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Abstract. This paper introduces a skeleton-based action recognition method. This method uses Spatio-Temporal Graph
Convolutional Networks (ST-GCN) and adaptive attention mechanisms. Currently, skeletal data is the main target for human
action recognition in pattern recognition because they are smaller, less affected by noise, and have certain structural
characteristics. A new system creates an explicit spatial graph for each skeletal sequence and determines the positions of its
components and the relative layout of the joints. To enhance discriminative power, temporal modeling employs integrated
temporal convolutional layers. In addition, a global attention module adaptively highlights information-rich joints and time
steps. Three public datasets were used in the experiments: NTU RGB+D 120, Kinetics Skeleton 400, and PKU-MMD. The
model achieved a Top-1 accuracy of 93.1% on NTU RGB+D 120, surpassing many strong baselines. The macro F1 scores for
subclasses range from 0.90 to 0.96, unaffected by action overlap or class imbalance. The model based on ablation
experiments requires attention modules and spatial graph convolutions; their omission can lead to a performance drop of
up to 3.8%. Cross-dataset transfer evaluation still achieves over 86% accuracy, demonstrating its generalizability. Moreover,
the model is relatively stable to noise, maintaining an accuracy of 65.2% even after high-level disturbances, while other
methods only achieve an accuracy of 24.7%. Based on the above results, the proposed method is feasible and practical, which
means it can be used for human-computer interaction and other monitoring systems.
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Introduction

Intelligent surveillance, human-computer interaction, health monitoring, multimedia retrieval, and intelligent
surveillance are all typical computer vision research areas for human action recognition [1]. Among all data
modalities, skeleton-based representations consist of spatiotemporal sequences of body joint coordinates, as
they exhibit strong robustness to background, lighting, and other appearance variations [2]. As a form of motion
abstraction, skeletal data is easy to process and interpret features [3]. It is much smaller than RGB videos or
depth maps. With the advancements in 2D and 3D pose estimation, inexpensive depth sensors and motion
capture equipment are now more accessible, providing larger-scale datasets for skeleton-based recognition [4].
Skeletons also have inherent drawbacks. The dynamics of motion usually have complex temporal dependencies,
with significant intra-class variability and minimal inter-class variability [5]. Therefore, it is difficult to distinguish
between various types of movements. Accurately modeling the spatiotemporal relationships between body
joints is also an unresolved issue [6]. Therefore, many researchers are actively studying methods to extract rich
features from skeletal sequences and create high-performance recognition models [7].

Initially, skeleton-based action recognition research used hand-crafted features and shallow machine learning
models, but these methods often struggled to recognize the hierarchical and dynamic relationships between
human actions [8]. In recent years, Convolutional Neural Networks (CNNs) and Recurrent Neural Networks
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(RNNs) have been successfully applied in deep learning models to extract spatial and temporal features [9].
However, these models typically describe skeletal sequences as one-dimensional or two-dimensional grids,
neglecting the intrinsic topological structure of the human skeleton formed by joint connections [10]. Therefore,
the important semantic relationships between body parts and their coordinated movements are often
overlooked [11]. Therefore, Graph Convolutional Networks (GCNs) are used to model skeletal data as graphs,
where nodes represent joints and edges represent anatomical or functional relationships [12]. Graph-based
methods can more naturally represent the spatial and temporal distributions [13]. Current GCN methods still
cannot capture multi-scale temporal variations, handle various actions, or selectively focus on key frames or
joints [14], despite some progress in the aforementioned areas. Some recent models have incorporated
attention mechanisms to increase the weight of relevant features, but research on their interpretability and
impact on recognition performance is still scarce [15].

