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SUMMARY

The technique of exponéntial smoothing has received much
attention in the recent years. It is one‘of the most popular naive
forecasting schemes, but unfortunatély the smpothing constants are
selected quéntitatively through some‘crucial assumptions_a?éut the
time series. To compensate for thiswdefeéé,;two evoiutionary
opetation (EVOP) techniques have been developed to méke the
exponential smoothing parameters self-adaptive.

The two evolutionary operation pfocedures are the standard
factorial design EVOP procedure, and the sequential application of
the simplex design. They will be qsed to make the Winter's model
self-adaptive. The model is made self-adaptive in the sense that
the parameters in the model are automatically adjusted to compensate
for changes in thé basic nature of the time series. A direct compari-‘
son is made between the two metheds through simulation.

Eight time series, possessing certain characteristics and with
different magnitudes of the random components superimposed on them,
are generated. The factorial EVOP and the simplex EVOP are then used
to predict the eight time series. The general conclusions obtained
are as follows:

1. Simplex EVOP is more sensitive to the choice of the initial
values of the smoothing constants.

2. Factorial EVOP performs better than the simplex EVOP when




there is a presence of some periodic factor in the series.
3. Simplex EVOP performs better than the factorial EVOP

when there is a presence of a trend factor in the series.




CHAPTER 1
INTRODUCTION

Forecasting the Vaiue of a fiﬁéﬂééfigg ugingfavailaﬁle obserﬁa-
tions can provide an important basis -for (a) economic and business
planning, (b) production planning, (c)-inventory and production control
and (d) control and optimization of industrial processes. Thérefore,
the problem of m;king good forecasts is of special=interést to managers,
salesmen, economists, engineers gnd others.whd?are concerned Wi;h
quantity and quality of indusﬁrial products. Moreover, almeost all
economic and business decisions &éﬁén@fon forecasting to reduce the
doubts and uncertainties in decision making. Forecasting is then of
vital importance to the successful operation of business énterprises.

Methods of short-term fofecasting were classified by the late
Charles S. Roos (7), one of the founders of the econometric society,
into five categories: (1) naive methods, (2) leading indexes, (3) com-
parative pressures, (4) opinion polls, and (5) econometrics. This
thesis will be concerned with scientific methods of fqrecasting future
values of a time series based only on past data. Thus, the methods
emploﬁed here are classified as naive.

0f the many methods of naive forecasting, exponential smogthing
is one of the most well known and most successful. One of the main
reasons for its widespread use is that it is accurate, since the model

is fitted to the data by least squares, with the criteria of fit being




discounted in time. Also, it is efficient computationally, since one
does not need to retain considerable historical data from ene forecast

to another. Finally, it is effective in fitting a wide class of models

- to a set of data.

Statement of the Problem

Regardlesé of the exponential smoothing model chosen, the
ability of the forecasting system to track changes in the time
series depends mainly on the choice of the smoothing constant. When
the smoothing comstant is small, say close to zero, more weight will
be associated to the historical data. If the smoothing constant is
large, say close to one, more weight will be placed on the current

observations. Since exponential smoothing always requires an initial

-value of the smoothing constant to start the process, one is forced

to choose an initial "optimal'" smoothingcconstant. - One of the dis-
advantages of exponential smoothing is that it suffers from the inability
to select the smoothing constants quantitatively without making some
rigid assumptions about the time series.

Another problem arises when the system encounters sudden changes
in the underlying process. Then it will take an unacceptably long time
for the system to adjust to, or track, the new signal. As a result,
biased forecasts will occur, and continue for some time. Such a
situation can be easily detected by the tracking signals. When the
tracking signal goes out of control, one can then manually intervene,
review the process and start the smoothing procedure all over again.

However, when forecasts are being made regularly for many different




time series, it is very difficult to manually intervene effectively.
It may also be prohibitively expensive. Consequently, effort has been
made directly toward developing a system that will automically monitor
the smoothing constant, and change its value when the parameters in

the underlying time series model change.

Objective of the Thesis

The objective of this thesis.is to investigate two self:adaptive
smoothing systems. Two evolutionary operation techniques will be used
to make Winter's (10) model self-adaptive. The model is made self-
adaptiffe in the sense that the parameters in the model are automatically
adjusted to compensate for changes in the basic nature of the time
series. Results obtained from the two self-adaptive systems will be
compared. The specific thesis objectives are:

l. To determine Whicb evolutionary operating technique is best.
VThe criterigm of optimality - is the square of the forecast error.

