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Fig. 2.1. Procedures of typical ensemble—based methods: (a) EnKF,

(b) ES, (c) ES—MDA.

10 2 M E g

e



ol
Hjp

0

=
ay
_Z#O

s A~ 2] vl
AFef M E] (state vector) HEIZ 49

3]

A1

=
=

ES—MDA

(2.1)

o}

k)
pul

2002).

L=
O )

t}(Neevdal

S}

p

o

)
o%

ol

)l

b

fiie)

7

s kel

).
°

™
&

=
o

(2.2)

(2.3)

A
bt

°
gl

(2.3) 0=

i

k)
pal

2]
o =

5} o]
R IREEICE

[}

=

o}

KR
.

AlEHolH =

A

R

dp
A AIH, t+1

=

11

A o

1

AlE ol H,

T
T

A4 t

]_

YNe]
5

&

=

A4

o

L —

R

=

f(mg,m)

V2
A]

KN
ma A%, oty

7)-10

[V1
ES—MDA ]
e 5

a
t+1
dp,t+1

m

|

BESRUISE

/\g{\l-‘j/k

o



BoootoA A W9 AlBHEolEE AMgA7F AAE T

AlZE ZARY AS3E REsy] w2l AEHE= 4 C4AE
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o S3ks  Xgsit}. old YHE Ze NJle dE 9 E9
APgHE s A (259 Zol FE FERE T3} (Emerick

Reynolds, 2013):
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v =la),
_dp,T
Y=l ¥y i (2.5)

1 _ _

ck = (vP —=¥P)(v? —7P)" (2.6)
N, -1

K=CPHT(HCEHT + a,Cp)™?t (2.7)

Y =YP + K(dyps — HYP) (2.8)
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2.2 Beta—variational autoencoder
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Input  Hidden Hidden ¢ Hidden

Output
Layer Layer 1 Layer 2

Layer 3 Layer

Encoder |

Decoder

Fig. 2.2. Typical VAE network structure.
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dE AEE F s IO, 28X KL w4 & FEEE
a7t AIrEES oA HlojuA] dnEx o WF¥ow SGe
ettt o] &4 dFE Akl AR EEe A &Sk Wl
e F2 Aox Attt
VAESIA e d32]5<l beta—VAEE Tishby 5 (1999)9]
3, F WS 7 AE RS HUe REshdA 3 WeE

B E 7] (information bottleneck method) ©]
=0 o] ¥ A

WU A/ -2
|
ol
ol
rlr

AE FJHO|E  FokolAl AREsHr] SlEl
AdE Ao, Alemi 5(2017)> VAE ZugEel @4 o2 F
shuel W FES AR E7el 2 8ste] g5 AGd9 55344 1t
HA ] Bt dE e Wl AFSE 4 3l= deep variational information

AN} A A AT 5 QA S,
AR/ Bge 4 (213 Adass otk

bottleneck<

max[I(Z;Y) — BI(X; Z)] (2.13)
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Fig. 2.3. Posteriori probability distributions by difference of KL

divergence: (a) high KL divergence, (b) low KL divergence.
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HOJFE7] 9% AFE WAt LT Azl diEl dnk VAE
UE A9 B =150 AFE3F beta—VAE WEHYAE 747 853 F,
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== dolHE A58 29 ®E Yehd itk (Fig. 2.4).
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B=1 B =150

MANENNHOOON DOEEFFDESEN
DOOOddEEEE - NANBDEEEE
SOOOBANNNE-:’ EEEENSEEE

SOOOSHESEE:.  HESENEEEE
SUSOOOONN © EENNENNEE

Fig. 2.4. Data reconstruction with VAE network (left) and beta—VAE
network (right) : first row is original data, second row is the
corresponding reconstructions, and the other rows are

reconstructions from continuously varying latent vector (Burgess et

al., 2018).
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Fig. 2.5. Example of convolutional neural network calculation where

padding=1, stride=1.
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(c)
Fig. 2.6. Applying padding and stride for convolutional neural
network calculation: (a) adding 1 padding around the input data, (b)

initial calculation step, (c) skipping 1 stride for the next calculation.
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Fig. 2.7. Comparison of the number of learning parameters between

artificial neural network and convolutional neural network.

