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Abstract: Logging while drilling (LWD ) technologies are employed in many oilfields to reduce the impact of mud intrusion
on logging curves, which require the prediction of logging curves for undrilled formations as it is of great guiding signifi-
cance to LWD. Therefore, a method based on the gated recurrent unit(GRU ) neural network was applied to predict the log-
ging curves of undrilled formations. The model combines the input gate and forget gate of long short—term memory (LSTM)
into an update gate and turns the input gate into a reset gate, which makes its structure simple and not prone to overfitting.
Meanwhile, it retains the long—term memory function of the LSTM model and can effectively alleviate the problem of gradi-
ent vanishing or explosion. Taking real logging data from vertical wells in Xinjiang Oilfield and LWD data in western South
China Sea Oilfield as examples, this study selected the five logging curves of drilled formations and adjoining wells , name-
ly, the curves of the natural gamma ray, deep induction resistivity, acoustic time difference, density, and well diameter, as
training samples and input into the LSTM model and GRU model for learning training. The trained models were then used
to predict the logging curves of undrilled formations. The application results indicate that the average correlation coeffi-
cients of predicted logging curves for Xinjiang Oilfield and western South China Sea Oilfield by the GRU model are 13.78%
and 12.13% higher than that of the LSTM model, and the mean root mean square errors are decreased by 27.08% and
42.17% ,respectively. The GRU model can accurately predict the variation trend of logging curves for undrilled formations.

Key words: logging while drilling; long—term memory; logging curve prediction; undrilled formation; gated recurrent unit

W H b 2021-11-25,
PR T et sm (1985—) , 53 IZR H BN, TR0, = Al A SR A S AR DE TAE . E-mail: 505375146@qq.com.,
FE4TH - b E AR BRI H L — DX R i O B AR ST 5 R (P18022)



.94.

20234F 1 A

neural network

DU 0 A i )2 4 38 ol S 42 BE 0 PR op
HA T EEER, B8 H N REAEE I Ja ad  J
TRRFRI, 1 7 Bt Al 0 e R v 5 % A il 2 1 0
AR B T T, 336 Bt Al - A R A
SR A% B T T 3] SRR b J2 R I B0 £ S B
T 25 5 R0 e Al 40 R ) P SRR RN e 4k, BT Y
AL PR IUA o TR B R T TR0 A B b D b 2 Ty ik
U0 iy 2 AL 7 VR AT — o AR , i SE
Hh R ol A% 5 BP Al 25 [ 4% 150 oK 600 2 I 91 7 1)
(AP T 2861, LB T 2 B AR B A% 2 2T 000 - il 4%
Z AR PE R R (H B TIN5 B 2 M2 DU
TIE R 5 W) ELAT B A8 1, ol 2R R B e 5 Y AR A A
SN gl 46 1 S DR MR s R AR e,
I, FETAL S BP e W 45 B 7 VRO T 4L 1T Bt
AT AR 1L B, 5 S PR b 2 S B L L 07 AR
D 000 A5 7 43 2 R, 3 5T A ol e S22 00 oty
R I M LU IE

UEAE R, BILAR 2% 2 P & 8 | 7R 2 0 TR 4
SRS T2 RS T 2 B R R Sk T A il
J2 I f £ 1 T S A Oy i, L R — S
(AL A 27 >0 B 7 FE 2803000 S+ gy 2 0000, o S e o o
HL(SVM)'7 A6H 32 48 A5 R (FLM) ' | B 1L 4%
AR A v e B B T AR A — A TR TR
T AR AR LT L A AL = =T B 7% I 45 45 4 T
B TOVA R e 2 5 2R AR M I, DU
5 RS AR O R G 2%, T B LR
2o SR TC U I LB OC R TR, I X S
R —ERRBRE . BRI 2 B S L
fE 2 AU R AT T O T 22— LN 48 254 5 2 HL
HAZABREZ, AUEEE o 42 B — TR R A
A 1 Ji 1 22 T AR A 2 400 50T 1) v 4 2 (AR AIE 3R AE
AT A B0 A ST T B2 R TR A AT T
o 43 2 ] R SR ik ELAR R e s pE T K i
P25 ) 28 (LSTM) Rl T T 45706 A R T i 22 W 4% (GRU)
BAUE AR BE F S I o 22—, B —Fh B
LTI I P 28 D 28 AR 505 FH A Bl b J2 DU it
LR TN, 5 H A I 45 2544 1R TR) 2 AR FE T3 T A
PEERA, BT LUK T — R B P A R A B I S5 T
— ARE P IREA HEATI8 5, [ A AR 31 1)
DI A AT 7T — R T 9 R IE (S B, i
HAFEA B B BRI S, BER b T 00 A 5l 1 2
DS 26 o F AR S A — B 0% B X 1 R 4
25 45 (1 it )2 FLBBE T )y 325, A AL e T LB

TR ) 2 i) R ] A A% 8 o 2 IR 4 1% A1
BT J PP A B TR AL, vy 1 LR T Y vl
by R R ERPA TR DUE /TR 1B SUPNNIER )
MBI AR . RMESER B U 2 2% 5 ] 4
IR ITCI S AR EE 5 , A 0 4 O H RO R ik
e 12 SR BRI M 45 45 M 2 0%
HAUNGRmE 2 5 B s e/ IME AL R B S R K
A YRR R, 20 SRS R ) A SR

I IR I HAT LM AT B AR P Y B
S5, i, T GRU A R0k 397 i 3 FE M g 7 9
T T REAT 52 P K S0, 95 LSTM AR B ik Ay
XF LA AT, 45 R R ], GRU BRI TN 4R TR 4, ol
RCTIUIN AR Bl 3 J2 Bk ) BRI R AR D48 S B A
M TR

1 Jiik)iap

1.1 LSTM#%%8!

6 P02 P 28 2 — 26 % T T AL BRI B2 I 90 45 4
(TR BE 2 2 A FE AN TR R B2 P 3 Bl i A0 K I
Z M 2 1R BRSO PRI A, JF R AT B R JE Y
HNEERE | 3K AE A PRI TR BE 7 9 5al - B ek
e, LSTM AL 78051 Hi AT (tanh 2 i
YA 2 E)ZE (B D) A8 3 6P A o 2240 1Y)
ZH AT TR AT LA A — B 20 ) o RS 47
VOBL SIS N DNBI R ERSRAYIIIES| EEENREA L DR STW /N
Ao WL, ERASECNENIE T, A B2
TR ROBE AT LABh A58 Ak, T ke 1 46 B2 % B
JE K ()BT, AR JC T A 1 RSB K

Cu C,
/ [ic, lc
[ &= | [N Wen)z] | i)

Cahi ] h,

1 LSTM#&EIZH
Fig.1  Structure of LSTM model
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Fig.4 Prediction results of regular logging training in Well A1
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