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F8ste WA o g A7 AR (Jansendt Durlofsky, 2017), fast
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Figure 1.2 3D representation of the 2D quality map (Badru, 2003)
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Al 1 A Convolutional Neural Network

CNN (Convolutional Neural Network):= ©Ju]#] 2tz EFo
E3d deld duglFe dFoz 7|9 DNN(Deep Neural
Network) o] 3AE FHs1A 1E A (Lecun 5, 1998). DNN-2
dES =95 Atole v 2YFoE 4" FxRE VAL
Roem 7F Fo wdHES JdFE T wdHeEd 2T d4dH
Ath(Figure 2.1). o]#13t 54 o= <ls DNNO 243 Hd4dF

k. DNNeolA w3l 7o) A
, A, A R ZdYr 4 Felde A 213 2

O @ O C
27 ~\\H AT AT
oy / X

Ve

S0 W7
LR L0 E XA EXARIN
Vf"ék} OIS ONIY @ g{,,}.@&y.»?,/ S

75 > 4\‘)\ RIALN, TRLK,

— X 07u,“‘\\va7/"r‘\‘w"‘\‘§
\v./,\\ 22\ S22\

U A= ey s EHAS

(Input layer) (Hidden layer) (Output layer)
Figure 2.1 The typical structure of DNN
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DNN2 zb Zo] frei5e] 1Y wjd= 4% 725 7 3]
well olwA AFEE DNNell 5417171 fleirs 2abd s
1Akl Wi =2 WG AIA ok staL o Bl Ee Azl F3h, Aol
AR7E Eddy. mEbd EdEE JReR dd AAdEe] ARl
SA= AME FF22 5+ s H 2 A% g% Adeol HoMs
wAe] AR CNNZ of2fgh Hef Ajkste] olwjx|e] JHF
R HER GHE dis R8s owxg w3t dRE
avnHer Sushe Zlo] Jbestth AR wdSA DNNe
Abe] AAA S BUE Hed 7otk CNN2 Q1] Al &
e 7ol & 4 9lv

9 A7t 23449 ol 2
gk Ars FHsts AsFASH £Y 50l %—Xﬂfﬂﬂ}. ATl
3x3, 5x5 59 AL AVE AL PP AL (AW Bl EA
o et ey 23 WA A LHolWA WHAES W]
FHgoRs MR 24d WAL BEoldrh T ARLHLS o
olm|x|o] BE oo & IHAEE WE AL Az
FZ3E ZolXL 1 AWE FojRl o|u]{E EAAE (feature map) e
stch, e olmA Iel Hdl pxa A719 A B KE e
TS holgk & o, h'e] 54 A" (x, vl g2 A 2.2=%
c}.

Figure 2.2+ 5x59 48 olu|x]o tja] 3x3<¢ &
MEZZE g 4 o] A AZI AEFA Aibs 733t o
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Figure 2.2 The example of convolution

AEFA Ax Fol= ojux] e A77F o5 I L+ FH Y
¢F FE o] gt (stride) ol o8 AFHEG. HAEFAS 4Y
oA 7k o i W& Thsstd Sl olnAE2 ko] WFoR
Aol 32k WX FEirh dnh o] W FEHE F9

32k ’IME ARESle] SAA s vRRZEAR 23k
AEFAT) o8 A9 IHE 7 A% 4 dEHE 42 SAAET
Ol o] WEoR wjdHol AR 3xd 'AM7E wEoXivh
delstA mxne 18 ol usel Wil pxql HE viHE 44
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e oJghs st 295 Wi A
HAzk= A 999 diE#eE dAsk+= max pooling?} %
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Convolved feature
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6 3 T 10
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Average pooling Max pooling

Figure 2.3 The example of pooling

AS

N ol Y

o]u

x

ZAF57F CNNeOl Zt Zolq ks AAH =959
4 =X YT (feedforward) 2F oy, 1831 CNNoJ
ol A AL AolE vEle &4 8 (loss function) 2
HA7h HEE CNN9 IetuHES g5A17IY olE 9A
(backpropagation) 2 gt} o] wj stFE&E IhefulE Sl 4 2.2 4]
dHE TSk #Ed k[ B brE Ao 9 A
EAEFe Zb Iew|EEel| st |AvRaE AAtsta 71.7] 71wk
Moz sepuEES ABAlsY. gEdoz AlgEH= 7]%7] 7]Rk
el dA fX9 ol X8 Waks aelste] vty Ay W
BES {584 243 Adam(Adaptive moment estimation) 7] ¥ ]
2 tH(Kingma$} Ba, 2015).

