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Abstract

Random forest is a highly flexible machine learning algorithm, which can solve the problems of
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regression and classification. According to the process of random forest seismic reservoir predic-
tion, this paper discusses the key parameters in the process of random forest reservoir prediction.
Taking the reservoir gamma prediction of a work area in SC as an example, the influence of dif-
ferent parameters on the prediction results is compared and analyzed, and the optimal parameter
settings are given. At the same time, the importance of seismic attributes is analyzed, and the op-
timal attribute sample set is obtained. The optimal random forest model is used to carry out re-
servoir prediction with the optimal attribute as the input, and good results are achieved. It is
proved that random forest algorithm can effectively predict reservoir. Parameter optimization of
random forest model is very important, which affects the efficiency and final prediction accuracy
of the algorithm.
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Figure 1. Schematic diagram of ensemble learning
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Flgure 2. Flow chart of reservoir prediction using Random Forest
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Table 1. Training sample data set (The first seven lines)

® 1 OBEHARE®R71T)

K- e = 45 RERL RN PSR Rt BER BER R
ME IR AR ST RIESE st 10 HZ 40 HZ 80 HzZ e A i

61.662 10.444 1289.39 1171 1862.13 0.58 23,495.9 8972.44 22,0009 0.0818 -50.803 63.153
65.901 10.697 2704.56 0.871 1099.79 0.58 14,189.3 3972.55 19,097.7  0.2702 —-5.333 43.73
52.912 10.824 3894.19 1.247 356.502 0.54 8000.18 13,621.5  12,909.1  0.3507 26.152 39.064
53.621 10.854 4730.82 2.555 —203.152  0.52 7189.98 18,451.2 7832.77  0.2771 54.278 36.708
88.201 10.877 5164.91 2.753 —544.464 0.48 8430.18 19,422.6 7058.02  0.0837 80.707 34.904
85.233 10.906 5180.65 1.168 —762.064  0.56 10,479.1  19,158.4 777858 —0.1419 105.838 32.983
89.392 10.981 4794.53 0.605 -1011.3 0.54 13,957.7  18,082.6 9998.2  —0.3066 129.585 29.987
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Figure 3. Comparison of different numbers of decision trees
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Figure 5. Comparison chart of importance of attributes
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Figure 6. Comparison of results before (left) and after (right) attribute optimization
6. BMEMAI(E), BEH)FUMBERITEE

4, &5ig

ASOIG R T RENLAR AR 2 T 7 i SR, HFA ke DARE L XA J= B S B e 6, g 1
BEHLAR MR I R P RS, MRS H O E . B R B N 45k

DOI: 10.12677/AG.2021.115065

708 HOBRBL 2RI


https://doi.org/10.12677/AG.2021.115065

Jamg %

1) FEALARARRT LA R[] U 1 (it = A2 42 2 KA ) A S ) R (s AR 23 P IRA) » SRR A B
HUARAMAE R T 25 R R4

2) BEMUARAR SR AT LI RFAEEAT S ZEE 70 A, BT ZH0T SR AS [RI SR 7 g 2t 72 g P 3R AT BBURE 0 AT o
BUYE B R YL A SIS HCR A SRR A A F LR U S &R

3) BEMLARMAR R M S HOR LR H 2, oM B AR AR TN 45 SRR, R @B R h e AP IR

E&WE

AT R SZ 2R T7 o ) 2 T H 2 250 sk B g PSR IO I 7t 5 B 7 (45 1) 5 - 11-06-2020)
igiIp

SEEk
[1] Breiman, I. (2001) Random Forests. Machine Learning, 45, 5-32. https://doi.org/10.1023/A:1010933404324
[21 JFER, WM, K&V, 5% HEISGKTERALZRD]. Sit5(E iRz, 2011, 26(3): 32-38.

[3] Reif, D.M., Motsiniger, A.A., McKinne, B.A., et al. (2006) Feature Selection Using a Random Forests Classifier for
the Integrated Analysis of Multiple Data Types. CIBCB, 1-8. https://doi.org/10.1109/CIBCB.2006.330987

[4] Diaz-Uriarte, R. and Andres, S.A.D. (2005) Variable Selection from Random Forests: Application to Gene Expression
Data. Spanish Bioinformatics Conference.

[5]1 ak%efh, T, HENH. 2T REHLARMR T SO BRI A [I]. 1L AR K2 SR (B2 AR), 2006, 41(3): 5-9.
[6] JTEFE. BENLARAM A TN R A SRR RMAM]. BT EITREH R, 2012,

71 EEZR, W, W BN RTEAE iR A PR P IO M (3], 307 TREROR R A4 (H AR BHERR),
2015, 34(9): 1083-1088.

[8] CREEME, wmysmil, 2. BEHUAMR S 78 M= A 2 T o i RS []. A b it R B B4R, 2016, 51(6): 1202-1211.

[O] SEEA%, B, RER, K8, FHH, Bt YIRS IINENERE S GRS I —— A ides: X723 HHE
FURAABI[I]. 82 AR 2240 (A AR RHARR), 2017, 32(5): 22-28.

[10] JHEHS, sKkibta, SKEE, &0, RMWAEF, sk FETRBEE —— BN ENE R & 2 A IR BI[0]. KA
7 5T &, 2017, 36(6): 127-132.

[11] sy, BT REAL RS ARMR R TN T8 ST [D]: (W22 AR 3], 3 & A KA (R 5R), 2017,

[12] farfee. ZEFRENLARAMR G VL RG22 BUND]: [t A0 5], Bl R 1K 2%, 2020.

[13] Brown, A.R. (2001) Understanding Seismic Attributes. Geophysics, 66, 47-48. https://doi.org/10.1190/1.1444919

[14] Chen, Q. and Sidney, S. (1997) Seismic Attribute Technology for Reservoir Forecasting and Monitoring. The Leading
Edge, 16, 445-448. https://doi.org/10.1190/1.1437657

[15] Taner, M. (2001) Seismic Attributes. CSEG Recorder, 26, 8-56.
[16] ZRAEW], SHZCH. BENUARMAESEZ LI BT i S A [3]. & Bert SbL S S, 2018, 8(5): 79-82.

DOI: 10.12677/AG.2021.115065 709 HuERFL 2= ATV


https://doi.org/10.12677/AG.2021.115065
https://doi.org/10.1023/A:1010933404324
https://doi.org/10.1109/CIBCB.2006.330987
https://doi.org/10.1190/1.1444919
https://doi.org/10.1190/1.1437657

	随机森林储层预测及关键参数探讨
	摘  要
	关键词
	Random Forest Reservoir Prediction and Key Parameters Discussion
	Abstract
	Keywords
	1. 引言
	2. 方法原理
	2.1. 随机森林算法
	2.1.1. 随机森林原理及特征
	2.1.2. 随机森林模型构建

	2.2. 随机森林储层预测

	3. 应用实例
	4. 结论
	基金项目
	参考文献