Based on the aforementioned issues, this paper proposes a novel skeleton action recognition method based on
Spatio-Temporal Graph Convolutional Networks (ST-GCN) and adaptive attention mechanisms. In order to
distinguish the features of different action categories, we used an improved spatial graph encoding scheme and
enhanced temporal modeling units. In addition, the proposed attention mechanism can effectively and
reasonably select important temporal and spatial cues. Extensive experiments conducted on public benchmark
datasets indicate that our model demonstrates good generalizability and performance compared to other
models. The main contributions of this paper include: (1) a general spatial graph construction framework
applicable to various human poses; (2) a temporal modeling method to address long-range dynamic
dependencies; (3) an adjustable attention mechanism for interpretable feature selection; (4) comprehensive
experimental validation of the method's effectiveness and robustness. The rest of this paper is divided into the
following sections: Section 2 introduces related work, Section 3 presents the proposed method, Section 4 reports
the experimental results and analysis, and Section 5 concludes the paper.

Related Work

Action Recognition Techniques

Handcrafted features extracted from video sequences, such as spatiotemporal interest points, motion
trajectories, and shape-based descriptors, occupied a significant portion of early human action recognition
research. The aforementioned traditional methods often fail to capture the high-level semantic information
required for complex, subtle, or overlapping actions, although they maintain a certain degree of invariance to
scale, rotation, and background clutter [16]. With the emergence of large-scale annotated datasets and the
improvement of computational power, deep learning methods have become increasingly common in this field.
Convolutional Neural Networks (CNNs) are now commonly used to extract hierarchical visual features from raw
video data. The aforementioned methods have achieved good results, especially in recognizing actions from RGB
and optical flow. Although the above methods have made some progress, they still do not address the inherent
redundancy and ambiguity issues in RGB scenes, such as occlusion and viewpoint changes [17].

To address the aforementioned shortcomings, more and more people are beginning to use skeleton-based
action recognition models. This new type of model considers the two-dimensional or three-dimensional
estimation of human posture and extracts actions in a concise and meaningful way [18]. By encoding the spatial
arrangement and movement of joints in the skeletal structure, it becomes easier to create human motion
models while reducing the complexity and noise of pixel-based data. Early skeleton-based methods typically
used statistical pose descriptors, such as trajectory templates or joint angle histograms. However, due to the
limitations of domain heuristics, these methods often have constraints and lack temporal expressiveness [19].
With the introduction of deep neural networks, recurrent neural networks and CNN-based structures have been
used for sequential skeleton input to improve motion dynamic analysis. However, many traditional deep
architectures fail to fully leverage the inherent relationships and topological features of skeletal data, thus
requiring more structure-aware methods [20].

Graph Convolutional Networks for Skeleton Analysis

Due to powerful non-Euclidean data structure models such as social networks, citation graphs, and skeletal
graphs, Graph Convolutional Networks (GCNs) have recently received widespread attention. In skeleton-based
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systems, each human joint is considered a node in the graph, and the natural connections between these joints
form the edges of the graph. In this way, we can obtain a graph that reflects the topological structure of the
human body [21]. GCNs are not based on regular grids like CNNs; instead, they can transmit data between
connected nodes in any graph topology. Therefore, the network can better learn spatial relationships by treating
the physical connections between different parts of the body as intrinsic information during the node feature
update process [22].

In order to further leverage the unique structural characteristics of the human skeleton, various types of GCNs
have been proposed. For example, Spatio-Temporal Graph Convolutional Networks (ST-GCNs) use temporal
edges to connect the same joints across consecutive frames. This enables them to simultaneously model spatial
structure and temporal variations. By adopting the aforementioned methods, the sensitivity of the network to
local joint interactions and full-body coordination can be enhanced, thereby aiding in the recognition of subtle
and highly dynamic actions [23]. Moreover, the adaptive learning graph scheme can dynamically adjust the
model's connection structure and edge weights based on the background or learned specific action patterns.
Therefore, these models can be used for more datasets and scenarios because they can withstand noise,
occlusion, and individual differences [24].

Temporal Modeling Approaches

The foundation for recognizing human actions is the temporal model, as most human behaviors occur over a
longer period. Therefore, we must understand the changes in motion and their interdependent relationships.
Hidden Markov Models (HMMs) and Conditional Random Fields (CRFs) are the first time series models. HMMs
and CRFs perform excellently in certain situations, but they lack the ability to handle long-range dependencies
and complex nonlinear dynamics [25]. RNNs, especially LSTMs, are considered capable of addressing long-term
dependency issues in sequences. It also introduces a specific memory cell and gating mechanism to address this
issue [26].

