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Abstract: Objective Human action recognition plays a critical role in intelligent surveillance , human—computer interac-
tion, and assisted healthcare. Multimodal action recognition based on skeleton sequences and RGB videos has attracted

increasing attention in recent years due to its ability to integrate complementary structural motion information and visual
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appearance cues. Skeleton data provide relatively stable structural priors of the human body and are less sensitive to back-
ground clutter and appearance variations, while RGB videos contain rich texture, context, and human—object interaction
information that cannot be fully captured by skeletons alone. However, existing methods still face several challenges.
First, most skeleton-based approaches built on graph convolutional networks rely on dense natural body topology, which is
effective for modeling local motion patterns among adjacent joints but insufficient for capturing long-range dependencies
among semantically related yet spatially distant joints. In many actions, discriminative cues depend not only on local move-
ments but also on global coordination across distant body parts. Second, RGB-based methods are highly susceptible to
background clutter, viewpoint variations, scale changes, and irrelevant regions, making it difficult to focus on action-
relevant areas, especially in complex scenes. Third, many multimodal fusion methods adopt simple feature concatenation
or modality-symmetric fusion strategies, which fail to fully exploit the complementary information across modalities and do
not adequately reflect the structural stability of the skeleton modality. Method To address these issues, this paper proposes
a Dense-Sparse Skeleton Joint Representation-Guided RGB Image ROI Localization for Multimodal Action Recognition net-
work a dense—sparse skeleton joint representation framework is constructed. The dense skeleton branch preserves the com-
plete physical topology of the human body and is responsible for modeling local motion patterns among adjacent joints.
Because it retains full joint connectivity, this branch is effective for describing local posture transitions and fine-grained
motion dynamics. In contrast, the sparse skeleton branch retains only key joints, including the head, hands, elbows,
knees, feet, and a trunk center. By compressing topological paths, it effectively enhances long-range dependency model-
ing across distant body parts. Compared with the dense branch, the sparse branch focuses more on global coordination rela-
tionships and the overall action structure. Through jointly learning dense and sparse skeleton representations, the model
achieves unified modeling of local motion dynamics and global coordination relationships. -In this way, the proposed frame-
work improves the spatiotemporal representation capability of the skeleton modality by combining local structural continuity
with long-range semantic interaction. Second, a Cross-Modal Attention-Based Coarse-to-Fine Skeleton-Guided RGB ROI
Localization Strategy is proposed to enhance the discriminative capability of the RGB modality. Specifically, a two-stage
coarse-to-fine guided ROI localization mechanism is designed. In the first stage, sparse skeleton features are used to per-
form coarse-grained ROl localization, where the overall action structure serves as a prior to guide the RGB branch to focus
on the human body and major motion regions while suppressing large-scale background noise. This stage mainly empha-
sizes the action subject and broad movement-related regions, enabling the visual branch to quickly concentrate on the main
action area. In the second stage, dense skeleton features are employed to conduct fine-grained ROl localization on the
enhanced visual features, further emphasizing discriminative local regions such as hands, elbows, knees, and human—
object interaction areas. Since dense skeleton features preserve richer local topology, they provide more precise structural
guidance for highlighting subtle but important regions for action discrimination. The two stages therefore serve different but
complementary purposes: the first provides global localization, while the second refines local details. Through this progres-
sive process, the RGB modality is guided from coarse subject-level focus to fine-grained action-related region enhance-
ment, which helps reduce the influence of irrelevant background information. In addition, the proposed ROl localization is
performed in feature space rather than by explicitly cropping raw RGB frames, making the visual enhancement process
more stable and flexible. Finally, a skeleton-dominant cross-modal gated fusion module is designed to achieve effective
multimodal integration. Unlike conventional modality-symmetric fusion strategies, the proposed method treats skeleton fea-
tures as the dominant representation and generates gating weights to adaptively reweight RGB features along the channel
dimension. The rationale is that skeleton data provide more stable and task-relevant structural cues, whereas RGB informa-
tion, although rich in appearance semantics, is also more vulnerable to environmental noise. Under this mechanism, RGB
information is incorporated as a complementary modality conditioned on skeleton semantics, enabling the model to selec-
tively utilize visual appearance cues that are beneficial for distinguishing fine-grained actions while suppressing irrelevant
noise. In this way, the complementary relationship-between skeleton and RGB modalities can be exploited more effec-
tively. In addition, the entire framework is trained in-a joint optimization manner with both primary and auxiliary supervi-
sion. The fusion branch is supervised by the main classification loss, while the skeleton and RGB branches are equipped

