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Abstract: An interval multi-objective particle swarm optimization ( IMOPSO ) algorithm was
proposed to solve the optimization problem of interval variables under multi-objectives. A dominant
relationship between two intervals was defined based on interval credibility. Normalization method
and interval crowding distance were used to sort the Pareto-optimal solutions. And an archiving
mechanism was set up to save the Pareto optimal set in the external memory. Then, an interval
neural network (INN) employing the IMOPSO to train was proposed for the unknown-but-bounded
(UBB) errors modeling problem, which can be suited for the two situations of the error bounds that
is either known or unknown. The first-order uncertain system was taken as an example to verify the
proposed method, and the simulation results validated the effectiveness.
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