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A Method of Reconstructing the Shape of Grasping Target
Driven by Visual-Tactile Fusion
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(School of Intelligent Engineering and Automation, Beijing University of Posts and Tele-

communications, Beijing 100876, China)

Abstract: To address the challenges of diverse target characteristics and visual occlusion in grasping
target shape reconstruction for robots in unstructured home service scenarios, this paper proposes a
shape reconstruction method for grasping targets driven by visual-tactile fusion. First, a block feature
transformation network is designed to transform the single-view input point cloud and the tactile array
into patch feature proxies. Second, the Transformer architecture is utilized to achieve visual-tactile
cross-modal feature fusion and completion, and a geometric perception module is designed to predict
and model local geometric relationships. Finally, combined with a shape query module to generate
dynamic condition-based query embeddings, a decoder folding reconstruction module is designed to

complete the point cloud based on patch feature predictions, thereby outputting the complete target
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shape point cloud. The experimental results demonstrate that the proposed method significantly

improves the grasp success rate of robotic grasping tasks. Compared with the current best baseline

model, the proposed approach achieves a 12.5% improvement in shape reconstruction performance and

attains an average accuracy of up to 80.3% on unseen objects. Furthermore, the integration of the tactile

modality reduces the Chamfer distance by 1.532. Through cross-modal data complementarity, the

proposed method achieves more complete and robust point cloud shape reconstruction for grasping

targets, demonstrating strong robustness and generalization capabilities when handling complex and

variable objects, thereby providing a solution for shape reconstruction of grasping targets for robots in

unstructured home service scenarios.
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Fig. 1

Network framework for object shape reconstruction based on visual-tactile

fusion
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Fig. 8 Comparison of models performance on the ShapeNet-21 test dataset
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Table 2 Experimental results on the ShapeNet—34 test dataset
E@'@J DCDs DCDm DCDh DCDavg YEE%};\‘F/% Fl ﬁﬁ
PoinTr 1.994 2.682 4.441 3.039 59.3 0.147
SnowflakeNet 1.862 2514 4.148 2.841 63.9 0.175
LAKe-Net 3.060 4278 7.486 4.941 51.5 0.142
SeedFormer 1.562 2.343 3.632 2.512 70.9 0.301
AdaPoinTr 1.498 1.962 3.022 2.161 78.0 0.355
CompleteDT 1.929 2.636 4422 2.996 63.5 0.159
Dapointr 1.513 1.982 3.052 2.182 81.4 0.398
FACNet 1.806 2.439 4.024 2.756 66.5 0.182
ARSI 0.696 0.877 1.298 0.957 91.6 0.468
%3 ShapeNet-21 X & 34 R
Table 3 Experimental results on the ShapeNet-21 test dataset
o Dy | D Dy Doy, | MR | TP
PoinTr 3.509 4.898 8.062 5.490 53.6 0.115
SnowflakeNet 3.072 4270 7.003 4782 575 0.119
LAKe-Net 5.980 8.451 15.042 9.824 46.8 0.101
SeedFormer 2521 3.454 5.381 3.785 63.7 0.233
AdaPoinTr 2.175 2.936 4.404 3.172 71.6 0.307
CompleteDT 3.355 4772 7.040 5.056 53.9 0.117
Dapointr 2.197 2.965 4.448 3.203 75.2 0.344
FACNet 2.980 4.142 6.793 4.638 59.8 0.124
AR 1.012 1.524 2.133 1.556 86.6 0.361
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Table 4 Experimental results on the VTG test dataset
1A Dy, D, Dy, Depw, | MEWRIES | F15MHK MR AR
fis [] /ms
PoinTr 5.930 8.065 13.307 9.101 473 0.136 30.86
SnowflakeNet 5.063 6.886 11.413 7.787 50.1 0.176 660.23
LAKe-Net 9.883 13.688 23.256 15.609 425 0.068 782.59
SeedFormer 3.862 5.175 8.052 5.696 56.3 0.192 3411.21
AdaPoinTr 3.067 4.018 6.067 4384 62.8 0.253 38.46
CompleteDT 5.329 7.709 12.584 8.541 48.5 0.145 52.91
Dapointr 3.096 4.054 6.128 4.426 70.2 0.267 41.87
FACNet 4911 6.679 11.071 7.554 52.1 0.183 11.62
ES @RS 2297 2.885 4.128 3.103 80.3 0.271 37.27
k5 BAERMERERLER
Table 5 Results of the model architecture ablation experiment
R TEARA 2% DGCNN JU] RIS fih i e HER /%
A w i 4 A 6.821 56.2
B = = w g 6.318 58.7
C & & 7 T 5.320 60.9
D = = e 7 4.635 7.7
E 2 e e P 3.103 80.3
k6 MEABHEmmERLER
Table 6 Results of the loss function ablation experiment
e L L s A
/%
ARy R o A A S T 2 ) 4.207 71.9
(EIE ISR PR ) 2 3.876 74.6
e TNk 2 b 3.103 80.3
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Table 7 Results of the cross-hardware

platform generalization experiment
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