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ever, owing to the high flexibility of hand movements, the complexity of self-occlusion, and the interaction between hands
and objects, hand pose estimation remains a challenging task, especially in real-world scenarios. Traditional methods often
struggle with issues such as insufficient multiscale feature fusion, channel loss, and occlusion interference. Most of the
existing approaches tend to rely on either single-feature extraction strategies or static attention mechanisms, which fre-
quently fail to achieve a balance between accuracy and robustness, particularly in occluded environments. As a result,
hand pose estimation in these challenging settings often suffers from low accuracy. To address these challenges, this study
proposes a novel 3D hand pose estimation network that integrates hand-object features, named hand-object collaborative
enhancement network (HOCEN). The proposed method aims to enhance the robustness and accuracy of hand pose estima-
tion in occlusion-prone environments by optimizing multilevel cross-modal interactions between hands and objects. Method
First, the network introduces a dual-stream feature pyramid network (DS-FPN), aiming to capture local details and global
semantic dependencies through bidirectional cross-scale information aggregation. This approach alleviates the common
channel loss problem in traditional feature pyramid network (FPN), especially when dealing with multiscale features. Tra-
ditional FPNs usually fuse features through an upward path, which typically leads to the loss of fine details such as fingertip
and joint textures, specifically in complex occlusion scenarios. By contrast, DS-FPN utilizes upward and downward infor-
mation flows, enabling more excellent feature refinement. The downward flow enhances local details, while the upward
flow injects global posture and semantic information. After these steps are completed, a second downward flow process is
adopted to integrate the fine local details with global information, thereby forming an optimized feature fusion path. This
path can enhance the low-level details and high-level global context of hand features, and this bidirectional interaction
mechanism exists in the DS-FPN, significantly improving the accuracy and efficiency of hand feature extraction, especially
in complex occlusion scenarios. Second, this study introduces a dynamic adjustment module (DAM) based on an external
attention mechanism. This module dynamically adjusts the attention weights of the extracted hand features, ensuring that
important features are emphasized while suppressing noise interference. The dynamic feature adjustment ensures that the
hand features can effectively adapt to complex environments, thus achieving accurate feature extraction. The attention
mechanism guided by external memory adapts to different conditions, optimizes feature calibration, and improves the over-
all robustness. Third, a hand feature enhancement module is constructed, aiming to enhance the feature alignment
between hands and objects. This dual-stream collaborative attention mechanism combines the geometric constraints and
semantic complementarity of hands and objects, thereby improving the cross-modal feature alignment between them. The
HFE module fuses hand and object pose features through a multihead attention mechanism. This fusion enables the spatial
information between the hands and objects to achieve precise alignment, which is crucial for tasks involving interactions
between hands and objects. Finally, a hierarchical feature decoder is adopted, which is used to reconstruct 3D hand pose
parameters. This decoder extracts the optimized features from the previous layers and accurately predicts a 3D hand pose
on the basis of the estimated joint positions and pose parameters, thus reconstructing the 3D model of the hand. Result
Extensive experimental validation is performed on the publicly available dexterous-YCB (Dex-YCB) and hand-object 3D
(HO3D) datasets to evaluate the proposed method’s effectiveness. Experimental results demonstrate that HOCEN outper-
forms existing state-of-the-art models in hand pose estimation accuracy, particularly in complex interaction and occlusion
scenarios. On the Dex-YCB dataset, the proposed model achieves a mean per-joint position error (MPJPE) of 12. 4 mm
and a Procrustes-aligned MPJPE of 5.4 mm, which is superior to advanced models such as semantic graph convolutional
network (SemGCN) and harmonious feature learning (HFL). Similarly, on the HO3D dataset, the model achieves very low
joint and mesh errors of 9. 2 mm and 9. 1 mm, respectively, proving the model’s accuracy in challenging conditions. Abla-
tion studies further validate the individual contributions and synergistic effects of each module, with the DS-FPN module
improving multiscale feature fusion, DAM enhancing feature robustness, and the HFE module strengthening hand-object
interaction alignment. Conclusion This study proposes a 3D hand pose estimation deep network based on the fusion of
dynamic hand-object interaction features. It effectively improves the hand pose estimation in occluded environments and
solves key problems such as multiscale feature fusion, noise interference, and interference between hand and object fea-
tures. Experimental results show that this method has strong robustness and generalization ability in complex interaction

scenarios. Dynamic feature calibration and hand-object collaboration strategies provide a novel solution for solving the prob-
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lem of hand pose estimation in occluded situations.

