FOMRREER 2002 4E3 4 7 E5 1 12-23 'l.@ AT TR K
[y

Petroleum Science Bulletin

3T LSTM-BP #&: B4 m2FLBR ) iR 57

K42 W, FHRAL HF 2 EL2, AUk

1 E R (AU N TR E2ABE, dEaT 102249
2 AR () AT IR S E R TSR, T 102249
* J5/E# , songxz@cup.edu.cn

Wk H 4 2021-10-13
P A R AR A SR A B A ] - P E A IR 2E (b a0 B A ER L L0 (ZLZX2020-03) , B H SHF AL TR AR g RoR Se iRl g )
i H (2019YFA0708300) %% Bl

e HEABREARGAFNE T THLIBTEEN LM EE, MHATEHREILREL ZRELS L2,
REEHARNENEENR., AT AREEHELREA TR T ERELAR, HERELTHWEA, KXHE
B F SHENRH AT EmEL LR, RE TRHKEHITIZHE WL (LSTM) frik £ R 1% & # 4 F %
(BP) M4 A1t &M EILRE A W7 %, A LSTM ERIAE -0 - XL B BFEH W FIIMAEEREL, 214 BP E
MERMEGEESHEINIRES Z B & ERA X R, B EHIA 4N FREFEHRATHERIFE SR
FdE LB RRET 18 M AS S, st LSTM-BP ¥ EILIRE 4 T EH AR FATI AR, IR F B £
X LSTM-BP # & W &AL A By 5 AP AL S BT T (hat, BORK AW AT S A fn & HF 1T B4 AL oy 7 3
% 31 1% 22 27| 1 4.92 MPafn 2.34 Mpa, 37 Rk # 2 5] 47 6.65 Mpa £ 3.03 Mpa, -“F 48 31% = 27 & 4.36% #n
8.31%. #Ja 5 t% BP A | LSTM # & fu X £ EHL (SVM) A b 2 RIAATH W, FRETF, RUNHE
SLH) LSTM-BP #4 W 442 AR 395 T BP A2 A | LSTM # A fn SVM # A, &£ 07 FT4% 1 49 LSTM-BP 31 2 3L 1%
EA T ERA B AR NIt EREE.

Yeplinl HWEILWIES; LSTM-BP L W%, RE%3,; 4IEHE

A novel method to calculate formation pressure based on the LSTM-BP
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Abstract The formation pore pressure is an important basic parameter in the process of oil and gas drilling from well design to
well completion. It is an important basis for the rational design of drilling plans and analysis of wellbore stability, and accurate
calculation of formation pore pressure is an important prerequisite for ensuring drilling safety and improving drilling efficiency.
In order to overcome the problems of insufficient accuracy and low calculation efficiency of traditional formation pore pressure
calculation methods, this paper takes into account that both the drilling process and the formation deposition process have a
certain degree of sequentiality and complex nonlinearity, so this article proposes a method to calculate formation pore pressure
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by combining a Long Short-Term Memory (LSTM) neural network and an error Back Propagation (BP) neural network based
on drilling-logging-recording data. The LSTM layer in the neural network is used to extract the serial feature information in the
multi-source data of drilling, logging, and recording, and the BP layer in the neural network is used to construct a nonlinear map-
ping relationship between characteristic information and formation pore pressure. The field data of an oilfield was cleaned and
processed, and 18 parameters such as drilling time, weight on bit, dc-exponent, sonic time difference, and density logging were
optimized through comprehensive correlation analysis and drilling experience knowledge, and the LSTM-BP formation pore
pressure calculation model was carried out with training, validation and testing, and using the grid search method to analyze and
optimize the 5 hyperparameters of the LSTM-BP model, including the number of LSTM layers, the number of neural units in the
LSTM unit gate, the number of BP layers, the number of neurons in the BP layer, and the activation function. The mean absolute
error of the best single well calculation model and the best adjacent well calculation model were 4.92 MPa and 2.34 MPa, the
root mean square error were 6.65 MPa and 3.03 MPa, and the mean relative error were 4.36% and 8.31%. Finally, the LSTM-BP
model is compared with the optimized traditional BP neural network model, LSTM neural network model, and Support Vector
Machine (SVM) model. The results show that the accuracy of the LSTM-BP neural network model established in this paper is
higher than that of the BP neural network model, LSTM neural network model, and SVM model, which show that the LSTM-BP

formation pore pressure calculation model proposed in this paper has a high calculation accuracy.
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Table 1 Effect of test set under different single well model parameters (Top 20)

