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Voxel Deformation Network Based on Environmental Information Mining
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Abstract The technique of 3D deformation is one of the hot topics in the field of computer graphics. Current 3D deformation
methods mainly learn the changes before and after deformation by aggregating localized adjacent voxel features,and fail to exploit
the interrelationship between non-local voxel features,and the absence of contextual information prevents the model from captu-
ring more discriminative features. To address the above problems, this paper designs a voxel deformation network based on envi-
ronmental information mining,which can extract local and environmental information simultaneously,and extract environmental
information from different spatial domains to improve the representation performance of the network, further modeling the rela-
tionship before and after the deformation of the object. Firstly.a novel self-attention mechanism is introduced. Specifically, the
learning of the non-local dependence of different voxels is proposed to improve the ability of voxel discrimination. Then,a multi-
scale analysis method is introduced to extract environmental information in different perceptual fields via multiple dilated convolu-
tion with different dilation rates, which provides more informative contextual features for the subsequent models. In addition, this
paper analyzes the impact of feature fusion on the model and designs a method based on encoder-decoder feature fusion, which

adaptively fuses the features extracted from the encoder and decoder to improve the nonlinear mapping capability of the model.
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Extensive experiments are conducted on our tooth dataset. The results show that the deformation prediction accuracy of the pro-

posed method is improved compared to existing methods.
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Fig. 3 Voxel deformation network based on environmental information mining
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Table 2 Model training parameters
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Epoch 500
Batch Size 8
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Learning Rate 1x10 1
Opimizer Adam
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Table 3 Voxel comparison experiments with different resolutions
o HEFE MIoU/ % (Y5 #F # 45 %)
64 X64X64 88. 84
128 X128 X128 98. 88
4.4.2 FREREALT 5T 0] AR 6Y P AL B vk
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Table 4 Comparison of different voxelisation methods and baseline

network experiments

CBLT 2 %)
A &AL & MIoU
U [17] — 93.01
“Net TSDF 93. 50
—fEft 94. 50

Nl 137
VoNet TSDF 95.28
— 94. 00

U-Net+FFM
TSDF 94.79
— 96. 88

V-Net+FFM
TSDF 97.97

4.4.3  FREAE M %3k 2
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Table 5 Comparison of ablation experiments on different modules

CBLAT 2 20)
HA MIoUCH: £ $ 45 %)
V-Netl13] 95. 28
V-Net+SAM 97.91
V-Net+FFM 97.97
V-Net+ ASPP 98. 88

4.5 FLHHERURK S

H Tk — 25 96 UE AR SO YA AhE AR SC sk Bt SDNEY
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Table 6 Performance comparison of the proposed model and

other deformation networks

AT %)
HA MIoUCH # 45 %)

LOGAN!20] 29.67
3DNMY 77.60
DispVoxNetsl21] 89.00
U-Net'17) 93. 50
V-Netl 13 95. 28
AXHA 98.88

Bl 7 AR SORER S Al 7] 74 19 465 9 S8R A L

Fig. 7 Comparison of effect of the proposed model and other deformation networks
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