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Classification of shale gas “sweet spot” based on Random Forest machine learning
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Wuhan, Hubei 430100, China; 2. College of Geophysics and Petroleum Resources, Yangtze University, Wuhan, Hubei 430100, China)

Abstract: The classification and identification of shale gas “sweet spot” involves a variety of different factors, which requires
personal experience, and is usually time and resources consuming. In order to solve this problem, an efficient and effective
classification and identification method for shale gas “sweet spot” based on the Random Forest method is proposed. Firstly, data
from ten wells in Changning area are selected and eleven features are selected for “sweet spot” classification by the Kendall
correlation. Then, the single decision tree and the Random Forest method are used for the “sweet spot” classification and
identification. Finally, the results are verified and the Random Forest parameters are optimized. The experimental results show that
although the prediction accuracy of a single decision tree can reach 97.7 %, it shows a trend of overfitting, and the fitting accuracy
is greatly reduced by only 70.7 % after pruning. The Random Forest method avoids the disadvantage of the single decision tree
method, and the prediction accuracy reaches 98 %. Moreover, the computational cost is low, which can effectively reduce the time
loss and save the labor cost. As a result, the proposed Random Forest machine learning method with multi—source information is an
effective shale gas “sweet spot” classification and identification method.

Keywords: shale gas; “sweet spot”; machine learning; decision tree; Random Forest

75 B #5:2022-03-02,

FE—EEB N Lo ml (1997— ), 2o AEFEM L FT A, £ % N BR Y BRI Jr it oe . ik - 0048 sUT 48 ) X R 2% 3% 111
SRR AE R Y PR 5 A BT A= B, BRI S5 : 430100, E-mail : 823113137@qq.com

BIEEEEN S EE(1974—) B 4, #82, FENFMIFEAR S8 AT L REIIER Bk 3 IE S R E A TR RSy T
WFFE . Mtk 990 2 ST 4 ) DX R 2% it 111 5 S VLR 2 b BR W 35 v 9 9 2% B, R I 46 5 : 430100, E—mail :
ggao@yangtzeu.edu.cn

EEWR VTR ARF AL A T3 W R €5 0T RCHE 4 “ 7K ) R RREE R TR IR B AL 5 7 (U0G2022-05)



20234F
F13% H3

S, A BT R U SRR 2Rk 359

SRR FUM AT I L ORI 1Y 80 %',
VU RO A 7 T R BRI Mg 22 4 vh R 4
HEAE . DUA IR R S UA I ERIT R )
AL E R E AL, ZOU S5PA N IR A 52 LB ik
i RO T PRI R EZE H A R E A DA A
PRIT R AR A F R e , sl AL 56 LAAM 1 UK 58 R M
Bl IF & 0 B R4, R, YR AR B i
TR Ty 2 KA BT R LA B R T, A
Z L DUAACHIER I O 2 DU SR A B R A
W g ) B

VT ARk, [ A BIF 5T N B3 A X DU SR i
RO RS AT T AR Z 98 . MAY i T 0UA R
SR RO A A 7 1 SCEE I 3R s HASHMY 25
PR HAT R AT 0 SRR FNAE 2 PR 2 A 2k
VU0 SR 5 2 /N AR 5 I TR RESOR N A
AR L LB R Y K A
B SRS T AR T TR X 04— H IR 20 DU
fift 2R AR R BT TR PP 5 B R A
I TR R R R P il 2 W PR S8 O o
JrEEE 1T 104 HAT AR TR TR it 2
B0 WU A o 0 R S i D AR B AR
AHHEAT I B BT R A3 VAN Tl 50 S8, IR R A T e
AL s WANG S0 U )1 A5 00X B i £ B
FEAT S DU R R A W R A KSR
P IR ) 25 Z A W RS A AR s B
He S GUR HIR | TUA AR E R R DU oA B
FRE DU A BILBT U U B e B X 5 4
B Al i A /R 48 R E P B
B R s AR SE A TUA AR A
PPN AL PR TUA S EATH N TOC CEAT PLRK
i) AVLSEA A UUR R AR A
Fenl FEZLPEPEAY s ALSHAKHS 25 CHORN 251"/ i)
I TOC ALK EE W 1 45 2 8053 I PE A 1 b et X
Barnett T LA Kz 3R FIE R T 235 b Goldwyer 2 7T
Fro BUAK BUA S H AR ik R g o - ORI
R AT 2 A E DUA LR X, 5 SR DL A
— ;s QF XS 5 AR IEATIT 3 A AN E s
TR, EMMEA R R K @& ERIEACH
THAS B X A AR H R AL H — e LAAS 21
A HERPE AT BEAN FTEE o B4 [ N AP 1 AR OB 58 1k
S AT PR e v R R TR R o 326 R
BB 5T St A )22 i R S8 B PR, i DA

Z VA5 B i ae o, Fit bk E R U AR
O Ay S

H T OUE A 2V F Z R R 52, a7 i 2k
PR3 A DA IR fe A B T A e el
2 e~ 1P o8 e i1 O NG S S | DG 4 = RV
T A W 5% 2 A SR AR 5 X R R
SR [N 2 12 ] BP A28 ) 45 A5 R IR AT 0L % )2
F VAR ; A A N T 2 I 4 A A
TUESARZ R T HEESHL, 0 5 P e R SR
SEENHS) RSB USSR T & X3 R
SE2IZ F MAMO S 6 T S 2 AT I, 5 %
B 25 24 ] 53 MLKNN . BPMLL , GLOCAL #1 QUIRE
AL , MAMO B33 78 U S J2 256 il JoT 00000 kG 2
BHE ST T 4540 F 43 2 .68 N H 43 .68 1A
Gy RS TANE 43 5o BEAS FIBEAILRAAE B Z2 4 1 7T LA
AR A B BT AR PR B b A FE O 9, 5 0 RN 5 1A
Lo, B LR BRI T At = R PR B8 1 24 JiAS O PR
TR SR R BE 0 TS SR v R AR AR . DR 3 T B
BLARAR I UUA it )2 SR A T , 25 Ry DA A< it A
PEA A

