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[Abstract]

In this paper, we propose a technique that can express low-resolution hair and fur simulations in
high-resolution without noise using ConvNet and geometric images of strands in the form of lines. Pairs
between low-resolution and high-resolution data can be obtained through physics-based simulation, and a
low-resolution-high-resolution data pair is established using the obtained data. The data used for training
is used by converting the position of the hair strands into a geometric image. The hair and fur network
proposed in this paper is used for an image synthesizer that upscales a low-resolution image to a
high-resolution image. If the high-resolution geometry image obtained as a result of the test is
converted back to high-resolution hair, it is possible to express the elastic movement of hair, which is
difficult to express with a single mapping function. As for the performance of the synthesis result, it
showed faster performance than the traditional physics-based simulation, and it can be easily executed

without knowing complex numerical analysis.
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I. Introduction
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Fig. 1. Predictions at each message-passing step with

Graph Nets[12].
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Fig. 2. Rollout of mass—spring system pinned at ends[12].
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Fig. 3. Training results using Graph Nets[12].
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Fig. 4. Qualitative results on control with Li et al.[37].
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1. Conversion Between Strand and Geometry
Images
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4. Handling Collisions
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IV. Results
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Fig. 13.

(Scene—3)Result of SR hairs with our method.

V. Conclusions
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