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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.4 Prediction accuracy and F1 value of different models
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Table 4 Fluid identification results from different models

AB-LRF I AB-DTHHY AB-SVCHEAI AB-NNAE#Y
BCREE R M2 EA
EFEEARA FER % EREAA FER, %  FEWRERAD 8%, %  EWREADS 6% %
B 23 23 100 23 100 23 100 23 100
B 38 26 68.4 31 81.6 28 73.7 23 78.9
HEKZ 28 17 60.7 23 82.1 21 75.0 30 78.6
K2 30 23 76.7 26 86.7 24 80.0 22 76.7




%504 % 14

b 2. LT AdaBoost #U 3 5 5] H ik 69 K 4 2o AW 4 & AR 2T AR R B

e 117 -

JA#/em 25/ G 1) Ak FE, FLBRIE, BBFR/mD s .
’(u:,m ) HL B 2/(Q-m) % - f,“ “r LR | FaeR | XF
6 16 1450 150|2. 2000 __0fi00 ofo _.50]0.1 100 | BEE5E | gk 258
AR s/ s il Sk AN
API % | FHBHE(Qm) %
0 20045 15| 2000 100 0
[ERZSER 0
mV
200 |1.
!
o= = - 5 5
== 1 B 5116 F=1
h I3
HiF --_.? 11| ._ ......... Pé. g | Ly | L8 6 6
F—ry = F——— — —
>§ 7 P 51121 8 F=2
—— iji]] .
_é - QI S 5(13] 5 F=2
(a) X1JF
IR/ PR f)/ R 1) RAKIBAE, | fLpE, BiEEmD | wgm | maemn | e
2= . ) ) N N
o S gl (ST gf BEFAQ M ofoo % o ° s0foa 100| BEEHIE | MIEER | 4
RS/ i, el in) S e X
KR,
API % HLRE/(Qm) |, o
0 200]45 ' sk 2000 [ o0 % 0
EW)QE\!;AQ/ W/
o™ agglie (@em) 5
; 1 i
. . N
L 3 277
i A . \I,_ i -
e 5! ) B i BRI F=3
/-b — —
AL i UL I
- 2780 I._
{1\ 5 )
AL RN [ b s s | s =3
7
1 | LI T s
Y I R
o

(b) X23:

5 EMEERIREIRAIMR
Fig.5 Fluid identification results from the optimal intelligent model
> R RRTIE AR IR R i 2 IE M RCR AR AT B R T
T T o

3) H ATl 9 T3 g 32 28 LR D 3k 3,

TE4 & BORE ST, BRI TS, 38 TR A 2 BT 1
A 3 R A B AL, DG TR R T Ay A SR, [ I A i
WIHREE L R s N Ey, EEZRE R
RPN UL SEN e vV YA S S N U s i

=

=z

Z x

References

TR, SRECEE, /N, A ARR D DA X L B 2 R LS
AT 1] WA, 2019, 43(5): 542-549.

ZHANG Haitao, GUO Xiaokai, YANG Xiaoming, et al. Genesis
mechanism and fluid identification of low contrast reservoirs in Jiy-
uan area[J]. Well Logging Technology, 2019, 43(5): 542-549.

ki, B, AR, A5 DU A D2 A S i R A R
WHPEAR [7]. AT EREOAR, 2020, 48(6): 116-122.

ZHANG Feng, LUO Shaocheng, LI Zhen, et al. Logging evaluation

on the effectiveness of karst fractured-vuggy reservoirs in the
Maokou Formation, Sichuan Basin[J]. Petroleum Drilling Techni-
ques, 2020, 48(6): 116-122.

TR, R SE, XIVATE, 55, B TSI BORY IR P —32 L X
S 722 20 it 24 AL M P TR D i WE T (0], AT ER R, 2020,
48(5): 111-119.

ZHANG Congxiu, HAO Jinmei, LIU Zhiheng, et al. A study on the
logging-based identification method for reservoir fluid properties of
the Yan’an Formation in the Huanxi-Pengyang[J]. Petroleum Dril-
ling Techniques, 2020, 48(5): 111-119.

