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orccasting Using a Semiparametric Model
R. Cao, W. Genzilez-Manteiga, 1.M. Prada-Sénchez, 1. Garcfa-Jurado and M. Tebrero-1ande

Department of Statistics and Operations Research. University of Santiago de Composicia.
15771 Santiago de Compostels. Spain

Abstraclt
It this paper we present a foreeasting system that has been used 1o control the contination

in the swroundings of a Power Station in Northwestern Spain, The system provides forecas-
tings of the immision levels every [ive minutes as well as confidence intervals for such icvels.

[, INTRODUCTION

The concentration of 507 in the soil, known as immision, is a variable associated to the

comtamination produced by coal combustion. As itis a good Indicater of the alterations on the
atmospheric cavironment caused by the aclivity of a (coal) power station, in mos! developed
countries there are official rules thal this kind of industries must regard to control such a
variable, In Spain, for instance, the mean ol immision levels recorded in the proximilies of a
power station in the Tast two hours should not exceed certain values. Itis a remarkable fact that
since the actions o reduce the fizture immision levels are taken until that reduction is achieved
some time goes by, Consequently, ina Spanish power siation, in order lo regard the laws
(optimizing the productivencss of the plant), it would be very helplul to have a prediction device
16 estimalte Tuture immision levels.

In this work we describe the foreeasting system we have devcloped for the Power Station of
imities there are six tracking stations,

As Pontes, placed in the Northwest of Spain, In its pro
provided with automatic analysts, which record immision levels and transimit them 1o the central
laburatory of the plant every len secomds. Every five minutes these data are averaged and the
resulting vatue (legether with the other 23 analopously obtained in the Iast two howrs) is used lo
prixduce the bifiourly mean. These bifinurly means are the values to be controtled acconding 10
the §panish laws. With the resources avaitabie in the Power Siation of As Pantes, il lukes about
Nalf an hour since we decide 1o intervene in the combustion process ta reduce the immision
level, changing the type clcgal, wntil such a reduction is achieved. lence, considering that we
have a datum every five minutes, each lime we receive a new observalion we need o predict the
immision level six times ahead and, according w that prediction, we must decide wheber 1o
intcrvene ur nol. Of course, il is very important that the forecasting system produccs the
prediction as fast as possible. Otherwise, we would have 1o predict seven or more instants
ahead and, then, we would luose accuracy in the forecasiing.

In the fullowing section we inrodute the semiparametric model which is the basis of our
forecasting sysiem. In the third section we describe how we oblain the point forecasis and how
we conslruct confidence intervals using Box-Jenkins (see Wei, 1990) and bootstrap (following
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Thombs and Schucany, 1990} methods. tn the fourth scelion we show that our systeal waurks
properly camparing the forecastings it procduced and e dati which later were ubserved,

2. THE MODEL

Alter verilying the inclficacy of the ARIMA models to solve our problem (because they
produce unstable predictions whea cerlain values arc overcome} and the inclficacy of the
nenparametric models (because they can underestimate high iwmission levels), we have
designed a mechanism (based on a semiparamelric model} which uses selcctively information
from the past to predict the future.

Such a mechanism ulilizes 1wo sources of information. Tisst, it considers a mwalrix
containing historical immission dala. The matrix is formed by o big number ol arrays which
have he same structure as the forecasting {in our case, (XX X)) They are comnposeil
by a regressor componest (in this casc (..., X(.1,%;)) and o response component {X46 in our
problem). Each of the arrays is assigned 1o a certain box of the matzix, according (o the value of
its response component. The matrix is dynamically and sclectively actnatized in such a way that
cvery ting & new aray cniers it (a certain box of it), the oldest amay of the box leaves it

The second source of information are the fast 72 observations {corresponding o the last six
hours) of the scrics. We call it the aciive serics (and denote itby Xi, 1=1 el 2).

Three cffects delermine Xy 8 historically far one {or general rend of the prediction), which
will be estimated using the historical matrix, a historically recent onc, which depends on the last
values observed of the variable and on crrors corresponding (o the recent past (it will be
cstimaled using the active serics) and the ong due to the error comiited in the Instant under
consideration, Then, we propose the following model of prediction:

%&Edgwﬂ = Vy(B)ay,

where 6:2: is a stationary AR operator (order p), Py(B) an invertible MA operitor {order ),
V¢ g dillerence operastor {order ), ag a randons noise {which we suppose o be of mean 0 and
varance o) and Zy = X - EQWX6.XeT, ..} ihe series resulting of subtracting the general
trend (cxpressed by the conditioned cxpectation) 1o the aciive serics.

