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Neural network for automatic skinning weight painting using SDF
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Abstract
In computer graphics and computer vision research and its applications, various representations of 3D objects, such as point clouds,
voxels, or triangular meshes, are used depending on the purpose. The need for animating characters using these representations is also
growing. In a typical animation pipeline called skeletal animation, "skinning weight painting" is required to determine how joints
influence a vertex on the character's skin. In this paper, we introduce a neural network for automatically performing skinning weight
painting for characters represented in various formats. We utilize signed distance fields (SDF) to handle different representations and
employ graph neural networks and multi-layer perceptrons to predict the skinning weights for a given point.
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Table 1: Detailed Information of Our Networks
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Figure 1: Original SDF (left), Reconstructed SDF (right)
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Table 2: Detailed Information of SDF Autoencoder

Encoder
Layer | conv(1, 32) + conv(32, 32) + pooling
(64 X 64 x64x1—->32%x32x%x32x%32)
Layer 2 conv(32, 64) + conv(64, 64) + pooling
(32x32x%x32%X32->16X16 X 16 X 64)
Layer 3 conv(64, 128) + conv(128, 128) + pooling
(16 Xx 16 X 16 X 64 > 8 X 8 X 8 X 128)
Layer 4 conv(128, 128) + conv(128, 128) + fc(65536, 256) + fc(256, 256)
(8 x8x8x128 = 256)
Decoder
Layer | fc(256, 256) + £c(256, 65536) + conv(128, 128) + conv(128, 128)
(256 - 8 x 8 x 8 X 128)
Layer 2 deconv(128, 128) + conv(128, 128) + conv(128, 64)
(8Xx8x8x128 > 16x 16 X 16 X 64)
Layer 3 deconv(64, 64) + conv(64, 64) + conv(64, 32)
(16 X 16 X 16 X 64 - 32 X 32 X 32 X 32)
Layer 4 deconv(32, 32) + conv(32, 32) + conv(32, 1)
(32X 32X32%X32->64X64X64x1)
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Table 3: Quantitative result comparison with the state-of-the-art

techniques
Method Precision(%) Recall(%) AvglLl
NeuroSkinning[7]  82.3 79.7 0.41
RigNet|[8] 82.3 80.8 0.39
SkinningNet[9] 87.0 80.8 0.33
Ours 53.0 60.5 0.93
Figure 2: Original Skinning Weights (left),
Predicted Skinning Weights (right) Table 32 A7 90| & 3ol E) 153} =
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Figure 4: Failure case. If the resolution of the voxel is not sufficient,
tow points that are apart can be adjacent on the SDF grid
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