2. To analyse the rafe of response to standard input signals,
‘such as step, impulse and ramp functions.

3. To determine whether the systems are  sengitive to the choice
of initial values of the smoothing constants and the size of the ex-

perimental designs used in the control procedure.

Survey of Adaptive Prediction Systems
_Several examples of adaptive predicting or forecasting systems
are found in‘the literature, These systems are predominantly used in

forecasting sales or product demand. These systems do not necessarily




use Winter's model as the basic forecasting technique, but the adaptive
nature of tﬁese systems are similar in the sense that they are based

on the variation of parameters in the system in response to changes in
the nature of the time series of interest. We shall briefly describe
four major self-adaptive systems.

- Chow (3) has developed a simple exponential model with linear
trend correction assumed. He proposed that three forecasts be used,
based on three different smoothing constants which are set at high,
normal and low levels. To start the process, the smoothing constants
are arbitrarily chosen and the actual forecast is made at the normal
level. However, when one of the outer values of the smoothing constants
yields a better forecast on the basis of an error criteria, the next
forecast will be made based on this new "best' wvalue. This new smoothing
value is then established as the normal value for the coming time
period. High and low smoothing constant values are re-estiblished
about ﬁhe new normal value and the process is repeated.

Trigg and Leach (9) proposed a method of making the system self-
adaptive by automatically varying the smoothing constant according to

the value of the tracking signal. The tracking signal will fluctuate

~around zero, 1f the system is in control. However, if biased errors

occur, the value of the tracking signal will move towards plus or minus
unity, according to the direction of bias. In order to achieve the

self-adaptive response rate, Trigg and Leach set the smoothing constant.
equal to the modulus éf the tracking signal. ‘In this way, the value of

the smoothing constant will increase when forecasts go out of control




so as to give more weight to the recent observations. Once the
system has accommodated the new situation, the value of the smoothing
constant is reduced, so as to give weight to past data.

Roberts and Reed (6) have developed a self adaptive fofecasting
technique (SAFT) which combines the exponential forecasting-models of
Winter with a respbnse surface analysis technique to test the effects
on forecast accuraéy of varying the expoﬁentiai smoothing parameters
in the forecasting model. The basic expénential procedure uses a two
level faétbrigl design, in which each smoothing constant will be held
at a low and a'high level. 1In addition to the factorial;points,la
center point is added. to the design to determiné the gﬁrvgture of the
response surface. If an effect of varying one or more df;the smoothing
parameters is statistically significant, then the center éoint of the
experimental design is shifted accordingly. Successive fdrecasts are
- the parameter combination defining the center point of the experimental
design. Whenever,.the center point is moved, the combination of smooth-
ing parameters used in computing the forecast is changed.

Montgomery (4) has also proposed an evqlutionary operation scheme
for ‘the adaptive control of exponential smoothing parameters. However,
the chosen experimental design is different from that used by Roberts
and Reed. He recommends the use of the simplex, which is an orthogonal
first order experimental design requiring only one more observation
than the number of variables under investigation. The procedure iﬁvolves
-changing the exponential smoothing parameters each period by the

sequential application of the simplex design. A new simplex is formed




each period by deleting only one point from the previous simplék
and adding one new point as defined by fixed relationships. The
point that is deleted each period is the parameter combination
which yields the forecast resulting in the largest forecast error.
Thus the design will, theoretically, insure that the forecasting
system will traverse the parameter space from points of high fore-
cast error to points of lower forecast error.

Roberts and Reed have shown their work to be superior to those
of Chow and Winter. Montgomery has shown his procedure to be hetter
than that of Chow. Since the main objective of this study is to
compare the work of Roberts and Reed and that of Montgomery, detailed

description of their schemes will be discussed in the next chapter.