Ry i R L3R TR, 5 Tl R T B AL AR AR
BRI DUA Y 7402805 1, R 2R i 78 1t 7]
DARR = BEALAR ARG ] FIRRAE , BRARRRAE U T4 36
FIERG . UK T IXAY 10 1T A 6], 1 %
W I B 25 FS B SC I , 32 1 1 IR A O 43 # i 32 1
FHAF VU A5 0 11 FPRRAE 5 SR 5 R FH B R e S
FBENL AR AT /I 02 IR S 4G s
JO7 FH BEAIL AR PR B0 R B v G BE ) 2 8 25 R O S ok
TR oSGl AT X L, 2 BT VEAR Bl AL AR MO 5T
ACEET R R I S PR EE SR E 1%
AR 5 T Lz FH B SEBR BRI A T
Gy W TUR SRR R B A

1 s R

BIF 5 DX 2 DU 1A 3 M T 358 P, o 1 R IX
a3 b 1 2R e o 1 KT R 7 5 26 L L i 19 58
AR B2 (B R — R ) Al Z ¥ hh
32 1| 7R B R A B0 R ), I AR 3 B MR R B
NZRVU AT, RAE S HES , Z Rt A F . i
H— g SR A VIR, 77 Ak 38 B IR A T UK
BB MU AR AR, DORR T — B 1 A R i PR (B



2023 4F

360 e, A T ALY U R R 2y 2R Tk $13% Hi3H
AIRICA LR . P XZ 2 Z 200 R, i 1R R 466 4% R A Bl il 7R 1

BINVER S BURREE R R R B A2 25 a2
RIZHE, HLA2 DUE SRR BOR IR Y 22 Sk 5 i, i 45
i ZAER e i . AT TRIRZ TS L W5 X
JZ2 DU AU E A A A RO it 2 308
F M B R AR 2 Y O ELS ) SO AR
RN ARG T7 1k ME LR 2 230K A R AR A 00
SRR, P, SR HBEPLAR AR EIE N2 R
rh PR DU AR R SR T
TSR RAE S 80k I8 = i o 2817 AR A AL
Fiii: TOC &3 i (JE ) RECN 1.0), B i
(FEJ1 2500 2.0) 42 50 5T FLBREE SR BE (m) 5 58 F
JE R R L B L i (GPa) (HE[] 1V )] (MPa) |
WS S5 (MPa) JEVES™ 1) 5 i (5 Bk IR E6 5+ S
D) MEPET i (YRR L) o A R R,
AN B FEO 77 RESE M B, R, a4 2 ool 2
JE 70 BB B R R . DU e TR 2
TRZMRAR R R, A9 2 R A i B2 24
AN TR) B 23 RAL A A et se B . B AR — 15
T 08 AN [ T 53008 AT LA 4 b IX 3 0 A i AT

%ﬂo

BURA ST R R B A R R B
BB &5 0w o B METERT Y RIS
EANSTLIR RN U S (VN e 3
RS N e RV ol TN BT | RPN

11 um

TR . R ARG T R 7 3CUI 2R - AR )
BEAT RN 53, RN GRAEREAS 279 4, I AR FEAS 187
A YR SRR R R — 2 R 14510
TR R

2 A

21 BiERBEXEST

L/J\*H%/%ﬁ(r)ﬂifﬂﬂﬁ?\Z/\l}ﬁﬂl S
] 1 e TR Y, o 7 BB -1, 1] R 24>
[SERIRAEIT %?E?LI@TE%HEE%%IJFHX%H YRR, (X,
Y)S(X,, Y ) B AL ) f LB RS AR B A RE A, BEAIL 5]
i (X, Y)Y Kendall £ 5¢ R 80 25E LR (X, Y) 5 (X,

i

V)RS LRI L EA TR A TR, W (1)

7(X, ¥)= P[(X, - X)(Y,~ ¥,)> 0]~
PI(X, - X)(Y, - ¥,)< 0] (1)
S FT 25 R S M 3 BT 0 11 AN B0 5T 34

“E S I RE AT TR 1A REE
Z A1 7 (B AP 1, AT AR B AR5 0 2 1 ok 14 454
FEAE 2Z 0] i A SCPE AR AR /N, A & A S LB =2
] 7 {H 35 3 0.56 , T[] I ) 5% 8% ) 2Z (8] 7 {E ik 5]
0.68, HARFHES R Z FALLMERIERSS . Bl 1Pl
WX GUA T A B K RIEA : TOC .
MR FLBRE .

