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Abstract

Tit] Transition Study of Contour Lines for
itle
Automatic Generation of Water Effects Using Deep Learning
Author Zhaolou Liang
Adyvisor Taichi Watanabe
2D Animation, Water Effects, Deep Learning, LSTM,
Key Words
AutoEncoder, Inbetweening
[summary]|

Water effects in animation are liquid motion representations such as splash of water
and sea wave. Usually, 2D animator is painting water effects by hand drawing according
to the direction of the direction. Recently, more and more animations’ water effects is
using 3D simulation and rendering. However, hand-drawn paintings are highly artistic
and designed, and the largely difference between several frames make the number of
lines become larger than usual. Therefore, it takes much time for production. In the
past few years, many researches on 2D image processing are using deep learning. The
studies of the creating 2D animation character through deep learning have attracted
much attention. There are few studies on the process of anime painting, especially the
process of effects drawing.

The purpose of this study is to generate 2D animation frames more efficiently using
deep learning. Water effect, which is one of the common effects, is the research object in
our work. We collect the cuts of existing water effect, and construct a network to extract
and restore features of water effect using AutoEncoder. We also construct a model to
study the time series features of water effect cuts using LSTM network. Together with
two networks, we can achieve the goal of automatically generating inbetweening frame
based on key frames of the water effect.

In our study, the performance of image feature extraction and image restoration
network using AutoEncoder were good. However, the LSTM network has not obtained

the expected output yet.
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P4 ZIFBRBEINCHEINT 5. BBICTTOERDY A RIHTLT 5 Z LA TE 5, ZOEITICIIE
Y3d % [,

Decoder

channel
1 8 16 1

i

=1 ConvTran strides2C———3 Convolution Transpose 2D

3.7 Decoder D

LSTM O HE#M T — ZIFIEEZEE LT WL A& 24K U2 ER O EE 2 3 8110002 31
T 5 Z etk W, Decoder ZHWT, LSTM O R T — &5 1870 L 2 ERICE DWW T
ML EBbhi s,
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3.3.3 LSTM #3453

LSTM #v b —2 @9 13> — 7 Y 2ARE 2 RETE 2REEE Ly V-2 TH b, HAS
SR 0] K2 VSR, T— FERZ ML RAFT L B T, X2 7— FOY—4F YR
LTHRFREE T2 THD 52, EROHEEEMELREDHNZFHRT 5 B3], LSTM 133 —
FUYRATF=RIRHIEL. ROV EREFELFE T2 e TE R BTV, KRIIFT—20
THlHTE 3 [6d], RIFFEOHERD S —4 > 1%, BASELHICE T 2 SULE e FEL TV 3,

LSTM 135 — bEEME (gated) Z W TH AR RNN 27 v /7L — ¥ 3% Z & T, RIERHKE

MRz, SARNLOMELENLTY, B BER(CHES [55)) 1 LSTM ORI 5T,

) ) @
U
© ® ©

3.8 LSTM oz 4 >OMESEHE

LSTM # v b7 =27 D&EIZN (BO) D XS5 ICERE T2, LSTM IZEHEIE ¢, & IR hy
EWVS 2O0DRBNEIREZR > TWwad, WIEAN-BREDOFZEAREREATD 5, bIiIATI-FR
NBDOEEARERANAL T RATH S, LSTM OFL=y bADASE, BHEDAS x; 2. BIDOA
HOEMEE ¢;1 BEOEIEE hy_1 TH 5, RNNIZHNRT, SHZ— b fi. AT —1b i
7 — b oy LT —b g D A4DODT — D,

it =0 (Wiixe + bii + Whihi—1 + bps)

ft =0 (Wifxt + bif + thht_1 + bhf)

g+ =tanh (Wigz + big + Whghi—1 + bpyg)
Oy =0 (Wioxt + bio + Whoht—l + bho)

ct =ft ©ci—1+ 1 O ge
ht =0; ® tanh (Ct)

(3.1)

18



Z ZT. ol sigmoid TS %, F=5 © &7 X~ —/#E (Hadamard product) TH %,
B B3> =7 A7 —20% LSTM KRA T 2N TH S, LSTM v bV =2 %
AlfRS 2K, LSTM QAR T — & & ROWZID AR 2 LR, R ZFE L, Ny 7

a5 — a ¥ (Backpropagation) 179,

X_test

;
F
I
IF

L

[RUSpS—

X 3.9 LSTM I3 2HE{RS —7 > AAS]

