H38E HI12W HL T 5 AR 2 4R Vol.38 No. 12
- 202 - JOURNAL OF ELECTRONIC MEASUREMENT AND INSTRUMENTATION 2024 4F 12 A

DOLI: 10. 13382/j. jemi. B2407612

E T Stacking ERF IR FLEEE M 77 &

iRk L &
(PUR A TM R TARE2AE AR 610500)

& AR FLBE 0 TN G e T PPN T i R A A A DR R R A TR . AR B LR B T 4 5 1 AT A A
RUB L o — RS BEAN T FZ AL 22 25 ()8, A T 8 1 FL Bt BE 1000 A S B2, 32 HH T —Fh 3T Optuna HE4LAY Stacking £ BL2% 2 7
B BSE SRR SR BEREIGE e 22 IR A B R FOG R T R U E A S B, SRS WA BE R T
IH—AEAL B, 38 43 Optuna DR AL A 22850, ARG 1 5 AR 1R 22 1 249 268 X 4 25 B0 E R B L BB HL AR AR (RF) | S F5 1] & ]
IH(SVM) Al k-3 285 75 (KNN) R Stacking 3L~ > 45 | LUK BPE X 4% [8] 15 ( ENet ) E 4 Stacking TG 2T 4, 45 25 A5 76 1500
453 5 Stacking RS LU & I . RF 72 BHAR M BRI R BLAL ST (R TIN5 SRANERE |, Stacking FEHRIAHAL RF BN T 27 10% 193
TR, SVM BASHORINZALAE S (BB BOMIMLE 2%, Stacking BIEUHIEE SVM BEAIK T 29 399% 924 7 R 22 . KNN X573 i
AU (R e R SR 5 25 |, Stacking AR RIAH H KNN FRAIE T 29 21% 015222 . Xgboost RERS RS- ik i 4, (H % 2 4 (E 3L
T B S B0M M B 4%, Stacking R E Xgboost FFEAK T2 30% H)iR 22, SRS E LT Optuna fE1LAHY Stacking 581 i 25
P T FLBREE TUM A HERR T, O OB i R I SR RE Bt B S

K8 : FLBREE ; W ; Optuna 4L ; Stacking ; 8 B4 > 5 I I 45 9

HESHES: TEL; TNIS SCEKARIZAD: A ERFEZER S AR, 440.5

Porosity prediction method based on stacking ensemble learning

Liang Haibo Ma Rui

(School of Mechanical and Electrical Engineering, Southwest Petroleum University, Chengdu 610500, China)

Abstract: The accuracy of reservoir porosity prediction is crucial for assessing the storage capacity and quality of underground reservoirs.
However, existing methods for porosity prediction face challenges such as limited model algorithms, low accuracy, and poor
generalization. To enhance the precision of porosity prediction, this study proposes a Stacking ensemble learning method optimized by
Optuna. First, gray relational analysis is used to select input parameters, including acoustic time difference, well depth, rock density,
dip angle, and photoelectric absorption index. The input data is then normalized, and Optuna is employed to optimize the model
parameters. Based on metrics like root mean square error, mean absolute error, and determination coefficient, random forest, support
vector regression, and K-nearest neighbors are chosen as base learners for the Stacking model, with elastic net regression serving as the
meta-learner. Comparative results reveal that while RF excels in handling nonlinear data, it shows instability in predictions; the Stacking
model reduces RMSE by approximately 10% compared to RF. SVM demonstrates strong generalization ability but requires complex
parameter tuning, with the Stacking model achieving about a 39% reduction in RMSE compared to SVM. KNN is insensitive to outliers
but performs poorly on high-dimensional data, with the Stacking model lowering the error by about 21% compared to KNN. Additionally,
XGBoost effectively avoids overfitting but is sensitive to outliers and requires complex tuning, with the Stacking model reducing the error
by approximately 30% compared to XGBoost. Overall, the results indicate that the Optuna-optimized Stacking model significantly
improves the accuracy of porosity prediction, providing a valuable reference for evaluating the oil and gas storage capacity of reservoirs.
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DEPTH/m 2 080 2 081 2 082
GR/API 77.97 85.72 75.75
AC/ (ps-ft™) 59. 85 61.46 70. 14
DEN/(g-(em®)™") 2.38 2.29 2.18
RD/(Q-m) 0.091 0.093 0. 094

