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Research on coalbed methane well gas production forecast method

based on cyclic neural network

DONG Weiqgiang, MENG Zhaoping ,SHEN Zhen,ZONG Zhimin, CHEN Tao
( College of Geoscience and Surveying Engineering , China University of Mining and Technology—Beijing , Beijing 100083, China)
Abstract: The gas production of a coalbed methane well is an important indicator to measure the gas production capacity of a coalbed meth-
ane well and the effect of engineering development. Accurately predicting the daily gas production is a key issue to ensure the efficient pro-
duction of coalbed methane. Taking the No.3 coal seam of Zhengzhuang block in southern Qinshui Basin as the research object, the dy-
namic parameters of CBM well drainage such as bottom hole flow pressure, liquid column height, casing pressure, daily water production
and stroke frequency, were selected as independent variables to analyze the daily gas production. The correlation between these drainage
parameters established a CBM well gas production prediction model and method based on cyclic neural network. The results show that,
there is a positive correlation between the gas production of CBM well and stroke, gas production is negatively correlated with bottom hole
flow pressure, casing pressure, liquid column height and daily water production. Based on feature importance analysis in deep learning
random forest algorithm, the nonlinear relationship between the drainage and production parameters and daily gas production was studied
and the contribution rate of drainage parameters to daily gas production in forecast model, the order of importance of the influence of drain-
age and production parameters on daily gas production was shown as follows: bottom hole flow pressure >liquid column height >casing
pressure >daily water production > stroke frequency. On that basis, an improved prediction model of short and long time memory based on

cyclic neural network, substitute the drainage and production data of Well Z4—026 into the model for calculation, the gas production of
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CBM Wells in the next 60 days was predicted, the prediction results were compared with the traditional support vector machine regression

model, random forest regression model and BP neural network model, the prediction results are compared with the traditional support vec-

tor machine regression model, random forest regression model and BP neural network model. It is found that the improved shortand long-

term memory neural network prediction model has relatively good fitting effect. The error between actual and forecast production is less than

5%. In the prediction and analysis of gas production of five CBM wells in Zhengzhuang block, the relative error is less than 10%. There-

fore, this method will provide an effective way for the prediction of CBM gas production and the formulation of reasonable drainage and

production system.

Key words: coalbed methane wells ; gas production forecast; drainage parameters; cyclic neural network
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Fig.3 Relationship between daily gas production and exhaust production parameters
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Table 1 Correlation coefficient between drainage parameters
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Table 3 Comparison of four machine learning methods to

predict daily gas production output

o A T
FbR gkl R/ %
LSTM #5574 1524.15 1 555.17 2.04
BP Y 1524.15 1 639.25 7.55
ZRF AL 1 524.15 1 638.70 7.53
BB AL AR ] ) A5 2 1524.15 1.599.25 4.94

R 1 X5 Z4-026 $EZ S SEAT 70 LLAE , e
ZHL X SE Y H S E S T 1000 m* i3 (Z24-030 .
74-046) F- 2 H ™A BN 500 ~ 1 000 m? 19 I
(Z4-023) SF¥H SRR T 500 m* (93 (24 -
031.,24-033) , WA 30 d 19 H =150,
T — 25 B0 Uk LSTM A 225 o £ A5 114 3 FH 14 , 8 DU
ZiRILFE 4,

x4 BEESHIGFEFESEATN~E
Table 4 Actual production of CBM well and
predicted production by model

L TS A/ m? A
sind — -
bR i BRE/ %
74-030 1 359.63 1 347.83 3.12
74-046 1 290.77 1 259.90 8.68
74-023 647.37 596.83 8.02
74-031 356.63 335.40 5.97
74-033 425.77 426.57 2.09

181



2021 4F55 9 1A

#EHMFHAK

549 4%

MR A X B H 4y 5 2 i ol 45 5 vl
DA HY LSTM #5574 i) 751 0 4% SR 5 5 0 {1 2 [a] 3% 2
I KRR ZESEIIEA/ N T 10%

4 4 g

1) FBE X B 2SI HER S 8z AT —
FHOCHE, HIEE RS B2 At 5 ik 2 E A Gk,
H =S S5 IR B R B & A H 7K i 2
TR M

2) MRS IHER S BT H PR R R R R
By - R IR > VRO v B > R > H P K B > TR,
SEERANE T ZE AL HER SRR rh s il H ™= SR N
LSRR B = B T AR AR L
A PR R R