[«
—_

2 2
O gt
ro

o o

N N

CNN #etnlelE5 &34 o=m st5A7]7] Q& AEFA4% £9
Slo| = ofg] BxAQl diko]l 3 ETt Figure 2.2 HW & F Q%
AEFAS F3std 2 omA Ky Apo]=7F Fopxith, 187
o HEFATES AdTs 7PdAE e JREo] ARA L 7hs 3
AEFA AR 71 At olgjd FAA S aldstr] 918 P ol
FREn. HEdE A" oA At 54 #ger HAAd
JAE S 27180 72H olulx e F7E 82 A 7tk CNNoJA = F32
09 #kS #7138t zero—paddingS AF&-3hc).
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™ (Figure 2.4)
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gFol & HXA °“ﬁ?‘<3]P A7tk webd CNNe|  &43)
grEe 55el d8EdE W 05 iﬁ@i(ﬁ¥%¢ﬁ€-lﬂi
=93} ReLU (Rectified Linear Unit) 57} 2 AFEEHT F 2o+
Leaky ReLUY ELU$ #o] ReLUZ %Xd*] Tl ARy

Sigmoid Leaky ReLU

o(z) = max(0.1z, z)

tanh

Maxout
tanh(z)

max(w] 7 + by, w3 2+ by)
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max (0, z) 3 z20
ale=1) z<0

Figure 2.4 Types of activation function
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Convolution g - J " Fully Connected Activation
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Input (1mage) “1ctHoRAnction Classification

Figure 2.5 The typical structure of CNN

Al 2 A Streamline Simulation

4 AlE# o] A (Streamline simulation) S AFZolA 9 3x4d

FAaEs WEE o8 i 1Y 74 fFEoE

BAFH= AlE#ClA 7ot £ AlEdEel S Aol A9 st

et FejE AR AAbst
=]

D
AR 7 L2 geolgi @

oly st A AlEH oA V&S ARS AlEdEelAR vusdls
o oy FHE 7MY I F shve ARNSETE W= AR of A
FATALe 2 7F A E = Aotk o= 1xd fEol 3xd fERT
Artel resta FABA AR E ek Zlo] ol o] EIE
Ax 7] wEoltk, wak 1xY HITAE HEEE A oA
Awrse =EwdAdoe] nHEY] wEe] Axpe] Ar|v ko] 9%t
dgS whx] o=t (Datta—Gupta, 2000). o2 Q& FA4 AlEolA
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43k B84 Ag® opdel fAFAE, ¥SEY 2 fEEoln
9 3o Sty dAAdS dEste AgJIxE F8d &
o1t} (Batycky %, 1997)

4 AlEHlAE TOFE AXbst & 3xd #3342 1449 TOF
HEAZ WHEstz 1x9Y  advection—diffusion equation?] ©]&3f
ol e BFS 74 AREE AArsdt gy E2

AT A = %’ﬂ /\]%fiﬂﬂ’}ioi A 57 %—9] &g Aabels ARTHE

TOF map< 42 Alddo]l Ay (P) 1A Y%
¥ 709 TOF map(TOFP, TOFD& ¥& & 3low o5& Ztz}
vt v wl S JEbdt Figure 2.8 929 FAu =] thal
TOFP$} TOFI A %7} o @A YEhU=4]5 KHojFT.
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TS ARes ERY Tz 2484 a8y f8ed AAE
5 1dsle] FHEHEE Figure 2.89149 o] TOF AL:E AFS
28 JHet §A fEel #d 2 JRE RSt 2 AFeA =
o]g3t TOF AEE CNN ZFA| Fdulo] SHA7 07 ZEA] Fdlo
oAS s AFT B dist AadS A7 st

{r

(Kim -5, 2020).