LSTM JZZ:4%% BP 255k

e o P T T Y YT BoF %k MAE/MPa RMSE/MPa  MRE/% PR E] /s
1 2 10 2 20 relu 49169 6.6521 436 0.4443
2 2 10 2 20 sigmoid  21.1150  22.4889 19.49 0.4122
3 2 10 2 20 tanh 19.6295  20.9872 18.14 1.0117
4 2 10 2 24 tanh 14.1326  15.5902 12.93 1.1563
5 2 10 3 20 tanh 20.7876  22.0132 19.25 1.0252
6 2 10 3 24 tanh 214395  22.7199 19.83 1.0315
7 2 12 2 24 tanh 20.5783  21.9487 19.01 1.0152
8 2 12 3 20 relu 204343 20.7589 19.21 0.5441
9 2 12 3 20 tanh 19.7303  21.1460 18.19 1.6046
10 2 12 3 24 tanh 18.5791  19.5880 17.24 1.2878
11 3 10 2 20 tanh 14.0569  15.3983 12.89 1.7327
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Table 2 Effect of test set under different adjacent well model parameters (Top 20)
LSTM 2 S4L BP 258
FP5 e . #iGR%  MAE/MPa  RMSE/MPa  MRE/% THEL R /s
= v v = G <P gy
1 2 10 2 20 tanh 4.6492 5.2439 13.90 1.2637
2 2 10 3 20 sigmoid 4.5182 5.3880 13.14 0.5259
3 2 12 2 24 tanh 3.9348 4.5261 13.37 1.1482
4 2 12 2 28 tanh 2.6977 3.7081 8.76 1.1445
5 2 12 3 24 tanh 3.5100 4.2924 11.74 1.1508
6 2 12 3 28 tanh 2.3357 3.0295 8.31 1.3043
7 2 14 2 28 sigmoid 4.1447 4.7892 13.15 0.5123
8 2 14 3 24 tanh 4.0730 4.6833 11.96 1.1568
9 2 14 3 28 tanh 3.8912 4.4348 13.74 1.1769
10 3 10 2 20 tanh 4.3950 5.0765 12.45 2.1015
11 3 10 3 20 sigmoid 4.7458 5.6665 14.20 0.8174
12 3 12 3 24 relu 3.8034 4.6933 8.35 0.7106
13 3 12 3 24 sigmoid 4.4092 5.2163 13.69 0.6980
14 3 12 3 28 relu 3.3993 4.4306 11.55 0.6996
15 3 12 3 28 sigmoid 3.7798 4.6109 13.58 0.7211
16 3 14 2 24 sigmoid 4.0927 5.0269 13.53 0.6550
17 3 14 2 28 tanh 4.5849 5.3907 11.98 1.6748
18 3 14 2 28 sigmoid 3.8769 4.4423 13.76 0.6598
19 3 14 3 24 tanh 4.2824 5.2434 13.22 1.6577
20 3 14 3 28 tanh 3.3308 4.1829 11.71 1.6362
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Table 3 Results of parameter preferences for BP neural network model, LSTM neural network model and SVM model

A it & MAE RMSE MRE  1&mHE SZil 5
ap By G E2BTv 1 BOGRREL R ME /MPa /MPa /% /s R %
i 2 32 tanh 400 20 6.4084 8.1936  9.29 0.1456  11.85
Cin LSTM (B =y G E2BTv 1 i AL QB Aoy G (| AN 5°3
i 3 12 relu 300 50 63811 8.0996  5.69 28477  10.12
Al suM R BRECRE FESISH  epsilon
linear auto 2 0.05 10.4017 11.8627 9.53 0.0006  15.87
ap By G EZ BT POGRE R HUE
A5 3 32 sigmoid 300 20 2.6547 32068 9.46 02406  2.29
FH LSTM By G E2 5T POGRE R HUE
i 3 12 tanh 300 50 5.1425 5.8673 1045 24757 2.6l
i SUM AL BRBU R TETISE epsilon
rbf scale 3 0.05 2.6865 33112  10.60 0.0119  1.40
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