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Fig. 1 Texture of fuzzy reasoning networks based on neural networks
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Table. 1 Comparison between predicted porosity and permeability

obtained by three methods and measured porosity and permeability

of samples
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Fig.2  Cross plot of predicted and measured

values for sample porosity
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RESERVOIR PARAMETER INVERSION USING NEURAL FUZZY SYSTEM

Yang Bin Xiao Cixun Wang Bin Peng Zhenming
( Department o Inf ormation Engineering and Gegphysics, Chengdu College of Technology, Chengdu, Sichuan)

Abstract: Although a lot of developments have been gained on the reservoir parameters inversion with the artificial neu-
ral Networks( ANN) , but the problem of the finite training data has been exist for a long time, and ANN is difficult to
handle fuzzy expert knowledge. In order to make full use of expert knowledge, a nonlinear intelligent inversion approach
based on neural networks driven fuzzy reasoning( NNFR) system is presented in this paper to achieve the ability of self
learning, self adapation and fuzzy information input. With some practical application of proposed methods, much better

results of reservoir parameter inversion from analysis data are obtained.

Key Words: reservoir parameter; neural networks; fuzzy logic; inversion prediction; application
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