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Abstract. In the actual scene of dance choreography, action recognition is often chal-
lenged by mutual occlusion between dancers and severe background interference, resulting
in insufficient extraction of key features and reduced recognition accuracy. This paper uses
C3D (Convolutional 3D) to capture high-level features with spatiotemporal continuity
from the original video and effectively model the overall dynamic trend of dance actions;
at the same time, OpenPose is used to extract the dancer’s keypoint sequence and con-
struct a dynamic human body relationship diagram with the dancer as the node; the GAT
(Graph Attention Network) mechanism is applied to performing weighted fusion of fea-
ture information of neighboring nodes through the self-attention mechanism strategy, so
that the model can still infer the complete action semantics with the help of contextual
relationships when some keypoints are missing. Experimental results demonstrate that
this method performs well in complex choreography scenarios, achieving an accuracy of
87.3±1.4%. On a test subset with multiple people and high occlusion, the model’s perfor-
mance degrades slightly (7.8%), demonstrating its effectiveness in dance action recogni-
tion under complex occlusion and background interference.
Keywords: Choreography scene, Action recognition, Occlusion scene, Space-time con-
tinuity, Graph attention network

1. Introduction. With the in-depth application of intelligent visual technology in artis-
tic performance analysis, dance action recognition has received widespread attention as a
key supporting technology for human-computer interaction, virtual rehearsal assistance,
and automatic scoring systems [1-3]. However, in real dance choreography scenes, prob-
lems such as frequent cross-movement of dancers, mutual occlusion of bodies, and complex
and changing stage backgrounds seriously interfere with the integrity of visual features, re-
sulting in instability in traditional action recognition methods in key gesture capture and
semantic understanding [4,5]. Especially in group dances or highly synchronized choreog-
raphy, individual actions are easily obscured by neighboring dancers, resulting in missing
keypoints and broken spatiotemporal context, which in turn leads to misjudgment and
missed detection [6-8]. Therefore, how to achieve robust and accurate action recognition
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in high-occlusion and strong interference environments has become a core challenge in the
current field of dance video analysis.
This paper focuses on fine-grained semantic parsing of actions in multi-person dance

choreography scenarios. The research subjects cover a variety of forms, including modern
dance, folk group dance, and ballet group dance, which are highly dynamic, collaborative,
and spatially complex. Such scenarios require models to not only accurately identify the
action categories of individual dancers, but also understand the formation transformation
logic and action coordination relationships between the group. Patel-Grosz et al. [9] point-
ed out that dance not only has the characteristics of other basic human expressions, such
as visual narrative and music, but also has similarities with the gestures of sign language
and non-sign language speakers. Orgs et al. [10] found that the synchronization of actions
between performers is the best indicator for predicting brain synchronization between
expert and novice audiences. Qin et al. [11] proposed a spatiotemporal skeleton modeling
framework that combined the part joint attention mechanism with a dynamic graph con-
volutional network to improve the capture of subtle and large-scale human movements.
Zhang [12] designed an improved graph convolutional neural network algorithm for dance
tracking and posture estimation to solve the problem of low dance action recognition ac-
curacy caused by complex posture changes in dance actions. Sun and Song [13] proposed a
posture estimation method based on an improved high-resolution network, with an accu-
racy of 73.5% and 79.5% on the MPII dataset and a self-built dance dataset, respectively.
These studies show that action analysis for dance choreography must take account of both
individual behavior perception and group context reasoning.
To address the challenge of action recognition in complex scenarios, researchers have

proposed a variety of solutions. Sarma et al. [14] proposed a two-stream fusion model for
gesture recognition. The two-stream network consists of two layers: a 3D convolutional
neural network with gesture video as input and a 2D-CNN (Convolutional Neural Net-
work) with motion template image guided by optical flow as input to improve the recogni-
tion effect. Xu et al. [15] proposed a two-stream human action recognition model based on
human skeleton and scene image. The model fully utilized the advantages of skeleton infor-
mation in motion expression and the advantages of image in scene presentation, and com-
plementarily integrated scene information with human skeleton limbs based on spatiotem-
poral graph convolution to achieve human action recognition. Tian et al. [16] proposed a
spatiotemporal graph convolutional neural network that integrated enhanced efficient
channel attention mechanism. By establishing a dynamic mapping function between joint
angular velocity and channel weight, it solved the bottleneck of insufficient spatiotemporal
feature decoupling of traditional skeleton action recognition model in dance actions such as
high-speed rotation. Qu [17] proposed a Transformer convolutional neural network model
that integrated dynamic flow and static flow to conduct in-depth analysis and evaluation of
dance actions. Wu et al. [18] constructed part-based graphs from different perspectives and
employed a dual-branch framework to simultaneously capture static spatial and dynamic
temporal representations, achieving a classification accuracy of 94.8%. In summary, ex-
isting methods either focus on local structure while ignoring overall movement trends or
rely on ideal observation conditions, failing to effectively address the core bottlenecks of
spatiotemporal feature fragmentation and context loss under high occlusion conditions.
This paper specifically explores how to achieve robust individual action unit recogni-

tion in complex group dances. On the one hand, the original video frame is input into
the C3D network, and the global spatiotemporal motion features are extracted layer by
layer through three-dimensional convolution; on the other hand, a dynamic human body
relationship diagram is constructed based on the keypoint sequence of multiple dancers
detected by OpenPose. Each dancer is used as a node, and adjacency connections are
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established in real time based on the relative position in space. Confidence-weighted body
center and displacement information are applied as node features. Message propagation
is performed through a multi-layer GAT, and an adaptive attention mechanism is used to
aggregate neighborhood information to enable semantic reasoning of actions for occluded
individuals. The two-branch features are concatenated and fused at high levels, combining
attention pooling with a fully connected classifier to output action categories. This method
innovatively constructs a time-varying dynamic graph structure to respond to formation
changes, designs a weak observation mechanism to maintain contextual integrity under
occlusion, and significantly improves the robustness and accuracy of action recognition in
high-density occlusion scenarios by leveraging the complementary two-stream approach.