He. YRR A Bl L ARSI 2 R T XA 10 TOC . 5 St FLBREE A0 B X o A =
F1 HEERBH
Table 1 Characteristics of sample
A HILJT 5 it 2 i B SEF T
> B B ; i (54 LR 17
K 100 R i E‘LIKJ?T“/ LT 4?5 %l"J Eﬂz% /.\Elﬂ%\f%ﬂ\ jli‘iif%
o, ESREN10) N REH2.0)/ L RERLE MR i By SRR O R (O
(m*/t) (m’/t) GPa MPa  MPa A+FEAE)/%  BEH)/%
F/ME 230 0.90 1.30 2.70 3.0 0.190 31.1 50.10 43.90 43.00 42.80
I EylE 7.25 4.60 6.80 500 7350 0.240 254444 8130 91.20 62.80 65.35
B 12.20 8.30 12.30 730 1467.0 0.290 50857.7 112.50 138.50 82.60 87.90
/M 1.70 2.30 3.50 3.20 11.0 0.150 362  54.10 40.60 46.60 42.10
I F3¥E 3.05 3.95 5.75 460 4740 0225 255192 83.35 94.50 63.15 61.45
BRAE 4.40 5.60 8.00 6.00  937.0 0.300 510023 112.60 148.40 79.70 80.80
/M 1.00 1.30 2.00 0.30 7.0 0.240 38.6 51.80 46.70 48.40 61.50
m VHE  2.85 1.50 4.30 145 1779 0290 31901.2 8225 110.65 55.55 75.00
KM 4.70 1.70 6.60 260 3488 0340 637639 112.70 174.60 62.70 88.50




2023 4F
$13% B3 B, 45 LT LR v S a2 T 361

BRI R, PRI, 23 2 Z2 T o 0 R i) 2 i

fitre ¥ roc. BEEUENRLON1.0) BER
it (BN REC 2.0) ALK 4 DMRFAE S “Fif 7268 DA AR A, e I T R IR R,
(126 R IEAT AT, Hoh TOC R &S FLBRE X/ i FHAR B4 25 A J2 48 28 (gini) Sk HEAT FRAE L% .
MURBIP R RME 2, v LLE I BRI TOC . ID3 (Tterative Dichotomiser 3 ) 5 ik J& #4) 2 phe 3R A (14 45
AR X o “HES R R AR ICEIRNGE B — Gl TR R IE AR B AR L TR B
B, R A IR DR K I 4 AR AR SRS % e O ARRAEAE 0] 43 B . CART(Classification and

2.2 REWMHMEMRXITE

FE I %*ﬂﬁ%%%ﬁﬁ?]&gﬂ}%%%*ﬁo Regression Tree) 732 [B] T AU B8 4b B /025 ) 15T, )
Kendall#] % & %

CHE AT B 0.03 0.19 0.28 0.13 0.13 -0.07 0.07 o

Jife 4 B (5 IR ) -0.17 -0.12 0.03 -0.09 -0.23 0.8

e 1 18 H (DB ) 0.32 0.32 0.13 0.14 -0.15 0.14 0.32 0.27 -0.07 0.6

WELE S 0.15 0.22 -0.01 0.22 0.13 0.29 0.27 -0.23 0.13 04
EiE Al 0.21 0.25 0.01 0.15 -0.07 0.3 0.32 -0.09 0.13

KB E - 0.29 -0.21 -0.07 -0.03 0.05 0.3 0.29 0.14 0.03 0.28 0.2

JAFAEL 4 0.08 -0.07 -0.11 -0.06 0.05 0.25 -0.07 0.13 -0.15 -0.12 0.19 0
JEE 4 0.18 -0.13 0.09 0.15 0.05 0.05 0.15 0.22 0.14 -0.17 0.03 0.2

LI — 0.06  0.35 0.08 0.01 -0.01 0.13

A (E 1 &R H0N2.0) 4 0.26 0.15 -0.06 -0.03 0.25 0.22 0.32
g A (R T R HCHN1.0) 7 0.23 0.09 -0.11 -0.07 0.21 0.15 -0.6
TOC 0.35 -0.13 -0.07 -0.21 -0.08 0.03 08
R 0.1 0.23 0.26 0.06 0.18 0.08 0.29
T T T T T T T -1.0
o2 8 s = B & 2 B R R B #F =
B OoR z o o o&E oz o o® OB B g & K
R = ~ = 4 = ® -’:2 E _fﬂ:
NN = g & F
SRS =
o R
r r =
G4
oo
B 1 Kendall #5¢ RECTR A MFIEZ B9 5C R
Fig. 1 Kendall correlation coefficient for all parameters
137

8r * * 8r

7h e 12r g o mIX A 41 o
— o - 2 10 By T m I 2% .
= - g -~ r g« » L %

5 6 Y . c o = M 2 !%Q.* éz"": e
< 5 n‘*‘g** . uﬂﬂ 8 > * * . ‘132’( 1‘3% *,* 2 .

i - ok 6L * g S .+ SN A

r * g & A Ly « 3 »o,

S oemran K 3 ol =L R - g
<1 hid *?g = | gé Eie " 4+ &, f" * > * B =
m 2F * - CHEf A pag) W * * * 2F W m [k

S *.*,‘ x * ;:“ o, | * * * -]]Igé— “EH‘E”
1+ * - m)’t Eﬂl‘ﬁ 2 * * . 1+ * AN
1 1 1 1 1 1 ] 1 1 1 1 1 1 1 L * L L L .
0 2 4 6 8§ 10 12 14 0 2 4 6 8 10 12 14 0 2 4 6 8 10 12 14
TOC T0C TO0C
a. TOCHE S R RN 1.0) KR b. TOCHUE TSk (R T RN 2.0) K F c. TOC FIFLBUE G &