3. FORECASTING

We use the Nadaraya-Watsen estimitor with two cxplicative variables, cross-validation
bandwidih hand gaussian kernel K, 1o approximate the general uend,

!
X:ofﬁmﬂx_.o.xﬁ.i.ﬁxﬁ.xd.::
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with t=8.....78 (1IM denotes the historical matrix). Then, we model {using ARIMA
methodology and the routing FECP of the IMSL library) the scries m,_. t=R,...72, B.A:__._:m of

sublracting the estimated rend to the active serics, 1o obtain the corresponding prediction Zyg.
We constder three prediction rules: a pointone,

[a3 A
E(X7a/ X9 X11) + 43g,

and two conflidence intervals of level a: the classical one, abtained with Box-Jenkins
methodology , given by

6-1

Al n A 12
BXpXanXan) + Dan t 7un] 0 217
=

s}

H . . . . . - + A .

where a2 is the ¢lassical estimated variance of the while neisc and the 1 weiphts are calculated
from the relation ’

:nwv = ||Hm ()
(BB

Gn.n Wei 1990, p. 91), and the bootsirap one, obtained by adding 10 the nonparametric
mm:;::na trend, the quantiles comesponding lo 745, boutstrap distribution of Zgg (following the
ideas proposed in Thombs and Schucany, 1990, that we have generalized for ART moels).

4. RESULTS

In Figure | we show the predictions (always six instants ahead} using the semiparametric
model (dotted line) and the serics observed {solid Tine) along the selected immigion episede.
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Figuve 1. Prediction ising a semiparameltric maodel,
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In Figures 2 and 3 we present the Box-Jenking and baolstrap conlidence intervals

W as described in section 3. We can clearly sce

respectively {o=003), obtained in cvery ins
that the bootstrap intervals are beter than the classical ones in this invuision episode.
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Cipure 3. Bootsirep confidence intervals.
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Computing ARMA Models with MATLAB

J.-F. Emmeneqger, Universily of Fribourg, Switzerland
Abstract

By now, ARMA modoling {cl. Box and Jankins {1]) is a well known method to
analyse time series. Applicalion of the method of Box and Jenkins, starling with 1he
choice ol the suitable sollware on lhe available compuler-envircnment and ending
up with the presentation ol final resulls and conclusions s a hard process of data
analysis, decision making, computation, and edilion.

The widespread MATLAB sofiware package contains a System Idenlilicalion
Toolbox [5] edited by L. Ljung [4] which is specially construcled lo solve syslem
identification problems. As time series can be considered as @ subclass of system
idenlilication problems, the MATLAB environmenl has becn chosen for ime series
analysis. Tho latest version of July 1991 Includes the necassary reutines to build
seasana) ARMA modals, with respect to the rula of parsimeny.

Al the basis of the present analysis, lhere is a sample-palh ol & lima series of
monthly sleclrical anergy distribution data, concarning a wel! detarmined area of
Waslern Switzerland. The dala used for determination of a seasonal ARMA model
covers the period from 1950 to 1988. The recenlly av ilable dala for the three year
poariod from 1989 to 1991 will later be used for mode! evaluation and prediction.

The aim of this paper is lo show, lhat the MATLAD software package is a
suilable 1oo} for lime series analysis, involving eslimalion of seasonal or non-
seasonal ARMA medals.

Computalional and pregramming work has been carried oul on a Macinfosh
SE/30 PC with Iha appropriate version of MATLAB [5].

1. Construction of a seasonal ARMA model

The sampla-path of menlhly measured energy distribulion data, measured in
MKWh, wilh n = 468 values x .= x(1}; | =1,..,n, providing an underlying seasonal
ARIMA process {X}, (1], p. 85} is consirucled. Analysis, accotding to the three
phases ol Ihe method of Box and Jenkins: Identification, Estimation, Diagnostic
Checking ({13, p. 171), is performed. The saasonal period is 5 = 12. The

identification phase contains preliminary transformations which mainly are:

~ logarithms of the sample values (sfimination of exponenlial trend}:y, = log(x;}
~  Given lhe sampie-palh y, and he backshill operator Ulorke N: cxx“ = X



