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Figure 2.5 Typical activation functions used for neural networks:
(a) sigmoid, (b) hyperbolic tangent, (c) linear, and (d) ReL.U.
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Figure 2.9 Schematic of max pooling for a 2D data array.
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Figure 2.10 Schematic of dropout.
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(e.g., permeability)

X,: Dynamic input
g: Fully connected layers

(e.g., saturation)
f: Convolutional & pooling layers
(convolution branch)

Figure 3.1 Structure of the proposed multi-modal CNN.
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( Start |

!

Acquire training data
through reservoir simulation

!

A 4

Design a CNN

!

Train, validate, and test
the CNN

Are criteria
satisfied?

Predict the productivity
for all candidates using
the trained CNN

!

Compare simulation and
CNN results for
high/medium/low ranks

Are criteria
satisfied?

Check the top-rank
solutions

!

Select the optimal
well location

!

| End ]

Figure 3.2 Flowchart to show how to select the optimal infill well placement using the

multi-modal CNN.
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Table 3.1 List of hyper-parameters

Neural network model Layer Training data
Types of model Number of hidden layers Types of input data
Epoch Number of nodes Size of input data

Learning rate

Loss functions
Optimizing methods
Size of batch

etc.

Number of convolutional
layers

Number of convolutional
filters

Size of convolutional filter
Number of pooling layers
Size of pooling

Types of pooling
Zero-padding

Activation functions
Initializing methods
Dropout rate

etc.

Normalizing methods

etc.
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Table 3.2 List of deep learning libraries (https://www.techleer.com)

Rank Deep learning library Overall
1 TensorFlow 10.87
2 Keras 1.93
3 Caffe 1.86
4 Theano 0.76
5 Pytorch 0.48
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Table 3.3 Comparison between TensorFlow and Keras

TensorFlow Keras
- Fast processing speed - Easy to code
Advantage - More relevant libraries and - Various back-end engines
functionalities
- Relatively slow processing
speed
. - Too complicated to make - Dependent on back-end
Disadvantage .
source codes engine
- Less relevant libraries and
functionalities
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Figure 4.1 Permeability distribution of the SPE10 model: (a) the 2™ layer of the shoreface
reservoir and (b) the 2™ layer of the channelized reservoir.

38



Toble 412 ATOlA A3 SPEI0 BE wU9 SAFHTY FIE
HOlS Uehdch 28 Algol 3380l 09 AR o EAJsIEoL 001

ajgkel ZAte] B8 BE 0012 275t0] ALESIHTE

Table 4.1 Distribution of permeability and porosity for the SPE10 reservoir model

Reservoir properties max min mean median std.

Permeability in the

. 20,000 7.13E-04  403.217 19.9674 1,822
shoreface reservoir (md)

Permeability in the

X . 20,000  9.82E-04  230.772 0.2569 1,134
channelized reservoir (md)

Porosity in the shoreface

g . 0.5 0.01 0.1785 0.1787 0.086
reservoir (fraction)

Porosity in the channelized

4 . 0.4 0.01 0.1265 0.1019 0.093
reservoir (fraction)
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Figure 4.2 Relative permeability curves.
Table 4.2 Properties of fluids
Properties Value
Oil viscosity @ SC (cp) 1.04
Water viscosity @ SC (cp) 0.31
Oil density @ SC (Ib/ft?) 46.244
Water density @ SC (Ib/ft) 62.419
Oil compressibility (psi) 5x10°
Water compressibility (psi!) 3.15x107
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Figure 4.3 Production profile of the existing well at the SPE10 shoreface reservoir over
ten years: (a) oil production rate and cumulative oil production and (b) watercut and
cumulative water production.
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Figure 4.4 Production profile of the existing well at the SPE10 channelized reservoir over
ten years: (a) oil production rate and cumulative oil production and (b) watercut and
cumulative water production.
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Figure 4.5 (a) Structure of the ANN and (b) structure of the single-modal CNN used for
the SPE10 shoreface reservoir.
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Figure 4.6 Structure of the quad-modal CNN used for the SPE10 shoreface reservoir.
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Figure 4.7 Structure of the quad-modal CNN used for the SPE10 channelized reservoir.
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Table 4.3 Hyper-parameters used for the SPE10 case study

Hyper-parameters Value
Number of fully connected layers 4-6
Maximum number of nodes 3,000
Number of convolutional layers 2-3
Number of convolutional filters 20-100
Dropout rate 0.2
Activation function ReLU
Learning rate 0.01
Number of epochs 1,000
Type of loss function MSE
Optimizer of loss function Adam
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Table 4.4 Reservoir properties of the SPE10 shoreface reservoir

Reservoir properties Value
OIIP (STB) 43,874,000
WIIP (STB) 11,049,000
Total pore volume (rbbl) 53,402,000
Cum. oil production @ 10 years (STB) 10,180,400
Cum. water production @ 10 years (STB) 648,986
Watercut @ 10 years (%) 26.13
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oil saturation.
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Figure 4.9 Scatter-plot to compare full-physics simulation and neural network proxy
results at the SPE10 shoreface reservoir (input: permeability): (a) ANN training set, (b)
ANN test set, (¢) CNN training set, and (d) CNN test set.
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Figure 4.10 Scatter-plot to compare full-physics simulation and neural network proxy
results at the SPE10 shoreface reservoir (input: permeability + oil saturation): (a) ANN
training set, (b) ANN test set, (c) CNN training set, and (d) CNN test set.
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Figure 4.11 Scatter-plot to compare full-physics simulation and neural network proxy
results at the SPE10 shoreface reservoir (input: permeability + porosity + pressure oil
saturation): (a) ANN training set (1x1X%5), (b) ANN test set (1x1x5), (¢) ANN training set
(21x21x%5), (d) ANN test set (21x21x5), (e) CNN training set (21x21x5), and (f) CNN test
set (21x21x5).
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Figure 4.12 Scatter-plot to compare full-physics simulation and neural network proxy
results at the SPE10 shoreface reservoir (input: effective permeability): (a) ANN training
set, (b) ANN test set, (c) CNN training set, and (d) CNN test set.
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coefficient)’} 0.78% 7J335| =7] m&ol T=&° A9 A =51
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LR AFS RRED Y5 & HOITHCMG, 2017). of2{et o] f2 <15t
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Table 4.5 Comparison of ANN and CNN performances for the test set at the SPE10

shoreface reservoir

SQRT Loss R?
(MMSTB) (dimensionless)
Input
ANN CNN ANN CNN
k (permeability) 0.532 0.320 0.795 0.922
¢ (porosity) 0.249 0.258 0.956 0.952
p (pressure) 0.711 0.596 0.633 0.742
S, (oil saturation) 0.854 0.784 0.473 0.555
ko (effective oil permeability) 0.427 0.290 0.867 0.938
k+p 0.339 0.317 0916 0.934
k+S, 0.330 0.308 0.920 0.933
¢ +p 0.197 0.314 0.972 0.957
¢+S, 0.203 0.264 0.971 0.963
k+¢+p+S, 0.164 0.195 0.981 0.976
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Figure 4.13 Reference productivity map of the SPE10 shoreface reservoir.
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Figure 4.14 Productivity maps of the SPE10 shoreface reservoir using ANN: (a)
productivity map obtained using %, (b) productivity map obtained using S,, (¢) productivity
map obtained using k + S,, and (d) productivity map obtained using k + ¢ + P + S,.
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Figure 4.15 Productivity maps of the SPEI10 shoreface reservoir using CNN: (a)
productivity map obtained using %, (b) productivity map obtained using S,, (¢) productivity
map obtained using k + S,, and (d) productivity map obtained using k + ¢ + P + S,.
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Table 4.6 Comparison of simulation and CNN results for the qualified 20 infill well
scenarios at the SPE10 shoreface reservoir