A 3 & Particle Swarm Optimization

PSSO+ TS o] &3t FAsHA Foehs dagFoltt. o]
d18]&S  Kennedy$ Eberhart(1995)¢] <& A= Awt

QFE S AR PEUAL musdt. PSOL FANE A4
N/l FRIE=Z _LX]—-?:] %‘n\ﬂog o eralE U7tk o] uw S
?:]X]' (DarthIG) ‘ﬂ' ;S (Swarm) O]Fq- ?:5_]_—]4- C])Jx]_i%

o
=
KX
=
A7) 719Ek L Q) 7 el Be AHE 2Fsh
A =

d

HHEx oz gas st WS AAge]  wARE 7}
dAFEol ARE s wdstdAN HASE FPshr] wEel st
AA7E Aol wAv et FH AAHOoE= Fsel FHE F
A= ARs 7RI @A 2 HAsE EAlel o] iy Fol
AL 3 gom Onwunalu®} Durlofsky (2010), Kim %(2020)09]

T4 A TRE HASs] Sl ARgesih

PSO°lA 7 JAlEL 452 Ndel 7|dste] zpxle]l A&
Aol Egtth. kWA AdielA A Ao AAWE (xf)= 2 2.4¢]

o) o AE ZaAlEa o] we] HTwlE (pktl)= 2] 2.59] 2
Tl 2T}

Xt = xk 4 pkt1 (2.4)

vt =wevf e (xlpbest xf)+cz-r2-(xffgbest—x{‘) (2.5)

A 255 B ESRHEHE A 845 B9 AT olgS 747

@4 (inertia), <1A#] (cognitive), AF3] (social) 3 o
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59k Aol FFS FU Y e dAEE (0,114
¥ Uz A] Bl Ao Rodty AAddwE FHE 5L
0% Z9thBellout %, 2012). Figure 2.9 PSO <ag]FolA 74
Az 7E Aol ExE g vehdle A Eolth

S}
o M\ oi

.l\:
.Y‘, Jpbest

Social

&
X

Lgbest

Cognitive

“+ Inertia

[ particle |

xf

Figure 2.9 Schematic of updating a particle in PSO algorithm

19 , ,H 2- 1_'.]'| 'ﬁ} ITU



A3F AT 2H

A 1 7% 24 L

= Aol s ZHA RdE ol g fAWA HAse] e
A58l #18l 3D Afs WAk Rl PUNQ-S3 R} Egg
s ARgslth B "eAs 24#Hd A7Eme Al
017710l oA AR RRE] JHeel diel Adrgstaal

(1) PUNQ-S3 model

==

PUNQ-S3 E €& EIf Exploration Production AbellA 4= 3t %jlx%
GlolHel 7IWe ARS EEE gt 7YY Aee AT
T2 Agdt(Floris 5, 2001). " 222 19x28x59 :/_F‘/]EE
TAE o ZF Al IAV|E x, y, z WEOZ 180m, 180m,

O
r

oo Mo

O:

15mol 1 FlA 1761719 I@E B ARS Bitd
A Yo FAB AFF) PN gas capol EAFL AFF
B3 d@et wFol EAUAL ey ARZY MEA BEHol:
dsgel B @ AT 39 FUY ang fAss) A9
B35S AT Gele) Bug AHetsc

Figure 3.1 PUNQ-S3 &= AHH F+x5 HolF1 Figure
3.2v 7 Y FAFLE ARE HoF PUNQ—SS mdoA 1, 3,
5% ¥=E°] & sandFo] ATl =dHo] Aa T
o] g MdFor FEY Aok I 99 AFF ‘j% =%
Table 3.1l A &lstith

=
=
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Figure 3.1 The top structure of PUNQ—S3 model
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Figure 3.2 The log permeability of PUNQ—S3 model
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Table 3.1 Petrophysical parameters of PUNQ—S3 model

Parameters Values
Reference depth, m 2355
Initial reservoir pressure, barsa 234.46
Oil—Water Contact, m 2395
Gas—0il Contact, m 2355
Rock compressibility, 1/bar 0.00045
Formation volume factor, rm®/sm? Oil 1.2
Water 1.0042
Gas 0.0044
Fluid compressibility, 1/bar Oil 1.0725E—-4
Water 5.43E-5
Gas 4.586E—-3
Fluid viscosity, cp Oil 1.46
Water 0.5
Gas 0.0133
Fluid density, kg/sm” 0l 912
Water 1000
Gas 0.8266

(2) Egg model

Egg RaE FAFAEY EddAo] e & 33 A AFF
ndg Radde e gAsAHo o] T ARFF % Ao 7 s
71 ] AZo] A}2¥EtH(van Essen 5, 2009; Jansen %, 2014). 3|9
2dL 60x60x79 AT ER FAEH om B A= AAe A
s sl FH 27 TRE AFESETE. ZF AR A7) x, vy, 2z W
gFo 2 118ft, 118ft, 20fte]al 1 FolA 5092709 1zl=vt &3}y
o] Qltt.

