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Abstract

In this paper, we propose an artificial neural network framework that can represent the foam effects expressed in liquid simulation
in detail without noise. The position and advection of foam particles are calculated using the existing screen projection method,
and the noise problem that appears in this process is solved through an proposed artificial neural network. The important thing
in the screen projection approach is the projection map, but noise occurs in the projection map in the process of projecting
momentum into the discretized screen space, and we efficiently solve this problem by using an artificial neural network-based
denoising network. When the foam generating area is selected through the projection map, 2D is inversely transformed into
3D space to generate foam particles. We solve the existing denoising network problem in which small-scaled foam particles
disappear. In addition, by integrating the proposed algorithm with the screen-space projection framework, all the advantages of
this approach can be accommodated. As a result, it shows through various experiments whether it is possible to stably represent
not only the clean foam effects but also the foam particles lost due to the denoising process.
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Figure 1: Illustration of inverse-transformation of 2D foam-
sourcing triangle into 3D space [22, 23].
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Figure 2: An aliasing problem that occurred in the process of pro-
jecting 3D particles into 2D space (red : faster accelerating).
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Figure 3: The filtering technique used in the previous methods [22,
23] (red box : noise area).
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Figure 6: Examples by simulation.
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Figure 7: VGG19 neural network structure (red arrow : residual process).
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4714 P dolWe FFoln, of 7|4 Lg% 2
=922 53 4A9 28 o §3HATk £, fE =
JAe 37 AT YA, B RN 0IR
R AFY AN B2 oI55 FLIP o9 £ o) A
547 fA YAES BEIHAT o WAL o
2 It ol gatgon B o AT AP L oA RS
7% Aet(22,23).

F

4. 74

AlEd o] A3 Ao gt FAYS. 2 =72 v 2
L Ao A F3= U} 2 E i7-7700k 4.20GHz. CPU 32GB
RAM, NVIDIA GeForce GTX 1080 Ti 22 2 7} =. FLIP 7] ¥} &
A HS 71N FA Al B oA E AS oy [56], 74

o] ¢t= S Aatsls £xA PP GPUZ Y A2 A
€ ZAd 7]-& 7] ¥ (Preconditioned conjugate gradient) ©]-& 3}
ATt [57]. FLIP A #Le] A BRE 2522 Staggered Marker-
and-Cell & AH&-3to] Aoy [58], FAl< 149 5
=48] & 93l Akinci 5 ©] Al ¢H$E 7 Al ) AHBoundary particle)

7% A&l [59].

HE A Zs7] Y8 B =RollMe fAY 2 A5de
82 9231 YAHE Hl o] E g o] A sto] AT |k ith A YAk
o] ML (0.8,0.5,03), AZ Axke] ML (1.0, 1.0, 1.0)Z z+7+
st on, &otgh-2 0.072 ARSIt ZF YAHE AT
g oju)A] Fho| £ Pk, FRE AANRZRE I3 LSS
oh2-3F 2ol dd o] E st} (Equation 13 ZH2).

P < cacr + (1 —ca)pf;
Pij = p” & CaCq + (1= ca)pi; (13)
Pl cach+ (1 —ca)p?

A7V @ .0 5,08 ) FAAL AAFelH, (¢, ¢q, ) 01U A
e BGE YAk Ao, ¢ GIRRoITE AF AE
#ojd due)Fe AR EE vyt 2k (Algorithm 1 3

x).

Algorithm 1 : Pseudo-code of our algorithm

for each frame do
// Base water solver
Advect 3D water partices using FLIP
Compute the interaction of water & solids
// Our foam simulation
Project 3D water particles on screen space
Denoising of projection maps with neural network
Extract wave patterns by curvature
Find 2D foam-sourcing areas
Find 3D foam-sourcing triangles
Emit foam particles
Advect foam particles
Compute the interaction of foam & solids
Eliminate expired foam particles

end for

VGG19 Aol digt FAU. &
VGG19 A-F41 A& AHg3to] T o] A M EYIE t A<
31912, o] Fo A= VGG19 U EY I E 7|ata uf o] AHA]
Welo tha Al A3t VGGNet RS 7] 2714 GA &