Predicted Reference Relative
Rank 1oca)1iion loc;iion production production error
(MMSTB) (MMSTB) (%)
1 120 39 4.786 4.931 2.95
2 121 38 4.783 4.823 0.83
3 121 39 4.782 4.891 2.22
4 120 38 4.776 4.883 2.19
5 120 40 4.774 4.881 2.19
6 121 40 4.757 4.874 2.42
7 121 37 4.752 4.784 0.68
8 120 41 4.738 4.808 1.45
9 120 37 4.738 4.844 2.20
10 122 38 4.737 4.737 0.00
11 122 39 4.727 4.679 1.02
12 119 40 4.727 4.835 2.24
13 119 39 4.722 4.893 3.50
14 122 37 4.712 4.689 0.48
15 119 41 4.710 4.781 1.49
16 121 41 4.705 4.836 2.71
17 119 38 4.698 4.856 3.24
18 122 40 4.690 4.706 0.35
19 121 36 4.689 4.754 1.36
20 120 42 4.687 4.647 0.85
Average 4.734 4.807 1.50
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Table 4.7 Reservoir properties of the SPE10 channelized reservoir

Reservoir properties Value
OIIP (STB) 31,104,000
WIIP (STB) 7,832,800
Total pore volume (rbbl) 37,858,000
Cum. oil production @ 10 years (STB) 5,975,770
Cum. water production @ 10 years (STB) 616,521
Watercut @ 10 years (%) 31.56
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Figure 4.16 Distribution of petrophysical properties of the 2™ layer at the SPE10
channelized reservoir after ten-year of oil production from the existing well: (a) porosity,
(b) pressure, and (c) oil saturation.
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Figure 4.17 Scatter-plot to compare full-physics simulation and neural network proxy
results at the SPE10 channelized reservoir (input: permeability): (a) ANN training set, (b)
ANN test set, (¢) CNN training set, and (d) CNN test set.
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Figure 4.18 Scatter-plot to compare full-physics simulation and neural network proxy
results at the SPE10 channelized reservoir (input: permeability + oil saturation): (a) ANN
training set, (b) ANN test set, (c) CNN training set, and (d) CNN test set.
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Figure 4.19 Scatter-plot to compare full-physics simulation and neural network proxy
results at the SPE10 channelized reservoir (input: permeability + porosity + pressure oil
saturation): (a) ANN training set (1x1X%5), (b) ANN test set (1x1x5), (¢) ANN training set
(21x21x%5), (d) ANN test set (21x21x5), (e) CNN training set (21x21x5), and (f) CNN test
set (21x21x5).
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results at the SPE10 channelized reservoir (input: effective permeability): (a) ANN
training set, (b) ANN test set, (c) CNN training set, and (d) CNN test set.
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Table 4.8 Comparison of ANN and CNN performances for the test set at the SPE10
channelized reservoir

SQRT Loss R?
(MMSTB) (dimensionless)
Input
ANN CNN ANN CNN
k (permeability) 0.658 0.269 0.123 0.697
¢ (porosity) 0.356 0.262 0.577 0.712
p (pressure) 0.670 0.304 0.042 0.618
S, (oil saturation) 0.305 0.356 0.610 0.587
ko (effective oil permeability) 0.591 0.287 0.113 0.659
k+p 0.471 0.277 0.346 0.691
k+ S, 0.438 0.281 0.420 0.673
¢ +p 0.305 0.274 0.676 0.699
¢+ S, 0.249 0.243 0.736 0.754
k+¢+p+S, 0.235 0.234 0.773 0.775

85



Table 49% AY AFEF 9o ok5 KRS AFES) @Ab 7% (cross

<
=)
g
o
>
o
&
ny
=
uju
L
m
r=
=
Jo
2
m
i)
il
oH
4y
fju
2
18
to
ne,
=]
fon
H1
1o

THL Zejstel shae 2AstAch LA WE Auh HELY Ao] glolA
ABNAYT FHF AAY A F5e A SAF 2702 Uerrl,

Table 4.9 Cross validation of ANN and CNN at the SPE10 channelized reservoir

(*Avg.: average, Std.: standard deviation)

ANN CNN
Performance
Training Validation Test Training Validation Test
Avg. SQRT
Loss 0.043 0.301 0.296 0.177 0.307 0.301
(MMSTB)
2
. Avg..R 0.998 0.660 0.661 0.879 0.643 0.645
(dimensionless)
Std. SQRT
Loss 0.009 0.042 0.036 0.020 0.049 0.061
(MMSTB)
2
_ S R 0001 0076 0071 | 0027 0100  0.124
(dimensionless)
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Figure 4.24 Reference productivity map of the SPE10 channelized reservoir.
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Figure 4.25 Productivity maps of the SPE10 channelized reservoir using ANN: (a)
productivity map obtained using %, (b) productivity map obtained using S,, (¢) productivity
map obtained using k + S,, and (d) productivity map obtained using k + ¢ + P + S,.
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Table 4.10 Comparison of simulation and CNN results for the qualified 20 infill well
scenarios at the SPE10 channelized reservoir

Predicted Reference Relative
Rank lociion 1002;011 production production error
(MMSTB) (MMSTB) (%)
1 205 52 2.405 2.161 11.29
2 205 50 2.378 2.259 5.25
3 207 50 2.376 2.260 5.14
4 207 52 2.374 2.249 5.58
5 204 52 2.341 2.091 11.99
6 206 52 2.326 2.231 4.25
7 203 52 2.326 2.101 10.73
8 206 50 2322 2.259 2.81
9 204 50 2.300 2.256 1.95
10 205 51 2.290 2.238 2.32
11 205 54 2.279 2.111 7.97
12 207 51 2.276 2.253 1.03
13 209 50 2.272 2.243 1.31
14 204 51 2.270 0.090 2429.36
15 203 50 2.267 2.240 1.22
16 191 60 2.266 2.225 1.85
17 206 51 2.264 2.253 0.47
18 192 59 2.263 2.253 0.45
19 209 52 2.260 2.245 0.68
20 205 53 2.258 2.122 6.41
Average 2.286 2.130 9.43
Average except for the rank 2308 2913 497

