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Prediction of Digital Core Electrical Conductivity Using
Machine Learning Method

GUO Chen,CHEN Long
(School of Information Engineering,Chang’ an University, Xi’ an 710064 ,China)

Abstract; The electrical conductivity of digital core is an important parameter for underground oil and gas evaluation and rock physics a-
nalysis. Traditional analysis of rock physical properties usually obtains macroscopic physical properties such as conductivity of rock
samples by means of experimental measurement and analysis of core samples or finite element numerical calculation of digital core image
data. However,both methods require high labor,time cost or a large amount of computing resources. With the development of artificial
intelligence and other digital analysis methods,we intend to develop a new method for predicting rock electrical properties by machine
learning. In this study, the integrated learning ( ensemble learning) and artificial neural network ( ANN) are used to predict the
conductivity of three—dimensional image data of core. The input features of traditional machine learning and multi-layer neural network
are geometric parameters, while the input features of three — dimensional convolution neural network are three — dimensional binary
segmentation images. In the research,the advantages and disadvantages of various machine learning methods are compared. Experiment
shows that the three —dimensional convolution neural network (3DCNN) with three—dimensional binary segmentation image as input
feature has better performance than the learning model with Minkowski functional as input feature in predicting core conductivity.
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