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Abstract

The recent surge of interest in the more technical aspects of nonparametric density
estimation and nonparametric regression estimation has brought the subject into public
view. In this paper, we investigate the general concept of the nonparametric density

estimation, the nonparametric regression estimation and its performance criteria.
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(=17 330 - X Or[ Y,

m(x) FAA = gE FHeEA, {s}_ o] 5=0, ;-1 <X, <s; (i=1, -, n),
s, =18 T o B& B L X (error)Eol WA I Gasser®t Miiler(1979)9)
ol &ted A Al E o] H T}

D) =h ﬁ“f K(Z5%)duy,

B AgdA ABus (X} v 73 [a, 8] 90A equidistributed HoW =
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3. Performance criteria
AN -G B} target 6 o] 2HAL A3 uA PFEAFO Hmean squared
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