K2 TOC. B& (R RECN1.0) BE R (T R EO2.0) FLBREE KA 7R AR
Fig. 2 Relationship between TOC . total gas content(pressure coefficient: 1.0), total gas content(pressure coefficient: 2.0),

porosity and “sweet spot” type



362 e, A5 T REALARAR Y SR Fi " 2RIk

2023 4F
F13E 3

Y CART 43261, ff FH 2 JE F8 BOk e 45 fc b 19 B s
53 HIRHIE o
PLAL B B AR A 151, 158 3 4 3 4 R B 2 96 2K
M5 {5 BB 359 R A5 LB & % X 195 2
T A5 05 A B A7 S BT S N 1 R
WD o FEAE LB EE X X ISR 80 4 D aY (5 S 1 25
g(D,X), W (2), FLBREE 15 B3 25 Bk, 16 B (i
Ja& P LB R 3 I 1) DU A Rl R A A A R A
AT 32K
g(D, X)=B(D)- B(DID) (2)
L HREL gini (D) FIRE S D A & M, 3k
Je 484 gini(D, X=a) KRG D ZFHE LB E X=a 53
F G ASER E P . FE R AR EOEAR , ISR iRk Y
FEABE 1R 3 R AR UG, BSO8R 1) 2 132 e
JZ, WA I i B A I B A A R 2
FEAS SR T8 k2 AESN p,, WM 25341 14 gini 45
B (3):

Gp)=SpU-p)=1-Sp (3
k=1 k=1

TR AR AL FL B X A5 B — PT RE(E o,
FEARSE DSy My D, D, N (4) .
D, ={(x, y) e DIX(x) = af,
D,=D-D,
W ZERRAEFLBR B X W 550 T 266 DIt e 48
%&ﬂ‘j

(4)

D] .|
gini(D, X=a)= |D| \D|

TE DR SRR A8 A I, 22 L B8 R iR Y T 5507
2 B HAR A2 B BEAT 158, AN W7 3 AR e e 3R
AR o AR IR R R B R o R e R R B 22K
A

gini(D,) +

gini(D,) (5)

2.3 FEHFRMTN R

Bl AL AR ARAE S — iy B2 R B AL S 5 > B
A B 2 2] O s B T 485k (Bootstrap
aggregating, PR Bagging) . FHAHLARMI L Bagging
B L 2 T ok 22 DR SRR A I, AR AR BT AT R SRR
PR A AR BEOLARAMR A w2 Ak
L RN R PR AR A, LB RO A 7R 28
[ A2 Tz N

S R R I A AR B SR B AR AR AT i o]

TR 4L B 7 A BEAS O 5 0 01 25, T T
130 T8 T, MO 2 B o
B HL H o G, 9015 96901 5 o 38 A B 0
ST V19 S50, PR 1 0 25 S e e e, R 0
B I bR P BHL AR PR 4K B0 0
Pkt T B S B ORISR B
Y HeSfe B AT TR

3 SEIRHUEAECR T
31 REMMBRIE

K345 T 32 I ID3 55 1 44 3 45 21 0 D S B9
N R R B 45 1 R A A D Y A
AT LLE B RR tree 1 3682 T TOC &S & (K
TIFRECH 1.0) ALBRE B85 A (I RECH 2.0) .
WeSEET) JAMS HE R A IO REAE , O L TOC 1E
SRR TR N 7, A3 F) 12T SR AR
KA 1240003, Hoh &l o4 T Bl A 4400
SRR RS S (A 6 443 3, Kl 4 Sk TS it
BB 2N

Bl 425 4 T 32 A CART 5 4 3 45 2 1 B A <
CHEA PR o R R e AR R S ) 4y
B , A T2 R DR SR tree 2 SR A FRAN T T 1T B F3 14
AiRtr bz H L2 RN T EEZHZ
W EAesE 7 AL EEAE AR A R O 10,45 2]
20> T AR 19 AR Y AT, 77 AE 20 4433,
R4k T B0 P2 A 11432, R4 T2 < it
U TN SR04 AL 245 o

5 43 ZE AR A A5 Al W s Bt st 2 e L
I iZ 8 B R e . DS I TG 5 3 i B AT
BB R e AT o — A5 Lk T AR
HA B ETTA R F o RSO E LT
IFTEYE R R B s FE R IR AR K . IS4 T BY
K G A3 B PRI tree 3. BYRLZ S, PLSR AL ik
BT AAHEOE XTSI HEAT R0 53, o0 o AL B 3 )
N H) SRR (R R ECH 1.0) R TOC, 3 H PR R
VEREFL B M AR o5 TR 4, A3 81 5 4 A
AR A A S A3, okl 3o T Rt
RUTEA 3 S R o TR 1A 3, R
a3 R TRt 1A 3



20234F
F13% H3

e, A AR TR A U B AR 07Tk 363

TOC (%) <3.4
entropy=1.174
samples=326
value=[217,85,24]
class= 1 %

E AL HE<0.275
entropy=0.982
samples=19
value=[8,11,0]
class=11 2%

1 KA 5 (GPa) <4 7194.801
entropy=0.845
samples=11
value=[8,3,0]
class= 1 2%

samples=4

class=1 2%

/ \

W i (GPa) <23 021.45
entropy=0.811

value=[3,1,0]

ii

1 s entropy 15 B s samples SHIZ Y S IEEAREL ; value Fm 8 RS 5 (08U ; class 1% Wi 5" RIZ0 2851