#14
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Table 4.11 Comparison of simulation and ANN results for the qualified 20 infill well
scenarios at the SPE10 channelized reservoir

Remil 1oca)1iion loczliion Predi(cltZI(\l/I%r'I?gl)ICtion ; zf;izggi Rzﬁgrve
(MMSTB) (%)
1 49 181 2.769 2.273 21.84
2 49 182 2.737 2.291 19.49
3 50 181 2.718 2.289 18.72
4 52 185 2.632 2.173 21.12
5 50 182 2.578 2.300 12.09
6 51 183 2,555 2.300 11.08
7 48 181 2.553 2.267 12.64
8 49 180 2.549 2.267 12.43
9 49 183 2.544 2.299 10.67
10 53 185 2.543 2.272 11.91
11 33 78 2.525 2.359 7.05
12 48 182 2.518 1.530 64.61

13 53 187 2.511 0.199 1163.30
14 50 180 2.510 2.130 17.85
15 34 77 2.489 2.320 7.31
16 51 182 2.488 2.299 8.23
17 53 186 2.487 2.176 14.27
18 55 189 2.474 2.293 7.89
19 33 79 2.465 2.353 4.74
20 54 189 2.448 2.290 6.91
Average 2.555 2.134 19.72
Average excga; for the rank 2557 2236 1437
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Table 4.12 Rank correlation for the quad-modal ANN and CNN

Case ANN CNN
(Number
of grids) No Interval Interval No Interval Interval
interval 10 100 interval 10 100
Channel
(6,668) 0.680 0.688 0.652 0.721 0.716 0.789
Shale
(6,532) -0.053  -0.011  -0.151 | -0.024 0010  -0.164
Total 0.658 0.647 0.560 0.637 0.626 0.558
(13,200) : : . . . .
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Table 4.13 Inclusive proportion for the top reference cases

Case Top 333 Top 666 Top 1,000 Top 1,755

ANN 104 (31.2%) 219 (32.9%) 358 (35.8%) 766 (43.6%)

CNN 104 (31.2%) 244 (36.6%) 385 (38.5%) 904 (51.5%)
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Table 4.14 Specification of computer resources used in this study

Component Specification
CPU i7-7700 @ 3.60 GHz
RAM 16 GB
GPU NVIDIA GeForce GTX 1070
Operating system Windows 10 Pro
25
Simulation
+ Prox
20 Y
g
®
=
o 15
£
o))
=
5 10 ¢ =l
a
E
(@]
(@)
5 r i
+
+
O L 1 1 1 L L

0 2,000 4,000 6,000 8,000 10,000 12,000 14,000

Number of simulations

Figure 4.28 Computing time of the simulation and proxy.
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Figure 4.29 Sensitivity analysis of the activation function at the SPE10 shoreface reservoir:
(a) sigmoid, (b) tanh, (c) linear, and (d) ReLU.
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Figure 4.30 Sensitivity analysis of the learning rate at the SPE10 shoreface reservoir: (a)
0.1, (b) 0.01, (c) 0.001, and (d) 0.0001.

109



4.7.3. UA wjdo] 7|9 st

Figure 4.312 ZHZF 1x1x5, 11x11x5, 21x21x5, 31x31x5, 41x41x5, 51x51x5
S719) wjge] AVE SAEME AAYS ABAAYOR &3 Avolct
A9 e W W 24 BES nelsh] Sstel BE wjde]l FA
Z7Pgol iRlstol, ATl YAy o] AXRL A ez

ErEo] YHECHO]: 11x11x5 — 605x1). Y v 2717} AH4%

ol
EN

Aled Als g0 28Alrs AXle 482 Eol2z 29 45

Flo

FAECkn 2 4 9ok Jejy Bl shgo] 2QE: Azt HREo]
Woe apgol Alp Fexoz FAs| S, Wad s AR 2w
Sojup ey

St A8 AIREe A%, Figure 431(2)Q] 1x1x59] AMoA = °F 50%7}
A QLR OW, Figure 4.31(c)Q] 21x21x59] Al oA= 2F 100571 AQEF| QI
gtHol  Figure 431(H)2Q] 51x51x59]  ARH oA &= 300% O]AQ]  A[7Ho]

sgE9lon, Hwe] BE @ioz maiwo] Saes A9t WHsY
]

110



Predicted production (MMSTB)

-

N w ES

Predicted production (MMSTB)

-

N w ES

Predicted production (MMSTB)

S

w

N

."JSQRT Loss: 1.717 (MMST.B)
svee el ity R2: 0.388 (dimensionless)

Predicted production (MMSTB)

SQRT Loss: 0.734 (MMSTB)
R?: 0.650 (dimensionless)

o

1 2 3 2
Reference production (MMSTB)
(a)

1 2 3 ]
Reference production (MMSTB)

- Case
—— Reference line

SQRT Loss: 0.525 (MMSTB)
R2: 0.800 (dimensionless)

)
|

Predicted production (MMSTB)

-

IS

w

N

- Case
—— Reference line

SQRT Loss: 0.375 (MMSTB)
R?: 0.905 (dimensionless)

i 2 3 2
Reference production (MMSTB)
(c)

1 2 3 ]
Reference production (MMSTB)

(d)

Case
—— Reference line

SQRT Loss: 0.289 (MMSTB)
R2: 0.946 (dimensionless)

Predicted production (MMSTB)

-

IS

w

N

Case
—— Reference line

SQRT Loss: 0.227 (MMSTB)
R?: 0.969 (dimensionless)

1 2 3 4
Reference prot(iu;tion (MMSTB)
[

1 2 3 4
Reference production (MMSTB)

Figure 4.31 Sensitivity analysis of the size of the input array at the SPE10 shoreface
reservoir: (a) 1x1x5, (b) 11x11x5, (c) 21x21x5, (d) 31x31x5, (e) 41x41x5, and (f)

S51x51x%5.
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Table 4.15 Training time by the size of the input array at the SPE10 shoreface reservoir

ANN case Ix1x5 LIX11x5  21x21x5  31x31x5 41x41x5  51x51x5
Single-modal 56 67 100 159 235 323
(sec.)
Dual-modal 57 79 145 260 418 597
(sec.)
Quad-modal 58 104 235 466 768 1119
(sec.)
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Figure 4.32 Sensitivity analysis of the number of hidden layers at the SPE10 shoreface
reservoir: (a) 2 layers, (b) 5 layers, (c) 10 layers, and (d) 15 layers.
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Nomenclature

YNfc

v

Q

~ Y~ o > 9

N train

[9%)
Q

Input array

Output array

Final output array

Weight array or convolutional filter
Bias array

Reference output array

Auxiliary input array

Activation function

Process of whole convolutional and pooling layers
Process of whole fully connected layers
Concatenating function

Set of trainable parameters

Loss function

Number of input array types

Number of training data

Relative error

Convolution

Full connection

Absolute permeability (Permeability)
Effective oil permeability

Relative oil permeability

Porosity

Pressure

Oil saturation
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Water saturation
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Appendix A. Example of a CMG IMEX simulation file
for SPE10

