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Abstract: Machine learning, especially the development of deep neural network learning algorithms, is chang-
ing the way people discover knowledge. As the oil and gas industry is shifting to unconventional oil and gas ex-
ploration and development, the evaluation and interpretation model based on limited petrophysical parameters is

difficult to meet the complex lithology and structure of unconventional reservoirs, which poses a great challenge
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to the traditional logging evaluation technology. Oil & gas artificial Intelligence (Oil & Gas Al), based on oil
and gas big data, machine learning algorithms, oil and gas application scenarios, has greatly promoted the appli-
cation and development of Al technology in various professionals of oil and gas industry. According to the
data—driven petrophyical knowledge discovery, and the research idea of the “data—algorithm—platform—knowl-
edge—application scenario” , firstly we analyzed the inherent attributes, principles, quality control, hardware re-
quirements, learning model selection, testing, and performance evaluation implementation process for the ma-
chine learning algorithm. The tree graph of the applicability of the machine learning algorithm in logging is sum-
marized, especially the relationship between the application potential and machine learning algorithm in oil and
gas logging. These applications include simulation methods for data correction, petrophysical analysis for data
calibration, logging data quality control, integrated evaluation, and reservoir monitoring. The study case shows
that machine learning algorithms in lithology identification and reservoir evaluation, classification, mechanics,
and reservoir evaluation based on the data link across multiple physical properties of petrophysics compared
with traditional well logging method, which break through the limitation of experimental conditions and physi-

cal properties and has interdisciplinary and comprehensive characterization, had obvious advantages and poten-

tials in well logging technology.

Keywords: machine learning algorithm; logging big data; lithology identification; reservoir evaluation
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Fig. 1 Processing chart on adaptive machine learning
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Fig.2 Logs interpretation flow based on machine learning
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Fig. 3 Corresponding relationship between the classification of machine learning algorithm and its application in logging
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Tab. 2 Characterization of machine learning and its applicability on well logging
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Fig. 5 Lithology recognition and acoustic well diameter data

visual intersection by Machine learning
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Fig. 6 The comparison of machine learning lithology identification accuracy
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Tab.3 The comparison of machine learning reservoir classification results under multiple logging curves
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4 58.6 64.6 76.7 90.9 Pe. Cal. GR
5 55.9 60.5 72.1 85.4 Pe, Cal
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Fig. 7 Evaluation of anisotropy of tight gas-bearing sandstone reservoir using machine learning to recover shear wave data
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Fig. 8 Monitoring of gas distribution in multiple wells through casing resistivity

(DI “ Bl -k G- AR-B I 57 1
WEFETT 1, o M 1 D0 R dh B 2 R Al s AR 4 HL 4%
= 2 Bk B RE ORI B 9 2 2R JE A, 20 1
Bt or 21 10 52 BRAE I H: r 9 3 A

C2OAR A8 I R B ML 22~ R iRUR BLRY

s ARCSCBEZR A, e A YU | ) 245 1 5
PEPEA LK = I 45 D T E A B T g A
FRTS

2 % Lk (References):

d, BTE, RS, % LTI 5 REIRHOR A Bk
P B R G [T). P LAk 2 4R (AR B R), 2019,

34(6): 108-116.

CHENG Xi, CHENG Yuxue, CHENG lJiahao, et al. Geophysical log-
ging system based on machine learning and big data techno-
logy[J]. Journal of Xi'an Shiyou University ( Natural Science
Edition), 2019, 34(6): 108-116.

Fed, A%, R A, 5. QR 5 4 SR 3 i A T
AR (0], W4 A, 2021, 45€03): 233-329.

CHENG Xi, SONG Xin’ai, LI Guojun, et al. Artificial intelligence
logging driven by data modeling and physical simulation[J].
Logging Technology, 2021, 45(03): 233-329.

Fhgx pg, BT R, A S, S5 b il B3R g5 £ B AR B A
PR P L] o A, 2020, 25(5): 1-8.

DU Jinhu, SHI Fuqing, YANG lJianfeng, et al. A general blueprint for
upstream business information construction in China[J]. China
Petroleum Exploration, 2020, 25(5): 1-8.

SR, 2R, B AR, AF. B JRROR TE P AL M ST A e gy 1
J R[], PY b b i, 2022, 55(3): 155-169.

HAN Haihui, LI Jianqiang, YI Huan, et al. Application and Prospect


https://doi.org/10.16489/j.issn.1004-1338.2021.03.002
https://doi.org/10.16489/j.issn.1004-1338.2021.03.002
https://doi.org/10.3969/j.issn.1672-7703.2020.05.001
https://doi.org/10.3969/j.issn.1672-7703.2020.05.001
https://doi.org/10.3969/j.issn.1672-7703.2020.05.001
https://doi.org/10.19751/j.cnki.61-1149/p.2022.03.012

348 o4t o# R

NORTHWESTERN GEOLOGY

2023 4F

of Remote Sensing Technology in Geological Survey of North-
west China[J]. Northwestern Geology, 2022, 55(3): 155-169.

XG0T, R, . BT R TR A R ER T LT AL
A Z A AR T (7], FEE iR, 2022, 55(2): 298-304.

LIU Liang, SHI Wei, ZHANG Xiaoping, et al. Research on Spatial
Distribution of Artificial Fill in Xi’an Based on Gaussian Mix-
ture Clustering Algorithm[J]. Northwestern Geology, 2022,
55(2):298-304.

