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Abstract

At present, volcanic rock oil and gas reservoirs are attracting widespread attention, and their
complexity exceeds other reservoir types. Aiming at the complex volcanic reservoirs in Erlian Ba-
sin and Junggar Basin, their lithology is complex and changeable, and conventional methods are
difficult to accurately identify the problem. This paper proposes to use machine learning methods
to intelligently identify the lithology in the study area, and obtain good results. In the study, based
on the analysis of the geological characteristics of the volcanic reservoir in the study area, the log-
ging response characteristics of different lithologies were analyzed based on information such as
coring description, thin section analysis, and imaging logging. And according to the logging infor-
mation, the two parameters of structure M and N that are extremely sensitive to volcanic rock li-
thology, eight sensitive characteristic parameters for identifying lithology are determined: GR, DT,
RHOB, CNL, RT, RI, M, N. According to logging feature parameters and lithology tags, four different
methods of decision tree, random forest, gradient boosting tree, and Bayesian in machine learning
are used to establish four lithology recognition and prediction models. Different models were
compared and evaluated, and the best random forest lithology recognition model was selected.
The accuracy of lithology recognition was above 0.9, which laid the foundation for the evaluation
of volcanic reservoirs.
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Figure 2. Flow chart of machine learning
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Figure 3. Flow chart of intelligent identification and prediction of complex volcanic rocks
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Figure 4. Log response characteristics of volcanic rock
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Figure 7. The cumulative probability curve of JIN202 DT before and after normalization
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Figure 10. Gradient boosting tree parameter optimization
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Continued
criterion entropy(J#)
estimator 25
BEHLARBK max depth 6
min samples split 3
min samples leaf 3
learning rate 0.2
estimator 20
max depth 3
Bh S THR (GBDT)
min samples split 2
min samples leaf 2
subsample 0.6

5) FEAIPEA

a) 72 MZ 3 BEFNEEINGMMRE LS, ZFrA A Z ARS8 R p B IER1ZE N
IELB . eI b, BENLARMOTEEE 2 s B R m, RPTI N2 I m g Ry, BIER%
LA B R A e 0.956, I HAE RS L BE AR PR A 2 5t i o

Table 2. Precision and recall rate of the test set

=2 MAEHNEERNEEER

BEATLAR ) GBDT e
A FEA KL

AR Hlml ifER Hilg o AER HlER mfER HEER
ZIlE 232 0.956 0.862 0.921 0.806 0.933 0.853 0.917 0.767
KA 269 0.925 0.973 0.868 0.959 0.909 0.970 0918 0.966
s e 330 0.955 0.984 0.946 0.957 0.951 0.957 0.804 0.824

B 161 1 1 0.981 0.975 1 1 1 1
el 133 0.977 0.984 0.962 0.969 0.963 0.984 0.992 0.947
ZA 101 1 0.980 0.990 0.980 1 0.960 0.970 0.970
Tk 198 0.969 0.969 0.959 0.949 0.934 0.939 0.640 0.712
IS 1424 0.962 0.962 0.936 0.936 0.948 0.948 0.867 0.867

Table 3. Precision and recall rate of training set

=3 INGENEERNEEER

o FEMLARAK PRI GBDT D1
F=Xid FEASY )
HER HlEZR R HlE R TR FENCTE:S HER FERCTE:S
22l 526 0.991 0.901 0.903 0.855 0.953 0.853 0.936 0.750
Kl F AR 647 0.941 0.993 0.903 0.955 0.920 0.981 0.908 0.964
WEUE 743 0.976 0.993 0.956 0.966 0.954 0.977 0.808 0.816
WK 403 1 1 0.992 0.977 0.997 1 1 0.995
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Continued
IRgE TR 300 0.986 1 0.957 0.980 0.961 1 0.967 0.980
ZRA 229 1 1 0.969 0.978 1 0.982 0.982 0.965
P 472 0.985 0.974 0.957 0.917 0.949 0.919 0.647 0.726
= 3320 0.978 0.978 0.943 0.943 0.955 0.955 0.868 0.868
b) ROC k.
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Figure 11. ROC curves of different models
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Figure 12. The learning curve of different models
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Figure 13. Lithology prediction of Well KE301
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Figure 15. The results of intelligent recognition of lithology in multi-well volcanic reservoirs
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