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Data Inversion of Azimuthal Electromagnetic Wave Logging While Drilling
Based on LSTM Neural Network
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Abstract: Azimuthal electromagnetic wave logging while drilling (LWD) tool plays an important role in
geosteering and reservoir evaluation, but its measurement response is not intuitive. So inversion method is needed to
obtain formation information. Traditional inversion methods (i.e., Gauss-Newton method, random inversion method,
etc.) are difficult to meet the requirements of real-time inversion due to the slow calculation speed. In this paper, a new
inversion method based on a long and short-term memory (LSTM) artificial neural network was proposed to obtain
formation resistivity. Firstly, the forward algorithm was established based on the method of generalized reflection
coefficient to produce the sample set. Then, the LSTM neural network model was built, and it was trained and tested on
the sample set. The appropriate network parameters were optimized by the traversal method. Finally, the resistivity
inversion was completed on the test set. The inverted resistivity was compared with the forward resistivity, and the
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inversion time and relative error were compared as well. Meanwhile, the anti-noise property of the model is verified by
adding white noise to the test set. The results show that the model can accurately and rapidly invert formation resistivity
and can invert data containing noise, indicating that the model has good robustness. This inversion method can provide

a new idea and direction for logging data processing.

Key words: LSTM neural network; resistivity inversion; azimuthal electromagnetic wave LWD); forward calculation;

geosteering
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Fig.1 Commonly used coil structure in azimuthal electro-
magnetic wave logging
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Fig.5 Comparison of loss function curves under different learning rates when batch size is 32
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Table 1 Loss errors for different batch sizes and learning rates
YIZERE AR R 2
n n=32 n=64 n=128 n=256 n=32 n=64 n=128 n=256
0.000 5 0.0110 0.012 4 0.0125 0.014 1 0.009 3 0.007 5 0.0111 0.0117
0.001 0 0.009 8 0.0109 0.014 3 0.0121 0.008 7 0.007 5 0.0119 0.010 6
0.002 0 0.0110 0.0101 0.010 8 0.0116 0.008 8 0.007 2 0.010 4 0.0107
0.004 0 0.0113 0.010 7 0.0111 0.013 1 0.009 1 0.007 7 0.0109 0.010 8
0.006 0 0.010 8 0.0112 0.0116 0.0133 0.008 9 0.008 3 0.0112 0.0116
0.008 0 0.0125 0.012 3 0.0125 0.0119 0.009 0 0.008 1 0.010 4 0.014 0
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Fig.9 Inversion results of three-layer formation model
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Fig.10 Inversion results of four-layer formation model
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Fig.11 Inversion results of five-layer formation model
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Table 2 Relative error of resistivity inversion
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Histogram of resistivity inversion error distribution under different noise intensities



«124 . & R S S S N 2023 4 3 A
— s N N s 120-126.
R 3 FAEFAERERBE LB
. . A . X YANG Zhen, YU Qijiao, MA Qingming. Real time inversion and
Table3 Comparison of inversion time between different field test of LWD azimuthal electromagnetic waves based on quasi-
methods newton method[J]. Petroleum Drilling Techniques, 2020, 48(3):
N y N 120-126.
S AAFEA BT I 8] /s . . o
b S22 [7]  JIN Yuchen, SHEN Qiuyang, WU Xuging, et al. A physics-driven
LSTMM %% W T Rk Occam?k deep-learning network for solving nonlinear inverse problems[J].
3 0.04~0.06 0.5~4.0 ~120 Petrophysics, 2020, 61(1): 86-98.
’ ’ ’ ’ [8] ZHU Gaoyang, GAO Muzhi, KONG Fanmin, et al. A fast inversion
yang
5 0.04~0.06 0.5~4.0 >240 of induction logging data in anisotropic formation based on deep
learning[J]. IEEE Geoscience and Remote Sensing Letters, 2020,
17(12): 2050-2054.
- élj:uk i/ﬁ 5 @DZ [9] LECUN Y, BENGIO Y, HINTON G. Deep learning[J]. Nature,
2015, 521(7553): 436-444.
[ 10 ] ZHU Xiaoyu, LI Jincai, ZHU Min, et al. An evaporation duct height
] 2k Bk N N o > s s
1 ) LST™M [_XJ ’ﬁ ﬁb%ﬁﬁ ﬂ:‘fi{fﬁ %%ﬂjﬁﬁL EE‘%&%I prediction method based on deep learning[J]. IEEE Geoscience and
i o WNZR)E B9 W25 B B REAS T BB R B 24 0.05 s, Remote Sensing Letters, 2018, 15(9): 1307-1311.
/ﬂ\:ﬁ_% EE ﬁ ,|~ , ﬁ% @z% E ﬁ*}% ; EM— }i @‘iz E/‘J %* E , [11] ARAYA-POLO M, JENNINGS J, ADLER A, et al. Deep-learning
. tomography[J]. The Leading Edge, 2018, 37(1): 58-66.
= ] 2 1F T A R R R SMib
H%ﬁﬁﬁﬁ%j{iﬁ{ﬁ*ﬁi%ﬂﬁ%, ﬁ*” RS HT@FH ° [12] OHS, NOH K, YOON D, et al. Salt delineation from electromag-
2 ) E TEF E2 [X_XJ é%%@ *@ ':P ’fﬁ FH T 5' '5 gf 'V_:E {7%[[ {ﬁ‘ PR ﬁ s netic data using convolutional neural networks[J]. IEEE Geoscience

