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ABSTRACT With the rapid improvement of exploration and monitoring technologies, the oil and gas industry has accumulated a large
amount of data in the fields of seismic exploration, logging, production, and development. How to transform the huge “data resources”
into “data assets” and fully utilize data and tap their real value to better serve society is a main concern in the oil and gas industry today.
Therefore, the oil industry needs to complete the industrial upgrading of “Smart Oilfield” through digital and intelligent transformation.
In recent years, the rise of big data technology and artificial intelligence have allowed international oil companies and oil service giants
to accelerate the construction of digital and intelligent oil fields. The overall framework of the big data intelligent platform of oil and gas
resources should be based on data resources with big data platform computing power as the support and artificial intelligence algorithms
as the core. To meet the production needs of the oil and gas industry, it is of great urgency to build an oil and gas data resource pool that
integrates exploration, development, and production data. The data quality can be improved via data cleaning and fusion. Physical
simulations, data mining, and other approaches should be combined to achieve the modularization of service functions. Additionally, the
goals of intelligent monitoring, early warning, and display on multi-dimensional platforms such as PC, control screen, and mobile apps
can also be achieved. The analysis of artificial intelligence methods such as deep learning in the context of the oil and gas industry shows

that these methods have good application prospects. In the future, oil companies should work together with scientific research institutes
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to tap the huge potential of oil industry data, achieve cost reduction and efficiency increase, and build a new smart oil and gas industrial

ecosystem to complete industrial upgrading.

KEY WORDS petroleum; natural gas; big data; artificial intelligence; deep learning; machine learning
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Fig.1 Graph depicting the increase in the number of machine learning-related articles in SPE-OnePetro
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Fig.6 Oil and gas big data intelligent platform with Hadoop, Spark, and Storm hybrid storage computing architecture
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Fig.7 Cleaning and fusion of multi-source data in the oil and gas industry

34 HENEESSN

A T B B AR AR S B OCH E, (HE
R A e A TR RE A SR AT B Y
FZH05 70 M. BB LA o > IR B 27 ) B R &
J&, N TR REC LA PR E 28 B T H 58 KA
B oA, R AR S RE ST, B IR 51 ATl
4.0 8% [N, AR RV 2 HLAS 7 2 FITREE 2 )
Ak e B8R B £03h Tl B BE 1L B B 5T
H, TR TR Tl B R STk, b R
e iz i SRR, T R IR B AR R TR
ISP NN TN R & IS Et L €l

" Rule-based
Fusio$

DORTIE % €1 P FRI A7 A (22134 &/ AU E TSNP NN
o AR R (L R W KR A L T
FARE K T 20 KL LR, B2 3O,
TR SEOE KR, B SR A A, i
SLGE— 2 B [ R e B8 () ) 32 e SR, S B
T T A5 40 2 ] ) RS0 R, DA T T i dh
" A

B 2T J2 A BTt 11 77 s i v gk A
FRARFAE | 5387 PN TE I 22 DA 428 408 250908 101 1 o 2 L
MSIEGERR. Rl 8 Bian, B HAE A0 Toll i 42 %
VA TR EHL(SVM), BORIE R (FZ), L E
2:(GA), FEHLARAM (RF), b FHEIL L5 (PSO) L)
K2 BN T #2245 (ANN) 4. 36T RF 3
%, Aliyuda %500 g5 A7 T X SR SR R O 7 0 A T
AR, S0 235 5 15 SR 1 i S A R PE TS, Ahmadi
1 Bahadori®" | FH fie /I — 3¢ 3 4 7] i AL (LSSVM)
D7 R T A I A A AR K S S ], -
Wit GA MEATRIEM A, TR, S8 ri o el 9 5 ik



- 186 -

TRERLF2ER, 26 43 5, 5 2

A 0 FH T AR 35 i )2 1938 85 SR 0 B2 ) e S 4

T F R T OB M RE.  El-Sebakhy™ £
T — A RO R GO I R S R
F—RF—REE R, Patel 25059 1 8 LS AR I
it TR T I P S R R 2R VROR SR ). GA A

Pore Structure

Physical parameters | .
- - & Fuzzy logic
Water flooding efficiency

Evaluation of PVT characteristics |

Crack prediction

Oil recovery forecast Random torcst |

thhology 1dent1ﬁcat10n

\
/

Reservoir description

Water saturation predlctlon Neural networ 1\\

Physical parameters: effective porosny

3u;uma] 9u;qoew|
Surures] deoq |

Core permeability |- Genetic algorithm

Well pattern design ‘

Optlmlzatlon of oil production | e ATt

Crack prediction \__intelligence

Reservoir permeability lbuppml vector me mhmu

Water breakthrough time prediction |

Permeability prediction

Well location optimization |Particle swarm algorithm/

Oilfield productivity forecast |

| Recurrent neural networke .-

y |

L(ycnu ative adversarial netw ml\

o\

\ H»bnd neural networke

f

’

Fa

Deep neural network {

Dccp belief network

8T RS B O EHRE BT, 7 PSO SR
P UBH T AL AER Y, 535k, Ahmadi
SGEPTWA RS T PSO B3 i N A 2 1 2% T
)= PINE. AT IR 2, HLasr Ik MBS &
e T 4 B A7 07 TR A B ) T ) 4 9 225 ).

Capillary pressure curve reconstruction
Physmal parameters: rock compressibility...
y Forecast of oil production and bottom hole pressure
. Logging data generation
"~¥Sedimemary microfacies identification
Oil and gas production
il Predlctlon of remaining oil saturation
= Loggmg curve generation
I _Reservoir model recognition
= Thickness of reservoir sand body
i _ Prediction of reservoir permeability parameters
\___ Reservoir identification
i Seismic image reconstruction
Ultrahlgh resolution seismic inversion
% Seismic resolution enhancement

Plpelme leak diagnosis and early warning

lr Seismic phase waveform classification
e Predlctlon of reservoir physical parameters
\_ Water saturation estimation
Physwal parameters: permeability and fluidity ratio
,-"' Well pattern infilling

\ Convolutional neural netw orkt Fault interpretation and identification

‘f\\ Loggmg lithology interpretation
\_Oilfield fault detection and diagnosis

B8 ATl A TR e %

Fig.8 Artificial intelligence algorithms commonly used in the oil and gas industry
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Fig.9 Reservoir property prediction process based on convolutional neural network
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Fig.11 Prediction process of production data and remaining oil distribution based on LSTM neural network
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