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Application and contrast of machine learning in carbonate lithofacies log identification:
A case study of Longwangmiao Formation of MX area in Sichuan Basin
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Abstract: The machine learning method is the main technical means of carbonate lithofacies log identification. Selecting the
appropriate machine learning method according to the different geological conditions and data is one of the key factors for high—
precision identification of lithofacies. However, there are few researches on the applicability of machine learning identification
methods. In this paper, four most commonly used machine learning methods for identifying lithofacies are studied, including Self
Organizing Maps (SOM ), Multi—Resolution Graph—based Clustering (MRGC), K Nearest Neighbor (KNN), and Artificial Neural
Network (ANN). By comparing the principle and practical application effects of these methods, the advantages, disadvantages and
applicability of the four machine learning methods have been summarized. When there are few core samples, MRGC is preferred,
while when there are more core data, KNN is preferred as well as MRGC. Their application of lithofacies identification in the
Longwangmiao Formation in the MX area in Sichuan Basin shows that MRGC and KNN are the best, SOM is the second, and ANN
is the worst. This study of the application effects of machine learning methods provides a guidance for the identification of
carbonate rock facies in other layers and regions, and has strong practical value.
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Table 1 Calibration probability percentage of logging facies and core facies
%
SOM 3= FDPREEARTT 43 T MRGC 3% FOPREREARTT 43 T
TR s o Bdhz Wedh = IFAHER WkzE  WREH REEH

WA 1 86.4 13.6 0 DUHAR 1 80.6 19. 0
DHAH2 0 100.0 0 A2 0 100.0 0
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Fig. 2 Petrological and sedimentary structural characteristics of Longwangmiao Formation in MX area
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2 WOk = 5.49 47.92 19.10 0.091 2.79 51.91
3 Filk ey 1.24 49.05 17.63 0.064 2.74 425.84
4 Filk e oy 16.99 49.35 17.60 0.052 2.73 809.46
5 fil e ey 5.91 50.08 18.04 0.061 2.70 595.41
6 fil e ey 0.93 47.98 20.53 0.050 2.75 818.09
7 [l ey oy 0.81 47.46 19.45 0.041 2.83 1 649.04
8 Wikl 7 1.04 45.08 19.17 0.034 2.83 4071.69
9 Wb 1.17 43.62 32.17 0.036 2.87 1036.42
10 Wb 475 4591 18.58 0.070 2.81 381.87
11 MihsA 1.76 45.08 28.45 0.054 2.82 777.23
12 BWihsa 0.70 44.14 22.85 0.041 2.82 1258.25
13 Bihsa 0.70 44.22 26.39 0.030 2.87 13 848.18
14 ey 0.58 44.06 16.49 0.035 2.83 8 054.69
15 irraray 0.81 43.86 19.15 0.035 2.80 9937.23
16 i raray 0.73 48.18 18.53 0.047 2.79 506.02
17 ey 1.97 50.59 18.58 0.055 2.72 726.43
18 ey 1.85 49.47 18.28 0.064 272 469.56
19 ey 2.55 47.49 19.94 0.040 2.80 2024.54
20 N paay 5.56 46.51 19.49 0.041 2.81 1 858.67
21 ey 6.60 45.57 18.94 0.036 2.81 7662.91
22 beAibae o 2.00 46.45 25.89 0.060 2.80 210.82
23 oAb ey 3.89 44.62 26.17 0.045 2.84 530.76
24 oAb ey 2.66 43.65 22.57 0.032 2.86 10 060.70
25 A b ey 3.36 43.77 22.41 0.038 2.83 7761.66
26 bt Py 4.29 43.49 20.58 0.029 2.83 12 356.61
27 et ipa s 1.85 43.64 19.02 0.027 2.86 7 996.26
28 et ipa s 13.78 46.15 32.67 0.042 2.82 2495.68

1 f=30.48 cm,
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Fig. 6 Comparison of lithofacies identification results of four methods (Well-MX17)
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Fig. 7 Comparison of lithofacies identification results of four methods (Well-MX202 )




2021 4

1 A4l BB AR MU AR IR R A AN R o R Bk L 595

x4 AEHIRAFTERRE DG
Table 4 Advantages and disadvantages of different identification methods
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RIHTMRCC) A Z oo IR S s s L3
R ERE IR N
e o BB RN B g g
KEEasg ORI b kb ) RO ppempek
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