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Prediction method for hydraulic fracturing effect of oil production
well based on automatic machine learning technology
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Abstract: At present, the prediction of the hydraulic fracturing effect of oil production wells in Daqing Oilfield mostly re-
lies on experience or simple models such as multiple linear regression, which leads to poor stability of prediction results
and low prediction accuracy. With Block N23 of Daqing Oilfield as an example, the correlation between the fracturing effect
of oil production wells and influencing factors is analyzed by the mathematical statistics. The influence of those factors on
the hydraulic fracturing effect in Block N23 is studied by a random forest algorithm. Additionally, the principles and imple-
mentation methods of meta learning, Bayesian optimization ,and model ensemble in automatic machine learning are present-
ed,and a prediction model of a data—driven hydraulic fracturing effect based on the automatic machine learning technology
is constructed. Meanwhile, the model is compared with three common machine learning algorithms : random forest, support
vector machine and neural network. The proposed model is employed to design and optimize the hydraulic fracturing of
Block N23. The results show that the production parameters before fracturing exert an important influence on predicting the
effect of oil production well after fracturing. The model constructed by the automatic machine learning algorithm has higher
accuracy than other algorithms. The determination coefficient on the test set is 0.695, and the average relative prediction er-

ror is 18.96% , which is 57.53% lower than the current level. Compared with the original one, the fracturing scheme opti-

I H #:2022-03-15,

FEB TR 3 2 (1990—) , 22, B LR, TR, i, WSl R3S RAHE 5 AN T BETAE. E-mail: gaijlan@petrochina.
com.cneg

FEATE « E R B R T I R PR 5 7K F 42 5 R R TR (20162X05054 ), H A7 i R AR A BRA |l HERRHE &
TG T PN SR R J SRR AR 5 55 5 5 K S5 /K 3R i s8OS VA2 TR B AR I 9 5 BB T (2016 E-0205) o



<162+

5 X K % 20234E1 A

mized by the model can increase the economic benefit by about 3.2x10-27.4x10* yuan per well.

Key words: hydraulic fracturing; automatic machine learning; meta learning ; Bayesian optimization ; model ensemble ; Daq-

ing Oilfield
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Fig.3 Heat map of correlation between various factors affecting oil production rate after hydraulic fracturing

LA — P 25 AR AR X T H A5 A 1 A9 52 0 7
.
32 FHEEEMES T RFFHERERE

BT AL AR B 2 A AR T 2R PR 4
WE S FrR . BAORE , IEZG H il 52 R T
AT 7= R R R R K, LU R TARE A R
X TR RS SRAM I A 7 15 DU A T S W, I
S AR bR 5 B 4% T RO A H A J2 3 T 1 it
REICHE ., J3 A0, b e i 2 AR B o X s 2
Ja HP R T E AR RO 2R
A M IR BB I A —E R AR

AR AL RPA] (18] 6) , B (14 480 5K B2 TE R
TEECEE ]y 6 J5 1B W1 22 s RR AR B it TR 3] 15 I A5 Y
AEATF T8 RG FE , Bk 2 1 R AR 0 i 1
2 BVFR e PERE o DRI, 4% HR D SORE 3K BRI 15
ANFFIEAE A 3 i FIAL g2 2] S0 0 i A\ AR iR A T
G
33 HlESEFEITNEEREN

SRR [ A2 4 BEPLARARIX 3 B
Blds 2= Bk 5 B sh Pl > SN0 A A Y 3500
REXT LGS R (3R 1) i, & R ARk N7 i A A A
A FVERE B A B 22 AR B Sl g ) (BEHLAR



