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Abstract

The accuracy of porosity is an important basis for the identification and modeling of high-quality
reservoir. The pore structure of heterogeneous dolomite reservoir is complex and there are many
types of development, so it is difficult to accurately predict. By collecting 182 core samples, con-
ventional logging data and imaging logging data of dolostone reservoir in L Formation in Western
Sichuan. Six machine learning models are applied to the training and testing of different logging
parameters, and the prediction performance of different models is evaluated. The results show
that the genetic algorithm support vector regression model with epsilon has the best prediction
effect, and the coefficient of determination is 0.87. The integrated method of combining conven-
tional logging and imaging logging with machine learning can effectively reduce the influence of
dolomite reservoir heterogeneity, improve the interpretation accuracy of porosity, lay a good foun-
dation for the identification of high-quality dolomite reservoir, and explore a new way of porosity
interpretation.
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XGRS, YNSRI CEE, HPfLREL - MEEENSH. N TAaAssZE, Gl
e rp FLEE TR R ST A B R BE A AT VI B HE LASRAE[L], PR 2 ROAERA PR i ok 7 EOR PR . LAl
BRADELIH & 0 S Tk A e FLBRFE I R Z 73, PG A E . FER K FEARD, HAUEH T
it )2 o I TR E FU S M S E S FUBE R A P E A A BE T B0 B UR, IRRRRE Ao T ke
NS, X — ) BUAE 3508 G BR #h A i )2 Hh B R R 2] [3].

N RPEX LG R, KBNS ) D7 R S N BIALBR T, FFEEAT 7 2 07 W, W R
PR SIRR B KSR L. AP G414y B A4 45 (CNN) [4], K IAfE R
K& (BP) [5] [6], #df 7 AL PEARZE P25 (GMDH) [7155 . SCRFREENL[8]HE R U7 37 S RF IR 8 0 2K
HL(Support Vector Machine, SVM) 137 5 [7) & [7] I 1 (Support Vector Regression, SVR), HACEMAL B %A
WAL 1% (Genetic Algorithm, GA), ¥i1-Ef(Particle Swarm Optimization, PSO) & [P k%44 % (Grid Search, GS)
&, RETNEZ A AR MR RS . 7R RUGIIN R U5 TR — S8R AT T IRANER DY, R &
e 453 I F RSS2 0E SCRE X FLBR BEAE AT THAEL[9] [10], ~PHFdESEHRH 156 T M sl R FLIR BE 1%
SINTI 2R BE AR, SEIL T RIS B BRI A LA A [11] . A/ 2 2 R FH EUE Ak 3
AT G AR SR T AR AT SR AN, I I S AH I A 422 PR 3R AT L B R T A A [12] [13] 7ESEPR
R, SR OTESAEE A RIRR GG, R E I AEEA SR 22, R R m 225K gl
FHAE RIS 5 275 K s, H BLJR) 3 1E

R, ARSCRANE S I B SEG IR PR — B 7L, @i Xt 6 FPLas S SR ik,
R H 5 AR ML, L — MR 5. I ML R B S A DA, g T A,
i ML RS Bl A O A AR A HEA TR IE . R IE G ARSI M2 I L 4L E = A 2T
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2.1. ZHFEELEFH

SCRF 1) £ (B AL SR ) B 7E R Km0 VA A3 ) S o 3R g I8 AR 1 T A8 B A R A4S B ST T
22" e/, S TAEZRMERN A R, — M Gt pR U &
f(X)=w-x+b,i=12-,n (1)

K b HHERRE, Hix eR" NHIANE. ERH SVR TGRS, TT5IANSH e, BIABUBSKL
PRI B (epsilon) [14], DABACRXMEAZ EMFRELE, (RIEA R i/ MR AR =z A RE 7

yi—f(x)<e+§

f(x)-y<e+& i=12n 2

&.& 20
e &8 AT T B R BUE N SCRE A & B AL BB B 5, 4% TR ARGt o] 23 1) MR
GERFAIE 2% [R] B 380 s 24 2 T, DT SR R 1 43 I R A S eV ] 4 e i, A [o] ) ek B 2 R O TR
W BRI R SRR 1) B (B AL B B BB 47, 8 T T4 R 2R T 1) R0 L U R 2 ] ke S5 1) vy 4
6], T G P T 23 [ R AL S 2tk ] 23 ol /L, AN A A% ek s S BOR R SVR TR, R A% ek 4L
H £V (Linear Kernel). £ 3 2% (Polynomial Kernel) & 4% [f] 3£ 4% i% ¥ (Radial Basis Function, RBF)2%. 4t
P BRR L A AR B . R MEANTT M50 A, RBF BB A W RIS AR BB B 2,
NP 2R (GS) AL I (GA) LR FRE(PSO) = Fp LT EL, E 1 A= R SRFVEN TAERAE. Mg
8 RAE B F 7k BARE /NG R GE 15 B & R d, (BTG R BRI AR SR B[R] . 17K
FH 38 A% UKL 3 R 30 P DA 038 [ IR RS A (R P A (R S 8, IR 48 1 TSR D, (R it L R A
W R G BN R -
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Figure 1. Work flow of parameter optimization: (a) GS; (b) GA; and (c) PSO
B 1. SMELETERIEE: () MERER; () EREXE; (o) RNTFHEEXE

