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Figure1: Refining nuanced Small Multiple Textures (SMTs): from left to right, a pixel pattern

generated with a fluid simulation method, its quantified pixel pattern, SMTs generated using the

quantified pixel pattern and a texture sequence, and refined SMTs which was generated using another

texture sequence.
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Algorithm 1 Generating Nuanced Textures™

Step 1
Prepare a Washi texture model M trained with DCGAN.
Generate texture images T using the generator of M.
Generate a interpolating texture images Z from 7.

Step 2
Create a pixel pattern P with a fluid simulation method.

Step 3
Generate quantified pixel pattern indexes Q from P.

Step 4
Generate nuanced textures by means of mapping Z to Q.
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Figure 3: Generated Washi textures using randomly sampled latent space vectors.
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Figure 4: Washi texture interpolation using learned latent space.
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Figure 5: Refining nuanced Small Multiple Textures (SMTs) by adjusting the level of quantification: (a) a pixel
pattern generated with a fluid simulation method, (b) its quantified pixel pattern with quantification level 10, (c)
with quantification level 25, (d) SMTs generated using (b), and (e) SMTs generated using (c).
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Figure 6: Generating dynamic Washi Small Multiple Textures (SMTs): (a) A generated interpolating texture

sequence using a latent space search method, and (b),- - -

(b) ()

,(e) a dynamic SMTs sequence generated with (a).

(d) (e)

Figure 7: Refining dynamic Washi Small Multiple Textures (SMTs) in Figure 6: (a) a generated texture sequence

for refinement, and (b),---,(e) a dynamic SMTs sequence refined with (a).
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Figure 8: Generated dynamic Washi Small Multiple Textures (SMTs): the texture sequence of the SMTs starts
at top left and ends at bottom right.



