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Elastic impedance based facies classification using support vector machine
and deep learning

Mehran Mirzavandi ', Abdolrahim Javaherian 2, Mohammad Reza Saberi 3, Hadi Mahdavi Basir ¢
IM.Sc. in Petroleum Engineering-Exploration, Department of Petroleum Engineering, Amirkabir University of Technology
2Professor, Department of Petroleum Engineering, Amirkabir University of Technology, Tehran, Iran
3Senior research advisor, GeoSofiware, The Hague Area,2591 XR, Den Haag, The Netherland
44ssistant Professor, Department of Petroleum Engineering, Amirkabir University of Technology, Tehran, Iran

The classification of facies in seismic sections involves various methods; one of the most common is the
use of pre-stack inversion attributes. A support vector machine model was trained using the inversion
attribute and well log facies, followed by validation using a well process. In the next stage, a convolutional
neural network was employed, where 2D convolution processing was used to calculate feature maps on the
seismic section, and the regression process was carried out through neural networks. The regression output
was the same attributes mentioned in the support vector machine classification method. Subsequently, by
combining the convolutional neural network with a pre-trained support vector machine model, a new hybrid
model for facies classification was created. The validation accuracy of both models in classification was
estimated to be 93 percent.

Keywords: Inversion attributes, Facies, Support vector machine, Convolutional neural network, Hybrid
model.
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