<166+ 5 Xk I X 20234F 1 A
35 0.55 ~0.16
<30T 0.50 F
&, 25k o g —40.14 4
> Zoast =
= 20} —‘7 Ni— 35
o —40.12
EE 154 0.40 F
=0k 1
ﬁ v J_ 033, 5 10 5 2010
T B R
0 : : Eo6 ZXEIEHERREHESREE
<4 4~10 10~16 B A R AL R
AT H i (o) TURRLR I
R H R R S RS [ R Fig.6 Relationship between mean V.alue and st.andfird deviation
35 of R? with feature number in cross validation
e x1 EWMEEEHIESE ERTUNMEEE
{; 301 g Tablel Prediction performance of algorithms on data set
= Br g % % VB G
= 20r T 5k T TP
= s W % WERE%
éﬁ 10} HEMLE 0728 682 1618  0.695 781 18.96
oL l J_ BEMLARAK 0937 387 825  0.609 947 25.15
0 L Mm% 0607 975 2682 0584 10.09 29.97
<75
r;i;;s ok X/o/fs o SHFEEEIET 0609 970 2557 0574 1032 31.59
b— R R & KR 5 R G H el
. b M 22 190 45 R S T [ T L AR A SR 7
L o AR I T A RO P AR ARV 255 1
7. 8 RO A A4 B P B A B
s, 8 : 0 HOR 32 A B 1458 . ML T T DA T LA A
LT ‘ T SHLAS 5 > T A58 25 7 11 5 4 Pk S L g B0
= T SR YEE . B Sh AL ] AR B A AR |
10 . . . . .
g} 1) R*2h 0.695, Y771 25 54 7.81, Tl 45 SR AH X5 22
= 7T L P10 18.96%  FRE 220 16.97%, B T35
‘ 025 2540 Wk, PRI B Ay e 9 R SR TR, Oy T
ﬂ’f%;ﬁgffiﬂﬁﬁ_/g d'lF;F . XF L2 AR B AR AT U 7K | B‘Jhﬂaﬁ%,M%‘iHﬂ
— 2 i J& B g , \
B4 WRE SRR AL R SHETEETERRETRRERTR, BRE
Fig.4 Box plot of relationship between influencing factors and Fe H = B WA, TR S br 5 H FE{EB A
oil production rate after hydraulic fracturing J5 R TINAE 2 [8] (1 A X R 2%, 883145 1 I3 4 1)
VA — Ak B R 4 a0r
0 0.1
AT H 7= = I
5 7 BT B K e o 30+ .
Tnb f f— © .
30 ) ) 7 e e = )
ERHMEWRE ) f— > N
FE 22 H i 2 )5 E [ Z 0} "
FEZ B R IRE = = 0
%Eﬁﬁﬁﬁé&ég = ?ﬁ 5 Al
A 15 61 % ol AP, T
ERHAMEBIER = A o A
EZHE K ZE LB = I 1 2%
e > = 1 1 1 1
E%%“@%%iﬂ = 0 10 20 30 40
ERANBEARHE FRRAR A (0
ek L E7 B3REIMNERMNBNESESEIT

Bs5 fBISMTEEEEE(GniiEHEE)

Fig.5 Feature importance based on Gini index

Fig.7 Comparison between predicted values of automatic
machine learning prediction model and real values



30 1M o AT H PR T BRI R ROSCR T Oy 12 -167-

J5 & T0OI AH X 3R 22 °F Y9 {E N 76.49% , b5 1fE 2 N
78.52% X L] AT, AHIF 5 HE ST (1) e S50 SR T AR
RITTFE H AT K- 1B T A X352 25 19 7 24 R A
57.53%, bRk 22 B 61.55% , TR i 5 84 5 1 1
RUEHE o Feft A ShALER 2% >0 T 0 A5 A o 45 35 il
O g S E R 2,

F2 BRHEEPNBEIMER hLEMTANEEE

Table2 Information of base regressors in optimal automatic
machine learning model

g PR RE RIS
=2 .
A A SRR ZHfE
c’ 426.10
1 libsvm_svr 0.4 & 0.586
kernel sigmoid
al 4.79x107
a2 2.51x10™
ard_regres-
. 0.4 Al 1.58x107°
sion
A2 4.07x107°
n_iter 300
n_estimators 190
random max_features 12
3 0.18
forest max_depth 9
min_samples_split 21
c’ 141.28
4 libsvm_svr  0.02 e 0.626
kernel sigmoid