Although they are advanced, RNN-based methods still easily suffer from gradient vanishing and often lack the
structural awareness needed to distinguish similar actions of different body parts. This also occurs when dealing
with very long sequences. Temporal Convolutional Networks (TCNs) and attention-based models have been
proposed to address the aforementioned issues. These models allow for selective attention to important frames
and parallel processing of temporal signals [27]. Spatio-temporal Graph Convolutional Networks (ST-GCNs) are
particularly well-suited for addressing spatial correlations and temporal progression issues in skeleton-based
action recognition by combining graph operations and temporal convolutions, and they have shown excellent
performance in end-to-end learning. Skeleton sequences have recently adopted transformer-based models and
multi-head attention mechanisms to extend the modeling of long-term dependencies and improve
interpretability. This means that the field is moving toward more flexible, context-adaptive temporal
architectures [28].

Methodology

Overall Framework

As shown in Figure 1, the structure of this method is designed to better utilize the spatiotemporal correlations
in human motion. (1) Construct and encode spatial graphs; (2) Use temporal and spatiotemporal aggregation
with a graph convolution backbone; (3) Attention mechanism for adaptive feature weighting across space and
time.
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Figure 1. Overall Framework Flowchart

In the raw input stage, each skeleton sequence is denoted as a tensor X € RT*¥XC with T frames, N joints per
frame, and C feature dimensions (e.g., C = 3 for 3D coordinates). Each skeleton at time t forms a graph G; =
(V, €;), where the nodes V; represent anatomical joints and edges &, capture physical bone connectivity.

To construct the spatial-temporal skeleton graph, all frame-level graphs are linked temporally, yielding Gsr =
(V, &5 U &), where & defines spatial connections and £; defines temporal links between identical joints in
adjacent frames. Node features are initialized as:

R =x,,,veV,t=1,.,T Eq.(1)
where X, ,, is the observed feature of joint v at time t.
The ST-GCN backbone transmits spatiotemporal information. The updates of node embeddings in each layer

consider temporal consistency and spatial proximity. Examples of feature aggregation are as follows:

Ks K¢
H®D =g A;HOWS + z AT HOWT Eq.(2)
k=1 m=1

Here, Afc and AT, are normalized spatial and temporal adjacency matrices, while W,f and W/, are learnable
weights. This design allows the model to concurrently capture joint correlations within each frame and temporal
evolution across frames.

The backbone network creates a skeleton sequence. Then, the global attention module selects joints and time
steps to distinguish them. To determine the attention weights a,,,, we used a softmax normalization scoring
function:

_ exp (fatt(ht.v))
vl exp (fatt(hf'ﬂ”))

where f,.; () is a learnable function (e.g., a single-layer perceptron), focusing the model's representation on
action-relevant dynamics and suppressing noise.

Aty Eq.(3)

The final attention feature representation, after being aggregated, is classified through a fully connected layer
with a softmax activation. By reducing the classification cross-entropy loss between the predicted and true
action labels, end-to-end training of the entire network is achieved.

Spatial Graph Construction and Encoding

The first innovation of this way is to model each person's skeleton as an organised spatial graph, and thus
consider the physical limitations and geometric arrangements of the body. For each frame t, the skeleton is
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encoded as a graph G, = (V;, &), with V; the set of N joints, and £, the set of edges representing anatomical
connections. Each joint node v € V, is associated with coordinates x,,, € R3.

The adjacency matrix representing bone connectivity is defined such that A;C‘J- = 1 when joints i and j are
directly connected by a bone, and A;C‘J- = 0 otherwise. This can be succinctly written as:

A=) EE Eq.(4)
The coordinates of each joint are translated relative to a specific reference joint (e.g., the pelvis) to achieve
translation invariance and normalize the poses of different subjects.

x;:,v =Xty — Xir Eq.(5)
where 7 is the index of the reference joint.
For each node in the spatial graph, three types of neighbors will be defined: center (the node itself), centripetal

(pointing toward the center), and centrifugal. This will improve the model's generalization ability. A simple
metric can be used to measure the membership of a joint partition:

M{; = PartitionType(i, ], P) Eq.(6)
where Mf]- = 1if joint j is classified as neighbor type P of node i, and zero otherwise.

