Yy v A o v v
ﬂ1§ﬁ§1ﬂ°‘lﬂﬂq~!ﬂﬂ1Wﬂ1ﬂ GANS !W@i«ﬂ‘lﬂﬂ'f’)ﬂ@ﬂiuﬂn—! Vector Art
GENERATING PICTURE DATA FROM GANS TO EHHANCE

VECTOR ART

U v
unnaee
a v . A ~ . 5 g A v 1 q Yo
FINIANUNTOONLUY graphic 3D BI1¥W graphic design Lﬂmmwainyaﬂﬂwm
v Y v
HanugInLsu ﬁiﬂﬁ]ﬁﬂ , 13N Event iﬂm/Nﬂﬂﬁ%}Nm%WﬁLﬂﬂiﬁuwu Vector specialist , N9
o & A [ Y= 2 o Y Y
29nUUY  UX/UI ﬂQ“Ll‘LlLW@ﬂiUﬂ;QQWH@@ﬂLLUUiﬁNﬂmmWiﬂﬂﬁllu AITDIFYAIUNIINUN
¥ a Y} A sad =R A a Yo = A P} A 9
mamumﬂiuiastﬂmuﬂmemeswummﬂuﬂﬂmﬁﬂugmaﬂmz% Python IW®TIY
v J . A
WAaWd graphic NUAUNIWOBDNN

v
£

v Y a K 9 a Ia 4 o
TutlagiiumaTuTagmsiSougianneaiuasuiameosdsuiignimnd

RKe

o K] I
UszTonilunate aau Tuezdlumsadgdammilouniay | msad1e Animation Tu

Aunuii luge . mseenuuvsnlagranmseenuuuianga , Mmsad19doyad1mivdetection

. aa YA o K @
object lunainvaieia 2

Y S o S| A
‘ﬂfJle]lﬂ ll@\'iLﬁuﬁﬂﬂﬂWWﬂlﬂﬁﬁgﬂﬂlﬂﬂTuiﬁﬂiuﬂ‘ﬂﬁ]ﬂuﬂﬁ”&l”ﬁﬂ
Y

Q

[

o G Y Aou A= o Y 9 A Y
mmﬂizqﬂ@lﬂlﬂmmaammu Hagan Wﬁ\‘ﬂu'ﬁ]ﬂuﬁ]ﬁﬂ?iﬁﬁ’]ﬂ’]iﬂﬁﬁ’mﬁ@lE]‘V]ﬁﬂ\‘]ﬂ'lﬁhlﬂ

Q

Y
p619NRY A5 WAz UG UY

ABSTRACT

A graphic design business or graphic design career is a project that creates value for
many companies such as media business, event business, and creating new careers such as Vector
specialist, and UX / UI design, to improve the design to be of high quality. This depends on the
advancement of computer vision technology. The deep learning technique was used with Python to

produce graphic in the quality results.
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Today, this deep learning technology in computer vision is being utilized in many
fields, such as creating human face images, creating low-cost animations, designing cars by the best
design principles. Furthermore, it makes data for detecting objects in multiple dimensions.
Therefore, the researcher sees the potential of today's technology systems that can be applied in
design work, and from this research, it is possible to create the desired object correctly, more

rapidly, and more accurately.

VNN
) 9 a =) A 4 1 <
MINa 1AL NAADTIANNTINIVUNUDUNYBEY 15U MIVDUAY MIYA N3
v Aa YR ) Y . . =
aaauls anugan duan Tualszyy “International Conference on Neural Information” 1
Yo Aa A g ) o ..
2014 I8 Idiuiiaauiilusingmluns Generate U0 @MY computer vision A8 model
?1‘/ 4 1 L 4 9 1
1Y 9 91 GANS a1/52a9AnD 1N0d319 Framework JuuuvTva Tun1smsy 2 model Ao 1)
. Y v . . . . .. . 9 ' '
Generative model 0113 31 data distribution 2) Discriminative model 1 131518 Annuee

I o ] ..
1y vesaedaluns training

. . I 9 o a KR a <Y =] 9
Machine Learning Wumsleeanesnulumsuenuezuaz uasizvivoya 5eU3910

QU U

v g A ) o A A ¢ o A ! = =
Voyauu lW@ﬁﬁ’]\?Illlﬂﬁﬂluﬂ']ﬁ@lﬂﬁuﬂl{ﬂﬁ3@?]1@ﬂ’]ﬁmlﬂﬂﬁﬂﬂﬂ’mﬁﬁﬂ’m@ﬂ’m UNUNITIVYU

