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Abstract The progressive application of artificial intelligence technology within oil and gas exploration has resulted in an
inevitable shift towards the transformation of geomechanical parameter prediction from a traditional to an intelligent approach.
This paper presents a comprehensive review and critical analysis of machine learning algorithms in the direct and indirect pre-
diction of rock mechanics parameters, pre-drilling prediction, monitoring while drilling and post-drilling evaluation of formation
pore pressure, 1D in-situ stresses and 3D in-situ stresses field prediction. Furthermore, the paper compared machine learning
models, input parameters, sample data volume, output parameters, and model prediction performance under different tasks.
It has been demonstrated that machine learning algorithms exhibit superior performance in terms of accuracy, timeliness, and
applicability in geomechanical parameter prediction compared to laboratory tests, field tests, and empirical model calculations.
The current research emphasis is on hybrid models, deep learning models, and physical-constrained neural network models,
which have been validated as highly accurate, robust, capable of generalization, and easily interpretable. However, the existing
research primarily concerns the prediction of 1D geomechanical parameters post-drilling. Consequently, it is not possible to
effectively predict 3D geomechanical parameters prior to drilling or during the drilling process. In order to facilitate the digital
and intelligent transformation of geomechanical parameters, an intelligent prediction framework for geomechanical parameters
is proposed in this paper. This framework considers the influence of multi-source data, including seismic, logging, and mud log
data on the prediction of geomechanical parameters. The machine learning model, which is driven by data and physics, enables
the prediction of 3D geomechanical parameters. This model is updated in real-time through the most recent drilling data, thus
allowing for the pre-drilling prediction, monitoring while drilling and post-drilling evaluation of regional 3D geomechanical
parameters. In addition, the key technical problems facing the intelligent prediction of geomechanical parameters are identified:
(1) The transformation of unstructured data types should be minimized, the complexity of the data set should be reduced, and the
consistency and comparability of the data should be ensured. (2) Multi-source data fusion should be conducted, and multi-source
data sets, including seismic, logging, mud log, laboratory tests, and field test data, should be constructed. Subsequently, data
processing and feature selection should be performed. (3) Machine learning models should be enhanced to improve performance,
integrated models should be adopted to improve prediction accuracy, and mechanism models and domain knowledge should be

integrated to enhance model robustness and explainability.
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doi: 10.3969/].issn.2096-1693.2024.03.027

0 5%

W 2ROl WA A 15 SR R R DT
MW T3 A5, 3k BE SRR HERR T XE T T B 25 A AL
JHRERSAE S AT . KRBT BAT G BRI,
SERR R B SE BT R 2 A Y E RS U HAT,
PP F S5k A ENIRE . B IL
LY AEI AN = M ) AR A, (R ST IR AT
TEREE % . A | T RAESE R, Rl 2R
HREWMTHERERZ . BRELRE, AR
SR A Wi X LE S UG SN XE @ R, BRERE
FIAL. GBFRITIE IERR SR BUB R 2 25, X TR
Fe T IR T R AR M2 A P BAT B

BEE T A B A0 SO AL AR 27 > TR PR &
J&, EWSEEEETE I WS FHFRERSE oy
Prag 2 AUl P AT TR LA T BE5E 70 ]
RS =7 ] 754k B i ot 7 2 28T LS A 2 |
REARR e A | f i TORE B, s R AT RE ) il

TR N 52 2% 9 3 S5 PR 55t REASK D YRR RO T30, 3t 5 )
FRN 1 B REAL R R R AN H . BRTE 4
AR R T — LR S, EX SR S
WAR TR E U, BN, PS5 AR T R B
MR AL g7 A FE RN, Pan 58 7 A5 T AL &R
57 78 o JZ= AL B I B0 i S BEAR - Sazid 45 0
L TR FERLER 27 > 7E I g 000 rp 0, RS . 9K
T, H AT B2 X LAS 7 T TR 5Ty A2 Bt i ]
HR B e T [ AR A 23T o

EH RG22 o, e 1 R,
FEVABE T IR &5 > O ik AT A 0 s 2 Al i
FIEFETIN , = FLRR S 0 A BE R T L Bl e
RIS VEAL LR g i) — 4R = 2 T b A5 B
AR, 0T TR SRR BRI i A R R, BAS
THARFRARZAL, I T MR 2 2808
RETUIMMELE, LU b I g 2 250 ) KA .
REMLH RIS



W B2 24O RE BN AR Ji 55 2 e O 1)

367

BN

Hb R ) FU

g
B4
L3

0

Ay Z

B 1 RAFSEE T

Fig. 1 Intelligent prediction of geomechanical parameters
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Table 1 Application of machine learning in shear wave velocity prediction