3.4 FHEEEDRE

AFRTIE, BRED A8 7L — 2 BEDOKLT 7 =7 + DgERy — 7 Y AR¥ BT -2 3 5,
TRTOEET— X2 82 L —=V T =& TAMT =R ML Y M %, WREEt v
ME, FHlE N7 L — 2 BGEET — & QBB 2 B FHE S 2,

AHFEOBBIICEIDEET 572D, K727 bOF—T7 1L —2%2fHL. LSTM % v b
= THERET LEET VAT, HEID 7L - 24EMT 5, 72X —X—HEER Y
HHEID 7 L — A OAERENE & EBIICEFHE S 2,
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41 FRIEER

AR TN FEEHEE L, MIEE21T o7z, FARB XUOMIEEICH W PC D AR Yy 7 %3R @1
WiRS, HHLEY 7V 7BIXU0I74 770K B2 1R 7T,

# 4.1 BHFRIERGE

OS Windows 10

CPU Intel ® Core™ i7-10700F
Memory | 16GB DDR4

GPU GeForce RTX 3060 12GB
¥ E5E | Python

#42 HFHLEY 7 VT BIEIAT Y
i HnE
FFmpeg | BIH DS M ORI 7 &%
OPENCV | 7 U — ARG K Q528 7 — XS
Numpy HBRDOITHIETE
Pytorch REYE Y b — 7R

42 FBT—XREraiiliE

AT, 20 R EDKE T 27 b &2 7 = X {Ed. GIF. MAD B % V4 L, FFmpeg[4s]
ZRHWIEKZ 7 27 VDA VEYIDH LTz SV INT—RDH A X fi—F 572DIC.
OPENCV[56] Z W7z 2 B 48 7L — LD EXICH v b LTz, BRMBBEZ—3 572012,
640 X 480 OFERMTH Y PDKEZT7 =7 bR TESZZFYID - 72,

FET-RBZIIRT 27012, ZOFEZITo%. —2HIE. AutoEncoder # v F7—21Z
BAAABERRLLT T 57D, 7YX LAHDED 256 X 256 ERTRRYI 7 L — 4 %21])

DE o720 THKIE4ADDXY Y MDD 5,

1. HEREP—ED AutoEncoder DEIGIETTICE X 2 E %2 [ TE 5,
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2. HBR2EDEHRE AutoEncoder T¥E T2 Z v 2L, 2 EHELHEIKLT 2,

3. —HORAEREHK, 256 X 256 DV A XD T L —2lF, KT 727 b D—HDT 4 7—
NeEE R IRET 22N TE S,

4. VX LHLEYIDEDIE, RUKZ7 2 7 VEIEOHTEZ ORZR LY L2155 2

EMTE D,

“OHBRRUCAy FORELZSFBRTEAZNYID L, LSTM % v b7 =21 LT, 5
% 5FRRDORRA 7 L — aid, ORI 7 L —L%2EHT 2D L FAFORR T, R 25H
ZHETDHIEDTES,

Iy LR 7 L — 2 0FN3E @1 2R T,

"
---

e e e e

4.1 YIH L KRS 7 L — £ Dfl

OPENCYV o findcontours FEIC L D, BAHOFETH Y PDETL—L%KLT =227 D
BRERRDNA F VY A X =2 & UTHIH L7, FEANLFVARXR=TDHITH 5,

OPENCV @ calcOpticalFlowFarneback FiEiZ &b, % 7 L — 24 ®d Optical Flow [H#H{§% 4
U720 %7 L — 24 Optical Flow EfROERY 4 X & ALEIEREFRDNA F UV 4 X —=JWTHIG
KA
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AL 72N F U A4 X —2 ¥ OpticalFlow Eifg% & H8 T, Numpy[b7] ZHWAEE 7 —&XI1IZ
ML 720

MELLT—&iE, 82 DEIGIESWT I Y X AHIMT — R e T AT =R o2,
AL OHEBEFE Ay vV =2 3BE R LAy bT =27 RDT, M—=V ROMEET — 21

AT —XEHBTH B, F7L—LDEEHOFERIZ. ROT7 L —LDITER L MAFE N5,

M 4.2 NAFVA4X—=TDH]