To address the aforementioned challenges, this paper proposes a novel two-stream ac-
tion recognition framework that integrates C3D and Graph Attention Networks (GAT) for
complex dance choreography scenes. The main contributions of this work are threefold. 1)
A dynamic human relationship graph constructed from multi-person keypoints is intro-
duced, which evolves with spatial proximity to model group interactions in real time. 2) A
weak observation mechanism combined with random node masking during training is de-
signed, enabling the GAT branch to perform robust action inference even when keypoints
are occluded or missing. 3) A multimodal fusion strategy is developed that concatenates
global spatiotemporal features from C3D with context-aware graph features from GAT,
significantly improving recognition accuracy under heavy occlusion and background in-
terference. Compared to existing methods, the proposed approach explicitly leverages
group-level contextual semantics to compensate for individual information loss, achieving
superior robustness and precision in highly dynamic and crowded choreography scenarios.

2. Algorithm Design.

2.1. Overall framework design. This paper proposes a two-stream fusion action recog-
nition framework for complex dance choreography scenarios. The system employs an end-
to-end trainable architecture, taking as input a fixed-length video clip and its correspond-
ing pose sequence, and outputting the class labels for the dominant dance actions within
that time segment.

The framework consists of two parallel branches: a C3D-based spatiotemporal feature
extraction pipeline that accepts raw RGB (Red, Green, Blue) video frames as input, and
a graph-based structured reasoning pipeline based on a graph attention network that
takes as input a sequence of keypoints extracted from multiple dancers using OpenPose.
The two branches are strictly aligned in the temporal dimension to ensure temporal con-
sistency in feature extraction. The C3D branch extracts spatiotemporal features step by
step through convolution and outputs a global motion representation after global pooling.
The GAT branch treats each dancer as a node in the graph and constructs a per-frame
human relationship graph based on their keypoint trajectories, which evolves over time to
form a dynamic graph sequence. The graph structure dynamically updates edge connec-
tions based on the real-time spatial distances between dancers, supporting time-varying
modeling of adjacency relationships. The features extracted from the two branches are
concatenated and fused at a high level: the C3D output reflects overall body displace-
ment trends and rhythmic changes, while the GAT output encodes relative positions,
collaborative behaviors, and contextual dependencies between individuals. The concate-
nated joint features are fed into the classification module to achieve multimodal semantic
complementarity. All components share a unified time index, and the video frames and
posture detection results have completed frame-level synchronization calibration in the
preprocessing stage. The overall framework is shown in Figure 1.
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Figure 1. Overall framework diagram

Figure 1 shows the overall process of the C3D-GAT dual-stream fusion framework pro-
posed in this paper: one branch inputs the original video clip into the C3D network,
extracts spatiotemporal features layer by layer through three-dimensional convolution,
and finally outputs a 512-dimensional global motion representation; the other branch
constructs a dynamic human body relationship graph with dancers as nodes and spa-
tial proximity as edges based on the keypoint sequence of multiple dancers detected by
OpenPose, and feeds it into the graph attention network for message propagation. The
adaptive attention mechanism is used to aggregate neighbor node information to generate
context-enhanced structured features; after the two branches are strictly aligned in the
temporal dimension, the visual features extracted by C3D are spliced and fused with the
graph features output by GAT, and the final action category is output through the fully
connected layer and Softmax classifier to achieve robust recognition of complex dance
choreography actions.

2.2. Dual-stream input feature extraction. The video stream takes a continuous
RGB video clip V ∈ RT×H×W×3 as input, where T represents the number of temporal
frames, and H and W represent the spatial height and width, respectively. The clip is first
normalized to the interval [0, 1], and the ImageNet mean is subtracted before being fed
into the C3D network. The C3D backbone consists of 8 three-dimensional convolutional
layers {Conv3Dk}8k=1, each layer using a 3 × 3 × 3 convolution kernel with the “same”
padding to preserve the spatiotemporal dimensions [19,20]. The output of the k-th layer
is defined as

Fk = ReLU(BN(Conv3Dk(Fk−1))), F0 = V (1)

In Formula (1), BN(·) represents the batch normalization operation. Every two convolu-
tional layers are followed by a 2× 2× 2 maximum pooling operation [21]:

Fk =
(2,2,2)
max
pool

(Fk−1), k ∈ {2, 4, 6, 8} (2)
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Finally, the compact spatiotemporal feature vector is obtained through global average
pooling [22]:

fvideo =
1

T ′H ′W ′

T ′∑
t=1

H′∑
h=1

W ′∑
w=1

F8(t, h, w) ∈ R512 (3)

The pose stream is constructed based on the OpenPose v1.7.0 detection results [23,24].
Let the set of body keypoints of the n-th dancer in the t-th frame be sn,t ∈ R18×2, which
contains the two-dimensional coordinates (x, y) of 18 joint points. The complete sequence
is stacked in time to form the original pose tensor P ∈ RT×N×18×2, where N is the number
of dancers that can be detected in the current frame. In order to achieve fixed-dimensional
input, a zero-filling mechanism is applied: the maximum number of supported people is
set to Nmax. If the number of dancers in the current frame is N < Nmax, then zero vectors
are filled in the N + 1 to Nmax position; if N > Nmax, only the pose data of the first
Nmax dancer is retained. The tensor after zero filling is recorded as P̃ ∈ RT×Nmax×18×2,
and Z-score normalization is further performed on the coordinates of each keypoint [25]:

p̂n,t,i,j =
pn,t,i,j − µj

σj + ϵ
, j ∈ {x, y} (4)

In Formula (4), µj and σj are the mean and standard deviation of all x or y coordinates in
the training set; i is the joint index; j is the coordinate axis direction; ϵ is the smoothing
term. The normalized pose sequence serves as the initial node feature input for the GAT
branch. The two data streams are strictly aligned on the time axis: the video clips and
pose detection use the same start and end frame indices and a unified sampling rate. All
operations are frame-level aligned by synchronizing timestamps during the data loading
phase.