WIS, 508, 1304, 2. TR UA SRS Z I ER 50 7
% [0, AETREOR, 2020, 48(4): 131-138.

CHEN Siping, TAN Pan, SHI Wenrui, et al. A comprehensive log-
ging evaluation method for high quality shale gas reservoirs in Ful-
ing[J]. Petroleum Drilling Techniques, 2020, 48(4): 131-138.

2530, JAl A, sk B M SC B AR A P B O B S
[9]. EFEATIH, 2020, 40(1): 70-73.

LI Yi, ZHOU Quan, ZHANG Wei. Study on identification method
of reservoir fluid properties of Wenchang Formation in Lufeng

Sunken[J]. Offshore Oil, 2020, 40(1): 70-73.


http://dx.doi.org/10.11911/syztjs.2020140
http://dx.doi.org/10.11911/syztjs.2020140
http://dx.doi.org/10.11911/syztjs.2020140
http://dx.doi.org/10.11911/syztjs.2020079
http://dx.doi.org/10.11911/syztjs.2020079
http://dx.doi.org/10.11911/syztjs.2020079
http://dx.doi.org/10.11911/syztjs.2020091
http://dx.doi.org/10.11911/syztjs.2020091
http://dx.doi.org/10.11911/syztjs.2020140
http://dx.doi.org/10.11911/syztjs.2020140
http://dx.doi.org/10.11911/syztjs.2020140
http://dx.doi.org/10.11911/syztjs.2020079
http://dx.doi.org/10.11911/syztjs.2020079
http://dx.doi.org/10.11911/syztjs.2020079
http://dx.doi.org/10.11911/syztjs.2020091
http://dx.doi.org/10.11911/syztjs.2020091

« 118« % i % 0 ) #® AR 202241 A

L6] k2, 2=, TS, 5. FET AR 2500 KL e it 2 T AR BP neural network in recognition of complex reservoir fluids[J].
e DATEhi 2 S H A B R KL i B (3], V5 2 i K 2F 2 4R Petrochemical Industry Application, 2018, 37(7): 45-48.
CABRBIERR), 2020, 35(6): 22-29. [16] JHJL, Z2ikAE, TNrHe, 55, 5T MR RO (1) SR 1] LT A
ZHANG Yi, LI Daoging, QIU Peng, et al. Study on fluid identifica- PO (3], PR 2= R (A SRR ), 2011, 41 (KT 1):
tion method of volcanic reservoir based on lithology classification: a 317-323.
case study of carboniferous volcanic rocks in Kelamei Gasfield[J]. ZHOU Fan, JIANG Hongfu, WANG Liyan, et al. Application
Journal of Xi’an Shiyou University(Natural Science), 2020, 35(6): of array induction logging and support vector machine to fluid iden-
22-29. tification[J]. Periodical of Ocean University of China, 2011, 41

(7] THME B R, % CBREE" WK ARLERS (supplement1): 317-323.

AR H BRI R A R (0] AR S I, 2005,32(3 ) : 88-90. [17] W4, AV, Bl 5. MAER M -OBEI A T 6 ZIREE
WANG Yuelian, YUAN Shiyi, SONG Xinmin, et al. Non-intrusion YR AR R SN REMR R R IEHE I [C]//2019 4R
line method for fluid identification and its application in low per- HBRPEFARAE 2 SCEE, F At E IR 2= 25 T IR )
meability and low resistivity reservoirs[J]. Petroleum Exploration & PRt ZE 5143, 2019: 615.