4y Jrik MAZEL AR FEAIPEfE SCik
2017 SVM V,. GR. DEN, CAL%: 11 500 44 MRE=2.81%. R>=0.7435 [19]
2019 LSSVM-COA V,. GR. DEN, CAL%: 3674 4 RMSE=0.0373. R’=0.954 [20]
2020 LSTM V,. GR. DEN, CNL%: - R*=0.989, MRE<5% [21]
2020 GRU V,. DEN. GR, POR% 90 000 £H MRE=3.92%. R=0.9686 [22]
2021 CNN V,. DEN, GR, CNL%¥ 1201 44 RMSE=8.024. R>=0.962 [23]
2022 MLP V,. GR. DEN, CAL%: 8293 4 R*=0.9898, AARE=1.87% [24]
2022 DFNN V,. DEN, CNL, POR%§ 40 000 21 MRE=5.11% [25]
2022 CNN-LSTM V,. GR. POR. DEN 5 19t RMSE=0.1843 . MAPE=2.1113% [26]
2023 GA-DNN V.« DEN, GR, POR 119354 RMSE=116.78 ., MAPE=2.27% [27]
2023 BiLSTM V,. GR. POR, DEN% 42 665 1 RMSE=111.4. R*=0.94 [28]
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Table 2 Application of machine learning in porosity prediction
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Tk G eI WASE AT TR B SCHR
PCA-SEN GR. CNL, DEN. DTC 7050 21 MSE=0.000 18 [31]
CNN-BIiLSTM GR. CNL, DEN. DTC 3HH RMSE=0.1939, MAE=0.1332 [32]
BiLSTM —— GR. CNL, DEN. DTC 2 O3 RMSE=0.1277. MAE=0.0979 [33]
GS-PSO-XGBoost GR. CNL, DEN, DTC% 3989541  RMSE=0.5237, MAPE=0.0202  [34]
RF GR. CNL, DEN, DTC % 3734 R?=0.9002 [35]
PTDNN GR. CNL, DEN, DTC% 7533 41 MSE=0.0016, R>=0.8146 [36]
ELM - MET. ETH. PRP, NBU% 574 R*=0.929, RMSE=3.325 [37]
XGBoost RIPLR WOB, T, SPP, ROP%: 9 [ R*=0.935, RMSE=0.848 [38]
RF prp— V/V.. PI. FPA, AL% 1823 4 RMSE=0.0228. R?=0.9196 [39]
LightGBM ViV, PI 7 03 RMSE=0.0229. R?=0.6140 [40]
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Table 3 Application of machine learning in rock mechanical parameters prediction

Wy ik WASEL PAGi T it 8% TR RE SCHik
1995 ANN Voi Vi po 941 O It MRE=4.602%(q,) . 5.232%(u) [41]
2012 ANN CFC. Void. Mica, CF 44 4 o. R=0.7663 . RMSE=6.23 [42]
2012 ANN POR. py. S, - o. R=0.987 61 [43]
2019 ANN . DTC, DTS 120 40 u MAPE=2.1%. R>=0.96 [44]
2022 LSTM 0. o,. o 244 4 C.o C: R=0.9842, RMSE=1.295 [45]

¢: R*=0.8543, RMSE=1.857
2022 RF V,. SD. GS. p, 154 40 o. MAPE=6.2% . RMSE=15 [46]
2023 RBF WOB., ROP, T, H% - .. C. ¢ RMSE=0.025, MAE=0.018 [47]
, R*=0.96(E). 0.95(u). 0.95(c,

2023 PINN WI-Eds + 5y 2 3 21044 E. u. o RMﬂ;éqm\ﬁmmﬁng) [48]
2024 GRU DEN. DTC. DTS 1691 4 u RMSE=4.389, R*=0.967 [49]
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Table 4 Application of machine learning to post-drilling evaluation of formation pore pressure

My ik HASHL B BivkRe SCk
2019 BNN DTC. GR., DEN, POR 375 41 R>=0.994 [74]
2021  ELM-PSO DTC. DEN, CNL 4242 4 RMSE=12.85. R*=0.9929 [75]
2022 MLP DTC. DEN, POR, ¥, 2900 £ R>=0.9981 . RMSE=0.007 09 [76]
2022 DT DTC. DEN, DTC. DTS% 2593541  RMSE=52 [77]
2022 LSTM DTC. GR. CAL. H% 1335 41 MAE=0.035. RMSE=0.052. R=0.586 [78]
2023  LightGBM DTC. GR., DEN, CNL% 2424 4 RMSE=0.078, MAPE=3.419%. R>=0.647  [79]
2023 DT DTC. GR. DEN, H% 6 It R>=0.98, RMSE=0.61 [80]
2023 CatBoost DTC. GR., DEN, CNL% 2498341  RMSE=0.071. MAPE=3.053%. R>=0.708  [81]
2023 LSSVM-PSO  Jf+ill12:%k 4 1 R*=0.97. MAPE=1.3% [82]
2023 CNN-LSTM #3825+ st 15224 MRE=2.70% [83]
x5 HISIFEIE—EMS AR R
Table S Application of machine learning to the prediction of one-dimensional in-situ stress
Ay Nk HASEL BRI fih 280 BERE SCik
2015 BPNN H,. DEN. E., u% 114 ou. 0y MAPE<5% [87]
2017  COA-ANN DTC. DEN, CNL, GR 8600 41 R>=0.9997 . RMSE=0.0557 [88]
2018  PR-GA-ANN Cis. Cu. E. pt 102441 oy, 0w R>0.99 [89]
2020 ANN DTC. DTS, DEN, GR% 250 4] o RMSE=1.42. R>=0.93 [90]
2020  Extra Trees Cis. Cy. E. u%% 100000 20 oy, o, R>=0.9954, MSE=0.0831 [91]
2021  ANFIS GR. DEN, DTC. DTS 2307#0 oy, 0, R™=0.96. MAPE=0.1% [92]
2022 SVM CAL. CNL, GR. DEN 3444 o R>=0.94, MRE=0.07 [93]
sopp  CNNBILSTM- DTS, GR. DEN® 2 1JF  op. o M MSES040, RE0.98 [94-95]

Attention o, RMSE=0.48 . R*=0.97
2022 BIiLSTM DTC. GR, DEN, CAL% 2 [1Jf Ou. G ow RMSE0.06, MAPE0.45% [96]

0. RMSE=0.06, MAPE=0.50%

2023 XGBoost o. C. E, u’% 662 1 ou. 0 RMSE=0.6658, R=0.9960 [97]
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Fig.3 CNN-BiLSTM-Attention hybrid neural network structure
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