NG H BRI AT S B R
H =K S5 shAS78 40, ASCEE G Cik , 36T
RITAHEAZ 0 28 W 45 AR T (LSTM) X Z4-026 12
SIFHPR ST ELE IO 4 R W], LSTM A
TRUTHINDRS B85 , R R J2 AR 7= =0 T A ol 2
PR HER i BE SR T A RGEE

2% 3K ( References) :

(1] AL W, 280k, MR, A5 2T PCA-NB J5iA IR R
Ja 7 BIUBTTE )] A5, 2019,26(6) 1 108-112.
KONG Peng, LI Zhongcheng, YANG Chenxi, et al. Research on
production prediction of coalbed methane Wells after compression
based on PCA —NB method [ ] ].Special Oil and Gas Reservoirs,
2019,26(6) :108-112.

[2] EEIH G A BERE, SR IEREG T BT KRB M

AT I GE U [ )] 45 H A TS5 # AR, 2019, 47 (3)
70-76.
WANG Zhirong, YANG Jie, CHEN Lingxia, et al.Productivity pre-
diction of low —permeability coalbe dmethane test well in Jiaozuo
mining area under hydraulic fracturing[ J].Coal Geology & Explo-
ration, 2019,47(3) :70-76.

[3] E A7, DWFs, Z2/NE S5 SR MRER U B HER RHAE K™

SEEBUIETFEL )] P EBESHIR ,2018,30(8) :29-35.
WANG Yan,MA Fubo, LI Xiaojun, et al.Study on drainage charac-
teristics and gas production prediction of U-shaped well with low
coal rank in eastern Hubei Province[ J].Coal Geology of China,
2018,30(8) :29-35.

[4] WANG Yan, MAN Zhongshui. Numerical simulation of coalbed
methane—water two—phase flow and prediction of coalbed methane
productivity based on finite volume method [ J ]. International
Journal of Heat and Technology,2019,37(4) :975-984.

(5] BER,BEBLT W, 5005 A8 B2 < R4 A
FAIE e R R [J] M, 2012,37(S2) :401-406.

LYU Yumin, TANG Dazhen, XU Hao, et al.Early production char-

182

[7]

[8]

[9]

[10]

[11]

[12]

[13]

[14]

[15]

[16]

acteristics and main controlling factors of coalbed methane field in
Fanzhuang , Qinnan Basin[ J ].Journal of China Coal Society,2012,
37(S2) :401-406.
AT, PIGE K, 1 MLAS, S5 0 KB Z S RE N B
PIFRFSE[J] A RAR A, 2012,34(11)  118-122.
ZHANG Yanyu,SUN Xiaofei, SHANG Fanjie, et al.Study on pro-
ductivity prediction and influencing factors of coalbed methane
Wells in Qinshui Basin[ J].Journal of Oil and Gas Technology,
2012,34(11) :118-122.
BT BT, B T S ) AL A R e AT 3 S
MEZAHN [ ) ] A B B R, 2012,40(6) < 75-78.
LI Yanfang, CHENG Jianyuan, WANG Cheng.Seismic attribute op-
timization and coalbed methane prediction based on support vector
machine[ ] ].Coal Geology & Exploration,2012,40(6) :75-78.
RPE R AL, 45 R T BEDLAR ARG iR = B
PRI )] M AR, 2020,45(8) 12846-2855.
ZHU Qingzhong, HU Qiujia, DU Haiwel, et al. Gas production
model of CBM vertical well based on random forest algorithm[ J].
Journal of China Coal Society,2020,45(8) :2846-2855.
B R B G20 B2 AU sl RS S A
B[ J] M4 ,2011,36(9) : 1481-1485.
LYU Yumin, TANG Dazhen, LI Zhiping, et al.Simulation and pre-
diction model of dynamic productivity of coalbed methane wells
[J].Journal of China Coal Society,2011,36(9) :1481-1485.
e B TR ICAZ 0 22 I 45 (4 dih BT T 7 i 0
LIPS R AR ,2019,26(3) :105-110.
HOU Chunhua.Oil production prediction method of new oil well
based on long and short—term memory neural network [ J].Petrole-
um Geology and Recovery Efficiency,2019,26(3) :105-110.
TR ER A IR T IR XU G PR 22 0 2% 14 i )=
FLBRBEBURI[ )] Ry S 0k JRE ,2021,41(11) :1-10.
WANG Jun, CAO Junxing,ZHOU Xin.Prediction of reservoir po-
rosity based on deep bidirectional circulating neural network[ J].
Progress in Geophysics,2021,41(11) :1-10.
DAVID O,0LALERE O,SUNDAY A, et al.Dynamic data driven
sonic well log model for formation evaluation[ J].Journal of Petro-
leum Science and Engineering,2019,175(4) :1049-1062.
BRI, S F TR, SF I TR PR 2 25 A AT
BLSUTVAR P2 O AR5 [ ) ] B2 52 K, 2020,48 (1) :33-
38.
LI Shugang, MA Li, PAN Shaobo, et al. Research on prediction
model of gas concentration in coal mine working face based on cy-
clic neural network [ J].Coal Science and Technology, 2020, 48
(1):33-38.
WEERAKODY P B,WONG K W,WANG G,et al.A review of ir-
regular time series data handling with gated recurrent neural net-
work[ J].Neurocomputing,2021,441(7) :161-178.
ALEX S.Fundamentals of recurrent neural network(RNN) and long
short—term memory ( LSTM ) network [ J ]. Physica D: Nonlinear
Phenomena,2020,404(11) :1294-1322.
RGN F R K, 55 T T R o) 46 P14 28 000 24 Fr) 3] i A
2 B vk BB L] AT 2020,59(2) :250-257.



