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based on data mining algorithm with physical constraints

DONG Yintao',SONG Laiming',ZHANG Yingchun®,QIU Ling', YU Yang’, LU Chuan'

(1.CNOOC Research Institute Co. ,Lid. , Beijing City, 100028, China; 2.China United Coalbed Methane Co. ,Ltd. , Beijing City,
100026, China; 3.PetroChina Research Institute of Petroleum Exploration and Development , Beijing City, 100083, China)

Abstract: This research aims to establish a prediction method for the initial productivity of directional wells in offshore
sandstone oil reservoirs. A total of 17 factors affecting the initial productivity were considered from aspects of the geology,
engineering, and development. Given 2 700 sets of data from 45 directional wells in offshore sandstone oil reservoirs, the
Spearman correlation coefficient, random forest, and recursive feature elimination algorithm were combined to rank the im-
portance of these influencing factors. With the logic of reservoir engineering, the main controlling factors in the initial pro-
ductivity were selected. On this basis, the initial productivity prediction model was constructed by the extreme gradient
boosting (XGBoost) algorithm , and its loss function was improved by referring to the productivity formula to enhance its
physical constraints of this data mining algorithm. The results show that the main controlling factors affecting initial produc-
tivity of directional wells in offshore sandstone oil reservoirs include the formation flow coefficient, porosity , variation coeffi-
cient of the formation flow coefficient between layers, vertical depth of an electric submersible pump (ESP) , perforation
thickness of reservoirs, borehole size, drawdown, frequency of ESP, and choke size. Furthermore, the average relative error
of the XGBoost algorithm with physical constraints for predicting the initial productivity of five wells is 9.68% , and the aver-
age relative error of the XGBoost algorithm without physical constraints is 11.68%. Therefore, physical constraints can ef-

fectively improve the accuracy of the XGBoost algorithm in productivity prediction, and the proposed method can realize

Wi F . 2021-11-15,

YEFB A A (1991—) , 55 il R R BHOA, AR, i DASnl I JF & 7 I B9 AFSE . E-mail: dongyt4@cnooc.com.cn,

FEATH I R BT R TR B S S 40 W A A R BRI 2 R TR Y 7 (2020-KFZL-015) , A (h DA
B2 AR TR b i A 50 AR R 425 4l B N I AIF 5 (2020~ YXKJ-016) o



<138

5 Xk Ik *E 20224F 1 ]

the accurate prediction of the initial productivity of directional wells in offshore sandstone oil reservoirs.

Key words: directional well; initial productivity ; main controlling factor; XGBoost ; productivity formula
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