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Prediction of remaining oil in high water
cut oilfield based on machine learning
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Abstract: According to the distribution characteristics of remaining oil in high water cut oilfields, the pre—making method
of fitting samples of oil saturation isolines and the remaining oil prediction method based on the artificial neural network are
proposed. This paper applies the numerical simulation method to generate the remaining oil distribution fields between in-
jection and production well groups under different well spacings, physical properties, working systems, and other conditions
in batches. It programs a module to automatically extract a small amount of oil saturation isolines and constructs fitting pa-
rameter sample data set by polynomial functions to fit the oil saturation isolines at different times and horizon. This method
can reduce the sample parameters of machine learning. Tensorflow is adopted to construct the neural network model. After
the learning and training process, the oil saturation isoline prediction model between injection and production well groups
is formed. The oil saturation field is reconstructed according to the superposition results of isoline maps between multiple
well groups. Comparison between the actual data of high water cut oilfield and numerical simulation shows that the new
method has prediction ability for fault boundary, interlayer residual oil enrichment area, and local scattered remaining oil
between wells. This method can quickly convert dynamic data of oil and water wells into saturation field data. Compared
with the traditional method , the proposed method significantly improves the calculation speed and quantification.

Key words : numerical simulation ; machine learning; artificial neural network ; high water cut oilfield ; remaining oil

I AR AR i e R B KT R BB, AR I R A AR A L, O R AR AR 1B AR

Ik H 1 :2020-08-19,

fEH A MR (1985—) , 53 INARAE A BIWFSE 61, -t N TFEHLae-F 20 By A i T T 22 ob 0 17 FH L BT ety PO O % B AR RO IR 9 T4 o
E-mail:b.bradley@163.com,

Fe4 i H b A AR ARSI H T B i R R AR F 5T (P19001) , Hh A1 AR A7 OG0T H < 56 T4 3K 3 19 IF &2 54
T -5 R ks (P20071-2) o



<136

5 Xk Ik *E 20224F7 /1

28 o RN B A Bak BRI T, R A5
SRR | v R A 7 R AT T . R
Lo N T REB A th B AT D 4% 58 75 1 (19 T+ i 4 3t
RIS HATRBE S > S A TR TR A
SR A T 5 TE A TR e R B B, F 5T 5 1) T B
5 G R E VUK I B R 2 M
2% 1 SO F R R BE SR I s B A UL s 4
B RN ZE I B A A A A A
B LA L7 SRR il HL o~ AL
e =R o & & S R o S L - 9 B TR ( H1
R S A R E O R AR SR B
A RET A

R WL =7 T W 6 3% i 000 47 Ak TS 28 A
FERT B, T e 54 Pk B « 26— , S M AR A i A Y
ZRORZ , WA i e S R IE 2500 58—, iy T
DB SRR A S T o AR AR . O SEE R
T T RUE R LE T AR AR T V5, 1 S L
(EASTADLZS SR rp 38 IO I 0L R B A (R AT 0L, AR
J 3 3 N TR 28 0 2% (ANN) 2 57 4845 2 5B I ()
s (6] AP G & | Brem AR UG 2 8 M & i iR
MEEY o 207 1% AT PR P ) b i 7 X, S I &
PR ECR R 2 RIS %

1 Jiikigk

el 7 7K TR ARR HE R RE A oy, (ELAT 2 e R
IR T3, ot BBy s Z5 BORHE R, Ry i 12 48
PRI B SRl e AR B A RO U AR AR
SRS 2 18] J AR B, TR IR Z MR A AT A
MEEX . 075 ERR ], B R 7 ) | TR R
J3E 25 30 3 VA 4 T B nl S B e K T SR AR A gk
— R T B KR A B HOT A
ML BT TR TLAR A T BRI Rl I 5 vk (18 1)),
AP BRSO Rt LI . ik
Fr 4L 18] A 2 A 1 E 2 N R S IR R B
3R RS 7 RN 2 B 5 e 2 SR
TR P RS (BB AU i ZR A AN [R] Ik 2] B J2 A7 1) 5 3k 1
FIREY o Q& AR FIRE 7 B R U5 o X A A I
[] 25 RASAUZ 5 i A AR A SR 2, SR IR (R 20t
R 5 R Z R 207 AU iIC SRR LS
LIS BRI . OREA TR 27 2T I
Yo B AR R B B AU 2 BOCTR E S HE A
LT BuR CIE REA S U RIUE VR R l(E2 3 o N e
IRE S (R LR TR Y . (DRI ALR o BTt K4
PRbRiE o AR S i 0 e sh 2588 , %4501 & B B

AN I 2 ) A 9 30 7 1) SR Wk R K R AT AR
SE o USRI E] i R T 3 I R
AR, AU 243 SR H- 2 [ 5 i AR A 2 (U
S8 @F MM EEIE. H2h B
TR AL e A S &, 3 i A (E AR Ak
FEX LR . A 2SR S5 sh 347X
HIRZERRN , RSB  HIRE BN,
4 B E S (9 S BAERE A DRAE AR, B 00 DX e
BB AR
| rxrwiresmirs |
|

| swmwmemRngns |
| Hﬁﬁm%&#zw% b
|E%#ﬁﬂ%£%ﬁ%ﬁﬁ%|
|&%#mmgm@mgﬁw|

| swmwmrsanggiE |

>

| 44 et |
B ETHE% SRR Kb N7 AR AR Rk

Fig.1 Roadmap of remaining oil prediction method
based on machine learning
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Fig.2 Numerical simulation results of oil saturation
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Fig.3  Oil saturation isolines at different times(S,=0.5, Layer5)
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Fig.4 Polynomial fitting results of oil saturation isolines
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Fig.5 Schematic diagram of artificial neural network model
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Fig.7 Prediction results of test set
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Fig.8 Results of oil saturation by machine learning and numerical simulation
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