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(A Neural Network Model and Its Learning Algorithm
for Solving Fuzzy Relational Equations)
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Abstract

In this paper, we present a method to solve a convexly combined fuzzy relational
equation with generalized connectives. For this, we propose a neural network whose
structure represents the fuzzy relational equation. Then we derive a learning algorithm by
using the concept of back-propagation learning. Since the proposed method can be used for
a general form of fuzzy relational equations, such fuzzy max-min or min-max relational
equations can be treated as its special cases. Moreover, the relational structure adopted in
the proposed neurocomputational approach can work in a highly parallel manner so that
real-time applications of fuzzy sets are possible as in fuzzy logic controllers, knowledge-
based systems, and pattern recognition systems.
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