K3 iz D3 A S BUAS B A DS tree 1

Fig. 3 Decision tree 1 from ID3 algorithm

3.2 MENZRMEERBEIE

W DU /I AR AS B3804 52 FH BE L AR A
RIFEATORS, I8 S EGHEA T AN B R, Y i eS8
PRI MG B 45, B BRSO R KUR BEE 6, BRI
SRR FH 10 A8 7 L R RAE AR E 5 0.5, I KRR AR
VIF 4, eSSt i 2 15 4, REAS 3 BE DL AR Mk i 1
(PSR, 15 2 40 1] 6a [T 7S 119 BE AL AR PR RURG B 14
ML 6 Ffa] LUAS 21 B AL AR PRSI 7E P SRR 19 450 ik
F) 15 B, YRR HERR 5 5] 100 % , I H B HLARAOE:

DL ML g7 > J5 05 BEA Al U5, il A
PUA ST B 2RI . o MRS gk 1 —

F A B AT BEAIL AR AR 53 A7 4 141 6b Ffr s 1) B
HILAR AT A 52 1], R LA A5 380 Bl AL AR RS 78 7 e 5
)RR TR 3 80 I, IR AE HERf P REIA F] 100 %, H.
TEDR Ay 80 AT , BEALAR AR 045 B SR R
AR BRI R, T W
ST A B (A5 BEAL AR MRS E A 0 R 4328
TR W] T PSR (0SB i, 2 51 2y A A
SR e ey, SR B it



20234
364 L, A AR TR A U B AR 0TIk H13% 43

FLBRJE (%) <2.307
gini=0.484
samples=326
value= [217, 85, 24]

b ICHLAE (GPa) <26 141.764
gini=0.434
=310

samples=
value=[217, 85, 8]
class= T %

RAUE— R R H2 (/) <6.44
gini=0.474
samples=44
value= [17, 27, 0]
class=1I

samples=163
value=[99, 56, 8]
class= 2%

TOC (%) <3.478
gini:
samples=82
value= [36, 46, 0]
class=2 %

value=[15, 10, 0]
class= 12

TS (m) < 917.453
gini=0.5

sampl
value=[2, 1, 0]
class= 2§

e cgini MIEJEFEEL .
El 4 iz CART BB B PR tree 2

Fig. 4 Decision tree 2 from CART algorithm

1.000
FLBRE (%) <2.307 0.998
1) =1.174
* ampies=126 # 0.996
value=[217, 85, 24] £

class= 12 & 0.994

0.992 1 1 1 1 1 1 1 1

0 25 50 75 100 125 150 175 200
entroprl.g?g l‘iﬁ*ﬂﬁﬂ( ':F‘ M E"]ﬁ%
samples= R . . \
value=[217, 85, 8] a. BRI A A4 B AL AR AR TR RS B2
class= [ 2%
1.000
TOC (%) <4.368
entropy=0.954 # 0.980
samp[les=200 i RS
value=[125, 75, 0

class= [ % £ 0.960

0.940 L L L L L L L ]

entropy=1.527 entropy=0.099 0 25 50 75 100 125 150 175 200

samples=142
value=[69, 73, 0]
class=II %

samples=32
value=[15, 9, 8]

class= [

ot AL R P b R i
b. 51 A () B LR AR TR

5 BRI PR tree 3 K6  REMLARMA RN

Fig. 5 Decision tree 3 after pruning Fig. 6 Precision chart for random forest model



20234F
F13% H3

S, A BT R U SRR 2Rk 365

—BEHLAR AR — e S
1.000 1.000

— B AL AR — g S A Y

— B AL AR AR AL — g S Y

L L 1 0.840 L L L L 1

0.999 0.999
1 0.998 w1 0.998
£ 0.997 &= 0.997
£ 0.996 & 0.996

0.995 0.995

0.994 0.994

1 1 1 1 1
0 2 4 6 8 10

0.993 0.993 L
0 2

W [ IR FE
a. TTANRHIE Y BEALAR BRI R SRS
Pt 5 TR B2 19 A8 A B R X L

VR

HEBN1.0) B
R FRECR 2.0) FLBREE 4 FRAE A BT

b. TOC B854k (.