Subsequently, all the aforementioned frames are stacked together to form a spatiotemporal tensor.
Subsequently, this tensor serves as the complete model input for the convolution operation.

X ={x,1t=1,..,T;v=1,..,N} Eq.(7)
As shown in Figure 2, the complete spatial encoding pipeline includes adjacency mapping, normalization, and
partitioning.
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Figure 2. Spatial Graph Construction Architecture

Temporal Modeling and Attention Mechanism

In order to accurately identify actions in skeletal sequences, it is necessary to consider both the current posture
and its changes over time. Over time, the current system has added convolutional layers and attention
mechanisms to enhance the expression of data variation features and focus on relevant motion areas.

The input sequence is represented as a feature tensor X’ € RT*V*C where T is the sequence length, N is the
number of joints, and C is the feature dimension. Local temporal dependencies are explicitly encoded for each
joint and feature channel via 1D convolution across the temporal domain:
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Zt,v,c = Z W¢§C)xt,‘+6,v,c Eq(8)
8=—K
In this expression, K defines the kernel's temporal window, and W6(C) are learned weights for each channel offset.

The activation tensor is output by each temporal convolution block, and then it generates higher-order temporal
abstractions through nonlinear mapping:

Z4 = a( Tempora]ConV(Z(l))) Eq.(9)
where ¢() is a non-linear operator such as ReLU, and Z(®) = X'.
To further enhance spatial feature propagation, the output of each temporal block is passed through a spatial
graph convolution based on the skeletal adjacency matrix A5 :
YO = SpatialGraphConv(Z®, AS) Eq.(10)
Therefore, the connected parts of the body can share data to achieve full joint analysis.
Since the interpretation of actions varies across all joints and time steps, the network employs a parameterized

spatiotemporal attention mechanism. The importance score of the feature vector is obtained by a specific
multilayer perceptron:

Sep = MLP(YS). Eq.(11)
These scores are normalised within a given time window to obtain the attention coefficients:

exp (st_,,)

N
v'=1 €XD (St.vl)
The spatial-temporally modulated features are then weighted to concentrate the network's capacity on the
informative areas:

Eq.(12)

tv —

& l
Yip, = ey~ YE,I)i,: Eq.(13)
Finally, use global average pooling to obtain the discriminative representation of the entire action instance, and

then use a standard fully connected classifier to compute the action probability:

T N
1 .
p = softmax (ch (ﬁz Z Yt_,,y:> + bfc> Eq.(14)

t=1 v=1
where W, and by, are learnable parameters. According to the above method, it is expected to generate a

concise, attention-enhanced encoding for precise, context-aware action classification.

Experimental Design and Results

Dataset and Evaluation Metrics

We conducted experiments on three well-known skeleton-based action recognition datasets: NTU RGB+D 120
[29], Kinetics Skeleton 400 [30], and PKU-MMD [31], to comprehensively validate the generalizability and
discriminative ability of our spatiotemporal framework. Each dataset is designed to support large-scale diversity,
containing various multimodal and heterogeneous action sequences from different environments, subjects, and
movement styles.

NTU RGB+D 120 created 114,480 labeled skeleton sequences using cross-subject and cross-setting evaluation
protocols, covering 120 different action categories. Kinetics Skeleton 400 is the pose estimation version of the
original Kinetics-400 video dataset, containing 400 challenging real-world motion variation categories. PKU-
MMD is a multi-modal and multi-view benchmark that enhances the evaluation of generalization and
transferability in unconstrained scenarios.

Strictly standardized preprocessing of data, including temporal normalization (padding or truncating sequences
to 100 fixed-frame windows), spatial normalization (aligning all skeletons to the pelvis using min-max scaling,
etc.), and extensive data augmentation. To ensure invariance and simulate distortion during testing in natural
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environments, data augmentation includes random spatial rotation, temporal jitter, joint occlusion, and
simulated occlusion.

