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A R TR T A S X A R I o A
52 . MAE Fl RMSE U{E 8/, B8 85 L B -
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AT —HIH AL K 73 B AE-LSTM-AT #i AU
H 5 AN AR B X i 2B TR 1k RE A TR . ik B A
FE R AL U op g B S0 5 e, T Ak A A4S BB X AE-
LSTM-AT #ERIPERERYSE M . B3t T LA JLASTH il
SRS UL RN A R TR S A S
LSTM #iHe B B i & J) pL A B,

PRS2 1 T MR GE A EioHE 4R AT
Y2, IEA8 T B I H s 42 347 $00 00 LAt 75 31 45 455 B
FR) e 28 GTRR G L X EE &5 SR L 3. M3 3 Hral LU
B R BR A5 P rp & A4S 98 40 T 23 X die 8 A5 R ¢y )
PERE ™A 52 M), 5 300 Y T R BERE AL . BB BR A
iSRS . MAE Fl RMSE 43 51 [t 58 3 f R
JUTRG T, 15 25 08 v oK BE REAR . PR g R g AR
RUTL LS S5 N O S R TR 2 5 T DL R T
TR R I R B BR R RO LSTM B,
MAE Fl RMSE 435Il bt 58 8 A AU I 1 0. 809 5
0.888 7, A FEKZM, WIEW T R LSTM {fi
TR G i A 2 910 SR e B TR AR R DG R L R
B o 2 A SORAE s B R R ML L EUS L MAE

2 R 5 Eilyeited
Auto Encoder N4 N/ N
Filter-LSTM N N N
Self-Attention N N Ni
MAE/ % 0.3557 | 0.5388 | 1.1652 0.6215
RMSE/ % 0.578 3 | 0.804 1 | 1.4670 0.924 0
R? 0. 866 1 0.724 6 | 0.350 4 0.702 8

TE : Self-Attention A< B 45 fiF $12 R RE J %2 55 , 1 flh o8 20 (5T &k ik
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Hl RMSE W4 & — % B BK IR A8 0 1 AR 4 b G v
AT B R R R AE T DA BT R 25 AR K
T4 RS 86 45 L R 0], AE-LSTM-AT # #I b 1 5 4
PR X fe AR M Rk ¥ A B B A TR, BT
M AR A G 3 R R ik LT — 1K, B
% 77 FL B R F50 0 v A e G ) B8R
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R T HE— A e AE-LSTM-AT #5581 5 H At A5
HRULE TN FL B 2 Ty T A A e 8 T A [ 40 ok
Z MR HEAT I SR, OF SR AT T LB RE T30 00 A% B2 B Xt
LSems, MR R 4 ARBRALE B I LRy AT b iy
gE L R, AE-LSTM-AT #581 /) MAE 4 0. 355 7,
RMSE 2} 0. 578 3, 78 Tl fh 2= A1 AH OC 1 J7 181 B
T MLP F1 LSTM #%1, R*2 0. 866 1,UEH] AE-
LSTM-AT A5 8 R DLE ofe ff , oF n] 58 M 15100 445 2 2
¥, MLP % MAE F1 RMSE {55 . W& 5 7 LLE
HLTETRE 4 185~4 205 m BriR Z i KL AE-
LSTM-AT #&AIF LSTM 5] A [EIFEE . o] LA
WOHE oK BE. AE-LSTM-AT # %/ (§ MAE #i
RMSE #£#5 . LSTM 43 5% 0. 398 9 F1 0. 388 7,
MK 5 Wl LLFE . AE-LSTM-AT #5452 U 4
PUE T h LB B M 26, Ui AE-LSTM-AT #5 A 4
TR LSTM SRR B T 2 5008 09 A B30CRRE
FLA AL F5 Y W0 e
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PRIBOIF I8 B 0 - B 0 R AE R OR . X — BT i
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bR b PR e A A
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Self-encoder-based Domain-adaptive Spatio-temporal Logging Curve Prediction Models

LIU Chengli, ZHU Chenguang

(School of Geophysics and Oil Resources, Yangtze University, Wuhan 430100, China)

Abstract: In previous studies, incomplete extraction of logging curve features and simpler model construction resulted in limited porosity
prediction accuracy. In order to improve the prediction accuracy, the self-encoder, long and short-term memory network and the Attention
mechanism were combined to construct the AE-LSTM-AT (auto-encoder-long short-term memory network-attention mechanism)model. the AE
(self-encoder) unifies the feature distributions of the source domain data and the target domain data into the same space, in order to reduce the
interference of the magnitude changes on the model due to the differences in data distribution, the modified LSTM (long short-term memory
network) reduces the number of parameters while enhances the feature impact of distant time steps and reduces information pollution, and the
introduction of the Attention mechanism dynamically calculates the attention weight of each time step, thus focusing on the key features more
accurately and improving the performance and performance of the model in processing sequence data. a control group including MLP(multilayer
perceptron machine) and LSTM was set up, and four sets of comparison experiments were conducted. It is proved that the model structure of
has superior results in the problems of long-term prediction and cross-domain prediction.
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