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Abstract: The systanatic analysis on approximation cgpability of four-layer feedfomw ard regular fuzzy
neural network (FNN) is presented This is done by fuzzy valued multivariate Bernstein polynom ial
whose goproximation to fuzzy valued functions is guaranteed Such a four-layer FNN oonstitutes a
universal goproximator of fuzzy valued function That is, each continuous fuzzy valued function defined
on any compact set of Euclidean gpace can be gpoproximated by the FNN to any degree of accuracy. A
numerical exanple show s the realization process of the gpproximation
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