Report the Top-1 and Top-5 accuracy, average F1 score per class, macro-average ROC-AUC, and provide a
confusion matrix for detailed diagnostics. When evaluating in the presence of noise and imbalanced labels, use
the strategies proposed in recent research [32]. To eliminate the randomness introduced by training and data
shuffling, the reported metrics are averaged over five cycles using independent random seed sets.

To ensure complete reproducibility and transparency, our codebase, pre-trained model weights, and all
preprocessing scripts will be made publicly available. Data splitting, batch size, learning rate, early stopping
criteria, optimizer settings (AdamW), and data loader randomization are all used in the experimental workflow.
This will lay a fair foundation for the subsequent comparison of our model variants and peer methods.

Ablation and Baseline Evaluations

We constructed fifteen controlled variants for ablation studies to examine the different contributions of each
part in detail. Each variant is defined by altering or removing specific parts of the model pipeline. These factors
include the size of the temporal kernel, the removal of spatial graph convolution, the elimination of joint-level
attention, the use of part-based graph structures versus whole graph structures, feature dimension compression,
alternative sequence normalization methods, dropout rates, network residual path design, aggregation and
pooling mechanisms, enhanced breadth, multi All model variants use the same training and validation splits, and
hyperparameters are regularly adjusted to ensure fairness [33].

(a)Validation Accuracy of Model Variants (b) Accuracy Drop by Component Removal
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Figure 3. Ablation results: (a) Validation accuracy. (b) Accuracy drops of key modules. (c) F1-score distributions

Figure 3 shows the results of the aforementioned ablation experiments. As shown in Figure 3a, under all fifteen
variant conditions, the trajectory of validation accuracy indicates that joint-level attention and spatial graph
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convolution have positive effects. For example, in the best case, the Top-1 accuracy reaches as high as 93.8%.
However, when joint-level attention is excluded, the accuracy drops to 89.6%, and spatial graph convolution
also decreases to 87.4%. As shown by the blue curve, excluding joint-level attention resulted in an average
decrease of 2.9% in Top-1 accuracy. On the other hand, removing spatial graph convolution resulted in a 3.8%
drop in cross-setting evaluation. Figure 3b shows the reason for the decrease in discrete accuracy due to the
deactivation of a single module. It is worth noting that the ablation study results of temporal convolution
indicate a significant performance drop, with the Top-1 accuracy decreasing to 81%. Therefore, this is necessary.
Figure 3c shows the Fl-score distribution of all variants, which are based on the aggregated set of 24 action
categories for each variant. The median Fl-score of the model that underwent thorough normalization and
aggregation exceeds 0.91, while the under-regularized configurations exhibit significant outliers and increased
interquartile range differences. As shown in the above analysis, enhanced normalization and stable aggregation
make the recognition of each class consistent, reducing performance differences between different categories.
In addition to the ablation study, we also conducted a comparison of four well-known baseline methods: ST-
GCN [34], 25-AGCN [35], CTR-GCN [36], and EfficientGCN [37]. To ensure a fair comparison, each baseline was
trained using uniform optimization parameters and a strict schedule.

As shown in Figure 4, the above results. Figure 4a shows the Top-1 and Top-5 accuracies of all methods. In the
NTU RGB+D 120 benchmark, our framework achieved a Top-1 accuracy of 93.1% and a Top-5 accuracy of 98.0%,
which are higher than the next best performer, CTR-GCN, with 88.4% and 96.2% respectively, with a 4.7%
improvement in Top-1 accuracy. Figure 4b shows the training and validation accuracy curves of all models. Our
technique improves the final accuracy and is less prone to overfitting. The stability of the gap between the
training and validation lines during the optimization process proves this point. The average AUC values of the
ten main action groups all exceed 0.97, while the baseline ST-GCN results are below 0.93, as shown in Figure 4c.
Therefore, under conditions of class imbalance and complexity, the improved discriminative ability of the
proposed model is achieved.