RESULTS SIMULATOR IMEX 201710

sk sk sk ok ok sk sk sk sk stk st sk sk s sk sk sk sk sk sk sk sk sk skesk sk sk sk sk sk sk sk sk s sk sk sk sk skosk sk skosk sk sk st sk sk sk sk sk sk sk sk sk sk sk sk ki sk stk sk skeoske skoskoskoskoskoskokoskokok

** /O Control Section **

sk sk sk ok ok sk sk sk sk stk st sk sk s sk sk sk sk sk sk sk sk sk skesk sk sk sk sk sk sk sk sk s sk sk sk sk skosk sk skosk sk sk st sk sk sk sk sk sk sk sk sk sk sk sk ki sk stk sk sk sk skoskoskoskoskoskokoskokok

TITLEI 'SPE10 Channel with aquifer by MG Chu'

*INUNIT *FIELD
INTERRUPT RESTART-STOP
WPRN WELL 10

WPRN GRID TIME

WPRN ITER BRIEF

OUTPRN WELL BRIEF
OUTPRN RES NONE
OUTPRN TABLES NONE
OUTPRN GRID BPP IMEXMAP PRES SO SW
WSRF GRID TIME

WSRF WELL 1

RESTART SR2 SEPARATE

OUTSRF GRID BPP FLUX POROS PRES SO SW

sfe sk sfe sk sk sk s sk sk sk sk st sk ste sk sk sk sk sk sk sk sie sk sk skl sk ste sk sk sk st sk sk sk sk ske sk sk st sk s sk sk sk st sk ste sk sk sk sk sk ske sk sk sie sk sk s sk sk sk skeske sk skeoske sk skeoskoskoskoskokoskok ok

** Reservoir Description Section *k

sk sk sk ok ok sk sk sk sk stk st sk sk s sk sk sk sk sk sk sk sk sk skesk sk sk sk sk sk sk sk sk s sk sk sk sk skosk sk skosk sk sk st sk sk sk sk sk sk sk sk sk sk sk sk ki sk stk sk skeoske skoskoskoskoskoskokoskokok

*GRID VARI 60 220 5
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*KDIR DOWN
*DIIVAR
60*50

*DJ JVAR
220%*50

*DK ALL
66000*10
*DTOP

13200*12000

** (0 =null block, 1 = active block

NULL CON 1

*CPOR  3.0E-6 ** Rock compressibility and AQUIFER BOTTOM
*AQPROP

**thickness porosity permeability radius angle

30 0.3 50 100 0

*AQLEAK OFF

*AQMETHOD CARTER-TRACY

*PRPOR 14.7 ** reference pressure.
*INCLUDE 'spe phi_cmg_flu Slayers.dat'
*INCLUDE 'spe_perm x cmg flu Slayers.dat'
PERMJ EQUALSI

PERMK EQUALSI * 0.1

** (0 = pinched block, 1 = active block
PINCHOUTARRAY CON 1

** Solve three equations.
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MODEL OILWATER

sfe sk sfe ske sk sk st sk sk sk sk st sk sk sk sk sk sk sk ske sk sie sk sk sk sk sk st sk sk sk sk sk sk sk sk ske sk sk sieoske sk sk sk sk st sk st sk sk sk sk sk ske st sk sk st st sk sk sk sk skeoske sk skesk sk skokoskokokoskok ok

** Component Property Section o
st R AR R R R R R R R R R o
PVTEG1
wx p Rs Bo Eg Viso visg

14.7000 0.0 1 6.00000 1.04000  0.00800

4800.0 1.0e-2  1.0009895 10.00000  1.04000  0.00810

BWI 1.0
CO 5.0e-6
CVO 0.000E-5
CVW 0.0
CW 3.15E-6
DENSITY OIL 46.244
DENSITY WATER 62.419
REFPW 14.7
VWI 0.31
DENSITY GAS 0.0647

*ROCKFLUID

sk sk sk ok ok ok sk sk sk stk st sk sk s sk sk sk sk sk sk skosk sk skesk sk skeske sk sk sk sk sk s sk sk sk sk skosk ko skosk sk sk st sk sk sk sk sk sk sk sk sk sk sk sk ki sk stk sk sk skoskoskoskoskoskoskoskokok

** Rock-Fluid Property Section wk

sfe sk sfe sk sk sk s sk sk sk sk st sk ste sk sk sk sk sk ske sk sk sk sk skl sk st sk sk sk sk sk sk sk sk ske sk sk st sk s sk sk sk st sk ste sk sk sk sk sk ske sk sk sie sk sk sk sk sk sk skeske sk skeoske sk skeoskoskoskoskokoskokok

*RPT 1
*SWT *SMOOTHEND *OFF

** SW Krw Krow
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0.2030 0.0000 0.8000
0.2316 0.0001 0.5852
0.3801 0.0008 0.4040
0.4687 0.0062 0.2562
0.5572 0.0260 0.1419
0.6458 0.0793 0.0612
0.7343 0.1973 0.0139
0.7970 0.4000 0.0000
0.8229 0.4265 0.0000
0.9114 0.8314 0.0000
1.0000 1.0000 0.0000

*INITIAL

sk sk sk ok ok sk sk sk sk stk st sk sk s sk sk sk sk sk sk sk sk sk skesk sk skeske sk sk sk sk sk s sk sk sk sk skosk sk skosk sk sk st sk sk sk sk sk sk sk sk sk sk sk sk ki sk stk sk skeoske skoskoskoskoskoskoskoskokok

** Initial Conditions Section **

sk sk sk ok ok sk sk ok sk sk sk st sk st s sk sk sk sk sk sk sk sk sk skesk sk st sk sk sk sk sk sk s sk sk sk sk skosk sk skosk sk sk st sk sk sk sk sk sk sk sk sk sk sk sk ki sk stk sk skeoske skoskoskoskoskoskoskoskokok

USER_INPUT

GOC_PC 0
WOC_PC 0
*PRES *ALL
660006000
*SW *ALL
66000%0.203

*NUMERICAL

sfe sk sfe sk sk sk s sk sk sk sk st sk ste sk sk sk sk sk ske sk sie sk sk skl sk st sk sk sk sk sk sk sk sk ske sk ske st sk s sk sk sk st sk ste sk sk sk she sk sk sk sk sie sk st sk sk sk sk skeoske st skeoske sk skoskoskoskoskokoskokok
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** Numerical Control Section ok
sk sk sk skeoske sk skeoske sk skeoske sk skeoske sk sk sk sk sk st sk skeosk sk skeosk sk skeosk sk sk stk sleoskeosk skeosk sk skeoske sk sk skeosie ste sk st sk sk st ste sk sk skeoske sk ste sk st sk skeosie ste sk s skeoskeoskosteoskeoskoskoskok skeskok
*DTMAX 100. ** Maximum time step size