4 MHTENR

41 ZFHmNE

P ASF 5 3 S AR S 7R ) R i 488 v T 245 H
7R TG B, 2 — A By s 205 S i RE S A
O, FRORFEE# i I R B A e T ki . HLIA
ST M R T OEl 8 1B R, FIH
H BBl a7 > B AR R0 e S RO AT BRI,
(GEIRSINPINIUE S/ NIRAYIE £ % Eo )iy & bl
6. QFIH FIRBERITEN AR b i A X 3R 22 - 1
(ERAG B RS IRCR 3G [, 95 07 52 10 5%
PRACRIEAT R L, SRS BAUAL I #5007 2638
INEIRI H 3 QIERAA BN I 4 A L B
BB LA T5 58 HE IR 5 SRS HOHE A R R
ROV N A8 RO R348 (181 8) , A W A Sh H 4%
{1 T 0, PR ek o OB A 330 200 A B Y 4t
SR @REIGIHAT A 70 JETT/bbL, LA 6.37,
Ao T R RT A AR R AL T S A ELEOTT S A

AN TR AR o IS TAR A 1S 0 28 5 A £ D 5 45
(FDWLIE I, it BRI L R RS S IUY
8 11 A Eb JE J7 58 1 34 0T &5 1 14 0 48 U AR 4 3.2 %
10°~27.4x10* Jo/HK, V-1 0y 16.1x10° JT/HF IR %
AR FRE AU

tlllt\\
Vimmn = f ae" dt (9)
0
o o :
= I 1
DO K 20 :
> |
I i
H 4. I
o OO £ 85 iR '
E .'.. y =aeh/ i
SN % I
& i i
w2 4 |
iz o |
X e e, i
= * LTIV 1 J
0 40 80 120
i 8]/ d

8 BH;RFIMUNERRUBEERAR
REARFIMEHETE
Fig.8 Extra oil increment of optimal scheme compared
with the original scheme

4.2 iR FAERA

Ry T2 S AR R (RS BE 5 I 0 A AT
A1 R b3 g 57 (9 B BB 2 > T AL AU X 4
PRI AT R 2R B 504k

W N23 DX Bkl I H P W 7 R T A A
TSR BB, 45 G IR KR i ¢
REH TR 52 e R AT ST R S
B, 4 ORI T R R 2445t . 27 it
AL ¥y St oA AR 2 DT R S48 B o, i
2 T A5 T Hh T PR R Bz IR H 2L 5
OIATTAS SR I HE 4 A 72 AL 7 V) T D 2 3 15 10 S
58, B 1R R 3 B2 T HES 4 4 .
24 T T 3 B 0 2R R RN o 3 2 S XA
RIBUR A K4, nab ki 12, 15, 18,
21,243 5 DA, He 24 H H IICAE He 240 L 4
B H 24 R A = 2L AR AR e o KB T
AEEZ nab i MR SRR T A, AT AR
FO0N TR IEW R 4. WA R E S
i B LA > BN AR TR LA AR
W R RN 4 . 20194F 6 H IF iR, 1%
ML TT ZEXTIX 4 R 00 T R M0 |, SEPRAL
R(F5) R, FERLT R0y H 7= i FAR A 1
DB AR & ek, A SCHESL B B ShHL s 2 > F A5 7
XF SEBRAT S 0 IO PR RS o 1% H ShbLas 7 ] T
TSR X6 A PRI FH N23 X B 7K 71 R 2451 54



-168- moR M R

5 % WK

20234F 1 A

R3 BREMRLEMEFLHEMNHELSER

Table3  Economic benefits increased by model optimization
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N23-40-425 55 8.6 10.2 7.0 3.1 47 15 153 22.0 8.1
N23-41-423 13.8 174 20.7 14.1 3.6 6.9 0.3 174 31.0 2.0
N23-4-B127 14.5 17.9 213 145 3.4 6.8 0.0 16.6 30.6 0.0
N23-4-SB444 8.8 112 133 9.1 24 45 03 122 212 2.0
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FHE 11.1 14.4 17.1 11.7 3.3 6.0 0.5 16.1 27.4 3.2
x4 ERSHMULBER
Table4  Optimization results of hydraulic fracturing parameters
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Table5 Effect prediction of optimal hydraulic fracturing
scheme and actual values after
hydraulic fracturing
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