2.2. BWELTMNIEIR
N R HTAN S 38 5 ST LB R (O TR HERA BE, R s 5% (Coefficient of determination, R%).
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Y77 fR % 2 (Root mean square error, RMSE). P34 %} = %= (Average absolute error, AAE) & K48 %} iR 2
(Maximum absolute error, MAE)% JUFhEx . Hirb R2.RMSE Al AAE St 7 FiliE 55 Sz e 1) B A 22,
RZHA, RMSE. AAE i/, HERIVEREHET, MAE 8 7 FIIME S SE i B2, MAE #Us, 7
e S . THE AT

R2—1_ Zinzl(yi -9 )2

n —\2 (3)

Zi:l(yi - y)
RMSE:\/%ZL(% -5 (4)
AAE:%ZLWFyJ ©)
MAE = max|y, - §;|,i=1---,n (6)

KE@)~@) .y, MFEARTIE, § WEZFATIME, ¥ REAT M.
2.3. A ETMILRERNGE

RO FIAL &5 2% 53 5300 LB BT AT TN 22 i 03 T8 A S 5. MDA TR, Rk
BIHBAT AR 1) B SRS, REBIRI AT SCIUE A 360 BEmRp HER MR o B R IS AR 3L
TR A MR RO, IR — @R bk Tz XSRS i R B0, i T rEARE
JRBRIR o v, Je R EARXT RN, XL R AR EL N, AR I B B AR BEAR TR D s FLIRE
A —FhS 4.

ARSCHE S RYE L PR BCOREAR LU AR . HOMF RSB B R 5 05 FLBUE B R i =
R BRI, A DAL O bR E S TR AT IR R IE, SR Python i 5 g Ff AR I H: B &
BEATHCEACE, SCHL TR 1A K A SR G, FRR AR AR SLRS AR 5 W S 80 AT R BK . R SEPniAF
AR, d BRI GG — DI B, e g S SR R (R AR Q08 B Py FD S s A P A R o i
ITPHEERAE, JFEREEE A R FEAPIEZEATIHE, S5 AR 72 B I K2k, did
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Figure 2. Porosity prediction technology flow
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Figure 3. Frequency distribution of the core porosity and gray value
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Figure 4. Cross-plot of porosity and various logging parameters
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Table 1. Log response range of core samples
F 1. BERNFHNGRTEE

ZH DT/usft? slope of DT CNL/% slope of CNL DEN/g-cm™ slope of DEN GR/API slope of GR

FME 46.08 —-0.01 2.66 <0.01 2.78 <0.01 12.19 —-0.16

SAAX A 43.9~48.6 -1.4~2.3 1.3~47 -1.0~1.2 2.60~2.90 -0.1~0.1  7.0~43.7 -9.3~12.7

4 B FEAR(RE, RMSE, AAE, MAE)H T3 IZR)E 6 FhlLaS 2 I BRI & T . 141 5 AASEIHL
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Figure 5. Cross-plot of the core porosity and porosity predicted by the various machine learning models
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I A S HOEAT AR A G S, #ek 5 FiFS8E N MAS L, FLBREEEE v
HBHL GEREARNFEN N SHLE 2. [ 7 8 6 FhiLas % ST FL R SEIE -5 TE i 2s 2 1.,
B TS R 1A BBl BRGNS K AR 1A 5N TRISCR A 38 4T, AN 2 ittt 7 E ZERIUTE 2%~3%
FLBRFELX 8], 2 BA YN ZRA AN X IR A0Z A Be J14085, 1% X 0] B it 2 LRGSR 2k . 141 8 I H,
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Table 2. Log response parameter of training set samples

T 2. INEERANHMmN S

FEAS R Im FLERE/%  DT/usft™*  slope of DT GR/API  slope of GR /K 1{#/0~256
1 5421.375 1.0 46.1 1.4 31.0 12.7 160.7
2 5421.75 2.0 475 <0.1 437 -2.0 131.9
3 5421.875 12.3 475 <0.1 417 -7.2 133.8
141 5424.25 3.0 46.2 0.4 22.3 —6.1 151.1
142 5424.5 2.2 46.5 <0.1 16.2 -1.3 167.3
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