%64 B S VAT I/ B Vol.64 No.5
2025 4F 9 A GEOPHYSICAL PROSPECTING FOR PETROLEUM Sep. 2025

MR dE, B, W 2 B . IPSO-Stacking XUSK 8l 42 12 ~J [ 15 N AR Y 1) BO% D 4 42 5 3 R 00 (0] A7 4R, 2025, 64(5): 946-956
CHEN Xuefei, XIN Xiankang, YU Gaoming.Permeability prediction for tight sandstone reservoirs based on an IPSO-Stacking dual-driven ensem-
ble learning model [J].Geophysical Prospecting for Petroleum, 2025, 64(5): 946-956

IPSO-Stacking MKz &£ A == ) B 1& M = B /Y
MR EEERZEZRN

%53k, FRE, a9
(KL k%% W T2, # L& X 430100)

B LR R BUR D A )2 5 15 SR B0 E R T BT 5 05 R, by 3T R XE LA AR IBORS E 1 M B S, SR B Bl 1 UL A
R A 1 T SR 1) 2298 R I T VA PR 25 . ik, RIS SRS ALRIAL A 2 ST LA AL A -, B 551 A Stacking £E 2
>JAER TN % J2 T 3N 2 0 4R B (FZY), I 45 A Kozeny-Carman A5 18 DL K 55 #U# A1 25 78 (DRT) St J2 47 R0 43, 98 J5 6 FH Bk g b
HEOL G (IPSO) B3 1 %]y FRASE Y FIML 2% 27 > #0581 1) S84 ) 28 #E AT 3l A U4k, 15 3] IPSO-Stacking WUBK 2 48 i ~F > B 3 [ A 78 (i
FR IPSO-Stacking 5 %), FI| VLI WG 3l B %9 i - £ 35 i 18, IPSO-Stacking 5 %1 X} H s b 5 4 2 19 B8 38 R W A9 fig S . g 45 R &
HH « 1) ER RS A 1 B SRR 5 019 2 T 006 A5 A 45 3 Y TPSO-Stacking 578 T5M ) FZI 1 6 2 34 3] 98%, WM ) 15 35 R e 5 o 93%,
UEW T IPSO-Stacking A5 78 45 5k ) TN B 77 5 IPSO i 8% B o0 i & AR AL B3 10k R T A A0kt o) e gy SR R R AL 8 2% > BBE 0L 119 2485
FF IPSO 54 1 047 2548, 75 5 (1 DRT £ 3 22 5T 38 7 P o IPSO-Stacking K 3 1:F 4 3 5 K048 BK 20 i By R4 Ak, 52900 T B0 b
FAEE B R ROk L T
KRR B WA BHCA A 2R U B BROTHR B B R R AL SRR )

HE 4 %K S: TE; P631 XEkHRIRAD: A
E S 1000-1441(2025)05-0946-11 DOI: 10.12431/issn.1000-1441.2023.0435

Permeability prediction for tight sandstone reservoirs based on
an IPSO-Stacking dual-driven ensemble learning model

CHEN Xuefei, XIN Xiankang, YU Gaoming

(School of Petroleum Engineering, Yangtze University, Wuhan 430100, China)

Abstract: Permeability prediction for tight sandstone reservoirs usually uses physical and fitted models. However, physical models face challenges
in obtaining accurate petrophysical parameters, while completely data-driven fitted models show poor performance in heterogeneous reservoirs. In
response to these challenges, we propose a coupled approach integrating physical and fitted models. An ensemble learning model Stacking is
employed to predict flow zone indicator (FZI) that characterizes reservoir flow units. The Kozeny-Carman model is combined with a discrete rock
typing (DRT) method for reservoir classification. An improved particle swarm optimization (IPSO) algorithm is then utilized to synchronize the
parameters of the physical and machine learning models dynamically. As per a case study in Jianghan oilfield, the adaptive IPSO-Stacking model,
established by coupling a physical model with a machine learning fitted model, achieves an accuracy of 98% in FZI prediction and 93% in

permeability estimation, demonstrating robust predictive ability. The IPSO method is superior to conventional meta-heuristic optimization
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algorithms in adjusting physical and fitted model parameters. Through IPSO iteration, the derived DRT empirical coefficients exhibit enhanced

adaptability. The dual-driven IPSO-Stacking model achieves high-precision permeability prediction for tight sandstone reservoirs through

collaborative optimization by integrating physics-based and data-driven approaches.
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Relationship between core porosity and permeability in the target layer section
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