Egg RS 23442

1837 98 101719 S7teds 7}

2= A A] 31
9}5_’ S7tRd =9 i:l%ﬂ—?‘ﬂlr% O] W bolal AR 1.59]
o 2 AFeA = }E%]‘é T doE o /) RS AYste] A3
ﬂ‘:} Egg B9 7% PUNQ-S3 2=y &g Afzol 77 &4

shA] o k5ol A9 gle eYdF} Eo] =S AAskar Utk
Figure 3.3& AFE3F Egg 299 FA%34E& AE=E Yeh Table
3.2 AlEdolde] AH&H Ve ARFS 2 %9 2ES YET
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Xgrid Xgrid

Layer 1 Layer 2
Figure 3.3 The log permeability of Egg model

Table 3.2 Petrophysical parameters of Egg model

Parameters Values
Reference depth, m 4000
Initial reservoir pressure, barsa 400
Initial water saturation, fraction 0.1
Initial porosity, fraction 0.2
Oil—Water Contact, m 5000
Rock compressibility, 1/bar 3E-5
Formation volume factor, rm®/sm® Oil 1
Water 1
Fluid compressibility, 1/bar 0il 1E-5
Water 1E-5
Fluid viscosity, cp Oil 3
Water 1
Fluid density, kg/sm® Oil 900
Water 1000

(3) Mobility ratio® &% AHFAFHE JH +7

A FAEREL shte AL EAsE Al e FRe
A7F 599S e FaEFAFSES AgGAFEtEe ve g
Azl d g Fad ex F oshdolth. ARE WeS
7 ZARE] SeidE AA AFS =AY AuaATIE
& Abgatoior sl ditkrEe] AlEdoldedE AEA %7
S

Ni

Q2 41 IH oX Jo o
o P pob ¢ o ol

s ARSETh Adddeld AdaAFdEsE SHAE ds
HQ FHg A A3 17cp PRI W BS FYES A
oolo] AbgHT Webd AA ARF AAZ AFEF 20| oh]
b 2] O 11 &)
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Figure 3.4% 1x49 waterfloodings AF& AlEYo|AS=E
Avtoltl, Buckley—Leverett equation® ©]&%4 sfjor=

%219l shock front7} 3t EASHAI R AlEHo]H 2
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> ok meomr
oo oz 2 2 et
e e )

ol
-
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Figure 3.4 Numerical simulation of a 1D waterflooding (Dake, 2001)

Dake (2001) el w=w o]gst A= fractional flow 718
=]jgro g A8 4 Qlth. Fractional flows A % T &9
Gkl v&S el 4 3.19% AArstth Fractional flows
A AFHEL] ol A AF e X8R wel HelE R
webd ExstEl] SR UErd ¢ Qo A9 JIE S =39 29
mobility ratio®l @z} A4 %™ mobility ratiox= 2 3.22 AArE ]

qw 1
= = 3.1
fw qw + do 1+ H_Wﬁ ( )
Ho Krw
ki, 1k,
M = rw/ ro (3.2)
Uw I Uo



Waterflooding AF3}oll A 58 EZ3}%7} water breakthrough Ztell
9ot $HE eds dojuy] AlFrste o] A eA shock front7}
FAHck. M>1Y  u, fractional flow =42 Sz FHES uwd
Welge (1952)+= Figure 3.54% %7] EX3}E(Sy)ollA 24l

AXMS 10 1 HHo] water breakthrough saturation® ZEthe=

B\

S wrE itk HAel H3EE= fractional flow =4 912 3 Ao <]
712717 a1 Ay 7] EXIEE Ads HAAo 7279
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Figure 3.5 Welge technique at breakthrough when M >1 (Dake, 2001)
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Figure 3.6 Modification of relative permeability curves
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Figure 3.7 The example of random sampling
(red: producer, black: injector)
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Figure 3.10 CDF's of well numbers and positions

(3) Modified 2—stage sampling
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Table 3.3 Simulation parameters

(a) PUNQ-S3
parameters Values
Production BHP, barsa 100
Injection BHP, barsa 400
Oil price, $/STB 60
Gas price, $/Mcf 4
Water disposal cost, $/STB 3
Water injection cost, $/STB 5
Drill cost, $ MM/well 2
Discount rate, % 10
(b) Egg
parameters Values
Production BHP, barsa 300
Injection BHP, barsa 500
Oil price, $/STB 60
Water disposal cost, $/STB 3
Water injection cost, $/STB 5
Drill cost, $ MM/well 2
Discount rate, % 10
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o] 714 Co, Ca Cuwp, Cwi, Cax= Z}Z} oil price, gas price, water
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A71M xt EEA BRE)C] AHHE Aol v AY
g A% AREY Pt THE CNN =24 mde] fhze)
=
=