*DTMIN 0.00001

*MAXSTEPS 1000 ** Maximum number of time steps

*NORM *PRESS 250.0 ** Normal maximum changes per time step

*NORM *SATUR 0.20

*AIM *STAB *AND THRESH ** Use stab and thresh hold switching criteria

*ITERMAX 200
*NCUTS 8
*RUN

sk sk sk ok ok ok sk sk sk stk st sk st s sk sk sk sk sk sk sk sk sk skesk sk sk sk sk sk sk sk sk s sk sk sk sk skosk ko skosk sk sk st sk sk sk sk sk sk sk sk sk sk sk sk ki sk stk sk skeoske skoskoskoskoskoskoskoskok ok

** Well and Recurrent Data Section %
3k sk sk ske sk sk sk sk sk skosk sk sk sl s sie ske sk ske sk sk sk sk sk skeoske sk sk ske sk ske sk sk sk sk sk stk sk skeosie sl ske sk sk sk sk sk skesk sk sk sk sk ke ske sk ske sk sk sk sk sk stk sk skeske s ske sk ske sk sk sk sk sksk
*DATE 2001 11

*DTWELL 1.0

WELL 'PI'

PRODUCER 'PI'

OPERATE MIN BHP 4000.0 CONT REPEAT
*OPERATE MAX STL 10000.0 CONT REPEAT
GEOMETRY 1J 0.0762 0.37 1.0 0.0

** UBA ff  Status Connection

** UBA wi Status Connection

PERF WI PI'

** UBA wi Status Connection
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301101 10000.0
301102 10000.0
301103 10000.0
301104 10000.0
301105 10000.0

*DATE 2001 2 1
*DATE 2001 3 1
*DATE 2001 4 1
*DATE 2001 5 1
*DATE 2001 6 1
*DATE 2001 12 1
*DATE 2002 6 1
*DATE 2002 12 1
*DATE 2003 6 1
*DATE 2003 12 1
WRST TIME
*DATE 2004 1 1
*DATE 2008 1 1
*DATE 2012 1 1
*DATE 2016 1 1
*DATE 2020 1 1
*DATE 2021 1 1
STOP

OPEN
OPEN
OPEN
OPEN

OPEN

FLOW-TO
FLOW-TO
FLOW-TO
FLOW-TO

FLOW-TO

'SURFACE' REFLAYER
1
2
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Appendix B. Keras source code: mutli-modal CNN for
SPE10
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# Load modules

%matplotlib inline

import numpy as np

import tensorflow as tf

import matplotlib.pyplot as plt

import scipy.io as sio

import random

import nibabel as nib

from mlixtend.preprocessing import one_hot
import keras

import h5py

# Load raw data

Nx, Ny, Nz = 60, 220, 5 # number of grid
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# Load permeability
f=open('spe_perm_x cmg shore 5Slayers.dat’)

prop_flul = [float(num) for num in f.read().split()]
prop_flul norm = np.reshape(prop_flul, [Nx, Ny, Nz], 'F')
prop_flul = np.reshape(prop_flul, [Nx, Ny, Nz], 'F')

print(prop flul norm.shape)

# porosity
f=open('spe_poro_cmg modified2 shore Slayers.dat")
prop_flu2 = [float(num) for num in f.read().split()]
prop_flu2 norm = np.reshape(prop_flu2, [Nx, Ny, Nz], 'F')
prop_flu2 = np.reshape(prop_flu2, [Nx, Ny, Nz], 'F')

print(prop_flu2 norm.shape)

# pressure

f=open('spe_pressure 10year cmg shore aquifer Slayers.dat’)
prop_flu3 = [float(num) for num in f.read().split()]

prop_flu3 norm = np.reshape(prop_flu3, [Nx, Ny, Nz], 'F')
prop_flu3 = np.reshape(prop_flu3, [Nx, Ny, Nz], 'F')

print(prop_flu3 norm.shape)

# oil saturation

f=open('spe_SO _10year cmg_shore aquifer Slayers.dat’)
prop_flu4 = [float(num) for num in f.read().split()]
prop_flu4 norm = np.reshape(prop_flu4, [Nx, Ny, Nz], 'F")

prop_flu4 = np.reshape(prop_flud, [Nx, Ny, Nz], 'F')
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print(prop flu4 norm.shape)

# mean-std Standardization
prop_flul norm = (prop flul norm - np.mean(prop flul))/np.std(prop_flul)

print(‘prop_flul (permeability) :', np.max(prop_flul), np.min(prop_flul), np.mean(prop flul),
np.std(prop_flul))

print(‘prop_flul norm:', np.max(prop flul norm), np.min(prop flul norm),
np.mean(prop_flul norm), np.std(prop_flul norm))

prop_flu2 norm = (prop_flu2 norm - np.mean(prop_flu2))/np.std(prop_flu2)

print(‘prop_flu2 (porosity) :', np.max(prop_flu2), np.min(prop_flu2), np.mean(prop_flu2),
np.std(prop_flu2))

print(‘prop_flu2 norm:', np.max(prop_flu2 norm), np.min(prop_flu2 norm),
np.mean(prop_flu2 norm), np.std(prop_flu2 norm))

prop_flu3 norm = (prop_flu3 norm - np.mean(prop_flu3))/np.std(prop_flu3)

print('prop_flu3 (pressure) :', np.max(prop_flu3), np.min(prop_flu3), np.mean(prop_flu3),
np.std(prop_fIu3))

print(‘prop_flu3 norm:', np.max(prop flu3 norm), np.min(prop flu3 norm),
np.mean(prop_flu3 norm), np.std(prop_flu3 norm))

prop_flu4 norm = (prop_flu4 norm - np.mean(prop_flu4))/np.std(prop_flu4)

print(‘prop_flu4 (SO) :', np.max(prop_flu4), np.min(prop_flu4), np.mean(prop_flu4),
np.std(prop_flu4))

print(‘prop_flu4 norm:', np.max(prop flu4 norm), np.min(prop_flu4 norm),
np.mean(prop_flu4 norm), np.std(prop_flu4 norm))

# load well location data
f=open('vertical well location cmg.txt'")

well _location = [float(num) for num in f.read().split()]
well location = np.reshape(well location, [1000, 37)

print(well location.shape)
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# define trainng data array

dx, dy, dz= 10, 10, 5 # for 21*21*5

num_whole = 1000

num_train = 700

num test =300

nearwelll = np.zeros([num_train + num_test, 2*dx + 1, 2*dy + 1, dz])
nearwell2 = np.zeros([num_train + num_test, 2*dx + 1, 2*dy + 1, dz])
nearwell3 = np.zeros([num_train + num_test, 2*dx + 1, 2*dy + 1, dz])
nearwell4 = np.zeros([num_train + num_test, 2*dx + 1, 2*dy + 1, dz])
distance = np.zeros([num_train + num_test, 5])

grid_well prop = np.zeros([num_train + num_test, 5])

print(nearwell 1.shape, nearwell2.shape, nearwell3.shape, nearwell4.shape, distance.shape,
grid well prop.shape)

