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Intelligent Fluid Identification Based on the AdaBoost Machine Learning Algorithm
for Reservoirs in Daniudi Gas Field

HAN Yujiao'?
(1. State Key Laboratory of Shale Oil and Gas Enrichment Mechanisms and Effective Development, Beijing, 102206, China;
2. Sinopec Research Institute of Petroleum Engineering, Beijing, 102206, China)

Abstract: Complex reservoirs in Daniudi Gas Field are characterized by diverse mineral components, complex
reservoir space, and strong heterogeneity, which make fluid identification difficult. To improve the accuracy rate and
interpretation efficiency of fluid identification in complex reservoirs, Daniudi Gas Field, with its extensively developed
low-resistance gas reservoirs, was taken as the main research object. Then, four strong classifier models were formed
by the Adaboost machine learning algorithm with mainstream intelligent algorithms (such as logical classification and
decision tree) as weak classifiers. The input parameters of the model were optimized based on the analysis of the
genesis mechanism of the low-resistance gas reservoir, the parameters were optimized on the basis of conventional well
logging, oil testing and production testing data, etc. The above model was applied to the data of 6 actual wells. The
results showed that the strong classifier achieved the best identification effect by using the decision tree algorithm as
the weak classifier, with the fluid identification accuracy of 86.5% and the F1 value up to 86.6%. The results indicates
that this method is effective for identifying fluid with conventional logging data for low-resistance gas reservoirs, and
providing new ideas for fluid evaluation.
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Fig.1 Basic flow of the AdaBoost algorithm
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Table 1 Typical fluid parameters of the Upper Paleozoic in Daniudi Gas Field
p " ” - ] . 3 GBI SR
2 R JFBt/m LBREE, % HFHZE/(Qm)  HFE R FEKE/m (0'md ) LS
X1 &3 2219.6~2226.0 10.79 14.40 0.96 6.20 0 K2
X2 &3 2605.4~2617.0 9.72 18.50 1.23 0.50 0 K2
£l 2526.1~2534.0 11.43 30.40 2.02
X3 &l 2535.5~2541.8 10.39 28.10 1.87 0 2.70 RBHA)Z
12 2543.9~2556.1 11.75 26.80 1.79
X4 12 2741.8~2752.0 11.12 37.50 2.53 0 2.06 RBHA)Z
X5 &3 2697.1~2703.6 8.58 324.30 21.62 0 16.51 rhE B2
X6 12 2462.0~2478.4 6.69 66.89 4.46 N
0 0.96 PR
X7 12 2486.0~2497.0 8.50 80.49 5.37
X8 11 2852.1~2858.9 9.64 17.92 1.19 6.34 2.50 FEKE
X9 &3 2472.3~2479.3 11.92 16.33 1.09 3.72 % HEKZ

bty A A R A 22 ) R BEL 3 R P I 22 52
UL 2. |18 2 AT, A X R A 2R, TR AR
00 7 2 S5 AN W, SCAR 5 A 48 L BHL 3 D5 1 KR
At B3t e AR BEL 02, e AR U A

75 18 B I S A0 X BE AL R A AN HOR A K

S, 5 R B O A R R AT 0 A, 3 B
XA SRR 1 2 B D DI GRS, A1 f A 1L i
AZH WA CH BT . S 0 Sk Bt
B, A AR O B A SRR B O i B
A



29 AT AdaBoost AU 2 5 3 Foik 69 K 2F 4 AL @ R AR FE R A ¢ 115«

1000 -
- R

_ o B
2 s B
a v K)Z
¥ oot
2

10

180 200 220 240 260 280 300 320
FREET 22/ (pus'm™)

2 REMSHESERRERINRZS
Cross plot for fluid identification of the Upper Pa-
leozoic in Daniudi Gas Field

Fig. 2

D) R ALBR A 52 2%, AR LT i B AUZE LURAL
O, AREH AR AL O B8 A T S EUR AR AR A
BERER, U2 AR AT, U AR U

2) MRS | YR S5 R T AR B R S LA
MG 8O UKL Uz -

3) PR EE KT BRI RIE AR AT IR B
BF S A TP A RAR R, A RZ HL B AR I B AR

4) 8 JE DURR L B b i 30 3t J2 0K 0 Bl 3 R
IKIEO AR 22 52, S EOE AR .

3 PRI

31 YIGEESWIKELR

FLBR LS S 2% | 5 A ORDREL BE /) 2 R 3 20K
SRR EE g, R RL S, X ORIE R AR
U] S5 3PS I SO P A E DO N N UERTHE: @R ES RSl @R gl
FE KA N E SR BT g A28, nT i e A 2R

WIGRRCR o XT3 A8 B AR A S A IR
SR, R TR BE Bk I - il £ v i Ui S
B, SR AR A B SRAE o S5 A IR L ROR
FIARS S GORAT 1R A = Ly A SRR KA
FIE, WL PR (1 52 22 1R (ILIAT 3) AT AL, >R
e vk AU A B BT & PR LR S il R,
(EREE ENERL /A= Wik

100

5,=175.24 ¢ 04552

80 1

%

60

40t

AR,

20

0 5 10 15 20
FLBREE, %

3 KEMSHESEEFREKENEMLRERS
Fig.3 Cross plot of irreducible water saturation and poros-

ity of the Upper Paleozoic in Daniudi Gas Field
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Table 2 Distribution of conventional log response eigenvalues of four types of reservoirs
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Fig.4 Prediction accuracy and F1 value of different models
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Table 4 Fluid identification results from different models
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