Development, 2005,32(3): 88-90. TAN Maojin, BAI Yang, WANG Qian, et al. When unconventional

[8] NI, RRETL, Wiz, 55 BUBMHIAE Z4 M ARBAR SIS FME 4 oil and gas encounter artificial intelligence-the research progress of
1 [J]. A, 2021, 60(1): 136-148. intelligent interpretation methods for unconventional oil and gas
SUN Weitao, XIONG Fansheng, CAO Hong, et al. Analysis of logging driven by multi-source data[C]//Proceedings of 2019 Annu-
complex fluid model and its applicability in tight reservoirs[J]. Geo- al Academic Conference on Oil and Gas Geophysics, Nanjing: Pro-
physical Prospecting for Petroleum, 2021, 60(1): 136-148. fessional Committee of Oil and Gas Geophysics of China Geophys-

[9] WUPY,JAIN V, KULKARNIET M 8, et al. Machine learning- ical Society, 2019: 615
based method for automated well-log processing and interpretation (18] ikmede, (L35, TAFmEHLE AdaBoost HYZE AT LIS [1]. 11
[R]. SEG-2018-2996973, 2018. WL FIBFSE, 2009, 26(1): 77-78.

[10] 7B, 2255, R, 5. JETHLa% 24 2T BOREIZ DU -0 B9 i ZHANG Xiaolong, REN Fang. Study on combinability of SVM and

[J/OL). #hEk ¥y ¥ = 3 J#% . 1-15. (2021-05-31)[2021-09-06]. http:/ AdaBoost algorithm[J]. Applicaion Research of Computers, 2009,
kns.cnki.net/kcms/detail/11.2982.P.20210529.1525.014.html. 26(1): 77-78.
CHENG Chao, LI Peiyan, CHEN Yan, et al. Research progress of [19] SCHAPIRE R E. The boosting approach to machine learning: an
reservoir logging evaluation based on machine learning[J/OL]. Pro- overview[M]//DENISON D D, HANSEN M H, HOLMES C C, et
gress in Geophysics: 1-15.(2021-05-31)[2021-09-06]. http://kns.cnki. al. Nonlinear estimation and classification. New York: Springer,
net/kems/detail/11.2982.P.20210529.1525.014.html. 2002: 149-171.

[11] PhE, 8T, #ailk, 4. & T SR ALAY R H TSI AR [20] ®2, {E)", XFR, %. AdaBoost FLILM ol e 5 [1]. A
Tk ). AhES TR, 2019, 47(5):28-33. ZhikaE4R, 2013, 39(6): 745-758.

SUN Ting, ZHAO Ying, YANG Jin, et al. Real-time intelligent identi CAO Ying, MIAO Qiguang, LIU Jiachen, et al. Advance and pro-
-fication method under drilling conditions based on support vector spects of AdaBoost algorithm[J]. Acta Automatica Sinica, 2013,
machine[J]. Petroleum Drilling Techniques, 2019, 47(5): 28-33. 39(6): 745-758.

[12] JEAEHE, gk b, Abkar, 45, 270U R I M 4 1 AR [21] W%, T&w, BTH, % ETSEL AdaBoost 515 R TE
R EE UGB v 0] b i R 222 4 C A SRR D , 2021, KA EETZE [J). ATi2AAR, 2019, 40(4): 457-467.

45(1): 69-76. YANG Xiao, WANG Zhizhang, ZHOU Ziyong, et al. Lithology
ZHOU Xueqing, ZHANG Zhansong, ZHU Linqji, et al. A new meth- classification of acidic volcanic rocks based on parameter-optimized
od for high-precision fluid identification in bidirectional long short- AdaBoost algorithm[J]. Acta Petrolei Sinica, 2019, 40(4): 457-467.
term memory network[J]. Journal of China University of Petro- [22] SkHRET, PRI, S3CrE, 45 Z2A R I BB 7 i R AE R AE
leum(Edition of Natural Science), 2021, 45(1): 69-76. A AR [I]. AIRESR T2, 2019, 41(5): 624-629.