NEX =R e
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[[ ConvNetrl [ ConvNetr2 [ ConvNetr3 | ConvNetr4 [ ConvNetr5 [ ConvNetr6 [ ConvNetr7
Transpose(...) 2,2) 2,2) 2,2) 2,2) 2,2) 2,2) -
#x(w,h,d) (8,8,64) (16,16,64) (32,32,64) (64,64,64) (128,128,64) (256,256,64) -
concat(...) (input X, Con- | (input X, Con- | (input x, Con- | (input X, Con- | (inputx, Con- | — -
vNet5) vNet4) vNet3) vNet2) vNetl)
#x(w,h,d) (8,8,64+512) - - - - — -
[weight], [bias] 5x5x%x64,64 5X5x64,64 5x5x%x64,64 5X5x64,64 5x5x%x64,64 5x5%x64,64 5%x5x%x3,3
Num. ConvNet ConvNet r1-4 ConvNet r2-4 ConvNet r3-4 ConvNet r4-2 ConvNet r5-2 ConvNet r6-2 ConvNet r7-1
#x(w,h,d) (8,8,64) (16,16,64) (32,32,64) (64,64,64) (128,128,64) (256,256,64) (256,256,3)
Table 1: Configuration of reconstruction model in VGG 19.
T35 o] It} : VGG network 2} Reconstruction. o] & S, ConvNet r1 ConvNet r2 ConvNet r7
2 olu] A 2 128x128 S| EE 2= 349 oju] Aty P [5X5X3113]
#x (8,8,64) #x (16,16,64)
old] w1 ey 72l -
ELH ’ t] = X E]- = JJ_ = E}- 1 x(128, 128, 3). concat(input X, ConvNet5)  concat(input X, ConvNet4)  eee
#x (8.8,64+512) #x (8,8,64+512) e
[5%5%64],[64] [5%5%64],[64] l

A HA ConvNetl-2 ol A A ™ 3% o] 2712] ConvNet & ©]
o2 FAF oI o, ojuff A-§SF Weight$} Bias 3 7]+ Th
T} 27 (5x5x64, 64), ConvNet19] =2 z+ol, 1] (Width), =
©](Height), Z o](Depth)&= Z+7} (64, 64, 64)°o|th. o 7| A AL-§
3t &4 35} sk ReLU©|t}. ConvNetl 9] < 3 7H-2 ConvNet2
o] Jg o' AMgE ), [ A VGGNet -2 th2 3} 2tk
(see Figure 8). ©] 21L& oA ConvNet 1-22}= 212 ConvNet 1
ol Al ConvNet #o]o] & 27] AR§-Strhe o mjo]ar, uhzt
7}2] & ConvNet 5-4= ConvNet 537 o] 4] ConvNet & o] o] &
478 AFE-3tth= of vl o]t}

Reconstruction &7 ol A= VGG network®] =2 kol o gt
A2 AEZ A (Transposed convolution)2 3] AxE E Y3}
= A o]t} (Figure 9 #2). ConvNet r1 9] A ConvNet r77}%] 2]
AR e Table 17} 2o] AR skl BAAR A
o] & Bof 370l FF A 7} ol 5 A wll Reconstruc-
tone] 27 A2 27014 Hal Ak ol WEH 2 HA
ZE2FNA FEEALH [60], o 7| A AHE-3F FERFo] A=
Adam(Adaptive moment estimation) ©] 11, k<5 I} A o Al = 3
ulo] A= 5 5,000 ¥HE3H gl o v, X F eG4 Y EAFS

9.819]t}.

