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A Hysteresis-Embedded Fuzzy Inference System
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The purpose of this work is
to model hysteresis behaviors in
neural fuzzy systems. This
simulation deserves our
attention owing to its potential
applications 1n upgrading
hysteresis-embedded systems.
According to our results, other
memory-related mechanisms are
demonstrated not to be
hysteresis systems, and the
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propulsive neural model 1s then
proposed. It 1s also trained by
back-propagation and thus
possesses adaptability capable
of simulating given hysteresis
trajectories. Finally in this
work, we combine this neural
model with fuzzy inference
systems and construct a
hysteresis-embedded fuzzy
inference system.
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