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Abstract

The mechanism of the low-permeability reservoirs is complex in the upper member of Mengyin Formation of Jurassic age in the Gaoging area
of the Dongying Depression. The strong heterogeneity of rock physical properties within the same micro-facies makes it difficult to evaluate
and predict effectively using conventional methods. From the perspective of the mechanism of low-permeability reservoirs, comprehensive
analysis of sedimentary rock facies and diagenetic reservoir facies was conducted using drilling, well logging, and thin section analysis. Taking
the physical properties and pore structure parameters in the coring segment as constraints, the reservoirs were divided into five types of
petrophysical facies. On this basis, the method of using the self-organizing neural network for neuron competition learning and mutual
supervision in a supervised mode to fully tap the log response information and identify petrophysical facies was proposed.

The results show that from using petrophysical facies division in the coring segment as learning samples, and using the LDA algorithm to
optimize the logging curve input samples, the average accuracy of logging petrophysical facies identification is 84%. Based on single-well
identification results, a comprehensive evaluation of the upper member of the Mengyin Formation was carried out. The petrophysical facies of
PF1, PF2 and PF3 are favorable types of pore-penetration development with well-developed secondary pores, good pore connectivity and
percolation ability. The displacement pressure ranges from 0.02 to 0.20 MPa and the permeability is 1-200 mD. PF4 and PF5 are poor in pore
connectivity and percolation ability, with a relative high displacement pressure greater than 0.20 MPa and low permeability less than 1 mD,
which are non-favorable pore-penetration development types. The prediction of favorable pore-penetration development zones can be achieved
by favorable planar distribution of petrophysical facies, which would provide a basis for future exploration and development.
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@® The mechanism of the low-permeability reservoirs is complex in the upper member of Jurassic Mengyin formation of Gaoqing area, Dongying
depression. The strong heterogeneity of rock physical properties within the same micro-facies makes it difficult to evaluate and predict effectively using
conventional methods.(Fig. 1) .

® The self-organizing map neural network algorithm has unique theoretical advantages in solving the pattern recognition problems with complex
nonlinear relationships. Therefore, the method of using the self-organizing neural network for neuron competition learning and mutual supervision in a
supervised mode to fully tap the log response information and identify petrophysical facies was proposed.

[TELIt 11 Lo 132

1uplit, 010k ? i

SW E ST NI

= Pl name
[ el
[ @] vitsict
[ ] tias el
[ seuy sren
Nurm fay

§ 500um, § ?{?,;} s00um _, ISR 400um , PRSP 100um

Fig. 2 Characteristics of diagenetic facies in the Upper Member of Mengyin Formation
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Fig. 1 Structural location of study area

THEORY AND METHO
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> However, SOM algorithm in unsupervised mode has the disadvantages of poor recognition effect, low
classification accuracy and being difficult in mining non-significant information when solving the pattern
classification problem with strong nonlinear relationship. Therefore, a self-organizing map algorithm in
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Fig. 3 The topology of SOM neural network Fig. 4 The flowchart of SOM network algorithm
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* Identification of petrophysical facies based on thin section analysis

» Considering the genesis of petrophysical facies in the upper member of mengyin for

the d

Evaluation Method of Low Permeability Reservoirs Based on Logging Petrophysical Facies Identification:

tic facies obtained by thin section analysis were taken

as the main basis for superposition with sedimentary rock facies (Fig. 1, Fig. 5). The reservoir in the coring section was divided into five types of petrophysical

facies: PF1, PF2, PF3, PF4 and PF5.

»Statistical core physical properties data and pore structure parameters of all kinds of petrophysical phases were collected (Fig. 6). Using the physical
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properties data and pore structure parameters as constraints, the division criteria of petrophysical phases of coring layers were determined comprehensively.
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* Quantitative evaluation of petrophysical facies based on SSOM

»The neural network of the competition layer is the 10X 10 symmetric network. The neuron nodes of the output layer represent the flow unit types of core
samples. Selecting random initialization, respectively assigning the weight Wij and Wjk as distinct random numbers between 0 and 1. Defining the learning radius
r to be 2; the initial learning rate n(0) is 0.5; the learning rate threshold is 0.001, and the maximum number of iterations is 120,000.

»The SSOM prediction model was finally established, based on the training process of 132 groups of training samples. Figure 9 shows the self-organizing map
topology diagram and 3DSammon mapping projection diagram, which reflect the classification results of the petrophysical facie.

DISCUSSIO

»The results showed that there are only 21 groups of samples were misjudged and the accuracy rate of the model reaches 84.09% (Table 1). The reason of the
error may be that the learning samples are insufficient. Therefore, more core samples should be collected as much as possible in the actual work, but the error
rate of 15.91% is able to meet the geological requirements.
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Fig.5 Characteristics of sedimentary rock facies in the upper member of Mengyin Formation Fig.6 Physical properties and pore structure characteristics of different types of coring
petrophysical facies in the Upper Member of Mengyin Formation

* Optimization of Input data via LDA
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Fig.9 Self-organizing map topology and 3D Sammon mapping projection of competing neuron nodes
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Fig.7 Projection distribution of petrophysical facies on eigenvector
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realized (Fig. 7 and Fig. 8).

Fig.8 Correlation of various logging curves and eigenvectors
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