[13] aemfl, BYLE, A%, . SR M yL7 B IRBHImZ AR ) ZHANG Yuzhe, CHENG Shiqing, SHI Wenyang, et al. Com-
AR [1]. A TRPIER, 2008, 47(3):306-310, 314. mingled producing well production split method and its application
ZHANG Yinde, TONG Kaijun, ZHENG Jun, et al. Application of in Daniudi Gasfield[J]. Oil Drilling & Production Technology,
support vector machine method for identifying fluid in low-resistiv- 2019, 41(5): 624-629.
ity oil layers[J]. Geophysical Prospecting for Petroleum, 2008, [23 ] ERIRAE, B M. K4S BUR D A R B UZ B i
47(3): 306-310, 314. [7]. A MIFKIRZZ4R], 2007, 29(3): 246-249, 512-513.

[14] ONWUCHEKWA C. Application of machine learning ideas to GUO Zhenhua, ZHAO Yanchao. Genetic analysis on low-resistiv-
reservoir fluid properties estimation[R]. SPE 193461, 2018. ity gas zones of tight sandstone reservoirs in Daniudi Gas Field[J].

[15] FEH, Bk, 81, % BP M MK T 2ok 2 H AR B H Y Journal of Oil and Gas Technology, 2007, 29(3): 246-249, 512-513.

B [3]. Al TRIHT, 2018, 37(7): 4548,
WANG Shaolong, YANG Bin, ZHAO Qian, et al. Application of

[ Ear]


http://dx.doi.org/10.3321/j.issn:1000-0747.2005.03.022
http://dx.doi.org/10.3321/j.issn:1000-0747.2005.03.022
http://dx.doi.org/10.3321/j.issn:1000-0747.2005.03.022
http://dx.doi.org/10.11911/syztjs.2019033
http://dx.doi.org/10.11911/syztjs.2019033
http://dx.doi.org/10.3969/j.issn.1000-1441.2008.03.017
http://dx.doi.org/10.3969/j.issn.1000-1441.2008.03.017
http://dx.doi.org/10.3969/j.issn.1673-5285.2018.07.011
http://dx.doi.org/10.3969/j.issn.1673-5285.2018.07.011
http://dx.doi.org/10.3969/j.issn.1000-9752.2007.03.027
http://dx.doi.org/10.3969/j.issn.1000-9752.2007.03.027
http://dx.doi.org/10.3321/j.issn:1000-0747.2005.03.022
http://dx.doi.org/10.3321/j.issn:1000-0747.2005.03.022
http://dx.doi.org/10.3321/j.issn:1000-0747.2005.03.022
http://dx.doi.org/10.11911/syztjs.2019033
http://dx.doi.org/10.11911/syztjs.2019033
http://dx.doi.org/10.3969/j.issn.1000-1441.2008.03.017
http://dx.doi.org/10.3969/j.issn.1000-1441.2008.03.017
http://dx.doi.org/10.3969/j.issn.1673-5285.2018.07.011
http://dx.doi.org/10.3969/j.issn.1673-5285.2018.07.011
http://dx.doi.org/10.3969/j.issn.1000-9752.2007.03.027
http://dx.doi.org/10.3969/j.issn.1000-9752.2007.03.027
http://dx.doi.org/10.3321/j.issn:1000-0747.2005.03.022
http://dx.doi.org/10.3321/j.issn:1000-0747.2005.03.022
http://dx.doi.org/10.3321/j.issn:1000-0747.2005.03.022
http://dx.doi.org/10.11911/syztjs.2019033
http://dx.doi.org/10.11911/syztjs.2019033
http://dx.doi.org/10.3969/j.issn.1000-1441.2008.03.017
http://dx.doi.org/10.3969/j.issn.1000-1441.2008.03.017
http://dx.doi.org/10.3969/j.issn.1673-5285.2018.07.011
http://dx.doi.org/10.3969/j.issn.1673-5285.2018.07.011
http://dx.doi.org/10.3969/j.issn.1000-9752.2007.03.027
http://dx.doi.org/10.3969/j.issn.1000-9752.2007.03.027

	1 方法原理
	2 流体识别难点及主控因素
	3 流体识别模型
	3.1 训练集与测试样本
	3.2 储层流体识别模型与实例验证

	4 结论与建议

