CHEEE I o wOAROKR A G Bk B 2 RO Vol.54 No.2
2024 4 3 A Journal of Jilin University(Earth Science Edition) Mar. 2024

FRTBUR A5 L RIS A SR T RENUR R A B B O R O R T MR 2 R G ERFLE AR L 2024, 54(2) : 701 -
708. doi:10.13278/j.cnki.jjuese.20230193.

Wang Xinling, Zhu Xinyi, Zhang Hongbing, et al. Lithology Identification Method for Logging While Drilling Based on
Random Tree Embedding. Journal of Jilin University (Earth Science Edition). 2024, 54 (2): 701 - 708. doi:10.13278/].
cnki. jjuese.20230193.

HeT-BEPLOT i AR BE B I S v DA 05 74

e AE 1 3 S L2 ; 2 713 2
THOLAHFELKERELD B FTR
LI i PR 55 P45 A7 B2 W1 40 4 2l 88 A R 90 e A A 0 GERVID LR BT 524057
2.9 K M BR B2 5 TR B L B 5 211098

WE: EBRRANABEFN T O — AT, MANEF T F =00 R L, 8 M0 A8 178 5] 4L R
HHNNARTE, MEMNFRRKABNCOCERAT 2GR R 22T SRS EGEFAE L &4, E4
MABLERREMNF Y ETMNFLAK, STHAENFAKRY  ABMANBSF ISV L EA>LEL T
158 . *Fob, AR S R ALK BN BTN RE AR ) S A 69 8 AR A, 9 o ok AR 2 R4k ) R 98 8 i = U
Yo Gt AL A FH R AR A AT B A R ER AT IN AN RANEFIHED G AR H., S ER
HREAV AR EIAAMHFNG IR T LA RBEGRANLREH R F A8 B4R RAIAKS
BRI T 3.16 %4 3.25%0 , AL T A5 B 42 A A AR R AUA Ao ks T BRARAL X B F AL ik

KW AEF T ALK SN AL AR AR 5 M ROR) 5 R 4L ) R

doi:10.13278/j.cnki.jjuese.20230193 FESES TEI2] XEk R ARG A

T

Lithology Identification Method for Logging While Drilling
Based on Random Tree Embedding

Wang Xinling', Zhu Xinyi*, Zhang Hongbing®, Sun Bo', Xu Kexin®
1. Data Processing Center (Zhan Jiang), COSL Geophysical R& D Institute , Zhanjiang 524057, Guangdong » China

2. School of Earth Science and Engineering s Hohai University s Nanjing 211098, China

Abstract;: Lithology identification is an important task in reservoir evaluation. With the development
of machine learning methods, intelligent lithology identification has become a popular research direction.
Logging while drilling (LWD) technology has been widely used. However, in the actual production
process, due to the high-temperature and high-pressure operating conditions, only a few logging

parameters can be measured by LWD. Due to the small number of logging parameters, machine learning
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model is not able to fully tap into the few parameters. To solve this problem, this paper introduced
random tree embedding into LWD lithology identification. The low dimensional LWD data was encoded
by the binary tree and transformed into high dimentional sparse features, and the upgraded data was
used for training to improve the discriminative ability of the machine learning model. The comparative
experiment results in this paper show that the random forest method with random tree embedding has
the best recognition effect, the accuracy and F, value are improved by 3.16% and 3.25% respectively,

compared with the direct use of random forest, and outperforms the gradient boosted tree, extremely

random tree and particle swarm optimization support vector machine algorithms.
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