e}
Cha

o]

Ptk

S

—CVAEES A&

=

3t beta

beta—VAEel d4dwT& F7F

359 FHd3 beta—VAEY]

St
H

24



2AEQ} 3D MEAFZF d 24 ER FA A
AdAFZE RIS FEZOF  SNESim duaglE&=L AL
AT SNESimE Strebelle (2000) 7} A|A| & A FEA T 7] o7,

Egold olux9] X e BHNEYR we F 7S Hlgo®
Kol

Egloly olujAE i 9k ARZY AdeH T ATEsy
ST ARg A ARE dPor wEN, ARFS UET 5
oA AFEABZ o ZT BEWHAS wEs= o|n|x RS e}

Edold olelAe] ALgEH: BERES AA RFOR s, s si s
o2 YA

Fig. 2.8¢c4 3 WAlZ Fashs ALe F 4744 499 F2,
ST AREQ A9, so7b AR W sio] Al

AAD ) 5% D



Level O

51 Sq 51 51
Level 1 — —
So So So So
4 7 5 9
s s s 3 s s s S
Level 2 1 1 1 1 1 1 1 1
So | Sz So [ Sz So | S2 So [ Sz So | S2 So [ Sz ‘ S0 |52 | So ‘ S2 ‘
. 3 1 2 4 2 2 0 6
.
.
(c)

Fig. 2.8. Procedure of constructing a search tree: (a) training image,

(b) template, (c) example of search tree calculation.
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Fig. 2.9. Estimation process of rock facies distribution for every

grid of a reservoir model using SNESim and partial hard data.
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Fig. 2.10. Flow chart of the proposed method.
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Fig. 3.1, Table 3.5¢ YEllt} o] Z+zt At
1A}, SNESim A]Edo|Hdoz S wd =
£

AlEdo] e AFEE 1A} beta—CVAE E#of A}

Ay F

CVAE HEfA Tx,
1ot

ARE

ql Al Edo]A

= TiGenerator
SNESim

5k Q1% beta—

ro
=4

=12 4o L

Table 3.1 TiGenerator parameters on 2D training image generation.

Parameters Case 1 Case 2
Training image size, X Xy Xz 400x400X%1

Size of grid cell, ft 50

Number of facies 2

Target ratio, sandstone:shale 0.25:0.75
Number of training images 3

Geobody type Sinusoid

Length of sinusoids, pixel

Amplitude of sinusoids, pixel

Wavelength of sinusoids,

pixel

Angle of sinusoids,

clockwise from north

Width of sinusoids, pixel

2000 for all TIs

Uniform (9, 12) for all TIs

Uniform (80,

120) for TI 1

Uniform (135, Uniform (135,
165) for TI 2 165) for all TIs
Uniform (180,

220) for TI 3

Triangular (45, 90, 135) for all TIs

8 for TI 1
10 for TI 2
12 for TI 3

10 for all TIs
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Table 3.2 Number of 2D realizations generated by SNESim.

Parameters

Case 1

Case 2

Number of training models

600 Total
200 from TI 1
200 from TT 2
200 from TI 3

600 Total
300 from TI 1
300 from TI 3

150 Total
150 Total
50 from TI 1
Number of validation models 75 from TI 1
50 from TI 2
75 from TI 3
50 from TI 3
200 Total
200 Total
67 from TI 1
Number of test models 100 from TI 1
66 from TI 2
100 from TI 3
67 from TI 3
200 Total
67 ¢ - 200 Total
R rom
Number of initial ensemble 100 from TI 1
members 66 from TI 2
100 from TI 3
67 from TI 3
Number of reference model 1 from TI 2 1 from TI 2
34



Table 3.3 SNESim parameters on 2D training image generation.