RS/(Q+m) 0.11 0.11 0.1
PE/(b-e™") 0.24 0.28 0.34
DEV/(°) 11.08 11.54 11.61
FLEREE/ % 13. 69 12. 86 3.45
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Table 3 Hyperparameters and errors of

each model of the base learner
A IHEBESH MAE RMSE R?

n_estimators= 110

RF 0. 549 0. 891 0. 801
max_depth= 10
kernel = “ rbf”
SVM C=10; 0. 555 0. 857 0. 825
gamma =8
k=3 5
KNN . . 0.518 0. 864 0. 822
weights = uniform
max_depth=3;
learning_rate=0. 2;
XGBOOST  n_estimators=100; 0.579 0.974 0.774
colsample_bytree=0. 8
subsample=0. 8
CARr ~ crerion= mse 0.648 1171 0.675

max_depth=8
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Fig.3  Flowchart of porosity prediction

based on Optuna-Stakin model

0.8

7

L

0.6

0.4

0.2

0.0 .
XGBOOST

RF  SVM KNN CART
4 K> 2809 MAE RMSE 1 R’

Fig.4 The mean absolute error, root mean square error,

and coefficient of determination of the base learner

4 RMSE MAE 1 R* #%4% RF SVM F11 KNN /£ 4 stacking
HIEAE T2



512 3

FTF Stacking 5 R 3T B FLER EE T 5 2% - 207 -

3.2 TEIRAEE

Stacking ABAE 4SS G 45 FEAR T A9 0 A, 11 220 W FLfile A
B T sk G sk A0 1 AU BB Gl (1 2% ) A% 2B OCTE
B,OEENOLT U 2] e S Bz A RE ) v sl LAY
WAL R, J62 ) B B 18] 1T (linear regression,
LR) F15HU: P25 [F1 15 ( elastic network regression, ENet) , /E
Ko g B E AR SR AR X (] B AR A A R 4
T ( gradient boosting decision tree , GBDT) i o I Ak ke
Bkt G, S RAEB SR 4 i, o
5  MAE RMSE Fl R* Qn1&l 5 Jii7R

*4 RBEIFZBSEMRE
Table 4 Hyperparameters and errors of

each model of the meta learner

Al HSH MAE ~ RMSE R?
fit_intercept =False ;
LR 0.536 0.826 0. 837

normalize= True
learning_rate= 0. 01;

max_depth= 3;
GBDT 0.562 0.838 0. 832
min_samples_split=2;
n_estimators= 200
alpha= 0.1;
fit_intercept =True;
ENet 0.508 0.784 0. 856

11_ratio=0. 2;

normalize = False
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Fig. 5 The coefficient of determination, root mean square

error and mean absolute error of the meta learner
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Table 5 Prediction error of each model

A RMSE R?
RF 0. 646 0. 802
SVM 0.954 0.736
KNN 0.739 0. 833
Xgboost 0. 835 0.79%4
Stacking 0.583 0.923
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XoF LT T30 A% Ak e AN K BUBE, KNN | RF A5 AU B 45 4
A THINFL B A8 e 34, E SR 25 ) i it 4005 1 DAL
Xgboost X 577 L fUEk i H S BRI . R4 (8) 1
AT Optuna TEALAY Stacking 557 7EFL B 5 AH
X FBAN LB R R 22 T B E 4 b, XF RF SVM
KNN Fl Xgboost 43 F [ T 9. 75% .38. 89% .21. 11% Fll
30. 17% Bk iz AR S e, 5 Y5
DAL, Stacking A58 XoF L B2 728 £ R AR ) 9T 00 B Ay
i, Stacking AN TSR A b A 454~ A — 550 e A
BEF Stacking FEHY {1 FL B RE TR 152 25 A% T 20— AU Jf:
B T