R 2% Figure 3.129 #3 7% Table 3.4 433t

Convolution  Pooling  Fully connected
I Convolution Pooling
TOFP F' l \ NPV
TOFI I ] ™

- BN- ReLU ™ ~
J ' BN - RelLU Dropout

L

Well placement map

Producer: @ -> 1
Injector: @ -> -1
Nowell: -> 0

Figure 3.12 Schematic of CNN proxy model
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Table 3.4 Structure of CNN proxy model

(a) PUNQ-S3
Layer (type) Output shape
Input (28,19, 5)
Convolution (28,19, 128)
BN (28,19, 128)
RelLU (28,19, 128)
Convolution (28,19, 128)
BN (28,19, 128)
RelLU (28, 19, 128)
Average pooling (14, 9, 128)
Convolution (14, 9, 256)
BN (14, 9, 256)
RelLU (14, 9, 256)
Average pooling (7, 4, 256)
Convolution (7, 4, 256)
BN (7, 4, 256)
ReLU (7, 4, 256)
Average pooling (3, 2, 256)
Convolution (3, 2,128
BN (3, 2,128)
RelLU (3, 2,128)
Average pooling (1,1, 128)
Flatten (1, 128)
FC (1, 128)
BN (1, 128)
RelLU (1, 128)
Dropout (0.2) (1, 128)
FC (1, 1)
Linear (1, 1)
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(b) Egg

Layer (type)

Output shape

Input
Convolution

BN

RelLU

Average pooling
Convolution

BN

Rel.U

Average pooling
Convolution

BN

Rel.U

Average pooling
Convolution

BN

Rel.U

Average pooling
Convolution

BN

Rel.U

Average pooling
Flatten

FC

BN

RelU

Dropout (0.2)
FC

Linear

(60, 60, 5)
(60, 60, 128)
(60, 60, 128)
(60, 60, 128)
(30, 30, 128)
(30, 30, 128)
(30, 30, 128)
(30, 30, 128)
(15, 15, 128)
(15, 15, 256)
(15, 15, 256)
(15, 15, 256)
(7,7, 256)
(7,7, 256)
(7,7, 256)
(7,7, 256)
(3, 3, 256)
(3, 3,128)
(3, 3,128)
(3, 3,128)
(1,1, 128)
(1, 128)

(1, 128)

(1, 128)

(1, 128)

(1, 128)
(1, D

(1, 1
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Initialize candidate solutions

!

[ Obtain TOF maps of the solutions using
streamline simulation

I

Evaluate the solutions using the proxy
model

I

R

Update the solutions using PSO
algorithm

[ Output results J

Figure 3.13 Flow chart of PSO algorithm using proxy model
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Figure 4.1 NPV histogram of samples (PUNQ—-S3)
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(d) Modified 2—stage sampling

Figure 4.3 The well location distribution in PUNQ—S3 model
(left: producer, right: injector)
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Figure 4.4 The performance of CNN proxy models in PUNQ—S3
(left: training, mid: validation, right: test)
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Figure 4.5 Optimal well placements in PUNQ—S3 model
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Figure 4.6 The NPVs of optimal solutions in each generation (PUNQ—S3)
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Table 4.1 The NPVs of final solutions in PUNQ—S3 model

Sampling | Trial | Predicted NPV | True NPV | Error | Avg. error
method (MM$) (MM$) (%) (%)
Random 1 2176 2036 6.88 11.17

2 2047 1892 8.19
3 2095 1768 18.46
2—stage 1 1836 1901 3.42 4.43
2 1838 1753 4.86
3 2002 1906 5.01

Modified 1 2016 1989 1.36 2.14

2—stage 2 2078 2118 1.89
3 2024 2090 3.17
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Figure 4.9 The well location distribution in Egg model
(left: producer, right: injector)
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Figure 4.10 The performance of CNN proxy models in Egg
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Figure 4.12 The NPVs of optimal solutions in each generation (Egg)
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Table 4.2 Z}ZFe] AlLoA CNN ZEA] Ei‘i_l ]
oS exE Aed AFoltt. HFH 5 2

sampling®] 6.16%, 2—stage sampling®] 11.28%, modified 2—stage
sampling®] 1.11%7} Yt} PUNQ-S3 Ed99 A9 <y Egg
Tl A= 2—stage sampling®] A37F 71€2] random sampling®.th
=] 9kt Modified 2—stage sampling®] -5 HF312 227} w5
A Afs AlEdelds F8 7 HAF(1001IMMS) = fAFsHo
HAs7F aRAow FRHYSTS & T ATk