2.3. Modeling of dynamic human body relationship graph. In order to explicitly
depict the spatial coordination and interactive evolution relationship between dancers in
dance choreography, this paper constructs a time-varying graph structure and models the
multi-dancer system in each frame of video as a dynamic undirected graph. Each video
frame t is modeled as an independent human body relationship graph Gt = (V,Et) to
achieve a dynamic representation of the group behavior topology [26]. The node set V =
{vn}Nmax

n=1 in the graph corresponds to the maximum number of Nmax dancers in the scene,
and each node vn represents the motion state of the n-th dancer. Its initial node feature

vector x
(0)
n ∈ R4 is composed of the weighted body center position and two-dimensional

displacement:

x(0)
n =

[
cxn,t, c

y
n,t,∆xn,∆yn

]T
(5)

The body center coordinate
(
cxn,t, c

y
n,t

)
is calculated based on the weighted confidence

of keypoints [27]:

cxn,t =

∑K
k=1 sn,t,k · pxn,t,k∑K

k=1 sn,t,k
, cyn,t =

∑K
k=1 sn,t,k · p

y
n,t,k∑K

k=1 sn,t,k
(6)

In Formula (6), K is the number of joint points; pxn,t,k and pyn,t,k are the coordinates of
the k-th joint; sn,t,k ∈ [0, 1] is the detection confidence. The displacement component is
defined as the change in the center position between adjacent frames:

∆xn = cxn,t − cxn,t−1, ∆yn = cyn,t − cyn,t−1 (7)

For the first frame, assuming ∆xn = ∆yn = 0, the edge set Et ⊆ V × V is dynamically
constructed based on spatial proximity. An undirected edge exists between any two nodes
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if and only if their Euclidean distance is below a threshold. The corresponding edge weight

w
(t)
ij is calculated using the Gaussian kernel function [28,29]:

w
(t)
ij = exp

(
−
∥ci,t − cj,t∥22

2σ2

)
(8)

In Formula (8), ci,t represents the coordinates of the body center of the i-th dancer in the
t-th frame, and cj,t represents the coordinates of the body center of the j-th dancer in the
t-th frame. This weight reflects the interaction strength between dancers and is used for
neighborhood aggregation in the subsequent graph attention mechanism. To address the
problem of missing keypoints caused by occlusion, a “weak observation” mechanism is
applied: if the average keypoint confidence of a node vn is s̄n,t =

1
K

∑K
k=1 sn,t,k < 0.3, it is

marked as a weak observation node. At this time, the estimated position of the previous
moment is retained as the current position input and multiplied by the attenuation factor
before the initial feature:

x̃(0)
n = γ · x(0)

n (9)

At the same time, it is incorporated into the graph structure to participate in message
passing, ensuring that even if individual information degrades, the integrity of the group
context can still be maintained through graph connections. Ultimately, the serialized
graph collection {Gt}Tt=1 constitutes a dynamic human relationship graph stream, which
serves as the input of the graph attention network and supports fine-grained modeling of
complex choreography formation evolution and collaborative actions.

2.4. Contextual reasoning with graph attention mechanism. In order to achieve
robust inference of individual actions in complex dance choreography scenes, this paper
applies a multi-layer graph attention network based on the dynamic human body rela-
tionship graph. By adaptively weighting and aggregating neighborhood information, it
models the non-local interaction dependencies between dancers and maintains semantic
consistency under the condition of partial loss of keypoints [30]. For the h-th attention
head in the layer l, the node features are first linearly transformed:

z(l,h)n = W
(l)
h x(l−1)

n ∈ Rdh (10)

Then, the unnormalized attention coefficient of the node i to its neighbor j ∈ N(i) is
calculated:

e
(l,h)
ij = LeakyReLU

(
a
(l)T
h

[
z
(l,h)
i

∣∣∣∣∣∣z(l,h)j

])
(11)

In Formula (11), ∥ represents the vector concatenation operation; a
(l)
h is a learnable at-

tention weight vector. The attention weight is normalized within the neighborhood by the
softmax function [31]:

α
(l,h)
ij =

exp
(
e
(l,h)
ij

)
∑

k∈N(i) exp
(
e
(l,h)
ik

) (12)

Each attention head aggregates neighborhood information independently:

x̃
(l,h)
i =

∑
j∈N(i)

α
(l,h)
ij z

(l,h)
j (13)

The outputs of all heads are concatenated in the feature dimension to form the final
output of the current layer:

x
(l)
i = σ

(∣∣∣∣H
h=1

x̃
(l,h)
i

)
(14)
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In Formula (14), σ(·) = ReLU. The second layer GAT takes the output of the first layer
as input and adopts the same structure but uses average merging instead of splicing to
control the dimension growth:

x
(2)
i = σ

(
1

H

H∑
h=1

x̃
(2,h)
i

)
(15)

To further improve the model’s generalization capabilities in occluded scenarios, a ran-
dom node masking strategy is applied during training: with probability p ∼ U(0.1, 0.4),

initial features x
(0)
n are set to zero or superimposed with Gaussian noise ϵn ∼ N(0, 0.12I) to

simulate varying degrees of keypoint loss. This mechanism forces the GAT to rely on con-
textual information to complete state reconstruction within the constraints of the network
topology, enabling implicit reasoning about the semantics of the occluded dancer’s actions.

Ultimately, the graph attention outputs
{
x
(2)
n

}Nmax

n=1
of all frames form a structure-aware

sequence of action representations, which are fed into the subsequent feature fusion mod-
ule. The attention weights are shown in Figure 2. There is no explicit decoder network
or dedicated reconstruction loss function during training. The model learns to generate
context-enriched node features through the message-passing mechanism of GAT, driven
solely by the final cross-entropy loss of the classification task. Any assessment of keypoint
recovery is performed post-hoc for evaluation purposes only, without influencing the train-
ing process.