6 8 10 2 4 6 8 10
T 1 R S
c. B 6 BEHLAR AR e
LR TR 128 A PR 2 EE

AR RIS B VA E 1725 A RS HE L
P77 BEHLARAMCRI R SRS A P8 2 A P JBE X E

Fig. 7 Comparison of accuracy of random forest and decision tree with tree depth

3.3 WAZERITEL

TR SFEAREXT TTE A7 43 2 A 1 25 SR
F TD3 595 L CART 503 R0 B A X6 < B 507 Ay 0 v
WA BAE T 97.1 % .97.8 %H170.7 %, H b ID3
BVL A CART 5532 (9 40065 A2 B2 43 00l 3k 3] 99 % Fil
100 %o HI I XT3 A1 X 0 B Az B
AN RETR B SR SR AN A DL AR 1Y, BT DA e 28 i B g
BEHLARARIES T /IS0 28, R 2 45 T U SRR AL
TR T 285 5 LU A TR 7 25 v O Bt L 2R MR R R SRS
B 25 B TR S AR AL RS BE X LE o TR Ta S 11 ANHRAE Y
W L A8 A A A A R RS B2 19 72 A 1 G ke EL IR
Kl 7b J& TOC—FLIR BE— S & A (R 1 RECH 1.0)
— RS E (RN R BN 2.0) 4 MNERIE A BEHLAR AR AN
PR SRR AR TR B 11 AR AR TR RS B XT L, BT T S B T
AT s BT AR P R R SRR BB TS 32 11 728 £ 1 A R T
o MNIEL7 AT LAE H BEATLAR PR AR 5 R 5 v 2 %) 5T
FR A AT, I SR R, AN 2
At WA o TR 7h R Te 2 B B ML AR RO T
ANESCHE B IR AR B | R RE AN RE T AR AR A 1 43 2RAL
NS A Ak B i A RUEOE R A R
RSB, DB AL AR MR A 19 43 2 25 BT LA
A ,xd LA A Y fl-score 43 1) 35 51 0.98 |
0.96.1.00, [H UL, AT LAA5 H Fir it H ) il AL 2 A 724
BRI A DUA SR RPN . AR (RS
SRS L AT S Y T 45

4 g

1) BERLRR ARG T R S 0 i 5, 1

F 2 REWSHEVFRARTTNBRST L
Table 2 Comparison of prediction effectiveness
between decision tree and random forest

pm Eﬁ-‘? precAisioAn re(:allA f1 ~score  support
FH O CRR)  (BEE)  (19F5)  CGReE)
I 1.00 0.96 0.98 122
Jegm M 0.91 1.00 0.95 49
1M 4 1.00 1.00 1.00 16
I 0.97 1.00 0.98 118
;gi 117 1.00 0.92 0.96 53
I %4 1.00 1.00 1.00 16

THICE SRR PUN BN RCR . 2R 45 58 n
WA 2 WL, v LASE BRI T DO AU R 2R A T
PEA

2) HETETERAH AR R 114> T ZAHE,
FH T YRS R (0 T B A S U T B Y
Iy KGR B I A FIAS An fG AR R B, DL T
WG o R BTEY J5 245 1006 R BE AR (H 2 RS 2
HIkF]70.7 % , A REIS B FUB YRR o 10X T B
ML, 2 5 R RERN R 8L o K RS
FIERf B B o MR SE PR B 2 R A ROR
BEHLRR AR AR R ARG 1K 21 98 % , BEITIZ R IATE
T ARl R A 2 S0 7 A0 ob A R
W,

2 % 3k

[1]  ZOU C N, YANG Z, ZHU R K, et al. Geologic significance and

optimization technique of sweet spots in unconventional shale

systems[J]. Journal of Asian Earth Sciences, 2019, 178: 3-19.
[2]  ZOU C N, YANG Z, ZHANG G S, et al. Conventional and

unconventional petroleum “orderly accumulation”: Concept and



366

e, A T ALY U R R 2y 2R Tk

2023 4F
F13E 3

(3]

[4]

[5]

(6]

(7]

(8]

(91

[10]

[11]

[12]

practical significance[J]. Petroleum Exploration and Development,
2014, 41(1): 14-30.

AR RE, HOAUE, TR, A5 B OO SR PR
(O] AmEERS IT 42, 2016, 43(2): 166-178.

70U Caineng, DONG Dazhong, WANG Yuman, et al. Shale gas
in China: Characteristics, challenges and prospects ( 1 ) [J].
Petroleum Exploration and Development, 2016, 43 (2): 166
178.

RSO, BUBAR, LR, A U SR R e M R
JEJEEAN. B AR, 2020, 25(1): 31-44.

ZHAO Wenzhi, JTA Ailin, WEI Yunsheng, et al. Progress in shale
gas exploration in China and prospects for future development
[J]. China Petroleum Exploration, 2020, 25(1): 31-44.

B R TUS SR O N O R TR TR R A
HEHERA, 2020, 48(4): 94-99.

LIAO Dongliang. Evaluation methods and engineering
application of the feasibility of “Double Sweet Spots” in shale
eas reservoirs|J]. Petroleum Drilling Techniques, 2020, 48 (4):
94-99.

fif 7 M8 . PO AR ¥ DA SR RO R R A5 T B e 7
W R LI] KA Tk, 2021, 41(1): 59-71.

HE Xipeng. Sweet spot evaluation system and enrichment and
high yield influential factors of shale gas in Nanchuan area of
eastern Sichuan Basin[J]. Natural Gas Industry, 2021, 41 (1):
59-71.

MA X H. Enrichment laws and scale effective development of
shale gas in the southern Sichuan Basin[J]. Natural Gas
Industry B, 2019, 6(3): 240-249.

HASHMY K, ABUEITA S, BARNETT C, et al. Log—based
identification of sweet spots for effective fracs in shale reservoirs
[C)// Paper SPE-149278-MS presented at the Canadian
Unconventional Resources Conference, Calgary, Alberta, Canada,
November 2011.

/N, MRS R, 3550, A5 T TR IX L — g SR 41 i
i J2 R AIF B it A 2 BEVE A (0] M FH 3 5 5 B £, 2021, 49
(6): 1-11.

LI Xiaoming, LIU Jirong, LIN Wen, et al. Characteristics of the
shale gas reservoirs and evaluation of sweet spots in Wufeng
Formation and Longmaxi Formation in Jingmen exploration area
[J]. Coal Geology & Exploration, 2021, 49(6): 1-11.
BRSRBUR, 2, A SR TIIE BORL Y SO b it 2 R
T VH g A7 RS 2R A SRR RRD, 2021, 43(4): 199-
207.

