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WU 7= FETHS.

Spaces for Generating Dynamic Small Multiple Textures

MAKOTO SATOH!

Abstract: This paper presents a derived mapping method between sounds and textures for generating Washi
Small Multiple Textures varying with wind chime sounds. In previous methods sound spectrograms were
mapped to Washi texture latent spaces, learned with a deep generative model, to generate varying textures
associated with sounds. In this paper a derived mapping method using a fluid simulation is presented, for
giving visual effects associated with flow imagery to varying textures associated with sounds. Using learned
Washi texture models, varying textures associated with sounds can be generated with Web programming.
The method is suitable for creating artistic contents representing relaxing japanese traditional ambiente.

Derived Mapping of Wind Chime Sounds to Washi Texture Latent
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TR PIEER & 2 BT 2720 0FE (7], [15] ), H
WEOHEEEMS> Z e 2HME LZ%E ([5], [13] ) & &
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Algorithm 1 Generating dynamic Small Multiple Tex-

tures associated with flow imagery

Step 1: Learning Washi textures
prepare a Washi texture data set D;
train a DCGAN model using D.

Step 2: Generating Small Multiple Textures
generate randomly textures using the trained model;
select favorite textures from the generated textures;
generate texture sequences of Small Multiple Textures S
similar to the selected textures.

Step 3: Generating textures with fluid imagery
prepare wind chime sounds W;
generate dynamic textures using a derived mapping method
with W and S; in the method the textures in S are rendered
with the opacity value associated with computationally-
simulated fluid data;

for detailed description see algorithm 2.
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D, MNEAA—VTEEIIIEMT ET 7 AF v 2 EK
5.

3. in%i4A XA—<9 % Small Multiple Tex-
tures D4
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W, NTA—REZRET D, RET LD, AT has
7 L DIEE DHIME (sprctrogramIntensity Threshold),
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X, 55 %7 )7 71l backgroundAlpha TL > X
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U120 CTHSE. TIAFY I L—L8I, FOHELERA
Po® FFT OEEBUZHIET 5. K4 LT 51%, ThiE
NIREBH R A 7 2-1-1 BLU2-1-212& 0 ER LT
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NIRAEBHRRA T 2-2-1 BLUP 22212k EFK LT 2
AF ¥ THD. TNENENSHIL, TVAFY 7L —1h
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Fig. 1 Examples of Washi texture images used to train DCGAN (upper two rows), and

texture images generated from learned latent space (lower two rows).
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Fig. 2 Wind chime sound waveform and spectrogram. The spectrogram is composed

of 300 spectra.

B8 I, MARDOIEGREEE 0.1 & UTIREGRZ 1T
2-22 BfVWTAER LT 7 AF ¥y TH 5. M9, Fitko
PEBUR S E 0.9 & UTIREGHR X 1 7 2-2-2 2 FIWTHERK
ULiT 0 AF ¥ TH5. £55%, textureAlphaFactor
0.8 5 £ U backgroundAlpha 0.01 ¥ U7z. X 10 i%, iR
RDHEHERE 0.9 2 HWTIREEGH X A 7 2-2-2 2 N T
R UZT 7 AF v+ ThHD. textureAlphaFactor 0.8 5
& ¥ backgroundAlpha 1.0 & U 7=.

FEELLBLOF Y U RZARILDY 1 X, 25 x 25 T
H5. £z, HikLVEOEELR 2 NEeBEEZMA 5K
EUTHW.

4.4 B

DCGAN DI W= HIHKD T 27 A F v it & 3l U
TR SER LT 7 AF i (K1) 2052
L&Y, FMKOBM AR EARZ 277 AF v %, FIHf
U7 S ATRETH B Z L 3 5.

X314, IREBHEXA T 1-1-1 DHITH O, EkEiz Ly
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RO E B Eb e LT, HilbbETe{tTs572
AF v #ERTARETH DI B0 5.
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DETT I AF ¥ BB DT 2R TE 5.

51%, IREBHKRXA T 2-12DFITHS. T A—X
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VYRV TEINDZ N ahd. Tk, IEEREBK
EVIEEICITEEDOIMIEL RBDT, »IiREIL L
ZDJEFEOWRAL N EDBEENL D HNS 32570



BHRLEF SRR E
IPSJ SIG Technical Report

THh5.