(a)Top-1/Top-5 Accuracy Across Baselines (b) Training/Validation Accuracy Over Epochs
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Figure 4. Baseline comparison: (a) Top-1 and Top-5 accuracy. (b) Accuracy curves. (c) Mean AUC under class imbalance.
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Figure 5 shows the robustness under different noise intensities and harsh operating conditions. Figure 5a shows
the accuracy curves of the three main models under ten fine-grained Gaussian noise levels, with a standard
deviation ranging from 0 to 0.3. Even at the highest noise level, our method still achieved an accuracy of 65.2%.
However, CTR-GCN dropped to 37.3% and ST-GCN dropped to 24.7%, indicating that they have lower robustness
to input perturbations. Figure 5b shows the distribution of prediction confidence for five difficult action
categories using the three methods, with each violin plot based on 30 independent test samples for each method
and category. Our model has the highest median confidence across all categories, typically showing a quartile
range above 0.93 with few outliers. Although our competitors perform well, their dispersion and confidence are
generally lower. Therefore, our recognition is both certain and stable. Figure 5¢c shows the normalized confusion
matrix, which is based on a test set of 250 samples and includes five closely related and easily confused action
categories. Our matrix exhibits diagonal dominance, with off-diagonal elements reduced by up to 40% compared
to CTR-GCN. The comparison between Category 2 and Category 3 indicates that this tendency is more
pronounced; in CTR-GCN, misclassification is limited to 7 samples, whereas our method results in 24 samples,
which helps distinguish subtle motion details.
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Figure 5. Model robustness: (a) Accuracy under noise. (b) Confidence distributions. (c) Confusion matrices for similar actions.

Based on the aforementioned research, combined with a large amount of quantitative data, the proposed
architectural components demonstrate significant advantages over existing graph convolutional models.
Moreover, they demonstrate strong generalization and stability in real-world environments.
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Comparison and Robustness Analysis

To comprehensively validate the above two points, we also compared them with the current state-of-the-art
(SOTA) methods and conducted extensive cross-dataset and cross-scenario experiments to analyze the
differences in feature representations and potential algorithmic flaws.

Using AGCN, 4s-Shift-GCN, InfoGCN, and MS-G3D as benchmarks, we utilized the NTU RGB+D 120 and Kinetics
Skeleton 400 datasets. As shown in Figure 6a, our model achieved a Top-1 accuracy of 93.1% on the NTU RGB+D
120 dataset, surpassing MS-G3D's 89.9%, InfoGCN's 88.2%, AGCN's 86.3%, and 4s-Shift-GCN's 85.5%. For five
representative action categories, our method outperforms the competitive baselines in category accuracy,
achieving 92.5%, 93.6%, 88.7%, 90.2%, and 91.1% respectively, as shown in the colored bar chart in Figure 6a.
Our method also achieved similar improvements through Kinetics Skeleton 400. For more details, please refer
to the supplementary materials.

Figure 6b shows the eight action categories of the macro F1 score. Our model achieved F1 scores of 0.90-0.96,
surpassing MS-G3D (0.91), InfoGCN (0.90), and AGCN (0.86). Complex, composite, and rare actions are easier to
detect, and they are relatively robust to semantic overlap and class imbalance.

Compared to previous methods, our model significantly reduces the confusion of cross actions, as shown in
Figure 6c, the normalized confusion matrix. In the five difficult categories, the diagonal values range from 0.94
to 0.98, and most of the off-diagonal elements are less than 0.05. The confusion between overlapping actions,
such as scratching the head and touching the head, has been reduced to some extent, but it has not been
completely eliminated.