Parameters Case 1 Case 2

(10, 10), (30, 10),
(50, 10), (70, 10),
(10, 30), (30, 30),
(50, 30), (70, 30),

(10, 10), (40, 10),
(70, 10), (10, 40,
(40, 40), (70, 40),

Hard data locations,
(10, 70), (40, 70),

(55, 25), (25, 55), o0r 20 (70.50),
’ (55’ 55)’ * (10, 70), (30, 70),
’ (50, 70), (70, 70)
Target ratio of channel 0.25

Number of nodes in

60
search template

Search template
geometry ranges, (1000, 750, 250)

(max, med, min)

Number of multigrids 3

Table 3.4 Parameters on 2D beta—CVAE network training.

Parameters Case 1 Case 2
Type of training data Normalized permeability
Batch size 64

Max epochs 1000

Learning rate 0.00005 0.0001
Beta 1.5 3
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Dimension # of Channels Padding Kernel Stride

Input Layer 80x80 1
Convolution 1 80x80 16 1x1 3x3 1x1
Convolution 2 80x80 32 1x1 3x3 1x1
o Convolution 3 40x40 64 1x1 4x4 2x2
g Convolution 4 20x20 64 1x1 4x4 2x2
& Convolution 5 10x10 64 1x1 4x4 2x2
Convolution 6 5x5 32 1x1 3x3 1x1
Fully-Connected 1024
Fully-Connected 512
Fully-Connected 256
Latent Vector 128
Fully-Connected 256
Fully-Connected 512
Deconvolution 1 5x5 32 1x1 3x3 1x1
. Deconvolution 2 10x10 64 1x1 Ax4 2x2
§ Deconvolution 3 20x20 64 1x1 Ax4 2x2
o Deconvolution 4 40x40 64 1x1 4x4 2x2
a Deconvolution 5 80x80 32 1x1 3x3 1x1
Deconvolution 6 80x80 16 1x1 3x3 1x1
Output Layer 80x80 1

Fig. 3.1. Structure of 2D beta—CVAE network for case 1 and case 2.
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Table 3.5 2D reservoir simulation conditions.

Parameters

Case 1

Case 2

Grid system, x Xy Xz

Size of a grid cell in ft,
X, V¥, Z

80X 80X%X1

50, 50, 20

(10, 10), (40, 10),

Producer locations,

Injector locations,

Depth of the top cells, ft
Porosity

Sandstone permeability,
md

Shale permeability, md
Oil density, Ib/ft?
Water density, 1b/ft®

Initial oil formation
volume factor, rb/STB

O1l viscosity, cp
Water viscosity, cp

Rock compressibility,

psi!

Water compressibility,
psi~!

37

(70, 10), (10, 40,
(40, 40), (70, 40,
(x, y) (10, 70), (40, 70),
(70, 70)

(25, 25), (55, 25),
x, v) (25, 55), (65, 55)

(10, 50), (70, 50,

(10, 10), (70, 10),

(30, 30)

2700

0.2

500

48.623

62.313

1.01

3.0x107°

5.0x1077



Initial BHP of the top
cells, psi

Initial water saturation

Production constraint

Injection constraint

Assimilation time steps
Prediction time steps

Observed data

2000

0.25
BHP, 500psi

Water rate, Water rate,
600STB/day 1500STB/day

17X 30days 20x50days
34 X 30days 40X 50days

Oil rate (STB/day), watercut
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Fig. 3.2. (a) Training images, (b) hard data, and (c) the reference

model of case 1.
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Fig. 3.3. Initial permeability distribution of case 1: (a) —(c) selected

models, (d) mean permeability.
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Fig. 3.4. Training loss and validation loss vs epoch in case 1.
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Fig. 3.5. Model reconstruction using beta—CVAE in case 1: (a)—(¢)

original models, (d) — (f) corresponding reconstructions.
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Fig. 3.6. Permeability distribution and well placement of the

reference model of case 1.
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Fig. 3.7. Mean permeability distribution of case 1, updated by the

proposed method.
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Fig. 3.8. Permeability distribution of the model in Fig. 3.3a, updated

by the proposed method.
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Fig. 3.9. Permeability distribution of the model in Fig. 3.3b, updated

