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Abstract: Objective In recent years, methods based on graph convolutional networks (GCNs) have become increasingly
popular in human skeleton-based action recognition, which resulted in significant strides in this challenging domain. These
advances are primarily attributed to the ability of GCNs to model spatial and temporal dependencies inherent in human skel-

etal data. However, traditional graph convolutions exhibit notable limitations, particularly in capturing interaction informa-
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tion between distant nodes. This shortcoming leads to suboptimal performance in recognizing non-natural connections
within the skeleton graph, which is a crucial aspect for accurately modeling complex human actions. Traditional GCNs are
adept at processing locally connected nodes, but their efficacy diminishes as the distance between nodes increases. This
concern is common in the context of human skeletons, where actions often involve coordinated movements of body parts that
are not directly connected. For instance, actions involving simultaneous hand and foot movements necessitate an under-
standing of long-range dependencies. The inability of conventional GCNs to effectively capture these dependencies results
in a limited understanding of the overall action, which reduces recognition accuracy. Moreover, existing approaches that
attempt to model complex spatial relationships usually encounter significant issues related to feature redundancy and an
exponential increase in parameter count. Although these methods are sophisticated, they tend to generate a large number of
redundant features, which not only increase computational complexity but also hamper the overall efficiency of the model.
Method A novel multi-granularity graph structure called the dynamic multi-granularity graph convolutional network (DMG-
GCN) is proposed for skeleton graph construction to address the aforementioned challenges. This approach involves design-
ing three different granularity graph structures, with each of them being tailored to capture distinct aspects of the skeletal
data. By combining various human body joint points in innovative ways, these multi-granularity graphs enable the model to
capture interaction information between non-naturally connected nodes more effectively. This hierarchical representation
allows for a more nuanced understanding of the spatial relationships within the skeleton graph. Based on the multi-
granularity graph structure, a dynamic adjacency matrix is introduced in spatial modeling. Unlike static adjacency matri-
ces, which remain fixed regardless of the specific action being performed, the dynamic adjacency matrix adapts depending
on the current spatial configuration of the nodes. This adaptability ensures a more accurate representation of the semantic
relationships between nodes, which leads to improved recognition performance. In addition to the dynamic adjacency
matrix, a spatial reorganization convolution module is proposed to mitigate feature redundancy and growing parameter vol-
ume. This module operates by cross-reconstructing information-rich and -poor features through separation-reconstruction
operations. The module effectively distinguishes and reorganizes these features. Thus, it reduces spatial dimension feature
redundancy, which enhances the efficiency and performance of the model. During the feature fusion stage, a new six-
stream fusion method is introduced, which leverages the complementary information derived from the three-granularity
graph structures. This method integrates the diverse insights provided by each granularity level , which leads to a more com-
prehensive understanding of the skeletal data. The integration of these streams guarantees that the model captures the full
spectrum of spatial and temporal dependencies, which significantly improves overall performance. Result The efficacy of
the proposed approach is confirmed by its performance on benchmark datasets. Compared with the baseline method CTR-
GCN, the proposed method achieves improvements of 0. 6%, 0. 7%, and 0. 7% on the NTU-RGB+D, NTU-RGB+D 120,
and Northwestern-UCLA datasets, respectively. These improvements are seemingly modest, but they represent significant
advancements in the highly competitive field of human skeleton-based action recognition. The ablation studies further vali-
date the effectiveness of the multi-granularity graph structure and spatial channel reconstruction convolution within the pro-
posed architecture. These studies highlight the individual contributions of each component, which demonstrates how the
multi-granularity approach enhances the ability of the model to capture complex interactions while the spatial reorganization
convolution reduces redundancy and improves efficiency. In addition, comparative visualizations underscore the superior-
ity of the dynamic adjacency matrix over conventional adjacency matrices. These visualizations reveal how the dynamic
matrix more effectively captures semantically informative connections between nodes, which facilitates a deeper understand-
ing of complex actions. Conclusion Our DMG-GCN represents a significant advancement in spatiotemporal modeling for
human skeleton-based action recognition. By integrating a multi-granularity graph structure with spatial channel reconstruc-
tion convolution, this approach expands the receptive field of GCNs and substantially reduces feature redundancy. The
dynamic adjacency matrix further enhances the capability of the model to capture intricate semantic relationships, which
leads to more accurate and nuanced action recognition. The proposed DMG-GCN not only addresses the limitations of tradi-
tional GCNs but also sets a new benchmark for future research in the field. Its innovative approach to handling long-
distance node interactions and reducing feature redundancy lays the foundation for developing more advanced and efficient

models. As human skeleton-based action recognition continues to evolve, the principles and techniques introduced by
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DMG-GCN are likely to inspire further advancements. Such innovations will drive the field toward even greater accuracy

and applicability in real-world scenarios.

Key words: graph convolution; skeleton-based action recognition; multi-granularity; feature redundancy; reconstruction
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Fig. 5 The comparison of accuracy between the proposed method and the baseline model on the NTU-RGB+D 60 dataset
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Table 3 Comparison of joint flow accuracy of skeleton

maps with different granularities on the
NTU-RGB+D 60 dataset
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Table 4 Comparison of joint flow accuracy of different
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