2014 %38 % FE G EKFFIR(ERAFR) Vol.38 No.3
%3 M Journal of China University of Petroleum Jun. 2014

XEHS :1673-5005(2014)03-0073-07

JEF Bayesian %5y 3¢ A W R PERLAN

WM, BN KEAKR, B M

(1. BE 50K FRE G EENIEHEEEZRE  RBEEL 710065; 2. KR4 % A4 —2 38, ZAIITKIR 710072)

doi:10.3969/j. issn. 1673-5005.2014. 03. 012

TEE AR BE UL AR AT R v A TR M S B T AE A A S P RS Y7 £b BB 0 25 9 ) L, SR FH 79 J2 & # sl S %
T Bayesian 243 3050 AT EEVERE AT, @1 Bayesian 2320 S0 B P2 S L 5 AT BH AR TR R AR RS ) AH 56 1
2R A T A TR AR SR P I UG 3t (5 AL 1) BPNN 25K KRS [ 19 7 2 760 <7 K 7 14 4 v v
IDCQGA_BPNN Al 4557 S5 53R 207 vk i S5 vk 0 1k o 4 S U B o 1 AR TR 3z Ak BB 7, bl T S 8 A 1
JERAGTRG B | RS T L R AR Ak P il it A rh o A AT B PE S U T A SRR R

KR AT BN 5 Bayesian 28258 5 L-M Sk Btk 0 SURE TR SRk

FESES . TP 183 XEKARERD A

Estimation of rock drillability based on a Bayesian multi-branch model
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Abstract: A two-level model was established for predicting rock's drillability based on a Bayesian multi-branch model in or-
der to improve the real-time calculating capability of the model and increase its generalization ability for intelligent optimiza-
tion control. By using the Bayesian method for lithology classification, the correlations of different rock samples and their
drillability can be refined, and consequently the rock drillability model can be improved. Using an optimized back-propaga-
tion neural network( BPNN) with an improved double-chain quantum genetic algorithm(IDCQGA ) , the new model of IDCQ-
GA_BPNN can be modified according to the lithology type of rocks. The results show that this method can not only enhance
the generalization ability of the model, which is optimized by an intelligent algorithm, but also can accelerate its calculation
speed and improve its accuracy. The simulation results indicate that the model is satisfied for the use in real-time intelligent
optimization control process for predicting the rock drillability while drilling.
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