ConvNet 1
[5X5x64],[64] ™

[SXSXIZSIA[IZS] [5x5x256],[256] [5x5x512i.[51z]

v ConvNet 5

©[5%x5%512],[512]

ConvNet2 —» ConvNet3 —» ConvNet4

ConvNet 1-2 ConvNet 5-4

ConvNet 22 Convet 3.4 ConvNet 44
Pooling 1 Pooling 2 Pooling 3 Pooling 4 Pooling 5
#x(32,32,128) #x(16,16,256) #x (8,8,512)
#x (64,64,64) #x (4,4,512)

Figure 8: VGG network (input : x(128, 128, 3), output : x(4, 4,
512), [weight],[bias], #x(width, height, depth)).

#x (256,256,3)

ConvNet r2-4

l

#x (16,16,64)

Conth.et rl-4
#x (8,8,64)

Figure 9: Reconstruction (input : x(4, 4, 512), output : x(256, 256,
3)).

5. AR UEE
2 =EolA Al dste 7IH S g HE e #4517 8
olm#] ZIRk Y=ol 7 Fe] A FAN AEHA SHA

LAHE vl skgloh

_g]

(b) Foam effects at frames 20 and 130

Figure 11: Acceleration map improvement using VDNet [61] and
foam effects using it.
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Input map *Refined map with our method

(a) Frame 20

Input map *Refined map with our method

(b) Frame 130

Figure 10: Refinement of acceleration map with our method (white : fast flow zone).

(a) Frame 20

(b) Frame 130

Figure 12: Rotating two boxes in water with our method (inset im-
age : simulation view).

o] A FAE R3] Y3l BFY 282 0.00627 A
Astar, oF 80N FA YAHES AHE-3FA T Figure 102
7HEERS AAS Aot JEHo g AgH FIHS A
7 Lolz=Wutk olyel, 23 W] F3E A3} o delojA
FEE 28E AL E 5 A AGSF U EHNIE &35 FA
H Fd2 o delo]d EAE SIAAES Bt oty et g E
7= JHE & FA A

Figure 12-2 7§7‘ﬂ% FAle 01%3]'04 2373 &

+

o A o=

l‘

% 3] Figure 12bof| A=
%(Surface foam) E.JJ} o E‘rﬁ]—ﬂ] 2k

ﬁ o rﬁi 42 2 o

L83l e [22], Xﬂ b3t F 3wy Z*Zﬂ 7]‘%‘..5 8 SFaL B Odﬂ] 3
AEE £Agle] & EAH
RO A 7H Ak 0] = Rlo] A § A5 £
17 ¢ DnCNN(Denoising CNN) [47]12} VDNet(Variational De-
noising Networks) [61]2 2] 2] W 2} 8] w3t o). ZF =y ol
Al A A g H o] H &F da1 2] FE o] &3] S5 AIZ oH, H A
E AN A JAL ol g 3] AN UL Yo
Mgl timol Y A3E dolyrk Y Aol timol
e ol AP A Lol GUBL B 34 T A
AF JAE AA st E]HH, o] AP HFHLR
99 AF 234 vwshack

Figure 13+ Deep CNN 7]¥FO 2 o]u] X] ] = o] & 53] 5}
= Y E$ 39 DnCNN [47]2 &-&3lo] AZ Al B8 oMo &

&5 Aot 4 kSl vlE| wol=7t &3td Ay
£ UEollAR Fe 2AdE A AFES HREE 24
Al7]17] wf&oll AFel HEl o]l Boj Xt & thE o]u A o
ol 71"} 5 stvh<l VDNet [61]< 7‘]? ] gl o] d & &5t
o] 229 Wy 3} v w393 o} (Figure 11 3 kol A o] A}
IR = AF ol 24 FH = A7t %*33}93‘:}. Figure 15
= oA Z2HE zddEE vud delth 289 ¢
LolAVEYIE FS 2~ 7ﬂ°‘ AZdo=HEd 845 ¥
2] A

(b) Foam effects at frames 20 and 130

Figure 13: Acceleration map improvement using DnCNN [47] and
foam effects using it.
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(a) Our method

(b) DnCNN [47]

(c) VDNet [61]

Figure 14: Continuity test at 164 frame. The pixel was colored from red (high) to blue (low) depending on the magnitude of difference

between frames.
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