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Abstract Obtaining accurate information about the microscopic pore structure is very important for the exploration and devel-
opment of low-porosity and low-permeability oil and gas reservoirs. This information is the basis for productivity prediction and
dynamic reservoir simulation. At present, the commonly used pore structure characterization methods are all models based on
physical experiments, such as mercury intrusion, thin section, nitrogen adsorption, and nuclear magnetic resonance. These meth-
ods are quite different and differ in terms of characterization mechanism, effective resolution and response range, which making
it difficult to apply in downhole. Deep learning algorithms have great potential for application in the modeling and prediction of
small sample data. In this paper, data mining algorithms such as grey relation analysis, principal component analysis, factor anal-
ysis, and intelligent clustering are used to perform deep mining of mercury injection capillary pressure data. The pore structure
types of the study block are divided into five categories. Then, using conventional logging data as the input layer, a single-layer
convolutional neural network and a double-layer convolutional neural network were used to predict the reservoir's micropore
structure, and the training model was applied to the test well. The results show that the convolutional neural network can be used
to predict the micro-pore structure of the reservoir. The double-layer convolutional neural network is better than the single-layer
neural network model. Furthermore, deeper and more abstract reservoir features can be extracted through convolution operations.
The prediction results are compared with the pore permeability characteristics reflected in the log interpretation, and the two are
in high agreement. The double-layer convolutional neural network model can achieve a prediction accuracy of more than 80% on
the test set. The research method provides a new idea for reservoir pore structure evaluation using core analysis data and logging

data, and has important guiding significance for complex oil and gas exploration and development.
Keywords pore structure; data mining; deep learning; convolutional neural network
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Table 1 Pore structure parameters and physical significance
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Table 2 Grey relational analysis
LI R, D, we K, S K a Ry D S, S,
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Fig. 1 Scree plot of principal component analysis
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Fig. 2 Factor analysis score chart of pore structure parameters

FLBREEI S Factorl Factor2 Factor3
Skp 0.962 0.263 0.199
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R, 0.172 0.064 0.983
/8 0.370 0.880 0.073
K -0.122 -0.979 —-0.102
D,, 0.351 0.124 0.910
o 0.612 0.109 0.142




30 FIMBLEER  20204F3 H S EH 1Y

G, K3 REREREENGERRER, JR A LRSS B IE 285 E R e 2 )5, B RE
FEERIZ IR BRI, UL LOMERREIER ABE] 3 A FASr, BFIX 3 A s dh = 4k ) &,
RIS BOARUERL, FLBREEMITT LIS 5 25, RIBTBIAK  $EAT KM R0, e R 2 R 2 45 5 mT A1

PR BRI 07 1 A BRI 0 T B AT X He FLBRES M T LA I 5 28, #iEAT KISR0 i),

20
1.5

o

5

K

= - _ - . .
L EEES F=x% % o

f &E bl

OTFTOTOONMT-O T FONOIOLOOLOOOMNMONMNNLDDONOMNDNOMLOWO TN MMM
™ © Tt TrOT OO v Nv OOOOFANDONNOONONNNNOS NN OO

HARS

B3 BERRKBERER
Fig. 3 The results of aggregation hierarchical clustering

A

BEHLEEE BT HES—
SPHEAK, AL PNEEM
EH BEHE3ID X5 E g, I
44 TAME ERh =Sl FAHTHLY
: AXIEEE H—ch BEERR
EL P i ERINE LS

Bt

B4 KHEREXRRE
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Table 5 The center of the K-means clustering

. FLER G A2
FRS
1 2 3 4 5
1 1.797 10 0.156 41 -0.367 92 -0.971 55 -1.125 26
2 0.874 72 0.646 23 0.056 44 -0.712 53 -3.658 92

3 0.182 58 —0.667 56 1.03521 —0.453 77 —0.658 41
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Fig. 6 Capillary pressure curves of various pore structures
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Fig. 15 Prediction results of double-layer convolutional neural network
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Table 7 Results of comprehensive interpretation of test well logging data
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