# extract nearwell properties
Ix, ly, 1z =50, 50, 10 # size of each grid
existing x =29

existing_y =109

for n in range(well location[:, 0].size):
well x = int(well location[n, 1]) -1
well y = int(well location[n, 2]) - 1
distance[n, 0] = (59 - well x)*Ix
distance[n, 1] = (well _x - 0)*Ix
distance[n, 2] = (219 - well_y)*ly
distance[n, 3] = (well_y - 0)*ly

distance[n, 4] = (((existing_x - well_x)*Ix)**2 + ((existing_y - well_y)*ly)**2)**0.5
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if well x <dx:
if well y<dy:
for k in range(dz):
for j in range(0, well _y +dy + 1):
for i in range(0, well_x + dx + 1):

nearwelll[n, i + (dx - well _x), j + (dy - well y), k] =
prop_flul norml[i, j, k]

nearwell2[n, i + (dx - well _x), j + (dy - well y), k] =
prop_flu2 norm(i, j, k]

nearwell3[n, i + (dx - well x), j+ (dy - well y), k] =
prop_flu3 norm(i, j, k]

nearwell4[n, i + (dx - well x), j+ (dy - well y), k] =
prop_flu4 norm[i, j, k]

elif Ny - well y <=dy:
for k in range(dz):
for j in range(well_y - dy, Ny):
for i in range(0, well_x + dx + 1):

nearwelll[n, i + (dx - well_x), j - (well y-dy), k] =
prop_flul norml[i, j, k]

nearwell2[n, i + (dx - well_x), j - (well y -dy), k] =
prop_flu2 norm(i, j, k]

nearwell3[n, i + (dx - well x), j - (well_y - dy), k] =
prop_flu3 norm(i, j, k]

nearwell4[n, i + (dx - well x), j - (well_y - dy), k] =
prop_flu4 norm[i, j, k]

else:
for k in range(dz):
for j in range(well_y - dy, well y+dy+ 1):
for i in range(0, well x +dx + 1):

nearwelll[n, i + (dx - well x), j - (well y - dy), k] =
prop_flul norml[i, j, k]
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nearwell2[n, i + (dx - well _x), j - (well_y - dy), k] =
prop_flu2 norm(i, j, k]

nearwell3[n, i + (dx - well x), j - (well_y - dy), k] =
prop_flu3 norm(i, j, k]

nearwell4[n, i + (dx - well x), j - (well y - dy), k] =
prop_flu4 norm[i, j, k]

elif Nx - well_x <=dx:
if well y <dy:
for k in range(dz):
for j in range(0, well_y +dy + 1):
for i in range(well_x - dx, Nx):

nearwelll[n, i - (well x - dx),j+ (dy - well_y), k] =
prop_flul norml[i, j, k]

nearwell2[n, i - (well x - dx),j+ (dy - well y), k] =
prop_flu2 norml[i, j, k]

nearwell3[n, i - (well_x - dx),j+ (dy - well_y), k] =
prop_flu3 norm(i, j, k]

nearwell4[n, i - (well x - dx),j + (dy - well_y), k] =
prop_flu4 norm[i, j, k]

elif Ny - well y <=dy:
for k in range(dz):
for j in range(well_y - dy, Ny):
for i in range(well_x - dx, Nx):

nearwelll[n, i - (well x - dx),j - (well y-dy), k] =
prop_flul norml[i, j, k]

nearwell2[n, i - (well x - dx),j - (well y -dy), k] =
prop_flu2 norm[i, j, k]

nearwell3[n, i - (well x - dx),j - (well y -dy), k] =
prop_flu3 norm(i, j, k]

nearwell4[n, i - (well x - dx),j - (well y-dy), k] =
prop_flu4 norm(i, j, k]

else:

139



for k in range(dz):
for j in range(well y - dy, well y+dy+ 1):
for i in range(well x - dx, Nx):

nearwelll[n, i - (well x - dx),j - (well y -dy), k] =
prop_flul norm(i, j, k]

nearwell2[n, i - (well x - dx),j - (well y-dy), k] =
prop_flu2 norm(i, j, k]

nearwell3[n, i - (well x - dx),j - (well y-dy), k] =
prop_flu3 norm[i, j, k]

nearwell4[n, i - (well x - dx),j - (well y -dy), k] =
prop_flu4 norm[i, j, k]

else:
if well y <dy:
for k in range(dz):
for j in range(0, well_y +dy + 1):
for i in range(well x - dx, well x + dx + 1):

nearwelll[n, i - (well x - dx),j+ (dy - well y), k] =
prop_flul norml[i, j, k]

nearwell2[n, i - (well_x - dx),j+ (dy - well_y), k] =
prop_flu2 norm(i, j, k]

nearwell3[n, i - (well x - dx),j+ (dy - well_y), k] =
prop_flu3 norm(i, j, k]

nearwell4[n, i - (well x - dx),j+ (dy - well_y), k] =
prop_flu4 norm[i, j, k]

elif Ny - well y <=dy:
for k in range(dz):
for j in range(well_y - dy, Ny):
for i in range(well_x - dx, well x + dx + 1):

nearwelll[n, i - (well x - dx),j - (well y-dy), k] =
prop_flul norml[i, j, k]
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nearwell2[n, i - (well x - dx),j - (well y -dy), k] =
prop_flu2 norm(i, j, k]

nearwell3[n, i - (well x - dx),j - (well y-dy), k] =
prop_flu3 norm(i, j, k]

nearwell4[n, i - (well x - dx),j - (well y-dy), k] =
prop_flu4 norm[i, j, k]

else:
for k in range(dz):
for j in range(well_y - dy, well_y+dy + 1):
for i in range(well x - dx, well x + dx + 1):

nearwelll[n, i - (well x - dx),j - (well y-dy), k] =
prop_flul norml[i, j, k]

nearwell2[n, i - (well x - dx),j - (well y -dy), k] =
prop_flu2 norm(i, j, k]

nearwell3[n, i - (well_x - dx),j - (well y-dy), k] =
prop_flu3 norm(i, j, k]

nearwell4[n, i - (well x - dx),j - (well y-dy), k] =
prop_flu4 norm[i, j, k]

# load label (output)

f=open('labels_production spel0 shore aquifer child 20year.txt")
production = [float(num) for num in f.read().split()]

production = np.reshape(production, [-1, 1])

print(production.shape)

# split training & test set

num_whole = 1000

distance_train = np.zeros((num_train, 5))
distance_test = np.zeros((num_test, 5))

production_train = np.zeros((num_train, 1))
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production_test = np.zeros((num_test, 1))

for i in range(num_train + num_test):
if i <num_train:
distance_train[i] = distance][i]
production_train[i] = production][i]
else:
distance_test[i - num_train] = distance[i + (num_whole - num_train - num_test)]

production_test[i - num_train] = production[i + (num_whole - num_train - num_test)]

print(distance_train.shape, distance_test.shape)

print(production_train.shape, production_test.shape)