by the proposed method.
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Fig. 3.10. Permeability distribution of the model in Fig. 3.3c,

updated by the proposed method.
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Fig. 3.11. Mean permeability distribution of case 1, updated only by
ES—MDA.
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Fig. 3.12. Permeability distribution of the model in Fig. 3.3a,

updated only by ES—MDA.
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Fig. 3.13. Permeability distribution of the model in Fig. 3.3b,

updated only by ES—MDA.
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X Grid

a: Injector, @: Producer

Fig. 3.14. Permeability distribution of the model in Fig. 3.3c,

updated only by ES—MDA.
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Fig. 3.15. Performance prediction of the initial ensemble models in

case 1: (a) oil production, (b) watercut.

51 SRR ki)



= P7 - P8 = P9
= 1200 =1200 =1200
o o 3
E 800 E 800 E 800
% 400 % 400 % 400
5 0 Q N O 5 o O O 5 Q O N
& & & S
Time(days) Time(days) Time(days)
- P4 _ P5 _ P6
21200 = 1200 =1200
o o I
& I} d
E 800 E 800 E 800
% 400 % 400 % 400
5 0 Q N O 5 0 Q O O 5 0 Q N N
Y & & I
Time(days) Time(days) Time(days)
- P1 - P2 — P3
= 1200 21200 = 1200
o = =
@ 800 @ 800 @ 800
5 5 5
% 400 % 400 % 400 k
5 Q N N 5 Q O O 5 0 ) O N
Y & I
Time(days) Time(days) Time(days)
Mean of ensemble models Reference model Ensemble models (200)
(a)
P7 P8 P9
1 1 1
3 H 3
805 805 805
o o ©
= = =
Q O N Q N O . Q O N
RN LSRN RN
Time(days) Time(days) Time(days)
P4 P5 P6
1 1 1
205 205 £0.5
o o o
= = =
. Q O N . Q O O 9 Q O O
RN RN & &
Time(days) Time(days) Time(days)
P1 P2 P3
1 1 1
§05 §05 505
o o o
H = =
o Q O O 8 Q N N g Q O N
& RN RN
Time(days) Time(days) Time(days)

Mean of ensemble models

Reference model

Ensemble models (200)

(b)

Fig. 3.16. Performance prediction of the updated models using the

proposed method in case 1: (a) oil production, (b) watercut.
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Fig. 3.17. Performance prediction of the updated models using only
ES—MDA in case 1: (a) oil production, (b) watercut.
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Table 3.6 MAE of oil rate and watercut prediction, case 1.

Reservoir models MAE of oil rate = MAE of watercut
Initial models 73.904 13.551x1072
Updated models using the 16.793 1841 %102
suggested method

Updated models using only 15.018 2051 X102

ES—MDA

54 -":rx E "";i' 1_-“



313 Case 2 - ¥4 %42 7] Y E

o] Alo]AE case 13 M]3l 2D AMEAFT RS AFEF oL
z7] ES sk ol AFEE AT B s TP eIt
Fig. 3.18a, Fig. 3.18be 217} case 2] AFE¥E A 71#] Ego|d
olm|#xl 9 st=dlolHth Al Edold olmAE FTHOE FA
Wgow Aol wol gl A Holal ARRIF=AS XFo|nt
g 2 SAS BT fFAREAIRE FA4e] Fex Zpolrh Qi

st=volE 2 AAlE 1670 f1A el e b A== 87071 AReE, 87H7F

z7] YdEs AL W AEE ARrF Bedsits 7ol wet
LEH

AHgE Edold olmA: 27] YR beta-

WX} 74 WA AR dERd 2ol Edold ofn A&k AR
A WFeR Adol Wofglom, ME 2o Ade] F U=
el AT DA ANAM wAl flek ofdl® Aol dEpA = HEuh
dl 7He] AR g e A B AR flel e Al 7l
A FdAE AdE ddEH o umA g JRe] A
A A 2l Ao

uebd  Fx Bdo A AdS FAEI d2d" A e
Aol 2 8l & ARl A JEhdt il A S
FAG ] Aol wet & BAakol AFE= Al Aol7E 9o, Pl,
P2, P4 £o2 = Arto] AlAEE= S S 5 Qo usldE Qe
el = A M= Eol AL AAEA gom o9 AatsF Eoh