i 4 HE TR ERRR 2R I 28 B LR AU R B D7 i E 5

2021 456 9 )

[17]

[18]

[19]

ZHU Jianbing, WANG Xingmou, FENG Deyong, et al. A method
for fluvial reservoir prediction based on bidirectional circulating
neural network and its application [ J ]. Geophysical Prospecting
for Petroleum,2020,59(2) :250-257.

ESKANDARI H,IMANI M,MOGHADDA M P.Convolutional and re-
current neural network based model for short — term load
forecasting[ J].Electric Power Systems Research,2021,195(9) .
652-666.

Fubs B, A A5 R TEER A 22 19 44 A i F R
AKHHHEFUNTT L 1] AR 5 I %, 2020,47(5) : 1009-
1015.

WANG Hongliang, MU Longxin, SHI Fugeng, et al. Prediction
method of oil field production in ultra—high water—cut stage based
on cyclic neural network[ J].Petroleum Exploration and Develop-
ment,2020,47(5) :1009-1015.

M, ERE RS, AR BT LSTM EFR M 22 I 2% 1 it 2
YIPE BN T B 58 [ 0] M ER Y BT 2 R TR, 2019, 34(5)
1849-1858.

AN Peng, CAO Danping, ZHAO Baoyin, et al. Research on

[20]

[21]

[22]

reservoir physical property parameter prediction method based on
LSTM cyclic neural network[ J].Progress in Geophysics,2019,34
(5) :1849-1858.

TRAET, ok . B R AR 2 T A BB ML AR bR 75 0 A A
[J].BHH F:4%,2014,32(Z1) :105-109.

WEN Tingxin, ZHANG Bo. Random forest prediction model for
slope stability of open pit coal mine[ J].Science and Technology
Review,2014,32(Z1) :105-109.

Rk B SR A U0 K A R RO DX R A B
JRAURALR )] KRR U 2021,32(1) 1 136-144.
FENG Shuren,ZHANG Cong,ZHANG Jianguo, et al.Study on the
coalbed methane accumulation model of high coal rank in zheng-
zhuang block, Southern Qinshui Basin [ J ]. Natural Gas
Geoscience,201,32(1) :136-144.

& Bl R B GRS LR TR 2 L BRI
WP R AR [ T] .88 ,2021,30(4) ; 13-15.

XIN Kai, JI Changjiang, WEI Ruofei. The stimulation technology
of L—shaped horizontal well in deep coal seam of Zhengzhuang in

Jincheng mining area[ J].Coal ,2021,30(4) :13-15.

183