Figure 2. Attention weight heat map

Figure 2 shows the distribution of attention weights learned by the GAT module in a
dance choreography scenario. The horizontal axis represents the dancer’s action current-
ly being updated, and the vertical axis represents the neighboring nodes it focuses on
(including other dancers and its own residuals). Attention among dancers is not evenly
distributed, but rather dynamically focuses on key collaborators based on the semantics of
the actions. Dancers performing a lifting action assign a high weight of 52.1% to neighbor
Dancer B. Crossing Position Swap relies on the synchronization of Dancers A and C’s
actions to determine path interactions, while dancers performing a formation change pay
close attention to neighbor Dancer C (74.2%). This demonstrates that the model cap-
tures the functional role relationships and interaction priorities in complex choreography
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through an adaptive attention mechanism, enabling contextual awareness and action se-
mantic reasoning in the presence of occlusion or information loss.
The effectiveness of the GAT branch in handling occlusion stems from two synergistic

mechanisms: the weak observation mechanism and random node masking during train-
ing. The weak observation mechanism ensures that even when a dancer’s keypoint con-
fidence is low, the node remains active in the graph and its position is softly updated
using the previous state. This prevents the abrupt removal of a dancer from the group
context, forcing the model to learn to reason about individuals whose signals are degrad-
ed but not absent. More critically, the random node masking strategy acts as a powerful
regularizer. By randomly setting a node’s initial features to zero or adding noise during
training, we simulate severe, unpredictable occlusions. This forces the GAT to rely less on
the raw input of any single node and more on the topological relationships and collective
dynamics encoded in the graph structure.
To address the instability caused by rapid position changes in dance choreography,

where frequent edge activation and deactivation may lead to graph structure jitter, an
adaptive threshold determination mechanism is designed. Instead of using a fixed pixel dis-
tance, the spatial proximity threshold is dynamically calibrated based on the normalized
dancer scale within each video frame. Specifically, the median torso length of all detected
dancers in the current frame is computed as a reference scale, and the connection thresh-
old is set as a multiple of this scale (empirically set to 1.5 times the median torso length).
This adaptive strategy ensures that the graph structure remains relatively stable across
different shooting distances and dancer sizes, reducing spurious edge fluctuations caused
by camera perspective changes or individual scale variations.
Furthermore, a temporal smoothing mechanism is applied to the edge activation pro-

cess. An edge is considered valid only if the spatial proximity condition is maintained
consecutively for at least two frames, effectively filtering out transient connections caused
by momentary cross-overs or pose estimation jitter. For formation transformations where
dancers gradually move apart, the Gaussian kernel weighting in Equation (8) natural-
ly attenuates edge influence as distance increases, rather than employing a hard cut-off
threshold. This soft weighting mechanism allows the graph to maintain weak but mean-
ingful connections during formation transitions, preserving contextual information with-
out introducing abrupt topological changes. Experimental observations confirm that this
adaptive thresholding approach maintains stable graph structures across diverse chore-
ography patterns, including rapid formation changes in modern dance and synchronized
group movements in folk dance, demonstrating its generalizability across different dance
styles and spatial configurations.

2.5. Multimodal feature fusion and action classification. Based on the global mo-
tion representation extracted by the C3D branch and the context-enhanced graph features
output by the GAT branch, this section designs a compact and differentiable multimodal
fusion mechanism and constructs an end-to-end classification network to achieve accurate
semantic discrimination of complex dance actions. To further extract the consensus rep-
resentation of group actions, an attention-based pooling operation is used to aggregate
all valid nodes [32,33]:

an =
exp

(
wT tanh

(
Wgx

(2)
n

))
∑Nmax

m=1 exp
(
wT tanh

(
Wgx

(2)
m

)) (16)

In Formula (16), Wg and w are learnable parameters used to calculate the contribution
weight of each dancer to the current action category. After weighting, the group feature
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vector is obtained:

fpose =
Nmax∑
n=1

an · x(2)
n (17)

This strategy avoids semantic dilution caused by simple averaging and highlights the
influence of the dominant dancer or key interaction on the classification decision. fvideo
and fpose are then concatenated with the data across modalities to form a joint feature. A
three-layer fully connected network is applied to implementing classification mapping. The
specific structure is as follows [34,35]:

First layer:
h1 = ReLU(W1ffuse + b1) (18)

Second layer (including regularization):

h2 = ReLU(W2h1 + b2) (19)

Dropout operation is applied:

h̃2 = Dropout(h2; p = 0.5) (20)

Third layer (output layer):

z = W3h̃2 + b3 (21)

Finally, the normalized category probability distribution is generated by the Softmax
function:

ŷ = Softmax(z) ∈ ∆K−1, ŷk =
exp(zk)∑K
j=1 exp(zj)

, k = 1, . . . , K (22)

The model is optimized with standard cross entropy loss:

Lcls = −
K∑
k=1

yk log ŷk (23)

All parameters are jointly updated through backpropagation, using the Adam optimizer

to perform gradient descent θ ← θ − η · ∇̂θLcls, where θ represents the complete set of
learnable parameters, the experimental setting parameters are shown in Table 1. The
entire C3D-GAT framework is trained end-to-end in a fully supervised manner, using only
the classification cross-entropy loss; no additional self-supervised pre-training or auxiliary

Table 1. Parameter setting table

Hyperparameter Value
Maximum number of dancers 8

Spatial distance threshold
Adaptive, based on normalized dancer height

(reference: 1.5 m)
Gaussian kernel standard deviation 0.75 (scaled with distance threshold)
Weak observation attenuation factor 0.9

Number of GAT layers 2
Number of attention heads (L1) 8
Number of attention heads (L2) 4
Hidden dimension per head 64

Attention pooling output dimension 512
Feature concatenation [512] + [512] → [1024]
Fully connected layer 1 1024 → 512
Fully connected layer 2 512 → 256
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reconstruction losses are employed. During the inference phase, the system processes the
continuous video stream in a sliding window manner, independently completing forward
propagation for each segment and outputting the action category corresponding to the
maximum probability:

ĉ = argmax
k

ŷk (24)

To ensure scale invariance, the spatial distance threshold and Gaussian kernel param-
eters are defined in normalized pixel space. The 1.5 meters and σ = 0.75 values in Table
1 are reference values. In actual calculations, adaptive pixel transformation is performed
based on the median length of the dancer’s torso in the video to ensure robustness to
different shooting distances and resolutions.