CHAPTER T1I
PSEUDO EVOLUTIONARY OPERATION PROCEDURES

This chapter will ﬁresent a detailed description of the twq
response surface techngies which will be investigated in this thesig.
The name "response surface' was coinedﬁbthox (1) to denote surfaces
which are formed by the "response" of a certain criterion from various
combinations of environmental orriﬁdependént factors. In this thesis
the square of the forecast e.rroxlr is used as the criterion and :_thé'
exponential Smoothing'parameters are the environmenthlhfactors. The
square of the forecast error was chosen for seﬁeral reasons. It is
most commonly used in forecasting as a criterion to be minimized. For
response surface analysis, the square of the error always insures
values of the response surface gréater than or equal to zero. It also
places more emphasis on larger errors which tend to make the convex

surface more pronounced. The forecast error is defined as
E( +1)=F (¢t +1)-X(*1)

where F(t * 1) is the one-period ahead forecast made at time t, and

X(t 1) is the actual observation of the time series at time t + 1,

Thus, square of the forecast error is then eqqal to E (¢t + 1)2.
Several response surface methods are used in varioﬁs kinds of

practical problems; however, the methods to be investigated here are




known as Evolutionary Operation (EVOP)., These techniques imitate the
natural evolutionary process described by Box (1) in that they conéist
of systematically introducing variation in selected indgpendent
variables which affect the process, and then in some manner select
the best operating conditions. In this way, information is produced
in a systematic manner and the results are immediately applied. The
perturbations introduced through EVOP are aside from normal process
variability; and from information gleaned £hrough this variation, EVOP
gfadually pushes the process toward its optimal operating conditions.

Something to point out that the philosophy here is not the
same as the original EVOP. We have replication of each design point
at every period, and original EVOP does not. Also, theoriginal EVOP.
assumes that only small changes in the independent variables can be made,
while we can make any sort of changes in the smoothing constants as we
wish. .For short, we will call our pseudo-EVOP procedure EVOP.

Two EVOP technidques are to be investigated. One procedure is
just the usual EVOP described by Box (1) and more recently by Box and
Drapef (2), which utilizes the 2k factorial experimental design. The

other technique, described by Spendley (8), utilizes the simplex design.

Factorial EVOP
The forecasting model determines forecasts based on various
values of the smoothing constants from the experimental design. As
soon as the actual observation is detéfminéd;:thé'rééponsg surface
for the combination of the smoothing“cqpstants is formed according
to the square of the forecast error. Theﬁ, using the modified EVOP,

the effects of the smoothing constants afe tested at 99 percent confi-

~it




dence levels for significant changes. If the changes are significant,
the design is then adjusted. Consequently, the smoothing constants
are changed, resulting a redefined forecasting system.

Three cases may be developed from this approach:

1. A one-parameter system, whgre there is no trend or seasonality.

2. A two-parameter system where there is either a trend or a
seasonal ‘factor only.

3. A three-parameter system, which is for both trend and
seasonal models.

However, we are onlf interested in the two~paraméter and_the
three-parameter systems. The actual opetrations of these two systems
will be described in detail.

The two-parameter model is used to forecést time“series which
can be described by a two-parameter system. The forecasts are made
in ‘accordance with the 22 factorial design with a center point as.

shown in Figure 1.

B #
5 3
¢ [
1
®
2 4
° )

o
Figure 1. 22 Factorial Experimental Design.
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The effects are:

= L = 4+ - - -
Effect of o 5 (ra T, -t r2) s
) = i - - - :
Effect Of B 2 (r3 r5 r2 r&_)

where ?1, ;é, SRIEY ;3 are the averagejfgsponse surface valqe§ at
the respectiﬁe expefiméntal design poiﬁts. .It willﬁBe noticed here
that it is necessary only to determine main effects, sinc¢e no
meaningful information would result from an analysis of the interac-

tions. The 99 percent confidence limits are:

+3 N %‘ s

whenzn is the cycle number and s is the standard error of the response
surface. If either Qr both effects turn out to be significant the
experimental design is shifted in the direction indicated. The upper
and lower bounds of the smoothing constants are 0.95 and 0.05,
respectively.

The three pérameter model can be applied to series wﬁich contain
both trend and seasonality. Thus, three smoothing constants are
involved. A 23 factorial plus a center point experimental design is
employed. . It is an extension of the two-parameter system. The

associated design matrix is

e

1]
COoOCcCORHERKER 2
cCOoORrHOORK ™
O OFR OM oM %

~
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Each row in D represents a point at one of the eight vertices of the
cube formed about the center point. A one represents a high level of
the variable and a zero represents a low level. Figure 2 represents
a graphiéal display of the center point and the factorial design
surrcunding it. If the forecasting model is operatéed at each of
these eight points, then the corresponding response surface value
can be obtained.