4.3 AutoEncoder 2w FJ—2O DIEE

Pytorch & WO REEE 7L — 247 — 27 %ZfEH L. AutoEncoder % v bV —27 ZHEL 72,
AutoEncoder & v M7 —2 ® Encoder #5713 FCN v b7 —2 B8] #2E L. ZEEAIAA
JEeREER LT, MEER WRT, 256 X 256 X 1(width X height X channel) %A XDIED
Hif%% Encoder IZAI L, 32 X 32 X 1 D% 4 XOKHEGEEIF2 Z LN TE S,

Decoder #7713 Encoder #{77 DB AIABBEEL DT, MEEZR A ITRT, 32 X 32X 1D
YA ZORHYEGZ 256 X 256 X 1 %4 XOERIIEITT 2 Z LN TE S,

AutoEncoder Z b L — =279 57012, HEBEOETNREZFMS 2 Z LR ETH S, At
2T, HItHER OB 2 ¥ 7 OIS 5 7912, HRE A MSELoss[6Y] % 341
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#* 4.3 Encoder DS

in channels out channels kernel size stride
conv2d 1 | 1 16 3 1
conv2d 2 | 16 16 2
conv2d 3 | 16 8 3 1
conv2d 4 | 8 8 1 2
conv2d 5 1 3 1
conv2d 6 1 1 2

& 4.4 Decoder DHEE

in channels out channels kernel size stride
convtran2d 1 | 1 8 3 2
convtran2d 2 | 8 16 3 2
convtran2d 3 | 16 1 3 2

‘3— %)O
MSELoss(Mean Square Error Loss) 13-4 —3gREDIBRBEHO Z TH 5, K (E) 1Tk -
TIETTHER E TTO BRI “RREZFHRE L, BRAEUEHEEE L. 7 X — X2 HEICHHE

THIEMTE D,

U(z,y) = mean(L) = mean({l1, .., In}" ), ln = (2n — yn)?. (4.1)

K (D) OHFT, L FER LY ez, L 2—F v FEZ Ay, DRRETH S, —
DDT L —AIZET BT LIUED SREED FEIFEL L T 2,

MR oB @3 12 AutoEncoder DfFfERZ RS, LD 3 DOMEIANENAV I FILEIE
THDH, D3 2OKIFZENZND AutoEncoder & v b7 — 27 CTHAMi L EILEINEBETH 5,
Encoder THit U72% 087 X — 2813 1024 TH 5,

Decoder D&% DEOEMALRLIE tanh ZEH L TH D, HH7—%% [0,1] o#fHIc~ v ¥
YL TWE7H, 1ZeALDIFEMLER (Rofl) 2~y ¥y 7 L&kZ05THD, Hh
R TIE I L —1272 %,
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4.4 AutoEncoder D #ER DB (32768 K7 X — &)

AR TIE, 28D AutoEncoder & v bV — 27 DG Z ik A 7z, AutoEncoder 1F1#BK D H
5 HGEREFIERDT, FEARIX—EDNZ L R B IFEEHBRETOMRIRL L5, B A I
32768 K 7 X — X DY E OEBIEITLONRTH %,

Encoder %z U TAERSINIRH I X —x1E LSTM v b7 —2DAN7—& & LTHH

XNB, ANMTFT—ZDH AL X LSTM 2w bV —Z DT X —RBUTKEZLSEET I -0, §



BRI RXA=ZPZVEE GPU XEVZBIRTRE, Lo T, ROETIX 1024 %
X —ZR&®D Encoder DH 1% Wiz,

AutoEncoder € 7L % M7 8 T 2 7242, Encoder #%7 £ Decoder #i70 DETILIRT X —&
ZEET 5, LSTM v b7 =270 b L —=2 7% AutoEncoder ET VDT X —RITHEL

ko123 3%,

44 2B LSTM %y D=0 DB

Pytorch ¥ W5 7L —AV—2%HWT2ED LSTM v bV —27 2R Lz, ® @3 X

LSTM ®v U —27 DWEETH 5,
# 4.5 LSTM ok

in channels out channels batch size
LSTM 1 | 1024 4096 1
LSTM 2 | 4096 1024 1

#¥ 7 — &3 Encoder 2T (1 X 1 X 1024) ¥4 XOFFH T X — X2 Flatten &3, 48
7L — LDKRY 7 L — 513—D batch ORFRINIAN 7 —& 48 X 1 X 1024 1272 %, KRHFET
X, 28D batch size TOANTF— &R EiRAT-,

JCOME 7 L — 2 ¥ Optical Flow B 7 L — 47— X % Z1 £ Encoder THREHH T %,
Encoder TR & FEAE L 725587 — & (A4 X : 48 X n X 1024, n X batchsize) & AJ1 L.