3. Experimentation and Verification.

3.1. Experimental design. The experiment is sampled from a number of professional
performances and rehearsal scenes, including five typical group dance movements: lift,
spin, formation change, synchronized wave, and crossing position swap. The training, val-
idation, and test sets are split in a 7 : 1 : 2 ratio to ensure a balanced distribution of
samples across categories. All models are trained on an NVIDIA Tesla V100 GPU (Graph-
ics Processing Unit). The input is uniformly 32-frame, 224× 224 video blocks, with pose
sequences extracted using OpenPose. The same data preprocessing and training strate-
gies are used throughout the experiment. The experimental setup is shown in Table 2.
To ensure the statistical rigor and reproducibility of the reported results, all experiments
were repeated five times. Random Seeds: Each repetition was conducted with a different
random seed (seed = 0, 1, 2, 3, 4) to initialize the network weights and data shuffling,
ensuring the variability captured is due to stochastic training dynamics rather than a sin-
gle initialization artifact. Significance Testing: The statistical significance of performance
differences between the proposed method and each baseline was assessed using a paired

Table 2. Experimental settings

Item Configuration

Number of action classes
Lift, Spin, Formation Change, Synchronized Wave,

Crossing Position Swap
Dataset size 1,248 choreography segments
Dancer count 2-8 dancers per scene

Environment types
Studio Rehearsals (40%), Stage Performances (50%),

Outdoor Scenes (10%)
Splitting strategy Cross-session and cross-performer

Data set Training: 70%, Validation: 10%, Test: 20%
Video resolution 1920× 1080 (original), Input size: 224× 224

Frame rate 25 fps
Temporal window length 32 frames

Pose sequence completion
Missing keypoints filled via linear interpolation

with confidence-weighted smoothing
Training platform Single NVIDIA Tesla V100 GPU, PyTorch 1.12

Optimizer Adam
Initial learning rate 1× 10−4

Batch size 16

Training epochs
60 (Early stopping: terminate if validation loss
does not decrease for 3 consecutive epochs)
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t-test. To ensure fair comparison, all baseline models were compared under unified exper-
imental conditions. ResNet3D and I3D used pre-trained weights from Kinetics-400 and
were fine-tuned on this dataset; ST-GCN was trained from scratch as a skeleton model.
All methods used the same input data source and employed the same data augmentation
strategy (random temporal cropping, horizontal flipping, and color jittering) and training
configuration. This unified protocol ensured that performance differences were not due to
the model structure itself.

3.2. Dance action recognition accuracy. To measure the model’s ability to discrimi-
nate on the entire test set, this paper first uses recognition accuracy as the basic evaluation
metric. The proportion of correctly classified samples in the test set to the total number
of samples is calculated:

Accuracy =
1

N

N∑
i=1

I(yi = ŷi) (25)

In Formula (25), yi is the true value label; ŷi is the model prediction result; I(·) is the
indicator function.

Figure 3 compares the recognition accuracy of the proposed method, ResNet3D (Resid-
ual Network 3D), I3D (Inflated 3D ConvNet), and ST-GCN (Spatial-Temporal Graph
Convolutional Network) on five typical dance actions. The horizontal axis represents
Spin, Lift, Formation Change, Synchronized Wave, Crossing Position Swap, while the
vertical axis represents recognition accuracy. The proposed method significantly outper-
forms ResNet3D, I3D, and ST-GCN in all action categories, achieving an average accuracy
of 87.3±1.4%, a 7.2% improvement over ST-GCN. When dealing with tasks such as “for-
mation change” that are highly dependent on the spatial relationship of the group, the
proposed method achieves a recognition accuracy of 87.6 ± 1.4%, showing strong adapt-
ability to complex choreography patterns. In the low-occlusion action of “synchronized
wave”, the proposed method maintains a leading position with 87.9± 1.2%. The perfor-
mance fluctuation of the proposed method in various actions is minimal, indicating that
it has not only high accuracy but also better cross-task stability.

Figure 3. Recognition accuracy
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The C3D branch effectively extracts the overall motion texture of actions such as “Spin”
and “Synchronized Wave”, and has good background suppression capabilities; the GAT
branch constructs a dynamic human body relationship graph and uses the attention mech-
anism to adaptively weigh the motion states of neighboring dancers in high-occlusion
scenarios such as “Lift” and “Crossing Position Swap” to achieve contextual reasoning
of the semantics of the occluded individual movements. When a dancer is completely oc-
cluded, the model can infer its movement intention through the relative position changes
and attention weight distribution of the surrounding dancers. The dynamic edge weight
update mechanism enables the graph structure to respond to the topological evolution
in the “Formation Change” in real time, avoiding the modeling deviation caused by the
fixed adjacency matrix.

3.3. Stability of highly occluded subset recognition. To specifically evaluate the
model’s robustness under extreme visual degradation conditions, a high-occlusion subset
is defined based on a quantifiable metric. The occlusion ratio for each choreography seg-
ment is calculated as the average percentage of a dancer’s 18 body joints that are either
completely missing or have a detection confidence score below 0.3 across all frames within
the clip. From the test set, a subset with an occlusion ratio greater than 40% is selected,
defining this as the high-occlusion group. The accuracy on this subset is calculated and
compared with the accuracy Accfull on the full set:

∆Acc =
Accfull − Acchigh-occ

Accfull
(26)

This indicator is used to quantify the degree of degradation of model performance in
severe occlusion scenarios. The smaller the value, the stronger the stability and anti-
interference ability of the model.
Figure 4 shows a comparison of the recognition accuracy of four methods on the full

dataset and the high-occlusion subset, along with the corresponding accuracy degradation
(∆Acc). The horizontal axis shows ResNet3D, I3D, ST-GCN, and the proposed method.
The proposed method achieves 87.3% on the full dataset and maintains 80.5% recogni-
tion accuracy under high-occlusion conditions, significantly exceeding the other methods.

