using skeletal features.

Fig. 10 shows perfect classification for four dance classes,
with only two Contemporary samples misclassified as

Fig. 6. Annotated folk dance movement classification
using skeletal features.

Salsa due to similar movement patterns. The confidence
score represents the Softmax probability assigned to the
predicted dance class. Higher confidence values indicate
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Fig. 7. Annotated salsa dance movement classification
using skeletal features.

Fig. 8. t-SNE visualization showing learned
spatial–temporal feature class separability.

Fig. 9. UMAP visualization showing learned
spatial–temporal feature class clustering.

greater certainty in the classification, whereas lower scores
suggest ambiguity caused by similar movement patterns
or overlapping spatial-temporal characteristics, thereby in-
dicating prediction reliability. The superior performance of

the proposed ST-GCN–Bi-LSTM framework is attributed
to complementary spatial and temporal feature learning.
Balanced class distribution minimizes class imbalance, al-
though visually similar dance movements occasionally re-
sult in misclassification. These findings are consistent with
previous ST-GCN and CNN-LSTM studies, while the lim-
ited dataset size remains a constraint on generalization.

Fig. 10. Confusion Matrix of proposed model.

Table 7 presents a component-wise ablation study eval-
uating the individual contributions of Gaussian Filtering
(GF), Min–Max Normalization (MMN), Temporal Sequence
Alignment (TSA), ST-GCN, Bi-LSTM, and feature fusion.
The progressive performance improvement demonstrates
the contribution of each component, with the complete
proposed framework achieving the highest recognition per-
formance. The proposed ST-GCN–Bi-LSTM framework
is designed for dance movement recognition rather than
subjective dance quality assessment. In this study, perfor-
mance evaluation refers to the quantitative evaluation of
the recognition model using accuracy, precision, recall, F1-
score, and Softmax classification confidence. Accordingly,
the reported experiments assess recognition performance
and classification reliability rather than qualitative aspects
of dance execution, such as posture quality, rhythm, or
artistic expression.

Model generalization was assessed using subject-
independent cross-validation, performer-disjoint testing,
and repeated 5-fold cross-validation. Table 8 summarizes
the recognition performance obtained under each evalua-
tion protocol.

Repeated 5-fold cross-validation was performed to as-
sess the consistency of the recognition performance across
multiple data partitions. Table 9 presents the mean perfor-
mance, standard deviation, and 95% confidence intervals
for all evaluation metrics.

Tables 8 and 9 demonstrate consistent recognition per-
formance across different evaluation protocols. The low
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Table 10. Comparative Performance Evaluation with Baseline and Deep Learning Models.

Model Accuracy (%) Precision (%) Recall (%) F1-score (%)

RF 85.00 88.00 85.00 85.40
XGB 75.00 78.33 75.00 75.29
KNN 80.52 85.57 85.00 83.69
CNN 87.42 88.16 87.42 87.58
LSTM 88.65 89.21 88.65 88.73
CNN–LSTM 91.38 91.92 91.38 91.47
Standard ST-GCN 81.20 82.50 81.20 81.50
Transformer 93.14 93.62 93.14 93.20
Proposed ST-GCN–Bi-LSTM 96.67 97.14 96.67 96.64

Table 11. Comparison of Temporal Encoder Architectures.

Temporal Encoder Parameters (M) Training Time (min) Inference Time (ms/sample) Accuracy (%)

LSTM 2.3 34 5.2 94.82
GRU 1.9 30 4.8 95.16
Transformer 4.8 52 8.1 95.84
Bi-LSTM 2.7 37 5.5 96.67

Table 12. Statistical Validation of Comparative Performance.

Comparison Accuracy Difference (%) 95% CI p-value Cohen’s d

Proposed vs RF 11.67 10.84–12.50 < 0.001 3.21
Proposed vs XGB 21.67 20.64–22.70 < 0.001 5.46
Proposed vs KNN 16.15 15.19–17.11 < 0.001 4.18

Table 13. Performance Comparison of Existing and Proposed Dance Models.

Models Accuracy (%) Precision (%) Recall (%) F1-Score (%)

[10] 84.21 86.15 84.21 84.87
[11] 76.84 79.12 76.84 77.49
[12] 82.36 84.75 82.36 82.98

Proposed 96.67 97.14 96.67 96.64

standard deviations and narrow 95% confidence intervals
indicate stable, reproducible, and robust recognition per-
formance with limited sensitivity to sampling variations.

Table 10 presents a comparative evaluation of the
proposed ST-GCN–Bi-LSTM framework against conven-
tional machine learning algorithms and representative deep
learning baselines. The proposed framework achieved
the highest accuracy (96.67%), precision (97.14%), recall
(96.67%), and F1-score (96.64%), demonstrating superior
spatial–temporal feature learning and dance movement
recognition performance.

Table 11 compares different temporal encoders for dance
movement recognition. Although the transformer encoder
effectively models long-range temporal dependencies, it
requires greater computational complexity. The proposed

Bi-LSTM achieved the highest recognition accuracy while
maintaining moderate model complexity and computa-
tional cost, providing an effective balance between recogni-
tion performance and efficiency for skeletal dance sequence
analysis.

Table 12 indicates statistically significant performance
improvements over the baseline models ( p < 0.001 ), sup-
ported by narrow 95% confidence intervals and large Co-
hen’s d effect sizes.

Table 13 shows the proposed model outperforming all
comparisons: Model [10] reached 84.21% accuracy (F1:
84.87%), [11] the lowest at 0.7684 (F1: 77.49%), and [12]
0.8236 (F1: 82.98%), while the proposed ST-GCN-Bi-LSTM
achieved 96.67% accuracy, 97.14% precision, 96.67% recall,
and 96.64% F1-score, confirming robust spatial-temporal
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feature learning.

5. Conclusion

The proposed intelligent dance movement recognition and
performance evaluation framework effectively enhanced
recognition performance through spatial–temporal learn-
ing of 3D skeletal motion sequences. By integrating ST-
GCN and Bi-LSTM networks, the model successfully cap-
tured both spatial joint relationships and long-range tem-
poral dependencies, enabling accurate analysis of complex
dance movements.

Motion preprocessing techniques, including missing
value handling, Gaussian filtering, Min-Max normalization,
and temporal alignment, further improved feature qual-
ity and motion consistency. Experimental results achieved
96.67% accuracy, outperforming RF, XGB, and KNN, while
ablation studies confirmed the effectiveness of the inte-
grated ST-GCN–Bi-LSTM architecture. Performance across
Ballet, Contemporary, Folk, Hip-Hop, and Salsa categories
further demonstrated robust recognition capability. The
framework demonstrates practical potential for intelligent
dance training and automated performance assessment;
however, computational efficiency and inference time were
not evaluated. Validation on a carefully selected subset
of 100 dance videos may limit generalization to more di-
verse real-world scenarios. Future work will investigate
lightweight real-time implementation, computational opti-
mization, larger benchmark datasets, transformer-based
motion learning, multimodal feature integration using
audio-beat alignment, motion-energy patterns, and visual
appearance descriptors to enrich feature embeddings and
improve recognition of rhythm-dependent dance move-
ments, together with adaptive feedback systems.
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