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Composite Time Production Decline Model of Shale Gas Based on
Adaptive PSO Parameter Optimization

LUO Guo-hui, PENG Xiao-long“, YANG Chen, ZHU Su-yang
( State Key Laboratory of Oil and Gas Reservoir Geology and Exploitation, Chengdu 610500, China)

[ Abstract] Due to the complex reservoir conditions and multi-scale pore structure of shale gas, the production shows significant non-
linear characteristics over time. Traditional production prediction methods, which rely on statistical analysis of geological and engineer-
ing data, find it difficult to adapt to the complexity of geological conditions and thus cannot achieve high accuracy. A method that com-
bines the hyperbolic decline model with a composite function having time attributes was proposed. The improved A-PSO (‘adaptive par-
ticle swarm optimization algorithm) was used to find the optimal model parameters, establishing a composite time hyperbolic decline
model. The research results show as follows. The A-PSO optimization algorithm can automatically adjust parameters and model struc-
ture according to the complexity of production data and data changes, finding the optimal parameter combination more quickly and ac-
curately, thereby improving prediction accuracy. The production fluctuates greatly over time, making it difficult for conventional de-
cline models to reflect its characteristics. The composite time decline model, with its strong flexibility, can consider the complexity and
variability of oil and gas reservoirs, more accurately describe the production changes of shale gas wells at different stages, and provide
higher fitting accuracy, making the production prediction closer to the actual value.

[ Keywords] composite time super-hyperbolic decline model; adaptive particle swarm optimization algorithm; parameter optimiza-

tion; shale gas; production forecasting

TR E—MAEW R KRR EIR, 5 Rz, TT“"‘ ENE L [ 20 fH4E 80 4EAL
A, HEA E % R FLBR A, AR HELL H ARUIK , TTA SR N R AR A 7= 5 10 H B4 AR

YKim B . 20240723 &iTHHS: 20250327
BEE&WH. W4T 5] Sy BHLR R IHE (20222YD0003)
F—1EE . SEDE (1999—) , F, DU, 01U )1 0 N B, BIFZE 5 1] . LA SN]SR B IR AL B A 0N O vk R B A U . E-mail .
13541596820@ 163. com,
CEEEE . ANR(1973—) 5 DU, RN 202 . WS 1) i SRR SRS T RN ARADL | M JoT AR A — A Ak A il
ST, E-mail ; peng_xI@ 126. com,,

ML . www. stae. com. cn



R T NI N N -

7584 Science Technology and Engineering

2025,25(18)

gy HAE R RSB P A L Bl R iR A SR,
KT IUE AT BRI AT R 2 M ) e T AR AP TE
—BEFSE R T UE S R R IR X R AR
I AT REAR T HRTAG TN A 2 7= 2 70
S LI TUE IR B A 24 AT R IR Ko
Xt FHESh USSPk i & R B BRI
FUUASAE)Z W SRR R A ANk R, DU A0 1
BRI R T T AR RIS . A <™ il
H IR I, B S SRR R, DR A
PRI AS AL AN AL TSR I T e 2 R

DU PO A5 2% A ABE A8 0 1y 3 oFe il e
AR R MR AR, 7R X 267 vk v 3 e 270
AT PR EL T 9 A7 ) £ R v A B A
PRERD S A B SR MU R RN 2
Tl 2 A A PR 2 T AR IR T T AR R Y
TP (E T A R AR AR AR B T
FHFASIUAELE 1 P s A P s i o e FOASE , 7 5
RSO TR A PR K, BE RIME SCRERT, SRy 17 1 X
IXUER BTN U R T 45 T i R A B 3
45 BT [ il 28 73 BT (extended exponential decline
curve analysis, EEDCA) Duong #5754 15 A g HUp AU
SEHORT L)t 0 R S VRl AR o=l R G 743
I (BN E S S W R S LB UL aitowa W& WA WA R
SESELT AR, NIRRT 4B HLas 4 S Fse
TR ok S iAS B . ol , 2 2848 1
i =5 30r i #2 [7] 5 ( Gaussian process regression, GPR)
5% BUp 4 M 4% ( convolutional neural networks,
CNN) M4 RAM AL G B ERA,, ZIR GRS
TESLIRIG G B IR A A1, S BRI S E
SRORAE T 5y — R Oy TR PR T Ak
A( particle swarm optimization, PSO) AL A 4
SRR O FZRR e T B K AR
TEFAA L B 4B BT R E 5 K
ARG &, TS B 0 AR AR

T 7 2 A A R 2R MR (estimated ultimate
recovery, EUR) X T LA U P K BOCH 2, ™
Tt 368 JRIH B 23 52 B 22 DR 2R 5 ) Bl el P AR XL
i 3t DAY (10 L5 I (1] TG ¥ 3 0 S ik #6784k ) H
R R M A S E Y IR s B
I TR Ja P 1) 52 R A5 e O 3 A Y AT il
M il PN S BT IE DAY & 1/ S RTS A B L N
RN S 7 e IR AL

1 FERRERNET

1.1 SEAREERER
W Hh 3B 8 AL A (Chyper-hyperbolic  decline

model, HDM ) J2& 7 XU 32 s i) B& filh | &% & e ok
12224 O IR AR A b > 1 B kA TR R
U B, TS I 1 T RE 2 i A I [ ) 4 A% A
PR X 3 DR Y ) T R SR AN

q(t) = (1+]dlt)w (1)
K (D)W g NP, m/d; g, HWIHRT R, m’/d;
b RIBIRFEEL, T s o, WRIEREIECR  1/dse
FEEFTR] d,

TETF R A b, AR AR 7™ 3ok Do 23 52 %)
Zo M BEI TR) A2 A0 1 PR 3R S 1 2 12 ) o XS 3o
VBRI A B X LA A i 3 7 ik 3o U B R R
FLAT I ) o R ) 52 G R BB BE A b S R AR
(8 AR A, PR Ry B AT LUK I TR Sy — A 3 25 10 248
i, MAAE— DS WSS ]

T(t) = mt’ (2)
F(2) 1 om g PHRE ] A 52 A 1

B TRy —A B A I a) & M 1 525 R A, 3
05 RRECRE 8 A5 200 b 4 22 00 2R 496 I I [1R) 1Y)
it R EAE R E S E— s SR R B (18 1)
AN B Al AR Ry — A i A B UL A XA 179 4 38
75 AT R RE A% 4 2 21 02 S8 7E A [ 1N (8] 5
FRPIRZSZZ AL, DT 32 1 — A B8y Sl 25 F 42 T Y R 558
ik

m WO AT LA 8 56 B 0 2R A7 I 2 | D) B e i
() 7 el Dl ) ELAA S W) AR me R IR 4
IR [ A 52 e gl 2 SN 28 5 S 2, AR me (DS,
TR 2 5k [B] A S e e 25 AR /0 o 3l It I m AL,
AT LIS R B e 34 365 AN () A A0 A% 1 AT 3R
W, DT e 00 P 88 R ] S 4 I [R] 14 52
PRI 2R 5 XU 3 DR AL A 7 25 | el ST 0 5 I T 328
IS ( T-hyper-hyperbolic decline model, T-HDM) ,
N TIT BE YA e 3 7 e i i ) i A B
q;

t) = 3
a(t) (1 +bd,7(1)]"" (3)
5F
ol
0.001 M“xww '
B P I R S S
F"Q\ Q\ r&\ ’\9\ WQ\ W@/ '\/@/ '1'61’
A= RI(AE-H)

B SZm R m A AR A 2

Fig. 1  Thevariation curve of impact factor m over time
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