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Abstract

The current anime industry is in a very unstable state. One of the main reasons for this
is that the anime industry is a labor-intensive business. As a solution to this problem, this
study proposes a method that combines motion estimation using optical flow and image
generation using pix2pix. This method aims temporally consistent and highly accurate
intermediate frame generation by adding the inter-frame motion calculated using optical
flow as input to pix2pix, which has difficulty capturing temporal changes. The usefulness
of this study is shown by comparing it with the method using only pix2pix without optical
flow. When comparing the experimental results of the implementation with only pix2pix
and the implementation using optical flow, it is only the latter that the generator G is
learning to generate the intermediate image, which shows the usefulness of using optical
flow estimation for GAN learning. However, the accuracy of the generated images is not
necessarily good, so it is necessary to improve them. By improving it, the technology
of this research is expected to be useful for automating the work of drawing in-between

animation, which connects the original pictures in animation production.
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Figure 2.1 Image classification training.
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Figure 2.2 Image classification inference.

Discriminative Classification
Image mode | vector
{::::}
) Generative 8 di
Noise vector wiodel enerated image

_.U_.

Figure 2.3 Comparison of discriminative and generative models.

ZaA Uy 1 XTTHCHN D AR 7 S SRS 205, ARE T E 1 0Tl D /4 AR
7 bV 3 RITELAIDEGICENLT %, Figure 2.3 IZF&BIE TV & ERRE T LD B %
NI

ERETNVERRMBREHTERNMLT 22, [9 VKL 4 A OMRERD &, T7—
2o T MR p(a) ZHSI L, EBS Ly 352 SNTBE. SMN SHER p(y|)
PHNTE2ETIV) 2B,

EFNADE (p(x) 1F. T — X 2 BPHERDMIHES L EZ T, T— RS R
HWVEEVWETLEEZR D, ZD0, ERET N, @Al 7V HICRE(LEE L
%5,

GAN IZBF B4ERE 7V (Generator) 1, ELE (/4 X) B AT LTRZIFED ., I
F= W LT =X B AR T 2 5%ERH S,

T



Real image

real g i
Discriminator Identification
signal
Noise Generator Generated [:::} (:::>
image 0 :

— — [| — [m

Figure 2.4 GAN Overview.

Table 2.1 Organizing the discriminator and generator.

Prosess clas;T:?:d py | Parameters | Parameters of | Correct
i o of generator | discriminator label
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Training a real fixed variable 1(real)
discrimnater 2 generate fixed variable 0 (fake)
Training a : )
Generator 3 generate variable fixed 1(real)
2.3 GAN
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Figure 2.5 Training of Discriminator D.
. Generated L Identification Correct
Noise Generator image Discriminator signal [kl
——[¢]~[w]] ~|"] — O-0
real
IND A —RIIEE
Parameters are « -
variable Optimization

Figure 2.6 Training of Generator G.
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Figure 2.7 Image generation by Generator G

2.4 DCGAN

DCGAN (Deep Convolutional Generative Adversarial Networks) (&, ZE#s & 3% Hl &5
WWEBAAA=2—F V2w b7 —72 (Convolutional Neural Network, CNN) ZFFH L7z,
AV T GAN OFERTH 5,

DCGAN 1 CNN OB AL X 5T, AV P F)L GAN ITHARTEGLHHICR D, ZE
L7228 DS AlREIC A2 5 720 DCGAN OERUCIZIR TR E B L. fE eI~ ? 12
X2XRDEBHTH 5,

L @RISR N 74 F2DEAIAAE, FRMRICA T4 F2DWEEAAAEZ

FIH

2. BEAREEAHLZV

3. WA ERBROANEERE., Ny FIEHML (Batch Normalization) % Fil

4. A REMITEEBEBUC ReLU 2R L. 181X tanh BI%CE FIH

5. aall#Rid 5 R TOEMLEIENT Leaky ReLU % H|H

6. ARPIEI{E —1~1 OfEETEMHL
fEEt 11k B &, WAIRITEAAAEZRNHT %, #nlerDEAIAAE X Fiigure 2.8 A
A=I T, AD3IX3IH—=FVDBRA 74 R2TRENIT %, /2. T4 71 DHAEE
SERD & 5 ICHIED A AL 172G AN %, FER. B D5 X 5 E{REBAALEIC
ATIT 5 CO3X3IDEGRZHT L, BHRY A X255 %,