# Standardization for distance
distance_train = (distance_train - np.mean(distance))/np.std(distance)
distance_test = (distance_test - np.mean(distance))/np.std(distance)

print('Training set:', np.max(distance_train), np.min(distance_train), np.mean(distance_train),
np.std(distance_train))

Al

print('Testset : ', np.max(distance test), np.min(distance test),
np.mean(distance test), np.std(distance test))

# for plot
class AccuracyHistory(keras.callbacks.Callback):
def on_train_begin(self, logs={}):
self.acc =[]
self.loss =[]
self.val _acc =[]

self.val loss =[]
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defon_epoch end(self, batch, logs={}):
self.acc.append(logs.get('acc'))
self.val _acc.append(logs.get(‘val acc'))
self.loss.append(logs.get('loss"))

self.val loss.append(logs.get(‘val_loss'"))

history = AccuracyHistory()

# make CNN input

input_col, input_row, input _dep =2*dx + 1, 2*dy + 1, dz

train_x1 = np.zeros([num_train, input_col, input_row, input_dep])
train_x2 = np.zeros([num_train, input_col, input_row, input_dep])
train_x3 = np.zeros([num_train, input_col, input_row, input_dep])

train_x4 = np.zeros([num_train, input_col, input_row, input_dep])

test x1 = np.zeros([num_test, input_col, input_row, input_dep])
test x2 = np.zeros([num_test, input_col, input_row, input_dep])
test x3 = np.zeros([num_test, input_col, input_row, input_dep])

test x4 = np.zeros([num_test, input_col, input_row, input_dep])

for i in range(num_train + num_test):
if i <num_train:
train_x1[i] = nearwelll[i]
train_x2[i] = nearwell2[i]

train_x3[i] = nearwell3[i]
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train_x4[i] = nearwell4[i]

else:
test x1[i- num_train] = nearwell1[i]
test x2[i - num_train] = nearwell2[i]
test x3[i - num_train] = nearwell3[i]

test_x4[i - num_train] = nearwell4[i]

train_x1 = np.reshape(train_x1, [-1, input_col, input row, input dep, 1])
train_x2 = np.reshape(train_x2, [-1, input_col, input row, input dep, 1])
train_x3 = np.reshape(train_x3, [-1, input_col, input row, input dep, 1])

train_x4 = np.reshape(train_x4, [-1, input_col, input_row, input_dep, 1])

test x1 = np.reshape(test _x1, [-1, input_col, input_row, input_dep, 1])
test x2 = np.reshape(test x2, [-1, input_col, input_row, input_dep, 1])
test x3 = np.reshape(test _x3, [-1, input_col, input_row, input_dep, 1])

test x4 = np.reshape(test x4, [-1, input_col, input_row, input_dep, 1])

# 21*21*5 quad-modal CNN
from keras.models import Sequential, Model

from keras.layers import Dense, Conv3D, MaxPooling3D, Flatten, Dropout, concatenate, Merge,
Input, Embedding

from keras.constraints import maxnorm
from keras.optimizers import SGD

from keras.layers.normalization import BatchNormalization

branchl_input = Input(shape=(input_col, input_row, input_dep, 1), name='main_inputl")
branchl = Conv3D(32, kernel size=(5, 5, 5), strides=(1, 1, 1), activation="relu’, padding='same’',

input_shape=(branchl_input.shape))(branchl _input)
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branchl = MaxPooling3D(pool_size=(2, 2, 2), strides=(2, 2, 2))(branchl)
branchl = Conv3D(64, kernel size=(5, 5, 1), activation="relu', padding="same")(branchl)
branchl = MaxPooling3D(pool_size=(2, 2, 2), strides=(2, 2, 2))(branchl)

branchl = Flatten()(branchl)

branch4_input = Input(shape=(input_col, input _row, input dep, 1), name='main_input2')

branch4 = Conv3D(32, kernel _size=(5, 5, 5), strides=(1, 1, 1), activation="relu’, padding='same’',
input_shape=(branch4 input.shape))(branch4 input)

branch4 = MaxPooling3D(pool_size=(2, 2, 2), strides=(2, 2, 2))(branch4)

branch4 = Conv3D(64, kernel size=(5, 5, 1), activation="relu', padding="same")(branch4)

branch4 = MaxPooling3D(pool_size=(2, 2, 2), strides=(2, 2, 2))(branch4)

branch4 = Flatten()(branch4)

branch6_input = Input(shape=(5,), name='distance input')

branch7_input = Input(shape=(input_col, input_row, input_dep, 1), name='main_input3")

branch7 = Conv3D(32, kernel size=(5, 5, 5), strides=(1, 1, 1), activation="relu’, padding='same’',
input_shape=(branch4 _input.shape))(branch7_input)

branch7 = MaxPooling3D(pool_size=(2, 2, 2), strides=(2, 2, 2))(branch7)

branch7 = Conv3D(64, kernel size=(5, 5, 1), activation="relu', padding="same")(branch?7)

branch7 = MaxPooling3D(pool_size=(2, 2, 2), strides=(2, 2, 2))(branch7)

branch7 = Flatten()(branch?7)

branch8_input = Input(shape=(input_col, input _row, input dep, 1), name='main_input4')
branch8 = Conv3D(32, kernel _size=(5, 5, 5), strides=(1, 1, 1), activation="relu’, padding='same’',
input_shape=(branch4 input.shape))(branch8_input)

branch8 = MaxPooling3D(pool_size=(2, 2, 2), strides=(2, 2, 2))(branch8)
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branch8 = Conv3D(64, kernel size=(5, 5, 1), activation="relu', padding="same")(branch8)
branch8 = MaxPooling3D(pool_size=(2, 2, 2), strides=(2, 2, 2))(branch8)

branch8 = Flatten()(branch8)

main_branch = concatenate([branchl, branch4, branch7, branch8, branch6 input], axis=1)

main_branch = Dense(3000, activation="relu’, use_bias=True,
bias_initializer='zeros')(main_branch)

main_branch = Dropout(0.2)(main_branch)

main_branch = Dense(1000, activation="relu’, use_bias=True,
bias_initializer="zeros')(main_branch)

main_branch = Dropout(0.2)(main_branch)

main_branch = Dense(300, activation="relu', use_bias=True,
bias_initializer="zeros')(main_branch)

main_branch = Dropout(0.2)(main_branch)

main_branch = Dense(100, activation="relu', use_bias=True,
bias_initializer='zeros')(main_branch)

main_branch = Dropout(0.2)(main_branch)
main_branch = Dense(30, activation="relu', use_bias=True, bias_initializer='zeros')(main_branch)
main_branch = Dropout(0.2)(main_branch)

main_branch output = Dense(1, activation="linear')(main_branch)

main_model = Model(inputs=[branchl input, branch4 input, branch7_input, branch8 input,
branch6_input], outputs=main_branch_output)

print(main_model.summary())