'
o o

Y 1
Ta Wugamaalilfiaauauseuismua’ld uaegldnmg <msus” Tasldyadoyavuia

(] = PY= Aa oA g A ¥ A a 4 = Iy ¥ kS ==
“l‘ﬁaﬂu mnmugmzﬂgummuu gl ﬂ?i‘l’lﬁ]%ﬁﬂuﬂlﬁmii’)\‘]ﬂ’E)iJW'Jmﬂﬁﬁ”lll”lﬁﬂliﬂuqﬁlllﬂuuﬂll
GGG S UINVY 1Y Supervised Learning, Unsupervised Learning, Reinforcement Learning

A . . < Y = A A 2 v g ' A
%30 Artificial Neuron Networks 1Juau uazﬁuﬂumﬂuﬂ‘ngﬂwﬁmﬂmﬂuammm NN

“Deep Learning”

< a { o J

Artificial Neural Networks (ANN) (Y umatiaii@aeuuuumsiianuvedayoauy ye

. ¢ 1 4 4 o d 1 :
¥ Uszneumeadallszam (Neuron) uazusaziwadazgniiodlesnuiulaseg aalu
J 14 1 1 ' I 5

oWA1I5 Neuron 3238071 “Tnua (Node)” tazuaas Triuaszgnuiiaeoniluyy (Layer) Tag
o I B Ao ¥ o qu v &
WaNNT Y09 Deep Learning Naziili ANN i Tiuanatensu vldaunsailszuiana ldas
o ' Y =) Y A Y LA v Aa J YA
azdwou wn HelinmsBeuiveunsesaunsalinadns lunmsdadulanazaianisel laa

A X
WDV

67


https://dl.acm.org/doi/proceedings/10.5555/2969033

v A 1 v o Y . . a X ' @ g
Ta1iuTinguinWanaua I Creating image 1nadiuazunsveo lwalan nalu
sean 01l Wielszind Tavazda Conference ngﬁJ 1¥%¥071 International computer vision
X g J a 1w a a 1 NG
(Icev) Fauiluosnnsodse lunds WANNETIND  INAVINNITIINNQUUDIVITHNANC Tu
A A Yy W L. = A ° Y
NMAYATINNITUNNGIVOINY Computer Vision AL NIANITANHINUNITNT Research Tuau

Computer Vision

U

d Ay
ﬂqﬂi%ﬁﬂﬂﬂlﬂﬁﬂu%ﬂﬂ

4 v J a o
Lﬁaﬁ%lnwaawmamugﬂmwuammﬁwz‘w“lﬁ' Generative Adversarial Networks
= ~ dﬂg o I 9 a o
model(GANs) UANUIFDYITUINUU Iﬂfﬁ]%‘lﬂ StyleGAN mﬂizqm%“lumzmumsmmaa

uazihgUnn'ly141ug570 Graphic Design

YIUIVAIUIVY
P A9 y X v = "V w
1. juuunvesyavayanwnaeansaza i U Inylumsanyiodasanu
o = ~ Yy a K . ' 9 A
2. M3 naTuTagnsiseugisaan (Deep Learning) 3159811136319 model 9

ansoui lhausawnummindlu fails

dszlawinmanoezldasy

1. oaaszezna lumsad1aau Art Tasld Model Nanwaiuine 1 viouny

U

v =
VUAULDDNINNG A
A o Y 9 I a 9 = a :g
2. LW@‘VHGlT‘i model FIHITDAINWNIN vector LﬂUﬂTW‘ﬂiﬂllﬂaglﬂﬂﬂ UagauIIvU

) . . o 1o & f
3. 1i'la%19 Sticker 130 Graphic vector 118 Iag Lisuiludealinugiu

U

2 av A4 v
NHH) HASHAANHIEYNINYIVD

1. mﬂﬁﬂmif’iﬂué}ﬂl@%ﬂ%ﬂﬂ (Machine Learning)

~ P} P A

A 9 o a KR a Y 9
ﬂf]ﬂ’l'iﬁlf]f@aﬂ@i‘VllIGluﬂ1§L!EJﬂLL‘(’J$LLﬁZ'Jlﬂi'mﬁell@lla LTUUINN UBYaUU NIRIGERN

U U

= o o

v A o [ 2 v { <
Tumalumsaagulavsomansalineanuundsieds unuivz@oulsn Hugamdeld

A wa o A o ] P % D) P ! a Y
Ufiammtuaeunmua 13 uavz ldms “msus” Taoldgadoyavualuglu maFeunee