X () KESWTETLE FL—=V T T 5,

Yn = LSTM (CAT (Ioriginal,ny mopticalflow,n)) (42)

ZOHD CAT(a,b) BEIE =D ORMF — X % BEOIGE () 12> TRET 3BTH 3,
AT, AR FO=0%R Ui, 42X IEST 5 2 & THHMAL ERED

VA A AR
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1. MSELoss(Mean Square Error Loss)(X (E00)), AutoEncoder v + 7 —2 L [F UK
Eip8

2. CosineEmbeddingLoss(3 (B3) X (232)), Z0EKIZ. a¥ 4 VR HWT 2 20 AN
DELL TV 02ET 220V o, IEREIEDIAAREE R LA H D ¢
BRECHWsNS,

3. HingeembeddingLoss(3X (B3)), Z DHEKIZEE. 2 DD ANHEELD E S 2 OHEIZE

s,
1-— ify=1
tay) = {1 o) et (1.3
max {0, cos(z1, z2) — margin} ify=—1.
ZDHIC,
: o1 Ai X B,
cos (0) A-B 2 img Ai X (4.4)

T n
IATIB] \/Zi:1 (Ai)Q\/Z¢:1 (Bi)’
R (ER) I 2y, 20 BER L7 UEE X =5y FEZRAETDH 5, y 3R 2 LA

DIRIVTH 3,

Tn if y, =1,

g = L =
(z,y) = mean(L) = mean <{max{0,A—mn} £y — 1,

) L={l1,...I,}  (45)

R (ED) Iz, WER LI 2MEE 2=y b7 EIUEDEZDOHIMETH 5, yI3EKS
HEREAED S IV TH B,
A THRL 720D SHEBETIE R, EROA T3V KD FHEREZEIET 3

i TERVWEES, LSTM v b7 —27 DO HFHEICOWT, Z2RE»H 5,

1. AR L7 LSTM v b =213, W7 —=2DH A4 X8 AN17 =2 D% 4 XHFE T
BOT. HHMAT R —ZDERBMET 2 2 L #IEET 2, D% h MSELoss(R (E1))
BRI S < BHE T B,
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2. LSTM v v —27 {157 — & Decoder Z HWTHEHEZEILT %, HLL 2B L X
D7V —LDEBRIBZEE 7L VOEZR/IMET 2 Z L 2RET 5., ZHd MSELoss(

(Bm)) $EEBER TR T 5,
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AR DEESEE €T 11X AutoEncoder # vy F7—27 ¥ LSTM % v b7 —27 D 2 DDERDIC
TN b, ZZT. AutoEncoder ¥ I3HMTIIFE L. LSTM 7LD AH LG ¥ LT

Encoder ¥ Decoder #1153,

5.1 AutoEncoder DERERFR{ETTRER

AutoEncoder 1213Z K DD H %, AL TIX. LUTFD X5 7% AE OWEG e ikA 7=,

1. =2 D44iEE (Fully-connected layer) % W7z ##i L 7z Encoder ¥ Decoder,
2. =DFDEAIAAE (Convolutional layer) & MaxPooling & % F\\7z#iE L 7z Encoder
¢ Decoder|[28],

3. AR Maxpooling %z & AIAAE DD D ITHEZE L 7 Encoder & Decoder,

SOHDHRIZ 1 ODHOHRICHANT AT X—XBERKBIBEPL, 7974927 XFEY
OERNCERNTD 2, Fo. BHRT — X2 BHAATUIT 2 DHFET, HEBREIH N,
Springenberg[60] DfZEIC L 2 . 3 DHDARIE 2 DHDOHFRITHARTHE L X 7 DFEEDH
3%, £7. Decoder DWEEENIEHZILITR B AJHETH 5, AL TIIREINT 3 ODHDOARXD
EIRNT 5,