Key words: gesture estimation; double-flow pyramid feature fusion; dynamic attention mechanism; dynamic feature

adjustment; hand and object synergistic enhancement
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Fig. 1  Overall network architecture
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Fig. 2 Dual-stream hand-feature pyramid network
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Fig. 4 Double-stream attention coordination feature enhancement module
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Table 1 Comparison of gesture pose estimation results between HOCEN and other models on the Dex-YCB dataset

i MPJPE/mm | PA-MPJPE/mm |
Spurr % A (2020) 17.3 6.8
Liu % A (2021) 15.3 6.6
HandOccNet (Park %5 ,2022) 14.0 5.8
HFL(Lin%,2023) 12.6 55
SemGCN (Shuang 25,2024 ) 13.2 5.6
SimpleHand (Zhou 27,2024 ) 12.4 5.5
HOFEC (Jii L3z Al =i 5 , 2025) 12.7 5.5
HOCEN(A3C) 12.4 5.4

T IHL R R PR IR B IR R R | 7 R (s

2 HO3D#H#EE EHOCEN (A ) 5 H MR M FRESMITERT T
Table 2 Comparison of gesture pose estimation results between HOCEN (in this paper) and
other models on the HO3D dataset

FEE Y Joint | Mesh | F@5/% 1 F@15/% 1
Choi %5 A (2020) 12.5 12.7 44.1 90.9
Hasson 5 A\ (2022) 11.4 11.4 42.8 93.2
Moon 1 Lee(2020) 11.2 13.9 40.9 93.2
Hampali 55 A (2020) 10.7 10.6 50.6 94.2
Lin %8 A (2021) 10.4 11.1 48.4 94.6
Liu % A (2021) 10.1 9.7 53.2 95.2
Yang %5 A (2022) 11.4 10.9 48.8 94..4
Chen % A\ (2022) 9.2 9.4 53.8 59.7
Lin % A (2023) 9.4% 9.3* 54.6* 95.9*
HOCEN(A3C) 9.2 9.1 56.1 96.1
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(a) BN (b) HOCEN (#32)
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(c) HFL-Net (d) HandOccNet

K5 Dex-YCBUHAE ¥k
Fig. 5 Visualization of Dex-YCB dataset ((a) input(ours); (b) HOCEN; (¢) HFL-Net; (d) HandOccNet)

(a) FIN

(b) HOCEN (4<37)

(¢) HFL-Net (d) HandOccNet

6 HO3D £ EHETT ik
Fig. 6  Visualization of HO3D dataset ((a) input; (b) HOCEN(ours); (¢) HFL-Net; (d) HandOccNet)
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Table 3 Comparison of gesture pose estimation between
HOCEN ( this paper) and module superposition method on
the Dex-YCB dataset

i) MPJPE | PA-MPJPE |
+FPN 12.56 5.47
+DS-FPN 12.47 5.47
+DS-FPN+DAM 12.44 5.45
+DS-FPN+DAM+HFE 12.44 5.42

T | ORI MTEE

%*4 HO3D##E& F HOCEN(AX) 5HERE WA XHF
BESMHITITLE
Table 4 Comparison of gesture pose estimation between

HOCEN (this paper) and module superposition method on

the HO3D dataset
™ . F@5 F@15
FELAY Joint |  Mesh | 1% 1 /9% 1
+FPN 9.4 9.3 54.6 95.9
+DS-FPN 9.4 9.2 55.2 95.9
+DS-FPN+DAM 9.3 9.1 55.8 96.0

+DS-FPN+DAM+HFE 9.2 9.1 56.1  96.1
T TR LA R E A R B

sa7l A s
546
Es45l @
&
(=¥
>
Ssaak
543 m + FPN
A + DSR-FPN
@ + DSR-FPN + DAM
52t . . @ + DSR-FPN + DAM + HFE

1244 1246 1248 1250 1252 1254 1256
MPIPE

K7  Dex-YCB¥HifE MPJPE 5 PA-MPJPE $&45x}
Fig. 7 Comparison of MPJPE and PA-MPJPE metrics on
the Dex-YCB dataset
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Fig. 8 Comparison of metrics between Joint and Mesh on

the HO3D dataset
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Fig. 9  Comparison of metrics between F@5 and F@15 on
the HO3D dataset
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