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Abstract

With the continuous development of shale gas exploration and production, more and more data
from well logs are being used to assess the reservoirs. Due to various reasons such as equipment
failure, operating costs, etc., there are often missing or irregular curves in the actual logging opera-
tion; as a result, the accuracy of geological interpretation and the reliability of resource develop-
ment plans are greatly affected. To address the problem of missing or abnormal well logs, a new
kind of deep learning model called MTB has been put forward in this paper, which combines meta-
learning, Transformer and bidirectional long short-term memory (BiLSTM). A meta-learning mod-
ule is a cross-task meta-training method that can learn the general characteristics of well-logging
data from a small number of samples very quickly to improve reconstruction performance and gen-
eralisation ability in a few-shot scenario. The Transformer encoder can collect information from
the far-away parts of the well log sequence. BiLSTM is used to obtain the forward and reverse tem-
poral information, and then changes in the well log over time can be modelled. The three compo-
nents together can achieve good learning and reconstruction by the model to improve the accuracy
and stability of well log curve reconstruction. Experiments on the single-target well log reconstruc-
tion were carried out based on the actual data set of the six wells in the northern Mianyang area of
the Sichuan Basin. From the above results, it can be seen that the MTB model is better than other
typical models in terms of RMSE, MAE, MAPE and R?, and has relatively high prediction accuracy and
generalisation ability.
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Figure 1. MTB model structure
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Figure 2. Meta-learning module structure
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Figure 3. LSTM neural network state diagram
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Figure 5. Computational graph of the self-attention mechanism
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Figure 7. MTB workflow for well-log reconstruction
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Table 1. Information related to well-log dataset W

F1LONAHEEIESR W HHXER

H4 TR (m) KA 18] B (m) FEALL
Wi 3567.75~3640.25 0.125 580
w2 3490.25~3570.75 0.125 644
w3 3558~3633 0.125 600
W4 3482.25~3556.5 0.125 594
W5 3567.75~3640.25 0.125 580
w6 3560.5~3635.75 0.125 602
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Figure 8. Pearson correlation coefficient matrix between AC and other well logs

8. AC SE M F Lk B /REME X REFERE

DOI: 10.12677/jogt.2026.483043 388 Frm RIS AR


https://doi.org/10.12677/jogt.2026.483043

3
o
&
&

4.3. SEHRE 5ITMNER

AT HE H R fh 2% AR R MTB (Matelearning-Transformer-BiLSTM) W48 454 . N T 784
RIESAEHRIVRHESEEURE /) LA P S RE /), 05 I ZRad A% b ORUE B B A B i W st Az
ot 20t 2 IR SEES i 445 B R S5 M SN 2R S 3000 T R s .

DRI Ay S o AT B AR TN AT 22 EARTIUIN, By A% N A FEE AR 5 P o 00 - it SRR 2 B A8 IR AL
TERAGEATIN BB E, PRIEA [F 9856077 58 1A R G 1t DL R e st . B N R4 44 2 BILSTM ey
JZYEFEVN 64, BILSTM JZHBA 2 )2, XA Z5HA R TRFRM I 2k B RSB R, S m B A0 il -
4 B UE BRI EARLAE /). /E BILSTM ZJEMAZ Sk FiEE LR, KRR 4, H 2 kLR SEHA
7] 7 (B ARV RFAE A L, 32 w7 91 N AN [E 7 B 2 ] 4 SR A S VE R BRI R 2 i e )= I — 1k
FR R TR 2 R 2 RO FEE VR S IR I, R T WSRO EE . dropout EBIAESA 0.5, BT LS A G B S AT R
1, BENLRE T A TR I A, AR R AR ).

WIZRM B Reptile J6%5 2 HE . WABIRY: 21208 0.01, W EEETBHCN 55 AMEIR Y2124 0.001.
AR FEBA 60, T LA 56 W0 - Hh 28 B LA 5 A8 2 i [, AN TS A5 2R 1 2% ANV B2 IX [) 5 s e
PRS2 R . TN R EIEAEER N 1000, HFAF ML RS0 135 75 1R 22 1E 48 30 YR SEHT I FE AL
ANEIES A LN, SEES T R AR RLAEIX AN E NI EGR e, W LS BRI T M e . 7R
W2, T Reptile WAGHMEH SCHEER BT AT IOREAS BEAT LR BE 2 R B, iL i R /N SO ERFEAR B e
AT E RIS E .

B IEAAAEA R ENFIBAETEE, 9 7 I BRI e B RN Rt e, AR SO S K/ —
LSS NRFAE AT AR AR B . JA— A6 A S sR(10)Fim :

Y-Y

Y, =———mn_ 10
pre Y Y ( )

Hep, ¥, AR NE, Y ARIRIIHE, Y, Yo, 235009 BRI 2 10 B KBS e
B TIN5 B 5 4 AH A A sEAT SO —AL, KB RIFIREY. [, JpPAdiill o ih 2 SO i a4 1
HAEAFBR PRI, A NBI TR R ZRMSE) P40 R 2 (MAE) . P34 %0 5 55 Ho iR 2
(MAPE)FI R E RERYIZVYAN TN bR . BESSEL A it S WO AR B RAE S5 b R REDL 25 DUASPPAG 45
NIPASM Y

an

100%

MAPE =

Rz_l_Z( y_
o=y
Hrb, y NESME, pOoATIE, v AESHERIE.
4.4. AC MFHphek =

AHRI> e AC WALt T 8 F AR B VA SR SEG, R BUASOAN [RIIR FE 1A e £ ) 2 AS 7R A 0 T
SR I MHEEE W, W5 DL Wa IR, R 4 DORE IR,

DOI: 10.12677/jogt.2026.483043 389 B KRR AR


https://doi.org/10.12677/jogt.2026.483043

Zrid M HLPT A OB AR 2 GR A1 LLD S ERI AL, TG AC HZTRIHE R . 2 B AR
B L P T R 2 DA R AU A A5 R LR 2.

Table 2. Comparison of model predictions for single-target CNL well-log reconstruction
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