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[ Abstract |

like poor wellbore stability and equipment failure give rise to the distortion or loss of logging data. A prediction model based on varia-

Logging data constitutes the basis for oil and gas field development and evaluation. However, in actual mining, factors

tional mode decomposition ( VMD) was proposed to address the issues of unstable and inaccurate results in existing prediction models.
The model combines convolutional neural networks (CNN) , bidirectional long short term memory (Bi-LSTM), and attention mecha-
nism to predict missing sections in well logging curves. With logging sequence data as input, the VMD algorithm was employed to de-
compose the sequence into a series of amplitude-modulated and frequency-modulated signal subsequences. The features were extracted
by the CNN network and trained by the Bi-LSTM network. During training, the Attention mechanism was utilized to learn the impor-
tance weight of each time step dynamically. Finally, the predicted value of the logging curve was outputted. The method was applied to
predict logging curves in the Biyang Block of Henan Province and compared with other common machine learning prediction models.
The results show that the application effect of the CNN-BiLSTM-Att model improved based on VMD is remarkable, with an error of only
the order of 107 and a prediction accuracy of 92.02%. The research results provide new ideas for accurate prediction of logging
curves.

[ Keywords ] logging evaluation; curve prediction; variational mode decomposition; convolutional neural networks; bidirectional long

short-term memory networks; attention mechanism
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Table 1 Prediction accuracy evaluation table for
four models

T DA 7Y MSE R*
CNN 0.021 7 0.813 7
BiLSTM 0.017 2 0.798 0
CNN-BiLSTM-Att 0.007 2 0.906 3
VCBAtt 0.004 5 0.952 6

2.4 WNERTERST
ZRISE P VCBAR Ml 2858 VMD &b P CNN-
BiL.STM-Attention X}l -t £ AC [ Fun , it 45 2%

WK 12 s, MRIEE 12 Fhim s 5k B, PR

TETMRR FAREAT & th R B R ARtk ke 3i . SR,
BEXT TS 53 (91 i e A Ak ) , VOB A 4578 Jig i
WEENREE, SELMEE MY 4, X £
VCBAwR L FE 2075 J5f $2 R0 F0000 K 7 i HLA 3
MRS IR As I, 45 BB AL S50 MSE Al R A 50(E
ik 2 fr7n, VCBAw BiFI[F) MSE # CNN-BiLSTM-
Attention B[ 0. 27% ,R> F T+ 4. 6%

ZEA o AT AR H 52 06 R 56 IE 45 S AT 1, VCBAR
FERITC i85 8 B — i CNN | Bi-LSTM % 4% 55 70 L) A%
ZHA A 8 CNN-BIiLSTM-Attention 78 I - th £k i 75
W05 T 4 5 B O A R B, B A A AR
i FH A

RT/(Q'm)
o o GR/API NPHI/% AC/(us'm™) AC/(us'm™)
’ 0.0 100.0 0.0 30 |30 180 |30 180
DEN/(g-cm™)
4 3 AC(CNN-BiLSTM-AttHiji])/
RD/(Q-m) SP/mV AC(VCBAT)/(us-m™") (us'm™)
RS/€m) 5 11 |-48 10 |30 180 |30 180
HE/m |9 12
= =3 . - p —
= p:
-+ 4 :; =
3 = [ 13 =
e e nN { = S=l]
: il —— I =
f;.f. > =] -
ilf‘:: § = )
= e T 1 =+ 1= T=h
- —-— r
= iy - p 2
BB = 3] mm=y
T > t - D j’w
I b \
4 & > > _g
3 -§" g =| 2 £
i Bl 4 S
i Pl 2 ||
1= = +
- . - 7
e L] =1 ,‘ﬂa%
e L —=r
Pt §- £ CRE
. _ 5]
= 4 JEESP=
)k Sl i =
2 CANPESas 3 =
wy [ o ~ -
- = == e F
s L -
K S - s
B - —
- -
-;F i. N
L =t
3 -
=3 e [ =t 4
2 _'_WEK ";_-‘ L
o =
L= L L;‘
7] 3
m o =
<% .
B 12 T2 SR - 5

Fig. 12 Forecast result logs
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Table 2 Prediction accuracy evaluation
table for the two models

ALY MSE R?
CNN-BiLSTM-Att 0.009 4 0.865 2
VCBALt 0.006 5 0.920 2
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