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Research on ROP prediction model of random forest
drilling machinery based on genetic algorithm optimization
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[ Abstract] The improvement of ROP of drilling machinery is an important measure to reduce drilling cycle and operation cost. At
present, the traditional means of improving tool technology to improve the ROP has not only high investment cost, but also has great
differences in application effects. To solve this problem, this paper proposes a random forest machinery ROP prediction model based
on genetic algorithm optimization. First of all, the data is processed and screened, and in order to improve the fitting degree of the
data in the algorithm model, Kalman filter is used for noise reduction. Then, after the correlation analysis of input characteristic
parameters, the final suitable characteristic parameters are selected to reduce the redundancy of the model. Finally, the characteristic
parameters are combined with the model through experiments. The results show that the genetic algorithm-random forest machinery
ROP model proposed in this paper has high accuracy and good convergence.
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Fig. 1 Model frame structure
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Tab. 1 Partial data of ROP prediction

FHR/m Ak FiE/KN  BeEEE B L/ FIE/ WHREE/ O AOWE/ g/ e, LA E
rpm min MPa (g+cem™) (L - min!) MPa kNm (m-+h™")
4526 TRA 134.1 61 35.3 15.2 1.24 35.33 15.2 4.1 2.78
4616 BER A 76.9 61 36.5 17.8 1.24 36.50 17.8 13.7 6.98
4932 P 115.5 50 26.7 10.8 1.24 26.74 10.8 11.9 4.48
4957 A 74.8 50 29.3 12.1 1.23 29.29 12.1 8.7 5.94
5998 bk 46.8 50 25.4 23.7 1.38 25.80 22.4 13.4 5.31
x2 EIHITERBERK
Tab. 2 Category variable coding results
Fayis b BERE B et Y/ e TR YL g Hzada  ZRE
S5 6.36 6.32 5.45 4.22 3.63 3.66 3.52 3.16 2.63 2.06 1.57
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Fig. 2 Comparison of Kalman filter denoising
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Fig. 3 MIC of drilling characteristic parameters
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Tab. 3 Parameters value of each generation

ERARE n_estimators max_depth r2_score
0 120 14 0.864 3

1 110 16 0.921 4

929 140 8 0.926 0
100 120 6 0.904 2

W B E AN 76 1%, n_estimators N
120, max_depth b 16,R2_score 40.937 4,

A THEBH GA-Random Forest HLAR &k 32 T i A5
RITEAS YR S o v 5 A A AU AR L B A 3 S RG B, i
TIPSR AR ] A A KNN Bl AR SVR [l I 5
BUPEAT R OO0 HT , SR 4 R AN & 4 B

EYAE/(m-h)

() DTAEAI T 25 5

J,i‘\;ﬁ:m/(m'h")
(d) GA-RF 58U T 25 5

B4 ZEBITMERIEE

Fig. 4 Prediction results of multiple models
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Fig. 7 Alarm information picture
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