Table 4.2 The NPVs of final solutions in Egg model

Sampling | Trial | Predicted NPV | True NPV | Error | Avg. error
method (MM$) (MM$) (%) (%)
Random 1 949.4 873.4 8.69 6.16

2 1006 951.2 5.77
3 1026 985.9 4.02
2—stage 1 978.5 845.8 15.69 11.28
2 1046 967.7 8.03
3 993.6 902.3 10.12

Modified 1 963.8 969.6 0.61 1.11

2—stage 2 1005 983.4 2.16
3 980.1 974.7 0.55
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Abstract

Initial sampling methods to
improve CNN—based well
placement optimization

Changgyun Son
Department of Energy Systems Engineering

The Graduate School

Seoul National University

Oilfield development planning is essential for the hydrocarbon
recovery factor and the economic feasibility of projects. The number,
type, location, and operating condition of each well are the main
design variables for the development. These variables are highly
related to reservoir parameters, which are heterogeneously
distributed and have nonlinear correlations. Thus, it is difficult to
grasp complex fluid behavior only by geological models and intuition.
Reservoir simulation and mathematical optimization algorithms are
generally utilized to perform optimization. Since they require a lot of
computation, diverse proxy models have been developed to replace
them.

Deep learning—based proxy models are heavily influenced by the
quality of training data. And there is a problem that predictive
performance is degraded as well placement optimization proceeds
due to the limitation of training data. To handle this problem,
retraining the proxy model in the middle of the optimization process

was used. But this method has a limitation in that the timing and
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criteria of retraining are unclear.

In this study, initial sampling methods of training data are
presented to ensure the stable predictive performance of the proxy
model. The methods perform sampling in two stages. Potential
productivity (quality) information on the well placement (number, type,
location) is obtained from the samples generated in the first stage.
After that, the additional samples are generated by reflecting this
quality information as a probability in the second stage. NPV (Net
Present Value), WOPT (Well Oil Production Total), and WWIT (Well
Water Injection Total) are used as quality information here.

To verify the effectiveness of the proposed methods, CNN proxy
models are constructed using several sampling methods and
PSO (Particle Swarm Optimization) algorithm is performed three
times with each proxy model to compare the results. Well placement
optimizations are performed in PUNQ—S3 and Egg models, which are
3D reservoir models. The random sampling method that arbitrarily
determines well placement showed average predictive errors of
11.17% in the PUNQ—S3 model and 6.16% in the Egg model, while
the proposed method showed improved predictive performance of

2.14% and 1.11% respectively.

Keywords : Well placement optimization, Proxy model, CNN,
2—stage sampling, Quality map
Student Number : 2020—22103

66 A=



	제 1 장 서    론
	제 2 장 이론적 배경
	제 1 절 Convolutional Neural Network
	제 2 절 Streamline Simulation
	제 3 절 Particle Swarm Optimization

	제 3 장 연구 방법
	제 1 절 저류층 모델 개요
	제 2 절 유정배치 샘플링
	제 3 절 CNN 프록시 모델 구축
	제 4 절 프록시 모델을 이용한 유정배치 최적화

	제 4 장 연구 결과
	제 1 절 PUNQ-S3 모델
	제 2 절 Egg 모델

	제 5 장 결    론
	참고문헌
	Abstract


<startpage>9
제 1 장 서    론 1
제 2 장 이론적 배경 8
 제 1 절 Convolutional Neural Network 8
 제 2 절 Streamline Simulation 13
 제 3 절 Particle Swarm Optimization 18
제 3 장 연구 방법 20
 제 1 절 저류층 모델 개요 20
 제 2 절 유정배치 샘플링 28
 제 3 절 CNN 프록시 모델 구축 36
 제 4 절 프록시 모델을 이용한 유정배치 최적화 41
제 4 장 연구 결과 43
 제 1 절 PUNQ-S3 모델 43
 제 2 절 Egg 모델 50
제 5 장 결    론 58
참고문헌 60
Abstract 65
</body>