Figure 4. Recognition stability
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ResNet3D drops from 74.3% to 56.8%, I3D from 77.1% to 59.6%, and ST-GCN from
80.1% to 64.2%, all showing significant declines. Meanwhile, the accuracy degradation
of the proposed method is only 7.8%, far lower than the 23.6% of ResNet3D, the 22.7%
of I3D, and the 19.9% of ST-GCN, highlighting its stable performance under extreme
occlusion scenarios.

In the “Crossing Position Swap” scenario, when a dancer’s posture information is in-
terrupted due to a brief occlusion, the model does not rely solely on linear extrapolation
of the time series for prediction. Instead, it combines the mutation characteristics of the
movement states of the surrounding dancers to identify potential interaction signals and
accordingly enhance the influence weights of these key collaborators in the graph network,
and reversely infer the possible movement trajectory of the individual and its functional
role in the choreography. Dual-stream fusion is not a simple feature splicing. It facilitates
the mutual verification and correction of visual motion cues and topological relationship
reasoning at the semantic level, enabling the system to have stronger motion boundary
discrimination capabilities when facing high-density interference, and significantly reduc-
ing the risk of misjudgment caused by modal deviation or perceptual blind spots.

3.4. Comprehensive evaluation of classification performance based on F1 score.
To further comprehensively evaluate the model’s ability to discriminate various dance
actions, this paper uses the F1 score as the core comprehensive evaluation metric for
classification performance. Precision Preck and recall Reck are calculated for each action
category, and the F1 score is then calculated:

F1k =
2 · Preck · Reck
Preck +Reck

(27)

Figure 5 systematically compares the F1 scores of the proposed method, ResNet3D,
I3D, and ST-GCN on five typical dance action categories. The proposed method signifi-
cantly outperforms ResNet3D, I3D, and ST-GCN in all categories. In the “Lift” action,
ResNet3D’s F1 score is only 67.8 ± 3.1%, reflecting its limited performance in complex
interactive scenarios. The proposed method achieves an F1 score of 87.6 ± 1.4% for this
action, significantly outperforming other methods. The overall F1 score of each method
is 72.8 ± 2.4%, 76.1 ± 2.0%, and 79.2 ± 1.7%, respectively, while the proposed method
achieves a high F1 score of 86.7 ± 1.3%. The inter-class variability is minimal, with the
lowest standard deviation, demonstrating stable output across various action types.

Figure 5. F1 score
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ResNet3D relies on local appearance features and is prone to misjudgment when limbs
overlap, resulting in low F1. Although ST-GCN is based on skeleton modeling, its fixed
graph structure makes it difficult to adapt to dynamic formation changes, limiting F1
performance. The method in this paper constructs a dynamic human body relationship
graph and applies a graph attention mechanism, which can use group context for seman-
tic completion when individuals are occluded, significantly improving the recall rate. The
global motion consistency prior provided by the C3D branch effectively suppresses erro-
neous predictions and ensures high accuracy. This dual-stream collaborative mechanism
of “structure guidance + semantic completion” achieves a good balance between precision
and recall, which is ultimately reflected in the F1 indicator.

3.5. Inter-class confusion degree. To quantitatively evaluate the model’s ability to
distinguish similar dance moves, a normalized confusion matrix is constructed. All off-
diagonal elements are extracted to form a set Eoff-diag, and their standard deviation is
calculated:

σconf =

√
1

|E|
∑

e∈Eoff-diag

(e− µ)2, µ =
1

|E|
∑

e (28)

The standard deviation is used to measure the degree of dispersion of the overall confu-
sion distribution of the model: the smaller the value, the lower the misclassification rate
among categories and the more evenly distributed it is, indicating that the model has
clear classification boundaries and stronger discrimination power; otherwise, it indicates
that the model has serious and unbalanced category confusion problems.
Figure 6 shows the normalized confusion matrices for the proposed method, ResNet3D,

I3D, and ST-GCN for five dance action categories. The horizontal column represents the
predicted labels, and the vertical column represents the true labels. The value in each
cell represents the percentage of that category being identified as another category. The
overall distribution shows that ResNet3D exhibits significant misclassifications. In the
“Lift” action, only 68.5% of samples are correctly identified, while 12.4% are misclassified
as “Formation Change” and 9.8% as “SynchronizedWave”. This indicates that it struggles
to distinguish semantically similar actions in complex interactive scenarios. While I3D and
ST-GCN have shown some improvement, they still generally miss or misclassify over 4% of
highly occluded actions, such as “Crossing Position Swap”. The proposed method shows
higher accuracy, such as 86.7% for “Spin”, 88.1% for “Lift”, and 87.0% for “Crossing
Position Swap”. The colors of non-diagonal areas are generally darker, with values mostly

Figure 6. Inter-class confusion degree (n = 250): (a) ResNet3D; (b) I3D;
(c) ST-GCN; (d) the method of this paper
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below 3.9%, indicating that its misjudgment rate is significantly reduced, and the degree
of confusion between categories is minimized.

Traditional methods rely only on local appearance or fixed skeleton topology, and can
easily confuse different actions with similar motion patterns. For example, “Synchronized
Wave” and “Formation Change” may converge in global optical flow, resulting in more
than 7% cross-misjudgment in ResNet3D. The method in this paper constructs a dynam-
ic human body relationship graph through GAT, and adaptively focuses on the relative
position changes and collaboration timing between key dancers during the reasoning pro-
cess, effectively distinguishing the essential differences between actions: even if the overall
movement trends of two actions are similar, as long as the interaction patterns between
individuals are different, the model can distinguish them through the differentiated distri-
bution of attention weights. At the same time, the macro-rhythm information provided by
the C3D branch further assists classification decisions, allowing the model to not only “see
who is moving” but also “understand why they are moving in this way”, and ultimately
establish clear classification boundaries between highly similar choreography actions.