BT R AR, RS, S5 N L RR e I ST b 2 940 v A iz
UK B 5% (1], A7 92441, 2021, 42(4): 508-522.

LI Ning, XU Binsen, WU Hongliang, et al. Application status and
prospects of artificialintelligence in well logging and formation
evaluation[J]. Acta Petrolei Sinica, 2021, 42(4): 508-522.

ZEk R, TUAE, WRTEE, S5 HT T U0 I R 5 e f B A4 A
(70, Pk T, 2022, 55(2): 56-70.

LI Zhizhong, WEI Zheng, CHEN Xiaoyan, et al. New Earth Observa-
tion Technology and Earth Health Examination[J]. Northwest-
ern Geology, 2022, 55(2): 56-70.

BN, H Lk, M, W BT T 0 BUR 2 R )
Jrgbrge ). AR AR, 2022, 7C01): 24-33.

LUO Gang, XIAO Lizhi, SHI Yanqing, et al. Machine learning for
reservoir fluid identification with logs[J]. Petroleum Science
Bulletin, 2022, 7(01): 24-33.

ESLE, XA, A i, . N RETE A il B 4 T & S5 iy iz
FHBLR 5 % J s 2 L. A il B 4R 5 0T &, 2021, 48C1D):
1-11.

KUANG Lichun, LIU He, REN Yili, et al. Application and develop-
ment trend of artificial intelligence in petroleum exploration and
development[J]. Petroleum Exploration and Development,
2021,48(1): 1-11.

AR, SR, 4, AF. BT AR S 00 I R B Ak A R 1 ]
W5 10, b LA IR, 2020, 25(5): 97-103.

ZHAO Lisa, SHI Yongbin, JIN Wei, et al. Research on the applica-

tion of intelligent interpretation of logging based on dream
cloud[J]. China Petroleum Exploration, 2020, 25(5): 97-103.

ARSI N T BERIT 58 B B LA I 5 4 o T (). 00 T 4
A, 2020, 44(04): 323-328.

Z0OU Wenbo. Current status of artificial intelligence research and its
application in the field of well logging[J]. Logging Technology,
2020, 44(04): 323-328.

Akkurt R, Miller M, Hodenfield B, et al. . Machine Learning for Well
Log Normalization [C]. Society of Petroleum Engineers, 2019.

Gupta I, Devegowda D, Jayaram V, et al. Machine Learning Re-
gressors and their Metrics to Predict Synthetic Sonic and Brittle
Zones [C]. Unconventional Resources Technology Conference,
2019.

Karianne J, Paul A, Maarten V, et al. Machine learning for data-driv-
en discovery in solid Earth geoscience[J]. Science, 2019,
363(6433): 1299.

Kuvichko A, Spesivtsev P, Zyuzin V, et al. Field-Scale Automatic
Facies Classification Using Machine Learning Algorithms[C].
Society of Petroleum Engineers, 2019.

Markus R, Gustau C, Bjorn S, et al. Deep learning and process under-
standing for data-driven Earth system science [J]. Nature, 2019,
556(7743): 195-204.

Oruganti Y D, Yuan P, Inanc F, et al. Role of Machine Learning in
Building Models for Gas Saturation Prediction[C]. Society of
Petrophysicists and Well-Log Analysts, 2019.

Xu C, Misra S, Srinivasan P, Ma S. When Petrophysics Meets Big
Data: What can Machine Do? [C]. Society of Petroleum Engin-
eers, 2019.

Wu H H, Pan L, Ma J, et al. Enhanced Reservoir Geosteering and
Geomapping from Refined Models of Ultra-Deep LWD Res-
istivity Inversions Using Machine-Learning Algorithms[C]. So-

ciety of Petrophysicists and Well-Log Analysts, 2019.


https://doi.org/10.19751/j.cnki.61-1149/p.2022.03.012
https://doi.org/10.19751/j.cnki.61-1149/p.2022.02.027
https://doi.org/10.19751/j.cnki.61-1149/p.2022.02.027
https://doi.org/10.1038/s41401-020-0474-7
https://doi.org/10.1038/s41401-020-0474-7
https://doi.org/10.3969/j.issn.2096-1693.2022.01.003
https://doi.org/10.3969/j.issn.2096-1693.2022.01.003
https://doi.org/10.3969/j.issn.2096-1693.2022.01.003
https://doi.org/10.11698/PED.2021.01.01
https://doi.org/10.11698/PED.2021.01.01
https://doi.org/10.3969/j.issn.1672-7703.2020.05.013
https://doi.org/10.3969/j.issn.1672-7703.2020.05.013
https://doi.org/10.16489/j.issn.1004-1338.2020.04.001
https://doi.org/10.16489/j.issn.1004-1338.2020.04.001
https://doi.org/10.16489/j.issn.1004-1338.2020.04.001

	1 测井大数据与机器学习算法
	1.1 测井大数据的形成与特点
	1.2 测井机器学习算法的实现与适用性
	1.2.1 机器学习算法实现
	1.2.2 适用性


	2 测井知识发现
	2.1 基于机器学习的测井知识发现
	2.2 基于测井大数据技术与机器学习的知识发现框架

	3 应用范例
	3.1 岩性识别
	3.2 横波提取及各向异性评价
	3.3 油气藏评价

	4 结论
	参考文献

