AimBEEE R 202442 A 9 BE 1 62-72 l..@ /;z\biﬂ? F:4 {0
B Petroleum Science Bulletin

He TR P AT I T Fhes R 2% Pl vk i

IR, RE, g, Rk

op LA R T A ST BE, dEat 100083
* Sl {EVEH , whldqpi@]126.com

ks F 48 2023-02-15
FE S B S R SR Ve VB T 2 X XU B4 10 FHZRE” (2022YFF0801204) F1rb [ A7 i R AR SR A FRA R B ARG @l “rhE
A HFTESESR” (2019-40210-000020-02) B4 %8 1)

e ARNBEFEIFETMNBEENEE S NAERGRREARERL SR BE, X0 W £ HE
B IR BRI GEAR G EENINEFAR, FE MR WA BEAERINEER, BT
EHE-—REATFRERS ., £FH K, MARFRRSERE, ATRRERS KK E 23R AZN
GHAMEA, BARNE ), ACEhEMmdFE " ZEAIBREMENEHELR, BIFEFRTNER, B
MmEFE, v, AALEEFINKAEREE R, REAREE . LRE. BEE, @ EFE 8
FHHAATREDHN, RAFBHEMEA, FRELEFHRR - BB ENZLBHNRE; LR, KR
FeAE A T A &, 3 AR 23 I v % Ho 6] RATL 3 o 0 SR A | R A AR SR, PR 2 B O Ao R A 77 403 Rk
EMBENEHER; KE, ETKEHELENRHERNERIEATNERFFE, #TFTNBEFE, ARXE
REFW: BT ERARRT i BRI GAEARE CPAEART R, RART i I SR 1 I G R AR
EETEE, AEBREFEAGEFEXR, MBI TELRTNG TRMEME A LA -2+ E L

Feplkin] vl E; K-Means B ¥ ; HANE; AL, ALTER

An oilfield production prediction method based on clustering and long
short-term memory neural network

WANG Hongliang, LIN Xia, JIANG Liwei, LIU Zongshang

Research Institute of Petroleum Exploration & Development, PetroChina, Beijing 100083, China

Abstract The accuracy of predicting oilfield production via machine learning algorithms is closely related to the representa-
tiveness and quantity of training samples. Generally, oilfield production data or oil well production data are used to construct
training samples. There is the "small sample" problem when the oilfield is used for the training samples. To use oil wells as
training samples, it is difficult and time-consuming to manually mark training samples that can represent the oilfield production
decline, because old oil fields generally have many development layers, long production history and many production batches of
oil wells. The production data of oilfield and oil well production data are organically integrated to construct training samples, and
the production intelligent prediction model is established to predict the production of the oilfield. Firstly, the K-means clustering
algorithm of unsupervised learning is used to perform cluster analysis on oil wells based on effective thickness, porosity, perme-
ability, saturation and other observed values, identify the production decline category, and convert each type of oil well into a
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typical oil well as a representative of this type of oil well. Secondly, typical wells are taken as prediction objects, and the number

of training samples is increased by randomly extracting wells proportionally from each type of well, that is, the production data

of typical wells and wells are fused to construct training samples. Finally, a model is built based on LSTM neural network to pre-
dict the production of typical wells, and then predict the oilfield production. The research results show that this method not only
solves the "small sample" problem of oilfield data as training samples, but also reduces the difficulty and workload of labeling oil
well data as training samples, and the accuracy meets the requirements of field production, which has certain guiding significance
for the engineering application of intelligent prediction of oil and gas production.
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