The effects of varying each parameter can now be obtained.

.If the effect or effects are statistically significant at 99 percent

level, then it is necessarily to move the center point in such a way
to decrease the response. For example, if the effect of o exceeded
the positive limit, then it will hopefully decrease the next period's
actual forecast error 1f the value of o 1s decreased.

The expressions for the effects of the three+patrameters are

= r + 7 +_ +F o F e F -7 -
effect of o % [r2 T, tx, tro - %, - T, - xg rg]
: = ¥ +7 +7 +1r. -F - -F. -1
effect of B % [r3 ! r4 r6 r7 r2 r5 r8 rQ]

= r +7, +¥. +%, -7, -1, -T, - T
effect of ¥ % [rs T, I, rg = Iq ry r, r8]

where Fi, T,, o ,,'Eé

respective experimental design points. The limits are

are the average response surface values at the

+ 3N %n s

and the upper and lower bounds for the smoothing constants are.Q.95
and 0.05, respectively.
This 23 factorial design?difféié'somewhat from the usual three

parameter EVOP involves blocking in order to eliminate time effects
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T8

center point

cp =

Factorial Experimental Design.

23

Figure 2.
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ordinarily found in industrial applications. EVOP was mainly developed
for the chemical industry and since their experimentation involves
.changing the operating condition of a process over time, the data

may be affected by the time effects in thepnprocess. This is
especially true where considerable time passes between perturbations.
However, in the production and control problem, time effects do not

exist, since all responses can be determined simultaneously.

Sequential Simplex)EVOP

An alternative method of Evolutionary Operation is the sequeﬁtial'
simplex technilque. Th":l'.s't.ec;hnique was first proposed by Spendley (8)
and also by Box and Draper (2). An application of the simplex EVOP
technique to sales forecasting is given by Montgomery (4). The sé-
quential simplex téchnique is basically a much simpler technique than
factorial EVOP, both concéptuglly and computationally.

A simplex is an orthogoﬁal first order g§p¢ri@enta1 design, which
requires only one more observation than the numégé of variables under
investigation. Thus, if two smoothing parameters are being controlled
the resulting simplex is an equilateral triangle and for a three-parameter
smocthing model the simplex is a tetrahedron. A simplex design is an
experimental design in which the design points are located at the

vertices of a simplex. To illustrate the basic approach of the se-

- quential simplex technique, we shall consider the case of twogparameter

smoothing. The simplex, as mentioned above is an equilateral triangle

with vertices labelled as 1, 2, 3 as shown in Figure 3.
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Figure 3. Z_PéfgmeteﬁQSimplex Design.

Suppose the value of the forecast error for the three runs, one at
each vextex, if found to be greatest at point 3. The simplex procedure
will then delete point 3 and add a new point labelled as 4 in Figure 3.
This new point is the mirror image of the old point 3. Therefore, point
4 will form an equilateral triangle with the two 6riginal points.

The basic design employed is the regular simplex in k dimensions
wﬁere k is the number of factors or variables under investigation.
Relative to a chosen origiﬁ Xl, XZ’ .« o . Xk’ a regular simplex of

edge length L is conventently specified by the (k:-+ 1) & design

. matrix D.

o
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[‘ Xl X2 . o e xk
S
x, 1, Xt e e xk+qL
D i
| 179, }.{2+qL"; " xR
where p = (1/kV2) [(k - 1) +4k + 1]
and q = (1/k¥2) Wk +1 - 1]

The values of p and q given here provide only one of an infinite number
of orientations for the simplex design. However, Splendley shows that
the procedure is relatively invariant to the design orientation. The
rows of D give the k coordinates of the k *+ 1 vertices of the simplex.
That is, the design points are the rows of D. The jth row of D will
be denoted vertorially by gj. The criterion for discarding any existing
vector or row of D is the maximum current forecast error squared. This
causes the system to move from a region of high forecast error to one
of lower forecast error.