# Model compiling & training

main_model.compile(loss="mse', optimizer=keras.optimizers.Adam(Ir=0.01, decay=0.1),
metrics=["accuracy'])

import time

from time import strftime
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start_time = time.time()

main_model.fit([train_x1, train x2, train_x3, train_x4, distance_train], production_train,
batch_size=100, epochs=1000, verbose=1, validation_split=0.2, callbacks=[history])

end_time = time.time()

processing_time = end_time - start_time
print(‘start_time: ', start_time)

print("--- %.2f seconds ---' %(processing_time))
now = strftime('%y%m%d-%H%M%S")

print(now)

# Model test
import matplotlib.ticker as ticker

score = main_model.evaluate([test x1, test x2, test_x3, test_x4, distance_test], production_test,
verbose=0)

print('Test loss:', score[0])

print('SQRT loss:', np.sqrt(score[0]))

# Save trained model
from keras.models import load model

from keras.models import model from yaml

# Save network weights

main_model.save weights(‘my_model.h5”)

# save network architecture

model yaml = main_model.to_yaml()

with open('my_model.yaml', 'w') as yaml _file:

yaml _file.write(model yaml)
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# Load saved model
from keras.models import load model

from keras.models import model from yaml

yaml_file = open('my_model.yaml', 'r")
loaded model yaml = yaml file.read()
yaml_file.close()

loaded model = model from yaml(loaded model yaml)

# Load weights into new model
loaded model.load weights('my_model.h5")
print('Loaded model from disk")

loaded _model.compile(loss="mse', optimizer=keras.optimizers.Adam(lr=0.01, decay=0.1),
metrics=["accuracy'])
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Appendix C. Visualization of feature maps
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Figure D.1 Input arrays for CNN at the shoreface reservoir: (a) permeability, (b) porosity,
(c) pressure, and (d) oil saturation.
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Figure D.2 Input arrays for CNN at the channelized reservoir: (a) permeability, (b) porosity,
(c) pressure, and (d) oil saturation.
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Figure D.3 Feature maps of the first convolutional layer at the shoreface reservoir (input:

permeability).
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Figure D.4 Feature maps of the second convolutional layer at the shoreface reservoir (input:

permeability).
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Figure D.5 Feature maps of the first convolutional layer at the shoreface reservoir (input:

porosity).
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Figure D.6 Feature maps of the first convolutional layer at the shoreface reservoir (input:
pressure).
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Figure D.7 Feature maps of the first convolutional layer at the shoreface reservoir (input:
oil saturation).
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Figure D.8 The first layer of feature maps of the first convolutional layer at the channelized

reservoir (input: permeability).
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Figure D.9 The first layer of feature maps of the first maxpooling layer at the channelized
reservoir (input: permeability).
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Figure D.10 The first layer of feature maps of the first convolutional layer at the
channelized reservoir (input: porosity).
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Figure D.11 The first layer of feature maps of the first
channelized reservoir (input: pressure).

Figure D.12 The first layer of feature maps of the first convolutional layer at the

channelized reservoir (input: oil saturation).
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Appendix D. Keras source code: ANN for MNIST
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MNIST(Modified National Institute of Standards and Technology) TJO|E]Al
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from keras import layers, models

def ANN_models_func(Nin, Nh, Nout):
x = layers.Input(shape=(Nin,))
h = layers.Dense(Nh, activation="relu')(x)
y = layers.Dense(Nout, activation="softmax")(h)
main_model = models.Model(inputs=x, outputs=y)

main_model.compile(loss='categorical crossentropy', optimizer='adam’,
metrics=["accuracy'])

return main_model

from keras import datasets # mnist

from keras import utils # to_categorical

def Data_func():

(X train, y_train), (X test, y test) = datasets.mnist.load data()
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Y train = utils.to_categorical(y_train)

Y test = utils.to_categorical(y_test)

img_num, img_row, img_col = X_train.shape
X train = X_train.reshape(-1, img_row*img_col)

X test =X test.reshape(-1, img row*img_ col)

X train = X_train/255.0

X test =X test/255.0

return (X_train, Y _train), (X _test, Y_test)

import matplotlib.pyplot as plt

def plot_loss(history):
plt.plot(history.history['loss'])
plt.plot(history.history['val loss'])
plt.title('Model Loss')
plt.xlabel("Epochs')
plt.ylabel('Loss")

plt.legend(['Train', 'Validation'], loc=0)

def plot_acc(history):
plt.plot(history.history['acc'])
plt.plot(history.history['val acc'])
plt.title("Model Accuracy')

plt.xlabel("Epochs')
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plt.ylabel('Accuracy")

plt.legend(['Train', 'Validation'], loc=0)

Nin = 784
Nh =100
Nout =10

main_model = ANN models_func(Nin, Nh, Nout)

(X _train, Y _train), (X test, Y test) = Data func()

history = main_model.fit(X_train, Y train, epochs=15, batch_size=100, validation_split=0.2)
performance test = main_model.evaluate(X test, Y _test, batch size=100)

print('Test Loss and Accuracy -> ', performance_test)

plot_loss(history)
plt.show()
plot_acc(history)

plt.show()

performance_train = main_model.evaluate(X train[:48000], Y _train[:48000], batch_size=100)
performance valid = main_model.evaluate(X_train[48000:], Y train[48000:], batch_size=100)
print('Train Loss and Accuracy ->', performance_train)

print('Validation Loss and Accuracy -> ', performance valid)
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Abstract

Optimization of Infill Well Placement Using

Data-driven Multi-modal Convolutional Neural Network

Min-gon Chu
Department of Energy Systems Engineering
The Graduate School

Seoul National University

This study proposes a deep-neural-network based proxy that selects the optimal placement
of infill well at a petroleum reservoir. A conventional artificial neural network (ANN) has
a disadvantage in preserving features of spatial data that are static and dynamic
petrophysical properties because all input data are forced to be transformed as a one-
dimensional array and imported to the ANN. This study utilizes a convolutional neural
network (CNN) to extract spatial features from multi-dimensional input arrays and
evaluate the productivity of candidate infill wells as CNN outputs at affordable
computation cost. CNN is trained to correlate between near-wellbore petrophysical
properties and well productivity. Training dataset is acquired through reservoir simulation
for selected infill well scenarios. Multi-modal learning is applied to the proxy for reflecting
coupling effects from various types of petrophysical properties on well productivity.

The performance of the proposed multi-modal CNN is tested with application to
shoreface and channelized reservoirs and compared to ANN results. Both reservoirs are
inferred from the upper and lower parts of the SPE10 benchmark reservoir model,
respectively. Overall, the CNN performance is superior to that of ANN for both reservoir
models. For the channelized reservoir, the proxy outperforms the ANN as the discrete
channel boundary helps the CNN distinguish productive sand channels from non-

productive shale matrix. Top 20 prospects are selected using the multi-modal CNN, and
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their productivities are validated in comparison with corresponding reservoir simulation
results. The average relative errors are 1.50% and 4.27% for the shoreface and channelized
reservoirs, respectively. The well location maximizing oil production among the validation

results is considered the optimal solution.
Keywords: proxy, infill well placement, convolutional neural network, multi-modal

learning

Student Number: 2011-21115
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