{i ﬁq 2 W%Eﬂﬁiﬂiﬁﬂiﬁ%ﬁﬁ% ﬁ!éﬁ]g){%/_ %%ﬁ,{j and Remote Sensing Letters, 2019, 16(4): 519-523.

- o ’ [13] COLOMBO D, TURKOGLU E, LI Weichang, et al. Physics-driven
. e ERNIY= =t Sar — % oL s > )

% % {BZIE @‘Z ;&*E ly%%j‘ j‘:’ il g }i {fﬂi E]/J ﬂﬁ); EE BE$ o W deep-learning inversion with application to transient electromagnet-

AN R Y 2% 2 A RO 35 28, FL RO R BT 2% ics[J]. Geophysics, 2021, 86(3): E209-E224.

ﬁ z’_gzjt% jE]'IJ , w JH:E *qg 72 WJ éﬁi)” é/{ﬁ E{Tj‘m %Fﬁ ﬁm E/(J [ 14] JIN Yuchen, WU Xuqing, CHEN Jiefu, et al. Using a physics-driv-

en deep neural network to solve inverse problems for LWD azi-
N vl ELALY ¢ 4 74% %

75‘/2*55'% ﬁﬂﬁiﬂi = ﬁ E/J M ’% = ﬁ °© muthal resistivity measurements[R]. SPWLA-2019-II1I, 2019.

3 )ZIK I%BE !':El E/‘] %%ﬁﬁ'f_“i EE. ﬁﬁﬁ/ﬂi(ﬂﬂ #ﬁﬁ:ﬁ'ﬁ {Eﬁjﬁ‘ [15] HU Yanyan, GUO Rui, JIN Yuchen, et al. A supervised descent

{21;‘ ﬁ JEH E]/‘J UII ﬁ]: ﬁ ?E F %ﬁE ;& TE i"] %7 *ﬁ *y\ é& ?E @ﬁ( learning technique for solving directional electromagnetic logging-

N E 4y s
A Hﬂ TR S . . while-drilling inverse problems[J]. IEEE Transactions on Geo-sci-
&) A 3N v Y N v v

FEA Je AT TS P, 32 T 68 S5 B O 5 8l 2 3 ence and Remote Sensing, 2020, 58(11): 8013-8025.
R B IE o [16] SHAHRIARIM, PARDO D, PICON A, et al. A deep learning ap-
proach to the inversion of borehole resistivity measurements[J].

;’;/--3 % e fﬁ}( Computational Geosciencers, 2020, 24(3): 971-994.

[17] NOHK, TORRES-VERDIN C, PARDO D. Real-time 2.5D inver-
References sion of LWD resistivity measurements using deep learning for geos-

[1] NIE Xiaochun, YUAN Ning, LIU C R. Simulation of LWD tool re- teering applications across faulted formations[R]. SPWLA-2021 —
sponse using a fast integral equation method[J]. IEEE Transactions 0104’3021' ) " A . . N \
on Geoscience and Remote Sensing, 2010, 48(1): 72-81 L18 BRI, BRI, T 55, 4. By (R LA (53 B

4 ’ " . Iy S Sth B . . -

[2] LEE H O, TEIXEIRA F L, SAN MARTIN L E, et al. Numerical ”/)e“l%]_gj‘lﬁ 11 E‘mf‘ﬁ*’r‘_&*’ 2017, 45(2): 115 120"
modeling of eccentered LWD borehole sensors in dipping and fully NI. Wemmg,. ZHANG Xiaobin, WAN .Yong, S demg.n of the
anisotropic earth formations[J]. IEEE Transactions on Geoscience coil system in LWD tools based on azimuthal electromagnetic-wave
and Remote Sensing, 2012, 50(3): 727735 resistivity combined with sections[J]. Petroleum Drilling Techni-

(3] Stk WA, JIRIBL, 4. 2 REEREH: 7 (L REAI S 3R GE ques, 2017,45(2): 115-120.