AA 713E st v 2 S A

=}

55 A ‘._, ‘_]l



. Sandstone . Shale

(a)
80
[ ] [ ] [ ] [ ]
60
.'g [ ] [ ] [ ] [ ]
& 40
> ° ° ° °
20
[ ] [ ] ® ®
20 40 60 80
X Grid
(b)
80
500
60 400
o
5 40 300 ©
> 200
20
100
20 40 60 80
X Grid

a: Injector, e: Producer

(c)
Fig. 3.18. (a) Training images, (b) hard data, and (c) the reference

model of case 2.
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Fig. 3.22. Permeability distribution and well placement of the

reference model of case 2.
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Fig. 3.23. Mean permeability distribution of case 2, updated by the

proposed method.
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Fig. 3.24. Permeability distribution of the model in Fig. 3.19a,

updated by the proposed method.
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Fig. 3.25. Permeability distribution of the model in Fig. 3.19b,

updated by the proposed method.
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Fig. 3.26. Permeability distribution of the model in Fig. 3.19c,

updated by the proposed method.
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Fig. 3.27. Mean permeability distribution of case 2, updated only by
ES—MDA.
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Fig. 3.28. Permeability distribution of the model in Fig. 3.19a,
updated only by ES—MDA.
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Fig. 3.29. Permeability distribution of the model in Fig. 3.19b,

updated only by ES—MDA.
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Fig. 3.30. Permeability distribution of the model in Fig. 3.19c,
updated only by ES—MDA.
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Fig. 3.31. Performance prediction of the initial ensemble models in

case 2: (a) oil production, (b) watercut.
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Fig. 3.32. Performance prediction of the updated models using the

proposed method in case 2: (a) oil production, (b) watercut.
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Fig. 3.33. Performance prediction of the updated models using only

ES—MDA in case 2: (a) oil production, (b) watercut.
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Table 3.7 MAE of oil rate and watercut prediction, case 2.

Reservoir models MAE of oil rate = MAE of watercut
Initial models 93.873 31.775x1072
Updated models using the 17 569 3052%10"?
suggested method

Updated models using only 35 966 6.794 %102

ES—MDA
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Table 3.8 Fluvsim parameters

on 3D training image generation.

Parameters

Case 3

Case 4

Training image size, X Xy Xz
Size of grid cell, ft

Number of facies

Target ratio, sandstone:shale
Number of training images
Facies types of Fluvsim
Width of channels, pixel

Width undulation of channels,
pixel

Orientation of channels,

clockwise from north

Average departure from the
channel center, ft

Thickness of channels, pixel

Thickness undulation of
channels, pixel

Position of maximum thickness

300x300X15

50

2

0.15:0.85

1

Channel only

8

Normal (0, 15)

300

33

15 pixels east
from the center

center
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Table 3.9 Number of 3D realizations generated by SNESim.

Parameters Case 3 Case 4

Number of training

models 600
Number of validation 150
models

Number of ensemble 200
models

Number of test models 200
Number of reference 1

model

Table 3.10 SNESim parameters on 3D training image generation.

Parameters Case 3 Case 4

(2,2), 2,3D), (2,59), (31, 2),

Hard data location, (31, 31), (31, 59), (59, 2), (59, 31),

(x,y) (59, 59), (16, 16), (16, 45), (45, 16),
(45, 45)

Target ratio of channel 0.25

Number of nodes in

search template a0

Search template
geometry ranges, (1000, 750, 250)

(max, med, min)

Number of multigrids 3
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Table 3.11 Parameters on 3D beta—CVAE network training.

Parameters Case 3 Case 4
Type of training data Normalized permeability
Batch size 32

Max epochs 500

Learning rate 0.0001

Beta 1.5
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Fig. 3.34. Structure of 3D beta—CVAE network for case 3.
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Table 3.12 3D reservoir simulation conditions.