XIA Hongquan, LAI Jun, LI Gaoren, et al. Sweet spot prediction
of shale oil reservoir based on logging Data[J]. Journal of
Southwest Petroleum University (Science & Technology Edition),
2021, 43(4): 199-207.

WU H Z, XIONG L, GE Z W, et al. Fine characterization and
target window optimization of high—quality shale gas reservoirs
in the Weiyuan area, Sichuan Basin[J]. Natural Gas Industry B,
2019, 6(5): 463-471.

WANG J B, FENG M G, YAN W, et al. Influence factors and

evaluation methods for shale reservoir fracability in Jiaoshiba

[13]

[14]

[15]

[16]

[17]

[18]

[19]

[20]

[21]

[22]

Area[]]. Fault—-Block Oil & Gas Field, 2016, 23(2): 216-220.
BRte, M, T, 5 . SUS ISR 7 ik AR ).
RV Tl, 2012, 32(12): 1-5.

CHEN Guihua, XIAO Gang, XU Qiang, et al. A method and
workflow for shale oil and gas geological evaluation[J]. Natural
Gas Industry, 2012, 32(12): 1-5.

Lo, MR, RIS . b E TUE SO R B AR
SERRN] ATMIERS TT %, 2018, 45(4): 561-574.

MA Yongsheng, CAI Xunyu, ZHAO Peirong. China’ s shale gas
exploration and development: Understanding and practice[J].
Petroleum Exploration and Development, 2018, 45 (4): 561—
574.

ALSHAKHS M, REZAEE R. Sweet—spot mapping through
formation evaluation and property modelling using data from the
Goldwyer Formation of the Barbwire Terrace, Canning Basinl[J].
Petroleum, 2019, 5(1): 13-29.

CHORN L, YARUS J, DEL ROSARIO-DAVIS S, et al.
Identification of shale sweet spots using key property estimates
log analysis URTEC-
1580188-MS presented at the SPE/AAPG/SEG Unconventional

from and geostatistics[C]// Paper
Resources Technology Conference, Denver, Colorado, USA,
August 2013.

ALDRICH J B, SEIDLE J P. Sweet spot identification and
optimization in unconventional reservoirs[J]. Mountain Geologist,
2018,52(3): 5-12.

PAN R F, GONG Q, YAN J, et al. Elements and gas enrichment
laws of sweet spots in shale gas reservoir: A case study of the
Longmaxi Fm in Changning Block, Sichuan Basin[J]. Natural
Gas Industry B, 2016, 3(3): 195-201.

TR, AL, AR SO VAR % T AL B0R i 1 e T R
PRI MSFHAR, 2007, 191(4): 342-346.

ZHANG Yun, GE Xiang, WANG Zhiwen. Quick evaluation on
productivity of compacted clastic reservoir in Suining
Formation of Luodai Gas Field[J]. Well Logging Technology,
2007, 191(4): 342-346.

JalT IR, AR, B, S5 (AL BP R L5 1E )| 7Y B = A
48 Bl AR I A S B0 i T ). A AT, 2017, 37
(3): 90-96.

ZHOU Guangzhao, LI Xianming, HUANG Bin, et al.
Application of optimized BP Networks to gas content PR
ediction of continental shale in Upper Triassic of Western
Sichuan Basin[J]. Mineralogy and Petrology, 2017, 37(3): 90—
96.

BRIARTEEN IE N ) N EA T i s R B
S X IR T PR 2 e 22 4R (A SR BHE R, 2015, 17(6):
33-35.

WANG Bin, TANG Yong, MENG Rui, et al. Optimize the
exploitation advantageous area of shale gas reservoirs by
artificial neural network[J]. Journal of Chongqing University of
Science and Technology (Natural Sciences Edition), 2015, 17
(6):33-35.

TR i, PIWL, A5 SURSURE)Z B0 1 2452 T 5 )
B HHFHLN I, 2022, 42(2): 646-654.



B13% 34

2023 4%

e, A5 T REALARAR Y DR T Fi A 2RIk

367

[23]

[24]

[25]

[26]

[27]

[28]

[29]

[30]