5 & it

ARG R I - 5040 Tt D00 -FL L 8 A S i 174 [ e 2

H T —Fh 3T Optuna JE1E 1Y Stacking £ Bli2r IR, %

R i 22 TR A DL A, v IR B — A T B R 4, A AL

Mooy 1= LB E BRSO, SRR (A SRR

OIMTIE  EHGR N 22 IR A SRR DG

T SRR S ALBR AR AR e B A S8, AR

S W i A EAT 0 — R AR B I8 Optuna fE A4S

BIZS%, RIE MAE RMSE 1 R, & H RF . SVM #il KNN

fEH Stacking By 3L~ 2] 2%, LA K ENet /£ 4 Stacking JG2%

) A% R AL B PO AR, S, XoF L S L B

5 SALRR B 8 X P 4 AR E i 4 BT, SR T

27 BT B W HE R M, HAE AR is A B

FR IS

AHFFEAFTE RIS S ZALTE T 18 RAEA R 3 5T 5% 1R

BRI BR A 1 A i SRR T i 4 A S o o A v 2

PR SRR . ARRAIWTFEIE— AP 1 SRR X AN [5] 4 [X )

IZARRE ) ICAE 2 A0 i b 5T PR 5 v 52 T 5 1Y) 368 3

P, Al AR A SR A L s RO AR SR

B2

[ 1] S, 0P AR, . ST LSTM (RER 2 2 )

RS EEN T LR (], MR B
2019, 34(5) . 1849-1858.
AN P, CAOD P, ZHAO B Y, et al. Reservoir physical
parameters prediction based on LSTM recurrent neural
network [ ] ]. Progress in Geophysics, 2019, 34 (5) .
1849-1858.

[ 2] WANG J, CAO J X. Deep learning reservoir porosity
prediction using integrated neural network [ J]. Arabian
Journal For Science And Engineering, 2022, 47 (9):
11313-11327.



12 3

T Stacking £E A EF =T B FL B 0 v - 209 -

[3]

[4]

(5]

[6]

(7]

(8]

(9]

[10]

[11]

(12]

BENJAMIN S, MATTHIAS G, MANFRED J. Chances
and limits of single-station seismic event clustering by
unsupervised pattern recognition[ J]. Geophysical Journal
International, 2015, 201(3): 1801-1813.

CHEN Y K. Automatic microseismic event picking via
unsupervised machine learning[ J]. Geophysical Journal
International , 2020, 222(3) . 1750-1764.
XIE J Y, CHEN W, ZHANG D, et al. Application of
principal component analysis in weighted stacking of
seismic data [J]. IEEE Geoscience and Remote Sensing

2017, 14(8)
CHEN W, YANG L, ZHA B,

Letters, 1213-1217.

et al. Deep learning
reservoir porosity prediction based on multilayer long
short-term memory network [ J ]. Geophysics, 2020,

85(4).213-225.
HAT, 5k, Fleesy, 5. MEHRGUS AL L F M=

i T AR PR AR BT[], Aih sk Py B
1, 2018, 53(1): 214-225,11.
GAN L D, ZHANG X, WANG X J, et al. From the

perspective of changes in the exploration field, the
current situation and development trend of seismic
reservoir prediction technology [ J ]. Oil Geophysical
Prospecting, 2018, 53(1) . 214-225,11.

REYNEN A, AUDET P. Supervised machine learning on
a network scale: Application to seismic event classification

and detection [ J ]. Geophysical Journal International,

2017, 210(3) : 1394-1409.
ZHANG D, ZHOU Y T, CHEN H M, et al. Hybrid
rank-sparsity  constraint  model  for  simultaneous

reconstruction and denoising of 3D seismic data [ J].
Geophysics, 2017, 82(5) : 351-367.
ZHANG Y J, ZHOU L, HU ZH ],

et al. Prediction of

layered thermal conductivity using artificial neural
network in order to have better design of ground source
heat pump system[ J]. Energies, 2018, 11(7) :1896.

GLOVER P W J, LUO M. The porosity and permeability

of binary grain mixtures [ J ]. Transp. Porous Media,

2020, 132(1) .
LUO M, GLOVER P W J, ZHAO P Q, et al. 3D digital rock

1-37.

modeling of the fractal properties of pore structures [ J ].