Figure 2.9 Image upsampling with a transposed convolution layer of stride 2.%

AR T 2 HRE S AIAAE B Fiigure 29 DA X —ITD D3 X 37— UM A
NS4 R2TBENT 5, 2. T4 ¥ 2 L CHIGOREFZESMIAN 1 FIET %, KR
E®D 3 X 3EBEZIMESAAARBICANTSE FO5 X 5H{GEH L, EHEEY A X0
KT 5,

faet 41tk s e, ENEOHIEIC tanh BIEZ L X 55 %, tanh BIEIE —1~1 DfE
BTH 5720, EREROERMEIF-1~11278 %, dkBIZHEAYHE G A4 RGO H1E %
HET 2720, HREOEBER X 2BENDH 2, 2D/, 158 6 TAYHEIKROEE
E% —1~1 OfEBICZE#RT 2,

851k 2 &, iAlg OIEHEILBIRUC Leaky ReLU Z{# 3 %, Fiigure 2.6 T/RL
eeBh, ARG ERE LT MELTYERT 2, ZOkD, EY A FRT
b ABLHES L7 Leaky ReLU 2 5,

2.5 CGAN
CGAN(Conditional Generative Adversarial Networks) (&, VU 2 F L GAN &R U <
e L BIERD 2 DAy bV — 2 THE NS, GAN L OMERIE, 77 AZ2IEET

-7 -



Conditional image
Real image ‘,/’ for class indication

classA: [1, 0, 0, - ]
classB: [0, 1, 0, - ]

alassGs [0 0. 1. == ] real Discriminator ldentification

\\\‘ signal

—l
Noise Generator Ge?ﬁgzzed //,, [:::J <:::>
0~ 1

— — [| — [

Figure 2.10 CGAN Overview.
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Table 2.2 Advantages and disadvantages of two loss functions for the generator G in

pix2pix.

- Advantages Disadvantages

Sharp and colorful images are

Adversarial generated that are so realistic Extreme images are generated
loss (Legan) they are indistinguishable from that disregard reality.
real ones.
Images are generated that Images with blurred edges in
L, loss appear realistic when viewed as shades of gray (midtones) are
a whole. generated.
BABHETH 5,

ZOERBEBUTH LT, @Al DE L z2HmA(LT 2 X512, Ailds G L zH/Mb
T5EIHEETHI LT, 120K Z HOTHNHEEZITS 228 TE 5,

Z DBOMHIBRIC K o THERMER G I3AY L RREES £ 5 RY) 7 VREBRZ2AERT 5 X
SR BH. —H T, T—Xty b OEBRERE L 2GR E RV ER S NPT VEWVS
MEH I Z %, Z 2T pix2pix TlE, LT (2.3) TREIN S L HEEZEEL TV,

L(G) = Euy.:lly — G(z,2)|1] (2.3)
Ly 85, AYHEG y ¥ BYETR G (x,y) OO FEHiEE2 R L TW5, LK G
D¥E%, L BRMET 2 X5 DB T, KD U ZAREREERTE 57213 T
AL AYO X =5y MEBIC X DIEVEREERTE S X510k 5, KB, L BRI
e D OFEERHTITZE R E IR0,

FRII oD 200K, ThbBEEHEL Y L HROEAN ZEFHERIC X -
THEDHD, HRT 2RI D 5720, FREIIEEICIRE T 2080 DH 5, Figure 2.2 12
ERBEB DA G ADFICOVWTDRXY v b« FXY v bERT,

LBREERTZERBCHIVAS LW, 2% ) F—Xty MOLWEREE
T 2RRDND 25, H6W S A[RELFEIRE O FTHGANTHERLD/N S LR, D% D
(ER0UT TR I R A L C U S MDD B, pix2pix Dafisd D Tldk. BOHEES
E LiBRD ML= FA 7 Z2EBINGARTED, &AW S UVEIGRZ AR L 725
=100 2SERE LTV 3,

Figure 2.13 [Z4E AR G OER L ZEBR DL Z RS, A& KT 2. L, 48
ROAEERLIZGEZ. 2EDPKOTIERTITLE S, —H., BRHMEERDA%EE &

— 11 —



Figure 2.13 Comparison of Images Generated by the Generator G.?)
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Figure 4.1 Optical flow Calculation.

frame_t-1 frame_t+1 tensor (6¢h)

connection
—y

Figure 4.2 Concatenating consecutive frames into a tensor.