3.6. Missing keypoint recovery success rate. To evaluate the model’s contextual
reasoning capabilities, we fitted a ridge regression decoder (λ = 1e-3) to the trained
GAT node features on an independent validation set to linearly map the features back to
the coordinate space. This decoder is used only during the evaluation phase and does not
participate in any training process, thus avoiding information leakage. To directly quantify
the model’s contextual reasoning and semantic completion capabilities in high-occlusion
scenarios, this paper uses the missing keypoint recovery success rate as an evaluation
metric. During the GAT inference process, keypoints with a confidence score below 0.3 are
restored to their spatial coordinates through an implicit feature decoding mechanism. The
node feature vectors output by the GAT are transformed back to the spatial coordinate
domain using a post-hoc fitted linear decoder, and the Euclidean distance to the original
detection value is calculated. If the pixel error is ≤ 5 pixels, the restoration is considered
successful. The proportion of all missing keypoints that meet this condition is counted
and used as an indicator of context completion capability.

Figure 7 compares the success rates of missing keypoint recovery under high occlusion
conditions using the proposed method, ResNet3D, I3D, and ST-GCN. This covers seven
joint types: head, shoulder, elbow, wrist, hip, knee, and ankle. The proposed method

Figure 7. Success rate of missing keypoint recovery
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significantly outperforms all joint types, achieving 83.6 ± 1.6% success rate for the head
and 81.2 ± 1.8% for the shoulder. Even for the more challenging wrists and ankles, they
achieve success rates of 77.5 ± 2.0% and 78.4 ± 2.1%, respectively. The final average
success rate is 80.4 ± 1.9%, significantly higher than ResNet3D’s 49.7 ± 3.8%, I3D’s
55.6 ± 3.4%, and ST-GCN’s 63.0 ± 2.9%. Although ST-GCN has the ability to model
graph structures, it is limited by fixed adjacency relationships in dynamic interaction sce-
narios, and its recovery rate is still 17.4% lower than that of the method proposed in this
paper, indicating that the traditional skeleton model has limited completion capabilities
in complex arrangements.
When the confidence of keypoints is lower than 0.3, the proposed method does not

simply rely on temporal extrapolation or geometric constraints. Instead, it adaptively
weighs the state information of neighboring dancers through GAT and uses the group
collaboration model to reversely infer the spatial position of the occluded individual. In
the “Lift” action, when a dancer’s arm is completely obscured, the model can reconstruct
the coordinates of her elbow and wrist based on the direction and relative displacement
of her partner’s arm, combined with the attention weight distribution mechanism; at
the same time, the global motion consistency prior provided by the C3D branch further
constrains the decoding space, enabling the model to achieve a high keypoint recovery
rate without an explicit reconstruction head.

3.7. Inference time and resource usage. In order to comprehensively evaluate the
real-time performance and computational efficiency of the model in practical applications,
this paper quantitatively analyzes the end-to-end inference time and GPU memory usage
of each method. The experiment is conducted in a stable environment without interference
from other processes, and the built-in timer of PyTorch is used to accurately measure the
complete delay of a single video clip from input forward propagation to the final classifica-
tion output. At the same time, the GPU memory consumed by the model during inference
is recorded. All models are run on the same hardware platform and use a consistent input
data format and preprocessing process to ensure fairness in performance comparison.
Figure 8 systematically compares the average inference time and resource usage of

the proposed method, ResNet3D, I3D, and ST-GCN on the same hardware platform.
ResNet3D is the fastest with the lowest latency of 68.3 ms. Its structure relies only on
three-dimensional convolution operations, with a short and highly parallelized computa-
tion path and the lowest GPU memory usage (1,024 MB). However, this method does
not model the structural relationships of the human body, and its performance degrades
significantly under complex occlusions. I3D has an average inference time of 95.7 ms, the

Figure 8. Analysis of inference time (ms) and resource usage (MB)
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longest among all methods, and the GPU memory usage is also the highest (1,340 MB).
ST-GCN extracts skeleton features through graph convolution, taking 76.5 ms and out-
performing I3D. The average time consumption of this method is 86.2 ms, which is higher
than ResNet3D and ST-GCN, but still lower than I3D. It also has complete end-to-end
reasoning capabilities and is suitable for online analysis tasks in actual dance scenes.

While maintaining high discriminative performance, this method achieves a balance
between efficiency and expressiveness through the collaborative optimization of the com-
puting architecture. The C3D branch uses a compact three-dimensional convolutional
structure to complete the parallel extraction of spatiotemporal features within a limited
depth, avoiding redundant calculations; although the GAT branch applies a graph atten-
tion mechanism, its modeling object is dancer-level nodes, and the graph scale is much
smaller than the pixel or joint granularity, which significantly reduces the complexity of
adjacency matrix operations and message passing. The multi-head attention mechanism
implements neighbor aggregation in the form of a matrix, without the need for serializa-
tion processing, and gets rid of the serial dependency bottleneck inherent in time series
models such as LSTM. Both dual-stream paths can be executed in parallel in a single for-
ward reasoning, and the fusion process only involves feature splicing and fully connected
transformations, without iterative operations, achieving low-latency end-to-end reasoning
while ensuring context-awareness. This design takes account of both the rich representa-
tion of action semantics and real-time requirements, providing a solution with engineering
potential for continuous action recognition in high-density interaction scenarios.