Parameters Case 3 Case 4

Grid system, x Xy Xz 60X 60X7 60X 60 X4

Size of a grid cell in ft,
X, V¥, Z

50, 50, 20

(2, 2), (2, 31), (2,59), (31, 2),
(31, 31), (31, 69), (89, 2), (59, 31),
(x, v) (59, 59)

Producer locations,

Injector locations,
(16, 16), (16, 45), (45, 16), (45, 45)

(x, y)
Depth of the top cells, ft 2700
Porosity 0.2
Horizontal sandstone

o 500
permeability, md
Vertical sandstone 50
permeability, md
Horizontal shale

o 5
permeability, md
Vertical shale 0.5
permeability, md )
Oil density, Ib/ft? 48.623
Water density, 1b/ft® 62.313
Initial oil formation 101
volume factor, rb/STB )
O1l viscosity, cp 3
Water viscosity, cp 1
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Rock compressibility,

psit

Water compressibility,

psi!

Initial BHP of the top
cells, psi

Initial water saturation

Production constraint
Injection constraint

Assimilation time steps
Prediction time steps

Observed data

3.0x107°

5.0x1077

2000

0.25
BHP, 500psi

Water rate,
3000STB/day

Water rate,
4500STB/day

17 %X 30days 17 X 30days
34 X 30days 34 X 30days

Oil rate (STB/day), watercut
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Fig. 3.36. (a) Training image and (b) hard data of case 3.
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Fig. 3.41. Initial permeability distribution of model #3 in case 3.
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Fig. 3.44. Reconstruction of model #2 using beta—CVAE in case 3:

(a) original model, (b) corresponding reconstruction.
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Fig. 3.45. Reconstruction of model #3 using beta—CVAE in case 3:

(a) original model, (b) corresponding reconstruction.
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reference model of case 3.
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updated by the proposed method.
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Fig. 3.59. Performance prediction of the initial ensemble models in

case 3: (a) oil production, (b) watercut.
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Fig. 3.60. Performance prediction of the updated models using the

proposed method in case 3: (a) oil production, (b) watercut.
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Fig. 3.61. Performance prediction of the updated models using CAE

in case 3: (a) oil production, (b) watercut.

108

LELE

e

U



= 8000
3 6000
%4000
& 2000
5 0
o & @@
Time(days)
- P4
= 8000
3 6000
& 4000
§ 2000
o
o & \@Q
Time(days)
- P1
8000
Z 6000
& 4000 k
§ 2000
3 0
SR \@Q
Time(days)

- P8
= 8000
& 6000
@4000
& 2000
=
o ® @@
Time(days)
- P5
= 8000
& 6000
& 4000
§ 2000
=
o \Q@
Time(days)
- P2
= 8000
36000

o

% 4000
# 2000
5 o

o H $
& &

Time(days)

= P9
8000
3 6000
%4000
§ 2000 K
2 0
o \Q@
Time(days)
P6
= 8000
3 6000
& 4000
§ 2000
3
o & \@Q
Time(days)
- P3
= 8000
= 6000
& 4000
£ 2000
=
O &P @(’
Time(days)

Mean of ensemble models

Reference model

Ensemble models (200)

P7

0.5

Watercut

0
Q O &
& &
Time(days)
P4

0.5

Watercut

0

QS
& &

Time(days)
P1

Watercut

Q £ o
& P

Time(days)

Watercut

Watercut

Watercut

(a)

P8

0.5

0
Q O O
& &
Time(days)
P5

0.5

o O O
& $
Time(days)
P2

-

Q O O
& §

Time(days)

P9

0.5

Watercut

0
Q N O
& ®
Time(days)
P6

0.5

Watercut

Q O N
& $
Time(days)
P3

-

Watercut
o
&

o O £
& ®

Time(days)

Mean of ensemble models

Reference model

Ensemble models (200)

(b)

Fig. 3.62. Performance prediction of the updated models using

CVAE in case 3: (a) oil production, (b) watercut.
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Table 3.13 MAE of oil rate and watercut prediction, case 3.