Tensor
(6ch)

Fake image

|

Tensor P -
(6¢ch) ’ 7
— Real

L — O

Fake

Tensor

Training data Training data (GGh)
for domain A for domain B

Real image
Tensor
(6ch)

(xi] il —

Figure 4.3 Model architecture of an implementation using only pix2pix.
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Figure 5.9 Generated image at epoch 100.
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Figure 5.10 LossD real.

— 925 —



$S07

SS07

$S07

06

0.5

03

02

0.1

2,000 4,000 6,000 8,000 10k 12k 14k 16k

[teration

Figure 5.11 LossD_fake.
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Figure 5.12 LossG_GAN.
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Figure 5.13 LossG_L1.

— 26 —



5.3.3 BIMEERER

PRS2 Z T, AROE R EREIT o 72, ARSI NZEROIFRTERL T2
12, LossG_L1 ZHH T 3BICHIT 5N TV AR TH % lambda L1 DfEZ 100 225 20
CEBELT, F7o. HiEOFER T LossD real, LossD fake FICZEIZ L T\ B3, ¥
S ELFEETETWARWAIRRMEZE Z T, dilds D OFF =% 0.0002 225 0.0001 1222
B L7z, PR Ry ZBUIAIEIFEE 100 =R v 7 TEIT L7z,

EREs G VR L 72 EfE 2 0 Ry 78010, 50,100 DJIEIZ Figure 5.14~Figure 5.16
RS, EMLUEGRD S1%, FEOEBR»HRELS LD iEHE DL IEP
UDWEIND Z 3R oTze ©LAFRTIDBDPLBLLL B LSITHZ 5,

Figure 5.17~Figure 5.20 \ZEENHH U 7-185BI4X (LossD _real, LossD _fake, LossG_GAN,
LossG_L1) Z7/R%, Figure 5.17, Figure 5.18 225, 40 TR v 7 7= D £ Tld lossD _real,
lossD _fake FUZfHDY 0.7 72 D TEEL TWh, ZDH L 5 AWITEL FH D GhRD,
Fic@ b Z2EH20, 0.05 572D FETRPB>TWBEI bbb, FERIZ, Fig-
ure 5.19 225, 40 TR v 7 372D £ TlE LossG_GAN OfED 0.7 H7= D TEEL TV
M, ZODHE D OABIMED LB DEED, 4~6 B EHB L TWE e bh b, 7
72, Figure 5.20 22 &, LossG_L1 ZHE{EIDFEER & RIS ZE L TEZEAD LT o T
32 ehbhb,

5.3.4 E8

A G AVER L2 ERICOWT, BiEOEBRTER L ZEHRE DBENS E2 S Z
3L, BLLARD o TLE-%, ZOFEKE LT, LossD.real, LossD_fake DA
40 TRy 7 BT TRMIT IR > TLEW, Zh L FRFIZ LossG_ GAN OfEiA £S5 T
L% o T Generator PIEL K FEEHTERLS Lo TLE-RZEREZIONS, U,
Discriminator DB % NiF 5 Z 2 T, XD ERICHAIE D2 EE T2 L 51 LM
F. WIZ Discriminator 255 B TET L E o7z 2D, SHDOEBTEE L ¥
HRTH 2 0.0001 1%, HEYIRETIER»ro728WR 5, £z, LIBROMERNZ 22
T, BHBROIFRTZERL XD SHALREGRZAER S 272012, Loss L1 DR TDH 2
lambda_ L1 OfEZ FF 7225, #Re L TIIERT 5 Z 213 <. RANLHERIE S
B otze 7272, Loss L1 OfEIZ 40 =R v 7% WA LT THB D, ERERPBEL ¥
BERBE TR TOWIUDES BRME ONLESEDSH 2 e EZ BN 5,

— 27 —



Figure 5.16 Generated image at epoch 100.
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Figure 5.17 LossD _real.
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