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[ Abstract |

curately predicting wellbore temperatures is of paramount importance for enhancing the safety and efficiency of these operations. Based

Gas storage operations can be significantly impacted by abnormal wellbore temperatures at natural gas storage sites. Ac-

on the analysis of operational parameter correlations, a gas storage wellbore temperature prediction method was proposed using advanced
spatiotemporal graph convolutional neural network ( A-SGCN). Both GCN and long short-term memory (LSTM) networks were em-
ployed by A-SGCN to capture spatial and temporal dependencies, respectively. Based on this framework, an adaptive residual attention
mechanism was incorporated to effectively capture the intricate relationships between spatiotemporal data, ultimately enabling accurate
temperature prediction. The effectiveness of the method is validated through its application at the Huangcaoxia gas storage No. 2 injec-
tion-production station. Accurate prediction of wellhead temperature at Well No. 1 is achieved through the association of monitoring pa-
rameters between Well No. 1 and Well No. 6.
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Fig. 1  Realization of residual attention

. Cell-state n
Self-attention Lell

— Hidden-state 7

0

BRIEVETE S B J

B2 FaEn s RS R 22 [ 4

Fig. 2 Adaptive spatiotemporal graph convolutional neural networks

T Mk . www. stae. com. cn



2025,25(15)

AR5, A5« ACHEINS 245 Pl 228 IO 4% £ fih P - s 88 T30 6307

L ER (K, V) X LSTM %t Al s )45 5 3 A
HATIREE
2 HESEFERETN
2.1 SRR

BT R 2 SR HEAT A-SGCN fif R I
AT I BE PO A R SAE , S A B 1 R A
6 HAL T B AR, RE AR I I Wi 245, sl 2
B 1 R IR 1 IRy BARSHE, W
LT AP RS, Y K TE] B Ay
2023 4F 8—11 J RAEREIFFEH 30 min,

HFRSECR A 1 TR R Edis an sl 3 e
TR HEICE BR S BOR JC IR 2 H I i R B 80% 1Y
Bl VE R B ALY G AE A 3R 4% 20% $ 40 o 3k
AR

R1 HEIRGESELNHE

Table 1 Monitoring data of Huangcaoxia gas storage
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Fig. 4 Ranking the importance of temperature

F, L

5 6 7

correlation parameters

2.3 FRNAERRERIEEIE
S AR SCHRE I 3E T A-SGCN FOFE L S 801
M Fe il 4 -5 KW K HE MLk r
B & B LSTM 5 5 ( graph convolutional LSTM,
GCLSTM) #EATXF EL, anf&l 5 frws
SRR T F S N SR 25 R B A-SGCN #E
F UL N 4 R b R O A e,
2k 5 SEBREE th 4 FEW) &, T GCLSTM B AL AE
BEAOL G R i P T T RS b, X — 4
B, A-SGCN BRI VR 15 A B Ny ok 5E 18 Xt
AP 3 R R AT R E AR A R, O — 2
A-SGCN5 FE i Jr ik #: 1% L, ani&l 6 Fis .
46 - — FHR

45 —GCLSTM
—A-SGCN

L4t
el
w4t
|
k40t
2y

38 N AN A s A AV
7 A GV

36 F
2023-10-18

1 1
2023-10-30 2023-11-05

st ]

K5 DUREAS S B 75 A A v S

Fig. 5 Method validity verification under test sample

2023-10-24

¥ FE Mk . www. stae. com. cn



Box B oA
6308 Science Technology and Engineering

5 I ®

2025,25(15)

HiEl 6 AT L BENLARAR  SCHF LA XG-
Boost 145 2% 5 5 2l BRI 85 /0N , 1 - 10 L I 3
AR sh i K BAT AR H I S B (e AR 4k, Bos
EATER G B B ER mAaAEA 2, T
T s P A 5 FH B LSTM . BE 6% %8 - s 4045 B it A
ok (B b LSTM Fii ) 540 5 00 3k o 454l %
DRI G 25 82K, AHLEZ R, AR SCHR Y A-SGCN
T2 RAUNG 5 FL S {H Y a3 i HAE AR B
(ELA TR0 b Jre B R A A MR RE . S T i — 20
AT VR A TINRE B, 38 P2 46 %5 1R 2% (mean ab-
solute error, MAE) $4 /7 #R1% 2% (root mean square er-
ror, RMSE ) F1F 24 4 %t H 43 He 12 22 ( mean absolute
percentage error, MAPE ) = Fh 4t 115 B0 I A A A

