#2685 H3W VS TGS IO G Vol.26, No.3
20194F5 H Petroleum Geology and Recovery Efficiency May 2019

M EHHS:1009-9603(2019)03-0105-06 DOI:10.13673/j.cnki.cn37-1359/te.2019.03.014

E T REH L2 W 4% a/YiH H
#r A 7 il E T 77 %

AR

Crp A AR At 2328 W) BT R IFTERE , IR AR°E 257015)

WE A4 HEAALISREHERN TR EFRREARE XS EA,RZETRAXTKENEL
(AR LSTM) 44 22 W % oy o B &7 95 7= o & T 0 3k o 8 2 B A 48 B v 45 4% (5 8k BP) 4 2 9 4 4 21 4 4 I 2 (4 AR
RNN) \LSTM # £ ¥ 45 J& 38 DL J A% 5 B ey 2ol b, D30 o W 30 0 3 R 48 P2 o BTN 0 ), 3 vl 37 HF S F 8 7 o
BT RABATHAT T I3, 0 A B LSTM # & W 4 34T T I, S 3 R E - BT T HM. $HNERE
XA EE A FBP 2 WA BAT T A, B R R, TN AP AR R AT, WA E E g, T LSTM 4
BWEHTNF LT UL —MFHOALTEE T EANTHET W ENTN, VEAT N mEHFH &, 7
IR R ERE T —FE I

SRR R T BTN s LSTM #b 22 B 48 5 W43 S5 5 B 48 T 40 38 5 A0 5%

HFESES TE32'S XERFRIZED A

New well oil production forecast method based on long—term
and short—term memory neural network

HOU Chunhua

(Exploration and Development Research Institute , Shengli Oilfield Company ,
SINOPEC , Dongying City ,Shandong Province 257015, China)

Abstract: New well production forecast method based on long—term and short—term memory (LSTM ) neural network was
proposed to solve the problems that artificial intelligence production prediction method commonly used in oilfields cannot
consider the temporal correlation of data with time. Based on the introduction of principle and modeling steps of back propa-
gation (BP) neural network , recurrent neural network (RNN) , and LSTM neural network , development indicators affecting
yearly oil production of new single well were selected taking the yearly production forecast of new single well of an oilfield
as an example, the corresponding LSTM neural network were trained , and the yearly oil production of new single well was
forecasted. The forecasted results were compared to those of support vector regression model and BP neural network. The re-
sults show that the forecast model has good fitting result with higher forecast accuracy. The forecast method based on LSTM
neural network can be used as a new artificial intelligence method for the oil production forecast of new well in oilfields. It
is a new method to accurately forecast the oil production of new wells in oilfield and to guide oilfield development decision
making.
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Tablel Selected input variables and their correlation
analysis result
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Fig.4 Comparison of actual and fitting values of yearly
oil production of new single well
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