Reservoir models MAE of oil rate = MAE of watercut
Initial models 441.44 8.651x107%
Updated models using the 114.35 1659 %102
suggested method

Updated models using CAE 9
instead of beta—CVAE 11021 1.86510
Updated models using CVAE 904.95 4969 %107

instead of beta—CVAE
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Fig. 3.63. (a) Training image and (b) hard data of case 4.
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Fig. 3.64. The reference model of case 4.
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Fig. 3.65. Initial mean permeability distribution of case 4.
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Fig. 3.66. Initial permeability distribution of model #1 in case 4.
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Fig. 3.67. Initial permeability distribution of model #2 in case 4.
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Fig. 3.68. Initial permeability distribution of model #3 in case 4.
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Loss vs Epoch, case 4
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(a) (b)
Fig. 3.70. Reconstruction of model #1 using beta—CVAE in case 4:

(a) original model, (b) corresponding reconstruction.
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(a) (b)
Fig. 3.71. Reconstruction of model #2 using beta—CVAE in case 4:

(a) original model, (b) corresponding reconstruction.
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(a) (b)
Fig. 3.72. Reconstruction of model #3 using beta—CVAE in case 4:

(a) original model, (b) corresponding reconstruction.
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Fig. 3.73. Permeability distribution and well placement of the

reference model of case 4.
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Fig. 3.74. Mean permeability distribution of case 4, updated by the

proposed method.
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Fig. 3.75. Permeability distribution of the model in Fig. 3.66,

updated by the proposed method.
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Fig. 3.76. Permeability distribution of the model in Fig. 3.67,

updated by the proposed method.
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Fig. 3.77. Permeability distribution of the model in Fig. 3.68,

updated by the proposed method.
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Fig. 3.78. Mean permeability distribution of case 4, updated using

CAE instead of beta—CVAE.
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Fig. 3.79. Permeability distribution of the model in Fig. 3.66,
updated using CAE instead of beta—CVAE.
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Fig. 3.80. Permeability distribution of the model in Fig. 3.67,
updated using CAE instead of beta—CVAE.
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Fig. 3.81. Permeability distribution of the model in Fig. 3.68,
updated using CAE instead of beta—CVAE.
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Fig. 3.82. Mean permeability distribution of case 4, updated using
CVAE instead of beta—CVAE.
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Fig. 3.83. Permeability distribution of the model in Fig. 3.66,
updated using CVAE instead of beta—CVAE.
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Fig. 3.84. Permeability distribution of the model in Fig. 3.67,
updated using CVAE instead of beta—CVAE.
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Fig. 3.85. Permeability distribution of the model in Fig. 3.68,
updated using CVAE instead of beta—CVAE.
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Fig. 3.86. Performance prediction of the initial ensemble models in

case 4: (a) oil production, (b) watercut.
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Fig. 3.87. Performance prediction of the updated models using the

proposed method in case 4: (a) oil production, (b) watercut.
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Fig. 3.88. Performance prediction of the updated models using CAE

in case 4: (a) oil production, (b) watercut.
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CVAE in case 4: (a) oil production, (b) watercut.
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Table 3.14 MAE of oil rate and watercut prediction, case 4.

Reservoir models

MAE of oil rate

MAE of watercut

Initial models 314.86 16.267x107%

Updated models using the 70.48 9 357 %102

suggested method

inotead of betaCVAE 8216 Lzl
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Abstract

3D Channel Reservoir History
Matching Using Ensemble—Based
Method and Beta—Convolutional
Variational Autoencoder

YoungBin Ahn
Department of Energy Systems Engineering
The Graduate School

Seoul National University

Building reservoir models for an oilfield is an important task for
predicting future productions and decision making. However,
reservoir models that built using only limited data from the initial
phases of production lack reliability due to their high level of
uncertainty. Therefore, history matching process is utilized to update
the model to assimilate with the observed data obtained during the
production phase, such as oil production rates.