TR A5 R TR AR L, anER 2 R,
46
451

S~
=

@
T

BEf1 3R R C
288

40
39
38
1 1 1
2023-10-18  2023-10-24  2023-10-30  2023-11-05
i 1]

El 6 A-SGCN 5 kRNt

Fig. 6  Comparison between A-SGCN and mainstream methods

F2 TMAEBRILE

Table 2 Comparison of prediction methods

ik MAE RMSE MAPE
XGBOOST 0.014 33 0.022 24 0.016 38
BiEATL AR AR 0.023 07 0.030 58 0.026 49
AFMEHL 0.017 05 0.021 38 0.019 31
LSTM 0.024 86 0.030 65 0.028 43
GC-LSTM 0.238 51 0.239 95 0.268 21
A-SGCN 0.013 36 0.015 93 0.014 99

1% 2 AT, XGBoost | BEHL AR AN 37 45 ) AL
TETUMDRG B 1 2% BAH X 42 30, L 10000 5 3 A X 5%
Fio AR 6 TIAL, 3K = Bk G T 5 SR L B
BN R YR B LTI K 22 330 R A 1 3
B, BRI = Ay ik 7E — T2 B b 200 T 54 i 3
AARAFAR 78 i B0 70 37 5% b ok BB SR /N
A 52 22 W AR R R AT LAY, 5 AR S, LSTM 78
A B AS b a3y T F TN 0 RE 05 40 4 b 3 2
Bn ) sh AR (0 HAE B B0 S S S
HAAZ MR B R 2, XrlaeEmh T
LSTM TEAbFR G Z% B 3 B0 08 1, o T %l v iy g 7

SR (B ORI e 1 T RS B

ASCHR ) A-SGCN A1 EL T LA b B, 7E i
TS B Ak S0 A J7 34 38 B0 4 1 PR RE
A-SGCNTELRUEES /NN 158 25 1 [RT B, B A v iy b 41
BRSNS AR AR e, B R A N R SR A A A
YEMb At BT S BRI () 223K

3 Fig

IRl Tl B X TVl o P v IE
BTy A% I SRS TR R A A —
E BT SC 2 | S SR B0 T e YL, AR SR
T A-SGON RAR A" i FES Bt 7 12 , 755 1]
MRS RIS [E] AR A ) Bty Rl 5 11 3 B 3 2
R PRI BOCIRS S FA RS R 22 s 2
FRFR AR IL . T A9AT e i 1o Bl
SR PR BT T X FU s

2 % x #

#
fn

N
/|

[1] , U, BRI, & BTV R R KRR
BATRALBE SR LRE (1], ERB T REZ2M(ARELE),
2024, 38(2) : 226-235.

Liang Bing, Dong Shasha, Ren Yuqing, et al. Research review of

N

natural gas pipeline operation optimization based on stochastic opti-
mization algorithm [ J]. Journal of Chongqging University of Tech-
nology ( Natural Science) , 2024, 38(2) ; 226-235.

[2] Zhang S J, Luo M, Qian H, et al. A review of valve health diagno-
sis and assessment; insights for intelligence maintenance of natural
gas pipeline valves in China[ J]. Engineering Failure Analysis,
2023, 153, 107581.

[3] Ma S H, Wang H X, Lan W J, et al. Mechanical detection system
for injection production string in oil and gas wells with high tempera-
ture and high pressure[ J]. IEEE/ASME Transactions on Mecha-
tronics, 2023, 28 ; 3241289.

(4] ZEting, FHel. WOHOT KA S & dURIR B MBS [ 1]
R 5T, 2023, 51(8) ; 82-88.

Li Zenggiang, Han Zhuo. Effect of shock wave on supersonic low
temperature dehydration of natural gas [J]. Cryogenics and Super-
conductivity, 2023, 51(8) : 82-88.