U

kY g’/ a 1

A oA 2 ~ ¥ A Aa 4 = Y I
ﬂg’ummuu 9 ﬂ'li“l/lﬁwﬁﬂuﬁl'ﬁlﬂi’fNﬂ’f]llW'Jm’fJiﬁ"liJ'liﬂLiﬂuqﬁjul@uuﬂlllﬂﬂuﬂﬂ'lﬂ € YINUIY
1Y Supervised Learning, Unsupervised Learning, Reinforcement Learning %30 Artificial Neuron

3 v & a A 2 o g 1 <A .
Networks L‘]JL!@]‘L! uazwuﬂumﬂuﬂwgﬂw_ﬁmﬂmﬂuamqmﬂ NAD “Deep Learning”

68



)=} Yy a =K .
2. MI8UIIAN (Deep Learning)
- S ! . . A A Yy 4 L g
Deep Learning uiyneosyed Machine Learning ¥39N13138UIAVUIATDI a1l
9
R TG AT G N GRGR R REAs AT INLIEY (Artificial Neural Network) Tﬂaﬁuuumﬁﬁ’w Machine
. A A ] = 9 A I A T W
Learning L“LlfJQmﬂlﬂ3fJ‘lﬂfJ‘lJigﬁWImfJiJgﬂﬁ'ﬁNiﬂmuﬂuﬁ'ﬂJﬂﬂ‘UﬂﬂMquﬁJ Nodes (¥aunONU
= < % . ' y A ) Y ax R |
mueun‘u"lcm 3¢U1Y Deep Learning %DﬂiﬂlﬂiﬂﬂﬂighﬂﬁWﬁ“ll’f)ﬁJ"ﬁﬂ’J‘(’J’J‘ﬁﬂﬁUliJGlG]ﬂG]f\‘]Lﬁu KN
< a ~ 9 a = A o o A ° A A '
Wumaians LIgUILBIAN L‘W@ﬂﬁ]ﬂﬁ\mﬂaﬂﬂa’E]llcl,‘uﬂ15‘1/]1‘§5ﬂiill‘m’ﬁflﬂ@@ﬂﬁ‘ﬂa’ﬂﬂa’.lﬂﬂz
Y AQ a J a g = v A
‘]Ji%ﬂﬂ‘ﬂﬂi]fl!’ml NENNNYUATAT, IP address, ﬂi%m‘lﬂ‘ﬂﬁ]ﬂ‘]jiﬂi}ﬂ1ﬂﬂﬂ Hagauanyusou 9

d‘ 1 Y a ax d‘
nnelinalIsms HanNaNINYANAN 3

3. Tasaveiseamuuuneu 1agau (CNN)
] @ < 1 % 1
Tasesedlszamuuunou Tghu(CNN) Wi TassinelszamifouriiaTungu bio-
. . A o <3 P dy A d A ) 1 49' A
inspired 1AgN zT1a0IMsuB R UYOINYBINUBIN LN UNgeEY) tazinguuaINuNdos

o y {1 o [ 4 4 g’; ]
VINTIUNU f‘lﬁil’f)ﬂ‘l/d\luﬁfJ’fJfJﬂJENlIHHEJ%%ﬁﬂﬁlwﬂﬂmﬁﬂ‘ﬂmg (feature) meqﬁuﬁaeauu IFU

9 v @ a R A SY 1 dy ~ gd 9 A A v v 4
AYLFU HAENITAANUUDIE “INf‘l'ﬁcﬂll‘lémﬂgjqwucﬂﬁ3\1ulﬂULﬁuﬁﬁﬂﬁiﬂﬁﬁﬂﬂu INIITNYBYR

=1

9
nuanaulwazusnusou il Usznounu Uaiu

Q

)}

1 1 o o 1
1. Convolution state v d@aunMsenosalszneuvesgilooni wu vou &
I Y A = A . A 4
3Uns 9 Tudu Tash CNN 9:1@IN504 130 Filter 1uN13AT19d0uilonenodnlsznouveegll
A ' Ao . Y 1
2. Detector stage 19 @3UNTVoutput Y1910 convolution state AL Laﬂaﬂmgiu
. I ' Ay @ a R . . A Y o @
31/U94 nonlinear tazuaIundoaszly 9aneIny (Activation) Nazlylumsduunqadnyuy
9
YBIUDYa
3. Pooling stage A AINTOILVUHHINIAgIgaluuTHaNdINTe Moy
9 Y A A ~ Y g’.} I o 1 A Y .
doyaududonamngeaigavuainsoaiuudunadns vy tazazi@ouainses e Stride
A o Y
Amvua’ll
4. Computer vision
A Y = <3 S A o o A 9
AEASN 1M Computer AT DASULVVNIVOUTUYDINY B INOTWUNIAHTO A1
2 . o ™ s v A 2 A o o A
YU vy Taesiin13sy Input 910 QUNI8l IFUNADI HID IFUEDTAPNOTWUNIAY 13D

