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[Abstract]

In this paper, we propose a quadtree-based optimization technique that enables fast
Super-resolution(SR) computation by efficiently classifying and dividing physics-based simulation data
required to calculate SR. The proposed method reduces the time required for quadtree computation by
downscaling the smoke simulation data used as input data. By binarizing the density of the smoke in
this process, a quadtree is constructed while mitigating the problem of numerical loss of density in the
downscaling process. The data used for training is the COCO 2017 Dataset, and the artificial neural
network uses a VGGI19-based network. In order to prevent data loss when passing through the
convolutional layer, similar to the residual method, the output value of the previous layer is added and
learned. In the case of smoke, the proposed method achieved a speed improvement of about 15 to 18

times compared to the previous approach.

» Key words: Quadtree, Binarization, Downscaling, Convolutional neural network, Super-resolution,
Fluid simulations
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I. Introduction
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Fig. 1. Comparison with regular grid and

quadtree structures.
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Fig. 2. Numerical loss of density in downscaling stage
(a : 23 frame, b : 78 frame).
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II. Preliminaries
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III. The Proposed Scheme
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1. Classification of patch data from smoke
density
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(a) Original smoke data

(b) Binarization of smoke data

Fig. 3. Comparison with original and binarization of
smoke data.
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2. Binarization and downscaling simulation
space of smoke
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Fig. 4. Visualization of data changes due to
iterative binarization and downscaling.
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3. Quadtree construction with bottom-up style
for merging
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Fig. 5. Visualization of quadtree structure.

4. Super-resolution stage
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IV. Results
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Fig. 7. Rising smoke scene with our method
(inset image : input data).
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Fig. 8. Turbulent smoke scene with our method
(inset image : input data).

(a) Upscaled smoke data with only classic
quad tree (1024x1024)

(b) Upscaled smoke data with our method
(1024x1024)

Fig. 9. Randomly generated smoke scene with our method
(inset image : input data).
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V. Conclusions
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