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Abstract

We discuss and compare several traditional methods of forecasting and interpola-
tion methods of forecasting.
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1. Introduction

The histrory and usefulness of interpolation have received attentions increasingly from
many scientists and engineerings [4]. Many methods of interpolation or extrapolation
have been used to perform data analysis or prediction. Understanding the time series
or analyzing the data is essential for further applications such as forecasting. Tradi-
tional methods, such as Fourier methods, spline methods, are basically local extentions
of given data. In this paper we illustrate some of these methods and introduce some
interpolation methods which are more global in nature. The outline of this paper is as
follows. In the second section, we present several traditional methods of forecasting
by using cubic and symmetric extensions. We then explain how to use interpolation
method for forecasting in section 3 followed by concluding remarks in section 4.

2. Cubic and Symmetric Methods

We use an example of signal extension to illustrate several traditional methods of fore-
casting. Considering a given original signal (figure 1), we extend it by using several
different methods; cubic extension and symmetric extension (figure 2-4). It turns out
that the extensions become monotonic extensions as they are extended. This means that
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Figure 1:Original signal
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Figure 2:Cubic extension of original signal by one unit

these methods are more local in nature. One can only predict the extension in a small
period of time rather than a longer period of time. To overcome this shortcoming, we
propose interpolation method in the following section which explains a more global
nature can be obtained.

3. Interpolation Methods

We first present some interpolation and approximation methods. Then we apply to fore-
casting. Multiresolution based interpolation methods are relatively new in approxima-
tion theory and become useful and powerful in several areas of mathematical analysis
and applications. To review several approximation results obtained by using scaling
function interpolation, we first recall the setting of multiresolution analysis.

Supposes(z) andy(x) are the scaling function and the corresponding wavelet re-
spectively with finite support [d] wherel is a positive number. It is well known that
¢(r) andy(x) satisfy the following dilation equation and wavelet equation, respec-
tively:
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Figure 3:Cubic extension of original signal by two units
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Figure 4.Symmetric extension of original signal

$x) =v2 > ho(2x - s)

and

l
V(r) = V2 ) 9021 — ),
s=0
where theh! s andg’s are constants called low pass and high pass filter coefficients

respectively.
We will use the following standard notations:

Gi(z) = 2262z — k),
and

Vi(x) = 236(Px — k).
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Consider the subspadé of L? defined by:
V; = Span{¢}, k € Z},
and the subspad#’; of L? defined by :
W; = Span{yi, k € Z},

the subspaceg/'s, —oco < j < oo, form a multiresolution of.? with the subspac#®’;
being the difference betwedrt andV;_;. In fact, theL? space has an orthonormal
decomposition as :

L*=v;,P i W.
J=j

The projection of @ function f(z) onto the subspack, is defined by:

filw) =) ardi(x),
k
where

aji= [ Fa)i(o)is
Similarly, we can projecyf(z) ontoW; by:
wy(w) =Y Bt (),
k
where
5= [ Ha)ul(a)ds,

Therefore, the functiorf(x) can be decomposed by:
f(x) = fi() + ) wi).
i=j

The projectionf;(x) is called thdinear approximatiorof the functionf(x) in the sub-
spacéV; [7]. The multiresolution analysis di?*( R?) can be defined in a similar fashion.

In [3], E. B. Lin and X. Zhou gave the following wavelet approximation theorem.
In what follows, we assume, ¢) are sufficiently smooth and satisfy the orthonormal
multiresolution analysis with compact support andas N vanishing moments. Let
{M,} denote the moments of the scaling functiari.e.

M; = /mlgb(x)dx, [=1,2,---
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In particular,

wherea;, = \/2h,, are coefficients of the dilation equation.

Theorem 3.1. Assume the functiofi € C*(Q), where( is a bounded open set in
R?, k> N > 2. Let, forj € Z,
- 1 p+c qg+c, -

D,gEN

where the index set = {(p, ¢)|(supp(¢}) ® supp(#})) N Q # ¢},
In addition the moment&/; satisfy

M,=c, i=1,2,--- ,N—1.

/xigb(:v)dx = (/ ro(x)dr)',i=1,2,--- ,N — 1.

Then ‘ ’
f = Flleeg) < ClFN o027,

1f =l < CFN o277V,
where C is a constant depending only on N, diametét ahd

oV f
M. .= -t
1Dl = mazie e mea v |5 i

(z, y)|.

A new scheme of interpolation of a multivariate function with the tensor products
of compactly supported multi-scaling functions was introduced in [2]. The idea is to
choose weighted sample values of a given function by suitable weights. The advantages
of multiwavelets versus scalar wavelets are possessing symmetry, orthogonality, short
support and high approximation order [1],[5],[6]. A similar result to Theorem 3.1 in
multi-scaling case was obtained in [2], namely, given a multivariate fungtienC?",
the interpolation scheme provides, at sclean approximation order N in the, space
or an approximation order N-n in the Sobelev sp&€eif and only if the multi-scaling
function has the accuracy N.

In the context of the multi-scaling functions, one usually deals with a matrix dilation
(refinement) equation:

O(t) = Cr®@(2t — k). (3.2)

Here ®(t) = [®y(t), -, P, 1(t)]" € L?*is a multi-scaling function and’; are r by
r matrices with constant elements. rif= 1, C}, are real numbers an@l(t) = ®(t)



140 En-Bing Lin

which is called scalar scaling function. A characterization of the multi-scaling function
can be found in [2].

One dimensional version of the interpolation formula can also be obtained and can
be applied to extend the original signal.

4. Remarks

The above interpolation methods provide more global extension than traditional meth-
ods. The cubic or symmetric forecasting method bases on several points to extend to
few more points, on the other hand, the scaling function interpolation methods can ex-
tend the given data to a longer period of interval. We plan to produce some examples
and provide error comparisons by applying the scaling function interpolation.
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