(a) Overall and Class-wise Accuracy (b) F1-Scores by Category
W Overall —8— Ours
95.0 1 = Class-wise (Ours) 1.001 —o— MS-G3D
—8— InfoGCN
92.5 4 —e— AGCN
0.95 4
90.0
2875 © 0.90 1
o S
g 2
g 85.0 Iy
<
0.85
82.5
80.0
0.80 4
775
75.0 0.75 +— r r r " . . .
ours MS-G3D InfoGCN AGCN 4s-Shift-GCN c1 c2 c3 ca cs c6 c7 cs

(c) Normalized Confusion Matrix

0.04 0.02 0.00

C1

0.8
N
(8]
0.6
v
s M
= O
0.4
<
o
-0.2
R 0.02
' -0.0

] ] ]
C1l Cc2 C3 Cc4 C5
Predicted

Figure 6. SOTA method comparison (a) Overall and class-wise accuracy on NTU RGB+D 120 (b) Macro F1-scores for eight action categories
(c) Normalized confusion matrix for five challenging classes
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Figure 7a shows the t-SNE of the four action categories with interpretable embeddings. The feature clusters
exhibit excellent distinguishability between common and rare categories, which is why we show a very high level
of distinguishability in the penultimate layer of the model. In Figure 7b, the joint-level attention maps for Wave
Hand and Sit Down are visualized, with attention weights dynamically focusing on different parts of the body.
Wave Hand highlights the hand region, while Sit Down highlights the torso region. This pattern provides direction
and is easy to learn.

To evaluate generalization ability, six different cross-dataset transfer scenarios are used. We pre-train on one
dataset and then fine-tune on another dataset. Subsequently, we evaluated all pairwise transfers of PKU-MMD,
NTU RGB+D 120, and Kinetics Skeleton 400. Our method achieves high Top-1 accuracy in all cases: 91.5% from
NTU to PKU, 90.3% from PKU to PKU, 87.9% from PKU to PKU, 88.7% from PKU to PKU, and 86.3% from PKU to
PKU. Under the same conditions, the performance of MS-G3D is worse than other methods, with an accuracy of
81.4% from NTU to Kinetics. It can be seen that the above results are universal across various datasets and
perspectives.
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Figure 7. Interpretability and generalization (a) t-SNE visualization of penultimate-layer features for four action classes (b) Attention maps
for Wave Hand and Sit Down (c) Cross-dataset transfer Top-1 accuracy for all pairwise domain settings

Nevertheless, the above results still have some issues. For ambiguous behaviors with overlapping actions, such
as head patting and head grabbing, there are still some classification errors. Although it can be widely used in
new domains and modalities, extreme sensor or environmental changes may reduce its performance. Future
research will continue to explore domain adaptation and feature decoupling.

Conclusion

This paper introduces a new framework for skeleton-based action recognition and proposes an extended
architecture for the spatiotemporal attention mechanism in spatiotemporal graph convolutional networks. A
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new method for spatially encoding human posture structures is proposed, and improvements are made in
capturing long-range temporal dependencies in human motion. Based on the experiments conducted on the
three public benchmark datasets mentioned above, it can be seen that the proposed method outperforms the
current state-of-the-art models and improves all relevant metrics. It is worth noting that this method is
applicable to real-world applications such as surveillance, healthcare, and intelligent human-machine interaction
systems. This is because it exhibits good robustness in noisy and imbalanced situations, shows high accuracy in
cross-domain transfer, and is easily interpretable through the feature attention mechanism.

The above results also indicate some drawbacks. Although the system can now distinguish between various
types of movements, it often fails to differentiate very similar movement patterns in cases of ambiguous
categories or severe obstacles. When the environment undergoes extreme changes, performance declines, and
anomalies also occur in the case of faulty sensors. The attention mechanism sometimes focuses on irrelevant
areas in chaotic or multi-person environments, so more context-aware improvements are needed. Although
other methods are generally more interpretable than attention mechanisms.

Future research will address the aforementioned issues by exploring more complex domain adaptation methods
and robust feature decoupling techniques to improve generalization performance in heterogeneous datasets
and unsupervised environments. At the same time, skeletal data, inertial sensor signals, or raw RGB images can
be combined to improve the accuracy and stability of recognition in harsh environments. Extend self-supervised
or semi-supervised learning methods to address the issue of limited data and improve model scalability. In
summary, new research on action recognition in open-world scenarios based on skeletons is expected to be
inspired by the strategies and methods introduced in this paper.
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