[13]

[14]

[15]

[16]

[17]

(18]

[19]

Marine and Petroleum Geology, 2020, 122. 104706.
REN Y L, GONG R B, FENG ZH, et al. Valuable data
extraction for resistivity imaging logging interpretation [ J ].
Tsinghua Science and Technology, 2019, 25 (2):
281-293.

ANIETIE N O, STEVE E A, EMMANUEL M U.
Artificial neural network model for reservoir petrophysical
porosity, permeability and water saturation
[J]
2021,

properties :

prediction Modeling Earth  Systems and

Environment, 7(4) : 2373-2390.

WANG J, CAO J X. Deep learning reservoir porosity
prediction using integrated neural network [ J]. Arabian
Journal for Science and Engineering, 2022, 47 (9):
11313-11327.

FEE R, XYL, s, T BEHLARAR [0 )7 5332 Tt )
FLBEER BT ()], P AR IR S T/, 2019,31(11) : 99-
102,105.

CUI X H, LIU CH J, XUE L. Research on porosity
prediction based on random forest regression algorithm [J].
West-China Exploration Engineering, 2019, 31 (11);
99-102,105.

w0, PR, TR, AF. BETIRA AL XGBoost
SEYEMAD AR 2 FLBR BE TN [ 7], THRAL S
4, 2023, 40(5) : 103-109,206.

PAN SH W, ZHENG Z CH, LEI ] Y,

et al. Porosity

prediction of sandstone reservoir based on hybrid
L]
Applications and Software, 2023, 40(5) ; 103-109,206.
BEBEUR, AV B, 5225, 45, SE T HLER 2 20 A I 5o
MIBRIREL A FLBRA R 5B E R I [ 1], MR 4R
(HBERBIFRR) |, 2022, 52(2) : 644-653.

HOU X M, WANG F Y, ZAI Y,

optimization  XGBoost  algorithm Computer

et al. Prediction of
carbonate porosity and permeability based on machine
learning and loggin data[ J]. Journal of Jilin University
(Earth Science Edition) , 2022, 52(2) . 644-653.
TER bk, RETE I, 45, 0 7% TR B 1 22 I 245 19 DA 6L
FLBLEET[J]. P4 R AR i ( A AR AR
2023, 45(6) : 69-79.

WANG M, YANG T, TANG H M, et al. Prediction for

total porosity of shale based on transfer deep neural



-210 - GRS SRR 38 &
network[ J ]. Journal of Southwest Petroleum University 1EEZ®/N
(Science & Technology Edition) , 2023, 45(6) ; 69-79. R GEFEHR),2000 F 74U Al
[20] B, XUMET, £, . T Stacking 42 2 ARG E LS A, 2003 F VGRS R
; s ; N A 22 07, 2008 T P4 R A R SA 3RS
HOFT R KB IPAG AL ). i 3k, 2023, PRI, 2008 T IR A WA Z 945
60(6) : 184129 173 A, B PO R I RS S,
T FET7 8 il S BRI T A R AR 4
DONG M N, LIU L P, WANG Z ZH, et al. A line loss E R A Y i Y- B
rate evaluation method based on stacking ensemble E-mail : secondbo@ 126. com
learning for transformer district with DG[ J]. Electrical Liang Haibo ( Corresponding author) received his B. Sc.
Measurement & Instrumentation, 2023, 60 (6): 134- degree from Southwest Petroleum University in 2000, M. Sc.
139. 173 degree from Southwest Petroleum University in 2003, and Ph. D.
' ' degree from Southwest Petroleum University in 2008. He is
[21] AKIBA T, SANO S, YANASE T, et al. Optuna: A next-

generation hyperparameter optimization framework [ C].
Proceedings of the 25th ACM SIGKDD International
Conference on Knowledge Discovery & Data Mining,

2019: 2623-2631.

currently a professor at Southwest Petroleum University. His main
research interests include new equipment for measuring oil and
gas wells while drilling, intelligent measurement and control
system, oil and gas geological guidance analysis, and information

exchange analysis.