Ensemble—based methods are applicable for history matching as
they handle an ensemble, which is a collection of equi—probable
models, to effectively address large non—linear datasets and
generate stochastic results. For ensemble—based methods, each
ensemble member is assumed to follow a normal distribution. This
assumption makes channel reservoir history matching challenging
due to the characteristics of channel reservoirs, which are bimodally
distributed properties and channel connectivity.

In this study, a novel channel reservoir history matching method
§ §
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is proposed that uses beta—CVAE (beta—convolutional variational
autoencoder) and ES—MDA (ensemble smoother with multiple data
assimilation). Beta—CVAE, which is one of the machine learning
algorithms, 1s used to generate latent vectors learned from
permeability distributions of channel reservoir models. ES—MDA,
which is one of the ensemble—based methods, is used to update the
latent vectors. Beta—CVAE network is trained to be generative
models of which latent vectors follow a multivariate normal
distribution. Thus, beta—CVAE not only satisfies the assumption of
ES—MDA but also generates new channel reservoir models from
updated latent vectors.

For four different cases, history matching results are presented
iIn two ways which are updated permeability distributions and
predictions of oil production and watercut. The four cases include 2D
reservoir models with good initial ensemble, 2D reservoir models
with poor initial ensemble, 3D reservoir models with varying channel
positions across layers, and 3D reservoir models with varying
channel shapes across layers.

The proposed method presented more reliable history matching
results in prediction of permeability distributions, such as channel
direction, connectivity, and interlayer connectivity compared to the
results of benchmark history matching algorithms. The proposed
method also presented reliable predictions of oil production and
watercut. The ensemble mean follows the trends of actual oil
production and watercut, and the range of uncertainty is effectively

reduced.

Keywords : history matching, channel reservoir, 3D reservoir,
ensemble—based method, machine learning, beta—convolutional

157 ] £

3 =11 =1
- T O

11!



variational autoencoder

Student Number : 2017—-25078

158



	1. 서론
	2. 이론적 배경
	2.1 앙상블 기반 방법
	2.2 Beta-variational autoencoder
	2.3 합성곱 신경망
	2.4 저류층 모델 생성 방법
	2.5 제안하는 채널저류층 히스토리매칭 기법

	3. 제안하는 기법을 사용한 채널저류층 특성화
	3.1 2D 채널저류층 모델
	3.1.1 모델 생성에 사용한 인자 정리
	3.1.2 Case 1 - 좋은 초기 앙상블
	3.1.3 Case 2 - 좋지 않은 초기 앙상블

	3.2 3D 채널저류층 모델
	3.2.1 모델 생성에 사용한 인자 정리
	3.2.2 Case 3 - 층에 따라 채널의 위치가 다른 모델
	3.2.3 Case 4 - 층에 따라 채널의 모양이 다른 모델


	4. 결론
	참고 문헌
	부록 A. 채널저류층 학습을 위한 VAE 손실함수
	Abstract


<startpage>17
1. 서론 1
2. 이론적 배경 8
 2.1 앙상블 기반 방법 8
 2.2 Beta-variational autoencoder 14
 2.3 합성곱 신경망 20
 2.4 저류층 모델 생성 방법 25
 2.5 제안하는 채널저류층 히스토리매칭 기법 29
3. 제안하는 기법을 사용한 채널저류층 특성화 32
 3.1 2D 채널저류층 모델 32
  3.1.1 모델 생성에 사용한 인자 정리 32
  3.1.2 Case 1 - 좋은 초기 앙상블 39
  3.1.3 Case 2 - 좋지 않은 초기 앙상블 55
 3.2 3D 채널저류층 모델 70
  3.2.1 모델 생성에 사용한 인자 정리 71
  3.2.2 Case 3 - 층에 따라 채널의 위치가 다른 모델 79
  3.2.3 Case 4 - 층에 따라 채널의 모양이 다른 모델 110
4. 결론 143
참고 문헌 146
부록 A. 채널저류층 학습을 위한 VAE 손실함수 151
Abstract 156
</body>