(5] BeMe, i, XIK58, 45, FIEMRIEAME I KR EE A&

fiE I (7], WIS, 2024, 43(6) : 710-719.
Yin Xiong, Xu Bo, Liu Tianyao, et al. Adaptive simulation method
of natural gas pipeline considering temperature and pressure com-
pensation [ J]. Oil and Gas Storage and Transportation, 2024, 43
(6): 710-719.

[6] Wang Q Y, Song Y H, Zhang X S, et al. Evolution of corrosion
prediction models for oil and gas pipelines: from empirical-driven to
data-driven [ J ]. Failure  Analysis, 2023,
146 107097.

7] b R, B, . IR DA B S
WSS [J]. BRI 2, 2023, 46(5) : 113-118.

Yang Fei, Deng Lang, Luo Tao, et al. Design and flow field analy-

Engineering

sis of high-pressure natural gas wellhead drop separation device

¥ FE M HE . www. stae. com. cn



2025,25(15)

AR5, A5« ACHEINS 245 Pl 228 IO 4% £ fih P - s 88 T30

6309

[10]

[11]

[J]. Drilling & Production Technology, 2023, 46(5) ; 113-118.
WA, 258, R, FOW ROV A SRR K R
Ml TEMRACLI]. AMERESAT, 2024, 53(1) ; 14-19.
Fan Xuejun, Li Wei, Li Huashan, et al. Fault analysis and process
optimization of triethylene glycol dehydration Unit on offshore plat-
forms [ J]. Oil & Gas Chemical Industry, 2024, 53(1): 14-19.
Marrel A, looss B. Probabilistic surrogate modeling by Gaussian
process: a review on recent insights in estimation and validation
[T]. 2024,
247 110094.

75, R, i, TD-LSTM-S BUEI/E — S Tk h ik B il

RN [J]. HRBE TR M (A RE), 2023, 37

(4):192-199.

Fu Zijun, Wu Yongming, Xu Ji.

Reliability ~Engineering &  System Safety,

Application of TD-LSTM-S
model in CO, concentration prediction [J]. Journal of Chongging
University of Technology ( Natural Science), 2023, 37 (4):
192-199.

BEA, MTZRR, RAB, 45 Bombb BT 5 BEMLARARRL & 1K
R TN T7 ¥ (V] R A IR TR, 2022, 19(6):
133-140.

Xiong Wei, He Yanlin, Song Wei, et al. Natural gas dew point
prediction method based on extreme gradient lifting and random
forest fusion [ J]. Equipment and Environmental Engineering,

2022, 19(6) : 133-140.

[12]

[13]

[14]

[15]

[16]

Al-Sabaeei A M, Alhussian H, Abdulkadir S J, et al. Prediction
of oil and gas pipeline failures through machine learning approa-
ches: a systematic review [ J]. Energy Reports, 2023, 10.
1313-1338.
Niu WT, LuJ L, Sun Y P, et al. A review of the application of
data-driven technology in shale gas production evaluation[ J]. En-
ergy Reports, 2023, 10; 213-227.
FRE, MR, SIEY, . SRR AR
SEWAR SN (1], B ER 5 TR, 2022, 22(18) .
7890-7902.
Wang Jianjun, Zeng Xiangjun, Jia Shanpo, et al. Prediction of
wellbore temperature field and analysis of influencing factors in gas
storage injection-production wells [ J]. Science Technology and
Engineering, 2022, 22(18) : 7890-7902.
T, R, RS, & MESHESET R
T ()], AWM S, 2019, 5(2) : 35-38.
Yu Yang, Li Limin, Dong Zonghao, et al. Temperature and pres-
sure prediction of injection and production well in Xiangguosi Gas
Storage [J]. Petroleum Pipe & Instrument, 2019, 5(2) : 35-38.
AN, MR, ST ORBCE A AY T 4 1 s B A R S
[J]. FEHARSERA, 2021(1) ; 225228, 231.
Qiao Zhijie, Tian Chizhong. Wellbore pressure and temperature
gradient prediction based on big data modeling [ J]. Information
Technology and Informatization, 2021(1) ; 225228, 231.

¥ FE Mk . www. stae. com. cn