with auxiliary losses to enhance feature discriminability and improve training stability. This training strategy helps optimize
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both fused representation learning and branch-specific representation quality. Result Extensive experiments are conducted
on three public benchmarks, including NTU-RGB+D 60, NTU-RGB+D 120, and UAV-Human. Experimental results
show that the proposed method achieves 94. 7% and 98. 3% accuracy under the X-Sub and X-View protocols on NTU-RGB+
D 60, and 92. 82% and 93. 91% under the X-Sub and X-Set protocols on NTU-RGB+D 120. On the UAV-Human dataset,
it achieves 53. 60% and 76. 90% under the CSv1 and CSv2 protocols, respectively. Compared with existing skeleton-based
and multimodal methods, the proposed approach demonstrates superior performance and stronger robustness under various
evaluation settings. The results on the NTU datasets indicate that the proposed framework can effectively exploit comple-
mentary structural and visual information in standard benchmark scenarios. More importantly, its performance on UAV-
Human further demonstrates its robustness in low-altitude UAV-view scenes, where the task is more challenging because of
viewpoint changes, target scale variation, occlusion, and complex backgrounds. These results verify that the proposed
framework is effective not only in relatively controlled indoor environments but also in more difficult open-view conditions.
Ablation studies further validate the effectiveness of each component. The dense—sparse skeleton joint representation sig-
nificantly outperforms single dense skeleton modeling, showing that combining dense topology with sparse key-joint topol-
ogy is beneficial for capturing both local motion patterns and long-range dependency relationships. The coarse-to-fine
guided ROI localization consistently achieves better performance than single-stage guidance, confirming that progressive
visual guidance from global action-subject localization to local detail enhancement is more effective for action-related region
modeling. Moreover, the proposed skeleton-dominant cross-modal gated fusion module outperforms commonly used fusion
strategies, including feature concatenation, matrix multiplication, and cross-attention. This comparison indicates that
using the skeleton modality to adaptively regulate RGB contribution is more suitable for multimodal action recognition than
treating both modalities equally. Category-level analysis shows that the RGB complementary branch provides more signifi-
cant improvements for fine-grained and easily confused actions, further demonstrating the effectiveness of exploiting modal-
ity complementarity. In particular, actions involving subtle hand motion, object interaction, or visually similar body con-
figurations benefit more from the proposed framework, because RGB information supplements details that skeleton data
alone cannot adequately represent. Conclusion The proposed method enhances skeleton modeling by jointly capturing local
motion patterns and global coordination relationships through dense —sparse skeleton joint representation, improves the
focus of the RGB modality on action-relevant regions via coarse-to-fine guided ROI localization, and achieves effective mul-
timodal integration through a skeleton-dominant cross-modal gated fusion module. By integrating these three components
into a unified framework, the model is able to make fuller use of the complementary advantages of skeleton sequences and
RGB videos. Experimental results demonstrate that the proposed framework not only achieves superior performance on stan-
dard indoor benchmarks but also maintains strong robustness and generalization ability in complex UAV-view scenarios,
providing an effective solution for multimodal human action recognition. Overall, the study shows that strengthening skel-
eton representation, progressively guiding visual attention, and designing a skeleton-dominant fusion mechanism are all
important for improving multimodal action recognition performance in complex scenes.