Y 1 Pt ) @ o I o
ANHUSAN T%iumﬁmu ilzﬁ]”llluﬂﬂi&ﬂ‘ﬂ]@]@ﬁaﬂ"] 1w 2 dszian 1) Low-Level 2LLUN

Y
YU, 1qU , Y Tugalnin 2) High-Level SunsuaIua1evoszlamn

1J5219N909 Computer vision 7114 Tutlagaiudl 5 gulua

69



1. Image Classification m’iclﬁlcomputer Gﬂuiuazﬁmuﬂmwmﬂ Label(Supervise
. { o 7 ! o { < <
Learning ) Taoa1uiinnilszgnald wu msswunnmdeainduuzi
{ a 14 L
2. Object detection MINABUWAADINANUAWTDAGULLVUYBITUMTAS
o A < v = 49! A o 9 [
Tuunmmnewiutazuen wee laazideaniniu Ias Systems Na1uld 19uYoLo(you
only look once)
a.  SSD(Single shot detector) , Faster R-CNN
a 4
3. Generating Art ABUNAUADITINUITDcopy style 310 NN A liB
a 14 3
4. Creating Images ABNNIADI AT IMNVHINNINANAULDY Taels
machine learning
L. a 4 A A 9 L]
5. Face Recognition ADNWIADTAMIDTEYHIoAAMM IUnIAY TagazuLauilu

Face Identification 1L@¢ Face Varification

Computer vision pipeline

‘ 1. Input data Lo 2. Preprocessing —=| 3. Feature extraction }—- 4. ML model ‘

&

MNN 1: 1aag computer vision pipeline

Pimatorcycle) = 085 |

§Fra

Pldog) = 0.01

Y
% a

7 v 9 AR v Ao A an
1. YUODULLIN ADUNAUNDT LTV nput U1 N Qﬂﬂﬁmlﬂfu DAY NIUNTN 15D 'Jﬂj@

2 = ' v o A . s A v
2. VUADUNTDI LlﬁﬁgﬂTW@]’ﬂ\TﬂTﬂ”lﬁlﬂﬁﬂug‘ﬂl!‘ﬂ‘ﬂ(preprocessmg) ﬂﬂﬂigﬁQﬂLWﬂiﬁﬂTW

¥

a A A [ ' ' o o .. o Y o da@}
UNUTTUIHUDUNU Iﬂﬂﬁﬁuﬁlﬁﬂg M ﬂﬁﬂiﬂ"UH1ﬂﬂ1W(reSIZlng) 5 ﬂﬁﬂﬂﬁmW“}fﬂ"Uu

H [ 4 I o
(blurring) , MIHYUNMN (rotating) , M3tlAsugine wie mawlasunnamaldiiuaiad
9

Y H
3. TupUNEIN ﬂ1iﬂﬂﬂﬂ‘laﬂ‘]§1m$(extract feature) ﬂ‘iZ‘lJ’JHﬂTiﬁﬂ%ﬁ1ﬂ1i%‘U§ﬂLIJJ”U

3

AUANHAZYRINN Y JUNIT, T Tasazaslaaeuuas list AUANHULNNANUANIE DDA

70



9
%

4. GUADUNT  Feature vzgniudnlylu  msdanqu(classification model) WO

1 dyd 9 v A g’z
AszUIUMSHERLEE NMNEAe 013 Taeaz ¥ feature Tunmsaadulaminiiug

5. GANS

Generative Adversarial Networks (GANs) Ao generative model nly deep learning

[ (%
Tunsioud Tag GANs 3auilu unsupervised learning Tagazin uuunlumsiSeuidreaaes

9 A o Py, v o . a g o <9 13

I@Iﬂﬁu'm‘llf)\‘l model UABD FINWAANTIN input sazinaily waawﬂwmum ﬂ'lfﬂu model &

= (% . ) 9 9 (%} ] é’ 1 .
MﬂTSﬁEﬂﬂTiﬂﬁ%ﬂ?ﬂ@’J UBI  1nput WWiWﬁWNWiOﬁﬁN mamwuuﬂw msﬂu 1nput

distribution 16

Model

Generated
Example

M 2: LHAININTINUDY model gans

¥
=

Tu GANs H#ug1111910 Generative model Taugiuuy Tnssadraldmiouny
. = o (] ]
Generative model Iﬂﬂ%zuﬂﬁﬂﬂﬁzﬂﬂﬂﬂg 2 943U

v Y
) Generator o Tuaad 14 lumsaddedietiuan v Taumsquanumlsisiu 9n
9

1
9
Voya

AU

EQQ

. .. A =q Y o 7 ' a A o '
2.) Discriminator 19 T?Jlﬂaﬂﬂl%(IUﬂWﬁﬂnlu’ﬂ@]gﬂfn\i 954 139 Aed1laow