WU Baizhi,YANG Zhen,GUO Tongzheng,et al. Response charac- SISO SHT (9] A EAEA, 2017, 45(4): 115-120.

teristics of logging while drilling system with multi-scale azimuthal YANG Zhen, XIAO Hongbing, LI Cui. Impacts of accuracy of azi-
electromagnetic waves[J]. Petroleum Drilling Techniques, 2022, muthal electromagnetic logging-while-drilling on resistivity and in-
50(6): 7-13. terface prediction[J]. Petroleum Drilling Techniques, 2017, 45(4):

(47 UM, B, 2 E, 45 BRI R R R (55 H157120. } \ \ A
WRHEBFST [T]. A1 B IEF A, 2022, 50(6): 41-48. [20] 7%, ¢, M40, BAs 7 00 B e 5 A RS ) e, B 3 4% 1) S
LIU Tianlin, YUE Xizhou, LI Guoyu, et al. Study over the geo-sig- HTIE (1] ATIESTRER, 2016, 44(3): 115-120.
nal properties of ultra-deep electromagnetic wave logging while YANG Zhen, WEN Yi, XIAO Hongbing. A new method of detect-
drilling[J]. Petroleum Drilling Techniques, 2022, 50(6): 41-48. ing while drilling resistivity anisotropy with azimuthal electromag-

[5] WANG Gongli, BARBER T, WU P, et al. Fast inversion of triaxial neticwavetools[J].PetroleumDrillingTechniques,2016,44(3):115-120.

[21] HOCHREITER S, SCHMIDHUBER J. Long short-term memory[J].

induction data in dipping crossbedded formations[J]. Geophysics,
2017, 82(2): D31-D45.

[6] 7, FHIE, Dhis . ST UA= 0k i Bl (7 H i i BEL 3%
ASCEAS M N7 S P 2 38 5 B 0], AT B R EOR, 2020, 48(3):

Neural Computation, 1997, 9(8): 1735-1780.

[ i ALF]


http://dx.doi.org/10.1109/TGRS.2009.2027112
http://dx.doi.org/10.1109/TGRS.2009.2027112
http://dx.doi.org/10.1109/TGRS.2011.2162736
http://dx.doi.org/10.1109/TGRS.2011.2162736
http://dx.doi.org/10.11911/syztjs.2022107
http://dx.doi.org/10.11911/syztjs.2022107
http://dx.doi.org/10.11911/syztjs.2022110
http://dx.doi.org/10.11911/syztjs.2022110
http://dx.doi.org/10.1190/geo2015-0610.1
http://dx.doi.org/10.11911/syztjs.2020025
http://dx.doi.org/10.11911/syztjs.2020025
http://dx.doi.org/10.1109/LGRS.2019.2961374
http://dx.doi.org/10.1038/nature14539
http://dx.doi.org/10.1109/LGRS.2018.2842235
http://dx.doi.org/10.1109/LGRS.2018.2842235
http://dx.doi.org/10.1190/tle37010058.1
http://dx.doi.org/10.1109/LGRS.2018.2877155
http://dx.doi.org/10.1109/LGRS.2018.2877155
http://dx.doi.org/10.1190/geo2020-0760.1
http://dx.doi.org/10.1109/TGRS.2020.2986000
http://dx.doi.org/10.1109/TGRS.2020.2986000
http://dx.doi.org/10.1109/TGRS.2020.2986000
http://dx.doi.org/10.1007/s10596-019-09859-y
http://dx.doi.org/10.11911/syztjs.201704020
http://dx.doi.org/10.11911/syztjs.201704020
http://dx.doi.org/10.11911/syztjs.201603021
http://dx.doi.org/10.11911/syztjs.201603021
http://dx.doi.org/10.1162/neco.1997.9.8.1735

	1 随钻方位电磁波测井原理
	2 电阻率反演网络模型
	2.1 模型工作流程
	2.2 随钻方位电磁波测量响应解析计算方法
	2.3 地层模型和仪器参数
	2.4 数据集预处理

	3 LSTM网络训练与结果分析
	3.1 LSTM网络的训练与优化
	3.2 反演结果分析

	4 结论与建议
	参考文献

