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Research on classification of tight sandstone gas reservoir in

coal measures based on machine learning.a case from DJ Block of Ordos Basin

YAO Huifang'*,ZHAO Mingkun’, CHEN Qiang'"

(1. Department of Earth Science and Engineering , Taiyuan University of Technology , Taiyuan 030024 , China ;2. Shanxi Key Laboratory of Coal and
Coal-measure Gas Geology , Taiyuan 030006, China; 3. Henan Provincial Coal Geological Survey and Research Institute, Zhengzhou 450052, China)
Abstract: The coal-measure tight sandstone in the DJ block of the Ordos Basin is an ultra—low porosity and permeability reservoir, and
strong heterogeneity is a key problem in reservoir prediction and evaluation. Based on 1 880 rock cores plug porosity and permeability anal-
ysis data and 33 sets of mercury intrusion analysis data, the probability cumulative distribution function of the flow interval index and pore
throat radius was calculated, and the three flow units classification scheme with FZI was optimized. Tosolve the problem of the imbalance
of the number of different types of sandstone samples, 734 sets of macro—rock equivalent type data and numerical logging data were sub-

jected to sub-stratified sampling and homogenization sampling processing, and the data subset was reconstructed ; Through the interactive

Y5 B H#5:2021-10-02 RERE T DOI;10.13199/j.cnki. cst.2020-0791

E€WE: I =HEKER LTI TTRITH (20162X05065) ; LLIP4 44 i H IR AF 73 58 Bi W H (201801D121032) 5 S HEME (FE ) 453 A7 B2
PEEIE (GY18027)

EEB N & 255 (1959—) , 3, WFBHTEAHE T ESIM, E-mail . yhf5908@ 163.com

BIIEE AW (1984—) , B IEHANA, SRITIEID, T, Tel:0371-67975202, E-mail : 153903939@ qq.com

260



BT TR A ) IR R BUR D A U R 0 26 5 —— AR /R 23 i DY X B 1] 2022 4F55 6

verification method of parameter setting—training—modeling—testing—performance evaluation, the modeling parameters were optimized, and
machine learning models of 7 algorithms in two categories, unsupervised and supervised, were constructed. They are K—means clustering,
naive Bayes, decision tree, support vector machine, deep learning, random forest and gradient tree boosting respectively, and the two op-
timal classifications of gradient boosting tree learning and deep learning are determined according to the f] score value. The research results
show thatthe sandstone classification based on FZI flow unit can significantly reduce the influence of heterogeneity on the accuracy of per-
meability prediction; compared with unsupervised method, the supervised and active machine learning methods are more suitable for the
classification principle of flow unit. Gradient boosting tree learning algorithm can use lithofacies, diagenetic facies, sedimentary micro—e-
qual type data modeling, and can be used for basic geological research such as the genetic characteristics of flow units, while deep learn-
ing has stronger processing capabilities for numerical data such as well loggingand is suitable for engineering applications such as permea-

bility prediction. The machine learning model with efficient and reasonable classification for flow units is not unique and can be constructed

independently according to research purpose and data typesto optimize the algorithm.

Key words: Ordos Basin ;tight sandstone reservoir; heterogeneity; flow unit; machine learning;penetration ; reserooir predietion
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Fig.1 Location and structure outline map of DJ Block
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Fig.8 Classification results of different machine learning algorithms
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