W Training set

Discriminator

Fake image

<

Generator

M 3: uaaInszUIUMIn1e luves gans

71



6. Style GAN
a { I J {
ASTUIUMT GAN sHal 1Wu nszuIumsaIuvens 11910 progressive growing
amy A [ 4 ] A 9 g‘/
GAN 111138 generator model AATITH mwmmﬂimy AUNING TAgITNAUIINTI model
Z 2 <3 [}
discriminator 1182 generator laguian WY azisuan@an 111wl Tunszuaums training Tu
a7 99 generator 3¢ 11114 199alaganilalu latent space uaagldmsguiiveadranin uuwy
o A a o .

mapping network HUVLAYI LA noise layers HAANFNINAINNITIN mapping network f9 vector
Ao o = ' (= 1 .
nimstmuagduuuisniilunaazyaves generator 1ae layer nuului Hondn adaptive

instance normalization(AdaIN)

Latent z € Z . Noise
. Synthesis network g °
@@ Const 4x4x512
Mapping
network f

MNA 4: 1LAAINTZUIUNITNBTIUYDA style gan

Mapping Network and AdaIN

1 3 1

JUAIDYINN latent space as input LA

q

13 standalone mapping network i mitlclgf}i)‘ﬂ
o %’N”lugﬂuuu vector ﬁ’ui"u Mapping Network Ao 1szney fully connected layers 8 Gl%u
naWIN vector 92 gnutlas waz swdduuAez blog ¥99 model  Tagvinadnin
N32UIUMS 38N adaptive instance normalization(AdaIN)

AdalN layers Ap My WHUINTIIU output VDY feature map 1We911 standard Gaussian

Ay vector 114311111 Y04 bias

72



x; — p(x;)

AdalIN(zi,y) = ys. + Yb,i

o(x;)

MW 6: gAIUDI AdalN layers

A 1 ' 1 o I
s 3Uuuulniues mapping  network 1w TAseadn dewanomadws 1y

Generator model 11 115 synthesis network

7. Pix2Pix
. . A Y v Ao 3
Image-to-image translation A®MIAIURNVBIFUMMAURTUNMHUATIUnIN
. 2 . o “ . e A A4
Whvane wumslasunnvduiuaImd M image translation (Huiseaneniiesnin
Y ° ' . { o q ¥ v s
ABIMHUA model TABIRNIZ 1Az A loss function NazI IRWadWTDONU ALY 3]
. . < o . .. = 2
Pix2Pix GAN 11u1l321nNv04 conditional gan o discriminator 9163 81 g‘ﬂﬂWWi]i\‘I
A < { v o
uaz unwthuune Taadhminelu model AomstinsananmiullIdlumsnlaounadns

1 Y A 9 4 ) o q Y Y o . ¥
@9 generator Hvinlumsadrenmiieldansan1dlndifes D target domain 18
8. CycleGAN

9
a A g a '
NIZUIUMT GAN vilail ifumaila N3 training U image translation Tag lides
9
UNNAIE1 CycleGAN 929N train 1UANHME unsupervised 189z 14901andy uag target
LAy 1 ya I ) a A YA Y 3 v

domain 7 lifldianuneIteiu dredniiumataili1dne msudasnwihidluiate nas
9 <3| 9
naneiuin

CycleGAN 92T@IMv8101L 910 GANs Un@fe cycle consistency LUIAAADANS

] '
v = =

) 4 H . EA A
10 IHAaNToULTAN JAINNIT Train generator ASINH 9 111911 generator ATINADI LAE 191

v
=

1. Yoyanldluanide
) Aq v Au & 9 ! & q9 2
doyanlelunuitatludoyaningisso GTR R33,R32,R34,R35 dalenmunaniua

300 7 Twa 512 x 512 pixel Tagld1nunadoya jdm-expo 1z Nissan Japan official

73



Nissan Skyline GTR
R34V spec
(N.8402)

Stock number: #8402
Mileage: 40,941 km
Year: 10/1999

Fuel: Gasoline
Chassis number: ~ BNR34-005552
Transmission: M/T6

Price(USD): $245000
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