10 1%, textureAlphaFactor % 1.0 & U CIREE
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W3, FRUZED, ARORET LIV XLIZL28R%
BB WL > TWVWBEWVWR 5.
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5 &bHYIC
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B3 REGHEAT 1-1-1 ICE BT AF v DA
Fig. 3 Generating dynamic textures with derived mapping type 1-1-1: from left to right
texture frame 90, 100, 110, and 120.

B4 IREGHXA T 2-1-1 1T 2HNT 7 AF ¥ DER
Fig. 4 Generating dynamic textures with derived mapping type 2-1-1: from left to right
texture frame 240, 250, 260, and 270.

B 5 REGHRRA T 2-1-2 12K BHHNT 7 AF ¥ DHERL
Fig. 5 Generating dynamic textures with derived mapping type 2-1-2: from left to right
texture frame 240, 250, 260, and 270.

B 6 REEHRRA T 2-2-1 1L BT 7 AF ¥ DHERL
Fig. 6 Generating dynamic textures with derived mapping type 2-2-1: from left to right
texture frame 240, 250, 260, and 270.

B 7 WREBHERA T 2-22 12X 2HT 7 AF v DM
Fig. 7 Generating dynamic textures with derived mapping type 2-2-2: from left to right
texture frame 240, 250, 260, and 270.
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B 8 HEEEREN 0.1 & UCIREGHR R A 7 222 1K D ERLAEBNT I ZAF v
Fig. 8 Generated dynamic textures with derived mapping type 2-2-2 using diffusion
coefficient 0.1: from left to right texture frame 20, 30, 40, and 50.

Bl 9 BEEUERE0.9 & UTIREGRE A 7 2-22 IZK D AR L EBINT 2 2 F v
Fig. 9 Generated dynamic textures with derived mapping type 2-2-2 using diffusion
coefficient 0.9: from left to right texture frame 20, 30, 40, and 50.

10 JRAEH/XF A — X backgroundAlpha 1.0 & U TIREGH X A 7 2-2-2 12X 04
U ZBIN T 2 AF ¥
Fig. 10 Generated dynamic textures with derived mapping type 2-2-2 using derived
mapping parameter backgroundAlpha 1.0: from left to right texture frame
20, 30, 40, 50, 250, 260, 270, 280, 290, 300, 310, and 320.

© 2018 Information Processing Society of Japan 7
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Algorithm 2 Rendering textures with derived mapping

This algorithm is the portion of the algorithm 1 (Step 3).

Prepare a canvas, which is composed of cells for rendering textures;
prepare a fluid cells for simulating fluid dynamics;

set the threshold value of the intensity of spectrogram (sprctrogramIntensityThreshold);
set the factor of the alpha value for rendering textures on the canvas cells (textureAlphaFactor);
set the alpha value for rendering the background of the canvas cells (backgroundAlpha);

start fluid simulation with the fluid cells;

while wind chime sounds are palyed back do
compute FFT of current sound frame, then make its spectrogram;
spectrogramlIntensity < the intensity of selected component of the spectrogram;
if spectrogramlIntensity > sprctrogramIntensityThreshold then
add density to the fluid cells;
end if

for each cell in the canvas do
render a texture using algorithm 3;

end for
end while

stop the fluid simulation.

Algorithm 3 Derived mapping

This algorithm is the portion of the algorithm 2

Derived mapping type 1-1-1
render the texture selected in advance, using the density of associated fluid cell, on current canvas cell;

Derived mapping type 2-1-1
render the texture associated with spectrogramIntensity, using the density of associated fluid cell, on current canvas cell;

Derived mapping type 2-1-2
render the texture associated with spectrogramlIntensity, using textureAlphaFactor and the density of associated fluid cell,

on current canvas cell;
Derived mapping type 2-2-1
if spectrogramlIntensity > sprctrogramIntensityThreshold then
render the texture associated with spectrogramlIntensity, using the density of associated fluid cell, on current canvas cell;
else
render the background color of current canvas cell using backgroundAlpha;
end if

Derived mapping type 2-2-2
if spectrogramlIntensity > sprctrogramlIntensity Threshold then

render the texture associated with spectrogramlIntensity, using textureAlphaFactor and the density of associated fluid
cell, on current canvas cell;

else
render the background color of current canvas cell using backgroundAlpha;

end if
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