3.8. Ablation experiment performance gain. To systematically evaluate the contri-
bution of each core component to the overall performance, this paper designs a step-by-
step ablation experiment. Under the same training and test conditions, starting from the
full model, individual modules are removed one by one, and the remaining configurations
are fixed. The specific variants are as follows. 1) The C3D branch input is disabled, and
only the GAT branch output is used for classification. 2) The graph attention network
is disabled, and action recognition is performed only through the C3D branch. 3) The
feature splicing operation is canceled; the two stream branches independently output pre-
diction results, and the probability average is taken as the final decision. 4) The attention
mechanism is disabled in the GAT module; the aggregation weights of neighbor nodes are
set to be uniformly distributed; the rest of the structure remains unchanged. All variants
use the same network depth, learning rate, training cycle, and data augmentation strategy
as the full model to ensure fair comparison. The accuracy and Macro-F1 score of each
variant are evaluated on a unified test set. The independent contribution of each compo-
nent is quantified by the degree of performance degradation, verifying the effectiveness of
the multimodal fusion and dynamic context modeling in the method.

Table 3 compares the impact of different modules of the proposed method on recognition
performance. The full model, with all components enabled, achieves the highest accuracy

Table 3. Ablation experiment table

Model C3D GAT context Feature Attention Accuracy Macro-F1 p-value (vs.
variant branch reasoning fusion mechanism (%) (%) full model)√ √ √ √

87.3 ± 1.4 86.7 ± 1.3 –

Full
–

√ √ √
79.4 ± 1.6 78.2 ± 1.5 p < 0.001

model

√
–

√ √
80.9 ± 1.5 79.6 ± 1.6 p < 0.001√ √

–
√

83.1 ± 1.4 82.0 ± 1.4 p < 0.005√ √ √
– 84.3 ± 1.3 83.5 ± 1.4 p < 0.01
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of 87.3 ± 1.4% and Macro-F1 of 86.7 ± 1.3%, significantly outperforming all variants.
When the C3D branch is removed, the accuracy drops to 79.4 ± 1.6%, and Macro-F1
drops to 78.2 ± 1.5%, respectively. These differences are highly significant compared to
the full model (p < 0.001). Disabling GAT context reasoning also significantly reduces
performance to 80.9± 1.5% and 79.6± 1.6% (p < 0.001). While disabling feature fusion
or the attention mechanism has relatively minor impacts, they still result in accuracy
decreases of 4.2% and 3.0%, respectively. These statistically significant decreases validate
the effectiveness of multimodal deep fusion and the adaptive weighting mechanism.
The spatiotemporal convolutional features extracted by the C3D branch can stably cap-

ture the overall limb movement trend, retaining rhythm and direction information even
in the presence of cluttered backgrounds or partial occlusions; the GAT branch explicitly
models the collaboration and interaction patterns between dancers through dynamic graph
structures, allowing the actions of occluded individuals to be inferred from the states of
neighboring dancers; the feature splicing and fusion strategy achieves the complementary
advantages of visual and structural modalities, avoiding the discrimination bias caused
by independent decision-making; the attention mechanism gives the model the ability of
“selective attention”. In key actions such as “Lift” or “Crossing Position Swap”, the sys-
tem can automatically focus on the most behaviorally relevant collaborators, rather than
treating all neighbors equally, thereby improving the accuracy of contextual reasoning.
To verify the rationality of the GAT architecture design, additional ablation experi-

ments were conducted on the number of layers and attention heads, as shown in Table 4.
Using a single GAT layer achieves an accuracy of 84.6± 1.5%, which is 2.7% lower than
the full configuration, indicating that a single layer lacks sufficient capacity to model com-
plex multi-dancer interaction patterns. Keeping two GAT layers but reducing attention
heads from 8 to 4 results in an accuracy drop to 85.8± 1.4%, suggesting that fewer heads
limit the model’s ability to capture diverse relational features from different subspaces.
Increasing to three GAT layers yields an accuracy of 86.9± 1.6%, slightly lower than the
two-layer configuration, potentially due to over-smoothing where node features become
indistinguishable after excessive message passing. The experimental results confirm that
the two-layer GAT with eight attention heads achieves the optimal balance between mod-
eling capacity and generalization performance, providing empirical justification for the
architectural choices in this paper.

Table 4. Ablation study on GAT configuration

GAT layers Attention heads Accuracy (%) Macro-F1 (%)
1 layer 8 heads 84.6 ± 1.5 83.9 ± 1.4
2 layers 4 heads 85.8 ± 1.4 85.1 ± 1.5
2 layers 8 heads 87.3 ± 1.4 86.7 ± 1.3
3 layers 8 heads 86.9 ± 1.6 86.2 ± 1.5

4. Conclusion. This paper proposes a two-stream action recognition framework that
integrates C3D and graph attention networks to address the challenges of high occlusion
and contextual discontinuity in complex dance choreography. The C3D branch extracts
global spatiotemporal motion features while constructing a dynamic human relationship
graph based on confidence-weighted keypoints. GAT is used to adaptively aggregate neigh-
borhood information to enable action inference for occluded individuals. Feature concate-
nation and attention pooling are then used to achieve multimodal fusion classification. Ex-
periments demonstrate that this method achieves an average accuracy of 87.3 ± 1.4%
for five typical dance action categories. Performance remains stable in high occlusion
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scenarios, with a drop of only 7.8%, effectively improving the robustness and accuracy
of action recognition in complex choreography. Nevertheless, several limitations point to-
wards promising future directions. Firstly, the model’s performance is contingent upon
the quality of the OpenPose detections; significant errors in keypoint localization under
extreme visual degradation could propagate into the graph structure. Future work will
explore integrating pose estimation within an end-to-end trainable framework to enable
joint optimization. Secondly, the current dataset primarily consists of professional perfor-
mance and rehearsal scenes, covering a limited range of dance styles including modern
dance, folk group dance, and ballet. The generalization capability of the proposed method
to other dance genres with fundamentally different movement vocabularies – such as street
dance, ballroom dancing, or traditional cultural dances with distinct gesture systems –
requires further validation. Expanding the dataset to include a wider diversity of dance
styles, recording conditions, and real-world application scenarios is a planned next step to
comprehensively assess the model’s robustness and adaptability. Finally, while the com-
pact C3D backbone ensures efficiency, replacing it with more powerful architectures like
I3D or VideoSwin could potentially unlock higher performance ceilings, which warrants
comprehensive investigation.
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