Key words: human action recognition; multimodal fusion; graph convolutional network; cross-modal attention; ROI local-
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Fig. 3 Architecture of the coarse-grained skeleton-guided ROI

module
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Table 1 Comparison of the accuracy of the proposed
method with other methods on the NTU-RGB+D 60 data-

set.

Jrik S R X-Sub V)fe_w
ST-GCN(Yan%:,2018) v - 81.57 8833
2AS-GCN(Shi%,2019) v - 8689 9425
MS-G3D(Liu % ,2020) Voo - 9155 9624
CTR-GCN(Chen%§,2021) v - 9220 96.10
InfoGCN (Chi% ,2022) v - 8980 9120
HD-GCN(Lee%,2023) ¥ - 9340 9720
BlockGCN(Zhou%§,2024) ¥ = 93.10  97.00
VPN(Das %,2020) VooV 9350 9620
TSN(Bruce%,2021) v ¥ 9250 97.40

MMNet( Yu%,2023) vV 9420 97.80
MS-ROI(Ming%,2025) v v 9455 9821
TransMODAL(Majid %5,2025) v vV 92.10 93.23
A3 v oY 9470 9830
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Table 2 Comparison of the accuracy of the proposed
method with other methods on the NTU-RGB+D120 data-

set.

7k S R X-Sub X-Set
ST-GCN(Yan%:,2018) v - 7074 7320
2AS-GCN(Shi%,2019) voo- 8250 84.20
MS-G3D(Liu % ,2020) v - 8690 88.40
CTR-GCN(Chen%:,2021) - v - 8890  90.60
InfoGCN(Chi%,2022). v - 90.10 91.60
HD-GCN(Lee,2023) ¥ - 9030 91.50
BlockGCN(Zhou%%,2024) ¥ - 9090 92.20
ProtoGCN (Liu % ,2025) Voo - 9200 93.80
VPN(Das%,2020) ¥ ¥ 8630 87.80
TSN(Bruce%:,2021) v v 87.00 89.10

MMNet( Yu%§,2023) v Y 9190 9340
MS-ROI(Ming%,2025) ¥ ¥ 9255 9351
TransMODAL(Majid %,2025) ¥ v 9022 9175
A3 v oV 928 9391
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Fig. 4  Per-class recognition accuracy on the NTU-RGB+D 60 datasets
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Table 3 Comparison of the accuracy of the proposed
method with other methods on the UAV-Human dataset.

WIReS S R CSvl GSv2
ST-GCN(Yan%:,2018) v - 3025 56.14
2s-AGCN(Shi%,2019) V- 3484 66.68
MS-G3D(Liu % ,2020) v - 3791 70.10
CTR-GCN(Chen%,2021) v - 3711 69.23
HD-GCN(Lee%,2023) Y - 4543 72386
BlockGCN(Zhou %8 ,2024) Y - 4321  45.60
ProtoGCN (Liu % ,2025) v - 3100 60.80
VPN(Das%,2020) v ¥ 4932  75.65
TSN(Bruce%,2021) v V¥ 5133 7291
MMNet(Yu%§,2023) v ooV 5266 75.00
MS-ROI(Ming%§,2025) V¥ v 5155 7651
TransMODAL(Majid % ,2025) . ¥ v 5322 7475
A3 vV 5360  76.90
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Table 4 Ablation study of the dense — sparse skeleton joint

representation framework
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Sub  View Sub X=Set
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Fig. 5 Per-class recognition accuracy on the UAV-Human datasets
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Table 5 Ablation study of the cross—modal attention—
based skeleton—guided RGB ROI localization strategy
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View
ASCHDREE ROT 2 7 89.61 92.80 88.50 89.20
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Fig. 6  Visualization results of coarse-grained ROI regions and fine-grained ROI heatmaps
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Table 6 Comparison of recognition accuracy between the proposed skeleton—driven cross—modal gated fusion module and

other fusion methods

NTU-RGB+D 60 NTU-RGB+D 120
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X-Sub X-View X-Sub X-Set
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Fig.7 Mean statistics of gating weights for different action cat-

egories
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