ARIFFE T, B 2BAAAEDREE. 725 kernel 4 X, BLUELR 2 HITFHH AT XA =&
Breilsl, I3HTIE. KEa3 & 12 2 DDFEDEURIE TR Z T L7z AutoEncoder
Iy b7 =7 DRERED T A— X 2R RS, TOZDXy bPI—=JD L —=V

JHEHR L TR N AN S 7 13K (7N

# 5.1 AutoEncoder D& D LL#k

BAHIAHRER | epoch  kernel size flatten | MSE(test)
9 100 3 1024 1.6579
6 100 3 32768 | 0.0132
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18 10
16
14

12 1

10 1\ AA\13 19 25 31 37 43 49 55 61 67 73 79 85 91 97

e Train_loss Train_loss

Test_loss e Test_|0sS

0.1

o N B~ o ®

1 7 13 19 25 31 37 43 49 55 61 67 73 79 85 91 97 0.01

5.1 1024 Bt 7 X —& (). 32768 Fio< o X — & (f)

Koo X — ZEDZ v AutoEncoder € 7V EHRIE TR IEE VW, LSTM O AN 7 — &
P AXeERT 5. BIMREFHAT X =2 B2 BEET 208X D 5, AFETIE. 9 2DE

AHIAAJED AutoEncoder kv b7 — 27 B3EIRT 3,

5.2 B—ERYDERFRHRE R EER

¥ERF—Re LTKZ7 27 b7 1L —24lE, AutoEncoder 7 /v ® Encoder #{57 TLEE L |
1024 XITOR 7 — 2B ax %, LSTM €7D b L —=> 273 2l AutoEncoder €7 /v
DNFTR=ZPZAL L2 VDT, [ U ANEGIZE TR CRET 42152 B85, &2, wn
R 7T — X 2F527 L — 41, Decoder HiRTEILBRDO 7 L — LB FABL TV HNEL L EDN S,

ARG T, BEICHH L REBFRICHE SOV TEZ L 0RABEITo 7. L L. REIICIZHEE
72 RS S e b o 7z,

B2, 28 LSTM 2y b7 —2%FHL, ROT7 VL —2DRHNRIRA -2 R—F v L
T100MHD b —=2 7 %{To kb, ERERRZHENIFRIEZ RSN, E7r—n3o
DHTHERTH %, L —= ZBEM#E ST 713 63 IR,

b5 =20l LT, 1 ELSTM v b7 —2r 1 BRFHEAEZMEA L. LSTM % v b7 —
7 DR T — & (1024 Fi#8 5 X — &) 23 Decoder §877 CHIREZETLT 5, ZL T, XD 7

L—LADIOEBRE X -7 b2 LTH0MED ML —= 72T &EANICIZE] X7k
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-

X 52 7L—nAToMhkER

1 6 11 16 21 26 31 36 41 46 51 56 61 66 71 76 81 86 91 96

53 FL—=rZMEHKESS T

RGNk, N —= v ZHEHKE Y S 713K BB I2RT,

M54 H47L—1r0HNFER

—2OHDLSTM %y b7 —2 DX —>TlE, PL—= Y ZOBMEMBIIERICRZ 20, £

B2 Decoder %238 U CTHI U7 BB DIGESRRDFER CE R o 72, ZDOHD L %X —TlX, b
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1.6

1.4
1.2
1

0.8 e Train_loss

0.6
0.4
0.2

0
1 11 21 31 41 51

55 ML —=VJHEHBE TR NRERE S S D

L— =V T DREHER & 7R b OB R/MET ERh o7z, 1T LR OERIIRR S 5853
T%tiﬁ)‘97‘:o

MED &5 AN RN AE SN2 VHEEIML T 3052 A5,

1. PREEUEA B COAURELE SRR EITETE 2 ) WO REREE> TWa2d Lk, 4
1% Decoder BBETTICH T 2 BEEFHICOWT S 5 —[[EE L Rat 2175,

2. LSTM 70V, BRICANT S NRRIERZELEL, DI2RHICE LD TN TE,
EFFRRA 7 OHA e BT LTWS, LA L, B2 Y OEReEROAERICHE LT
WRWATREMEDY D 2

