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Abstract: The traditional methods fOI‘@CtI n of oil reservoir utilize the seismic attributes generated when seismic
waves passing through the stratum and geologic drilling data to make a comprehensive judgment in combination with the
traditional geophysical methods. However, this type of prediction methods has high cost of research and judgement and its
accuracy strongly depends on the prior knowledge of the experts. To address the above issues, based on the seismic data of the
Subei Basin of Jiangsu Oilfield, and considering the sparseness and randomness of oil-labeling samples, a multi-granularity
temporal structure representation based outlier detection algorithm was proposed to perform the prediction by using the post-
stack seismic trace data. Firstly, the multi-granularity temporal structures for the single seismic trace data was extracted , and
the independent feature representations were formed. Secondly, based on extracting multiple granularity temporal structure
representations, feature fusion was carried out to form the fusion representation of seismic trace data. Finally, a cost-sensitive
method was utilized for the joint training and judgement to the fused features, so as to obtain the results of oil reservoir
prediction for these seismic data. Experiments and simulations of the proposed algorithm were performed on an actual seismic
data of Jiangsu Oilfield. Experimental results show that the proposed algorithm is improved by 10% on Area Under Curve
(AUC) compared to both of the Long Short-Term Memory (LSTM) and Gated Recurrent Unit (GRU) algorithms.
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Fig. 1 Fragment of raw seismic trace data
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4) WSS 2 A W i B8 ) Bk R X L 7 1 A 7K LR
SRR P TSR A St 2SR S TR —
IEi S {EL
4.4 LRWERSHI

AR YR S 2 A DA 7 TR A SCBE AT, AR
SCRE SR P (B A A ) i A Il e
M AUC /MR 2 FI2 3 7R MBS 1] 4 77

R2 TRHEENBEERFEMAUCERILL
Tab. 2 Comparison of different algorithms on
Recall, Precision and AUC

B s (ER7S ARFE fEFHE AUC
ENN 0.00 0.65  0.42
HETRZEE BP 0. 00 0.71 0.59
C SVM 0.25  0.76  0.46
(b, o RNN 0.83  0.25  0.63
CJ LSTM 0.83 0.25  0.63
x GRU 0.65 0.00  0.42
¢ ETFWRENED:  CNN 0.00 0.76  0.50
ZMC%% | 0.50 0.82  0.71
(A )
A .00 0.59 0.73

F3 ARAEEIRMEBIEREIILER
Tab. 3 Comparison results of cost-sensitive performance of

different algorithms

Sk eI HHTES AUC
RNN-+ A ik 0.25 0.52 0.43
LSTM+fR 0k 1. 00 0.23 0.50
GRU-+R A ik 1. 00 0.23 0.50
ARSI 1. 00 0.59 0.73

DA BRI, F 245 R R e S Ml i 7
TR L 4004 T I0i , TCH R A T RE AR, 3301 1R 4%
fiko HH ANN BP 55 CNN K- A o 1A (94 i A 5
TG, SVM U A i 1 A im A o 3 F R 9 595 RNN,
GRU I LSTM £ PEfE 1 W b & T L 28 587k, R Il B2 4%
T AR I e (I B L AR SCHR S SRR RE S A 22 b (1
fE, 763 1R WS T et gE , HLAOL T X HL B A3 M
CEEPERE A MIHEN0.36) . # 345 HE I DA M
RGN BN MR BRI rh | 9 [ 5 e 22 i T 7

) WER R, R 2EER LW A SO IR R AL T
Xt BB 57 24 BE T35 1 RE B 2% 0. 48) , (H R iU I
FEYERE. 2200 0T , i T JC i B 7 B0 46 v Al R 2800 L
B (CRFNRIEAT ) | B AR S0 125 22 AT Ho AR TR K 2247 3
BEAR A 0 Ry TG, T LA A A S 12 1) T00 o f SR A T
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P+ F AL R

% 41 %

WML ik . FE 3L R D AT M R B A B4
LR R R AER RA Z RTRE AT R R

3)AUCHMT . F245 KT A CHE LA AUC 55 L3R
18T B fErERE MR F45 — 4% RNN AT LSTM 8% , 538 T 10%
PR o BEA AR SCHR S ) SR A T 384 BE (- 4 BB AUC
0.52) FIERFI BTN TAF 2 BER
PR | B AR [0l 3R AT BT 3, 1H AUC 25 S F R & BULAT T 42
Tto HBE, K% BB AN BURSR WX T A8 L LR B 24 )

JrEVEREA AR T

AVWCSLEII AT o AR SCER IR B AT X LE A 4 28 TR 227 )
SR WSS R ANTE] 4 B , WSS SR i, A SR ik
FIRS HEJ5 125 BE A5 7 25 72 MR BB LB i B AR I 2R 2% o 1]
I, AR WS SO 45 SR — 25 X L T AR ST 5 LSTM A GRU
BEI N GAERS A SO R AR 22 H =A% B TASCRE
R 34> BILSTM AR A RHAIE S B , AR -5 AN i BT )1 25
FER EEAPRIFLL I NS AR

- NGk : AR £ S LS
— AR R 0.94: — R R — AR
-10 A .
=0.71|
0.5 )
-20 1 0 20 0 0 20 40
¥ e IR
= (b) GRU (c) RNN
504 : - :
150 < IR 065 [ IIGEHE
a0 — Ak P AR
1001 11
K K
X X 0.55
~40 4 0.45

0o 20 a0 0
N2kt %k
(a) ZRSCER

20

20 40

' 4'0 ' (')
I A\ e
@enw () () LSTM

Pl 4 %E?Q%&Eﬂ@ t

5 %iE

2

Xof 3T i S22 P B A R T A A %Z
— o RTCER XS MR )2 I AG I [ REEAT T PR BRI T
— P T O B N P R R B S i A B . R o
X T A iR T R H 22 R B N P 235 48 T ik SRR AE 5
FOR TE SR AR I P S5 R S DEAT AR AR, JE OxT
HFEE B 045 3R s 5 R BlE R REEA TSI
ZR5 00, 15 B0 TR AR S A I A5 R . ARSIk
T S35 2 oo S 10 8 U1 S B b 7 BEORE b AT T S 380
B SRR W] A SO AN AR GERL AR > 7 AR B
AT R BEA T AR S I T

T T2 B TR R BE AN T A, H b J5 25 y  Bi
ZAFTERAEAE A, G o] SN S8 Al 12 b 7 R P R R
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