WANG Min, FENG Tingting, MIN Fan, et al. Multi-label active
learning algorithm for shale gas reservoir prediction[J]. Journal
of Computer Applications, 2022, 42(2): 646-654.
BIR, B0 &, PR JETHLER S 2] 0 5UE SRIEEPEO &
R ERRCLAm A -5 T A [ s 2 S8 SR . P22
PHZATih R, 2019: 573-583.
QIAN Chen, YANG Shaochun, XU Zijun. Review of evaluation
of shale gas sweet spots and its application based on machine
learning[C]// Proceedings of the International Conference on Oil
and Gas Exploration and Development. Xi’ an: Xi’ an Shiyou
University, 2019: 573-583.
WA, 6 SCRT, BRBHROPR, 5 . R sk B 45 1) 7 231
BCAE S Z R —— AT G K T X R B 5 e o
BRG] KA T, 2017, 37(5): 20-30.
CHEN Sheng, ZHAO Wenzhi, OUYANG Yonglin, et al.
Comprehensive prediction of shale gas sweet spots based on
geophysical properties: A case study of the Lower Silurian
Longmaxi Fm in Changning block, Sichuan Basin[J]. Natural
Gas Industry, 2017, 37(5): 20-30.
XUAR, TR, R, A5 7)1 b A 3 X R TR A B
ORI IO 7 2% Be BT A7 R B IR, 2018, 53
(82):211-217.
LIU Wei, LIANG Xing, YAO Qiuchang, et al. Shale gas sweet
spot identification in Longmaxi, Sichuan Basin[J]. Oil
Geophysical Prospecting, 2018, 53(S2): 211-217.
TR, AR, T, A KT HE R IR U MR
REAE SRS ’hﬂwﬂa (. 2021, 28(1): 59-66.
WAN Yuanfei, QIN Qirong, FAN Yu, et al. Development
characteristics of shale fractures in longmaxi formation of
changning anticline and the stage analysis[J]. Special Oil & Gas
Reservoirs, 2021, 28(1): 59-66.
B, IR, ok A, AF PO F AR RS SobRidEZ X TR
P 29 L0 2H — g T 20 DU U2 TR S, Al 5 KR
BT, 2022, 43(3): 633-647.
GE Xun, GUO Tonglou, MA Yongsheng, et al. Prediction of
shale reservoir sweet spots of the Upper Ordovician Wufeng-
Longmaxi Formations in Lintanchang area, southeastern margin
of Sichuan Basin[J]. Oil & Gas Geology, 2022, 43 (3): 633-
647.
RYEIT, P A, TRBIPL . TUE SR ST BE IO S 5% 1l Bl
H B S IEALN] ALK, 2021, 49(4): 51-57.
7ZHU Weibing, PANG Qingsong, ZHANG Chaojie. Design and
optimization of steering device for shale gas rotary sidewall
coring[J]. China Petroleum Machinery, 2021, 49(4): 51-57.
B E, A/NGE, TR, A SRR R MR P R 2
ST BCDUS IR )2 AR AE B 22 S PEVEAR (D). el i AR
2021, 28(4): 30-38.
PENG Shouchang, ZHA Xiaojun, LEI Xianghui, et al. Evolution
characteristics and difference evaluation of shale oil reservoirs
in the upper sweet spot interval of Lucaogou Formation in
Jimusaer SaglJ]. Special Oil & Gas Reservoirs, 2021, 28 (4):
30-38.
WA, BRAE, T IRUK . AR IR

RI7 BUR T BUR AR B

[31]

(32]

(33]

[34]

[35]

[36]

[37]

[38]

[39]

[40]

FE MR RIRRL, 2016, 36(1): 61-67.

ZENG Yijin, CHEN Zuo, BIAN Xiaobing. Breakthrough in
staged fracturing technology for deep shale gas reservoirs in SE
Sichuan Basin and its implications[J]. Natural Gas Industry,
2016, 36(1): 61-67.

LIANG X, WANG G C, XU Z Y, et al. Comprehensive
evaluation technology for shale gas sweet spots in the complex
marine mountains, South China: A case study from Zhaotong

national shale gas demonstration zone[J]. Natural Gas Industry

B, 2016, 3(1): 27-36.

TS, Rk, AR, 45 . TUR SRR BUR 24— 4k 5)
B —— IR T E R R IUE ORI KO )], KR

Mk, 2022, 42(2): 123-132.

SHEN Cheng, WU Jianfa, FU Yongqiang, et al. Integrated
dynamic evaluation of long lateral fracturing in shale gas wells: A
case study on the Changning National Shale Gas Demonstration
Area[]]. Natural Gas Industry, 2022, 42(2): 123-132.

o, AR, BT, 4. LI i W202 X BUE SR 1
W B BUA SRR 2 R A SRR L. e Al <UL, 2021, 28
(2): 34-40.

YANG Guang, TIAN Weizhi, LYU Jiang, et al. Petrological
characteristics of shale gas reservoirs in Long11 sub—member of
Longmaxi Formation in W202 Block of Weiyuan structure[J].
Special Oil & Gas Reservoirs, 2021, 28(2): 34-40.

Wik 75 . ARG AR B SCRa B (D] 7P B, 2011, 231(7):
15-19.

CHEN  Yongxiu. Methods
coefficient[J]. Journal of China Examinations, 2011, 231 (7):
15-19.

KAMNITUI N, GENEST C, JAWORSKI P, et al. On the size of

for calculating the correlation

the class of bivariate extreme—value copulas with a fixed value of
Spearman’ s Rho or Kendall’ s Tau[J]. Journal of Mathematical
Analysis and Applications, 2019, 472(1): 920-936.

XZE BT R LR A e S A R ], 1R B S 4
2013, 146(2): 9-12.

LIU Jun. Algorithm of constructing decision tree based on the
leaf and branch ratio[J]. Netinfo Security, 2013, 146(2): 9-12.
QUINLAN J R. Machine
Learning, 1986, 1(1): 81-106.

PORTER B W, BAREISS R, HOLTE R C. Concept learning

Induction of decision trees|J].

and heuristic classification in weak—theory domains[J].

Artificial Intelligence, 1990, 45(1-2): 229-263.
WREHE, A8 . 3LF SVM 20 PR W i 5 25034
HIRE AR, 2008, 8(8): 1427-1429.

CHEN Minya, SHI Lei.

IRIJ1. A A

Study the survey in multi-class
classifier based on SVM decision tree[J]. Computer Knowledge
and Technology, 2008, 8(8): 1427-1429.
HOER I A, % —FhBEPLARARIY IR
T, 2014, (4): 7-9.

CAO Zhengfeng, XIE Bangchang, JI Hong. A hybrid algorithm
of random forest[]J]. Statistics & Decision, 2014, (4): 7-9.

HRIED. gt S

(i F k)