3. VAE[RU] FEICBT 2 THERAHESEE L, > 7V Y 2k ERT 2) ke oEmE

BRZEMZ 2B D50 LKW,

53 F—TL—LICLZHRE 7L —LOERMEE

B OEBASTIZINZT7 L =D bEBR 7L — L 2MINcERT2 2 enTER, 1 KETD
ANENTZT7 L — 2 ICE IR 7L —2 2R T 2222 L2W0we B S5, Srivastava DIFSE
B2] &b, BAFE FARICHIADOANZEEILL, ETAZHET 2. X RBLTHIZIRD

Bohd, BHOF—7 1L —LIZHEIDWTHAMICFEE TS THEID 7L —L2EKT 22
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EMTEB RS,

Lo L. R B—ECH O SaEliRad: iSRRI OG5z 5 2 DT, BERH S
F—TL—LICXBHM 7L — 2 DEBFEBRIEZHETL TORI -7,

SBROWFITOVT, 2 OFEEMEF LTS, 1 DHIE, ERT — X 2R ORI 7 2 K
OHEY 7 — RCEB SR THETL2FETDH S, v M= PEMRERER» S L
DELN—NZERNZ 2T 2 XD b BWRA X DRI 27— X L HES 7 —
RIZH DL Ay b =2 %I T 22T, L RWIIEMELNE2D LA,

2 DHIE. Eifg T — & % H\WT, VAE[B0] & Stable Diffusion[I9] ® & 5 72 FETHEHIGZELD
MERDAR O EFEE L, WY > 7)) v kD PRIEGREZ AR ST 2 FIETH S, TOFIET
F. FEDODEMZFR O LWEIRDERZ S S FERT LD TE S, KL =7 ORI
DEIE D ZTELRDHICEIIET T, =a—I 03y NIV =2 ZD XS RIERDHEHESE

LM TEIR, BYUIREESREERTZ2 2N TE 200 LAk,
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AT, FHE 2D 7= XD 7 =7 PR LT, TIHFayEa—&X—L Y=
VB TARD D B ETFHRICHESOWT, FHEFEER AR T 255 TH 5,

ARWFFETIE, 2D 7= XDKZ 7 =27 MW LT, K7 =27 MCEAT28EHZEZINEL.
TRty FERERT S, K727 FOBEEREMAADTDIC, KT 7227 bOFZOD
Optical Flow 25t L., Z DRI EHHEOEEEE Xy b7 —27 ¥ —$IHIHT 5,

AFZIFKLT 7 =2 b F— &+t v b T AutoEncoder (35 < HEIGEH T H K IR TT 4 v
P — 2 %8S 5, LSTM v b7 =2 %L, K7 =7 + DRERINERZEE L. Bt
DEBRZ FTRIL7TWV, 22003y M7= Z#AEGDE T, K722 b2AERTS I Z2HAEL
TW3,

S ETOWMITIE. AutoEncoder % FV 7z EHERRHEH H  CEIRIETE R v b 7 — 2 ORISR
RBirolze LL, KEREBRZRETH LSTM v FV—2 3 ¥ TFHOMOERZBE AR
Doz,

SHOMETIE, HRT—XReRIZEZTFT—XD 2 DDA LB Z2ITI,
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S B
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R TIE, RBEFE TRV 7 = XEBICOWTIHR R ED TE D, R TR LEE AR
Vo AEOERICH Tz > T THRE, TWHH L TwiEwieE, RAOBERTITL XD E#O
BezHLETES, £73. 8B ETH 2 ERECHERIELEZHR L BT 9, HEELEAED
SRUNC TSR ZMiET WX, EMRAECHXOEE R ETHTARR IEZW»
72 E DEDEIEHOBEHL RFcwvw e Buvg g, EISE L FREREAEICIE, RSO
FKHMEDTERICES FT, FEZELERVWT, RASADZTERPZHREZ WL X E L,
7o, RESUFHHTHERR B2 WAL Z F LMMARSAE, = B4 e mteEian & bk
oo LET, AMXOFHBFEERERFICBNTS, BERIYS VWAL E, ELBILHLE
TET, RERIZ, ava— XA 2V AHROIEEFHEZALMAZEDESAILZRAED

hznkied, REEO THFMEZRELIBI LT, KH#HOME S XI5 RXETHD 7,
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