To apply this technique to a two-parameter or a three-parameter
exponéntial smoothing model would require the following rules:
th

1. let E(i) be the square of the forecast error at the i

design point
iy = . . y12 . =
E@ =[F@E)-x@WJ), £i=1,2, « « o« N

Let the maximum value of E(i) occur at point gjo Form a new
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simplex by deléting gj from D and substituting the new design point

%
d. where
%

2

Y% = '+
dj 2/k (d1 d

"+, ..+%t4q, ~1"+aqa, +1" +4q ") -4,
] ] N ]

Calculate the forecast for the next period using the smoothing parameters

-which are the elements of dj*.

2. Apply rule 1 unless a design point has occurred in N success-
ive simplexes without being eliminated. Should this situation arise
for the i th design point, discard E(i) and calculate the forecast
for the next period using the smoothing parameters in Qi. Then
apply rule 1.

3. Should E(i) be the maximum forecast error square in the
nth simplex and E{i)* be the maximum forecast error square in the
n 1 st simplex dé not return to the nth design. InsFead of oscillating,
move from the n + 1 st deéign by discarding the second largest forecast
error square.

The application of the rules given above results in a shift in
the values of the control parameters at each period. This characteris-
tic may tend to méke the design too. sensitive to random fluctuations
in the time series and thereby lead to an unstable, inaccurate foref
casting system. On the other hand, the factorial design di@tates a
parameter change only when a statistically significant need to change
is shown. Thus, some filtering of the noise occurs with the faétorial
degign. However, In the presence of a small amount of random noise,
there may be little difference in the stabilities and accuracies of

the two systems.




Winter's.Model

To test the two techniques discussed previously, a fundamental
exponential smoothing model due to Winter's (10) is utilized. The
model hypothesizes that a time series may be viewed as being composed
of permanent and random components. Furthermore, the permanent
component can be decomposed generally into level, seasonality and
“trend factors.

- Let the time series 0, 1, 2, .. . o t, t T 1 be postulated and

let Xy be a particular realization of the time series at time t.
Assuming the forecast is made for one period ahead only, the equation

for the leveling component is

X
. = _———t -
S () To (5 ) F Q) 5y @ YRy (0]

Equation for the seasonal adjustment is

X
= -t -

"and for the trend factor is

R, ) =y [s -5 ®1+Q-y)R_

It

where St (x) estimate of the level component at time t

o = smoothing constant
B = smoothing constant
v = smoothing constant

L = periodicity of the '"season"
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]

F

& seasonality factor at time t.

Rt(x) = trend at time t.
The smoothing constants &, B and ¥ have to be positive and less than

unity but they are not all necessary equal.
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CHAPTER III
DESCRIPTION OF THE TEST CONDITIONS

To test the performance of the two adaptive control';eghniques,
data were generated artificially and the forecasting methods appl;ed
to each series using Monte Carlo simulation. The data were generated
on a-UNIVAC 1108 computer. Artificial time series were used because it
is possible to model specific time series characteristics. If the
characteristics of the time series are known, then one may draw genetral
conclusions about the performance of the prediction models on sgries
possessing these characteristics. On the other hand, if the charac-
teristics are not known, then only restricted conclusions can be made
about the particular series.

Eight time series were generated, each possessing certain
characteristics. Each of these time series has a basic deterministic
form, but random variation has been'super-imposed to make the series
more representative of actual industrial series. .Only normally dis-
tributed random variables are used for the sake of simplicity. The
random variable is generated with a mean of zero and a variance which
is either low, fairly low, fairly high or high. The variance is said
to be low when the ratio of the variance and the trend component is
one-fourth. In the presence of a non-zero constant component, the

ratio of the variance and the constant component defines the magnitude

of the variance of the time series. Likewise,’when'the ratio is ome-half,

three-fourths and one and one-fourth, we say that the variance is fairly
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low, fairly high and high, respectively. Each of these time series
arbitrarily set as being 200 time units in length.

To show that the random variates generated are normally and
indepeﬁdently distributed with a mean equal to zero and a variance
equal to a specified constant, a histogram was first constructed to
provide a good over-all picture of the data. Then the mean and the
variance of the 200 random numbers were computed. A hypothesis was
set up to test that the mean of the random var;ates eqiials to zero
against the alternative that the mean is not equal to zero. Another
hyﬁothesis was also set up for testing the hypothesis that the
variance equals to the specified constant against an alternativg
that it is not. These hypotheses were tested using common tests
of significance. Then a chi~square goodness of fit test was performed
to show that the random variates are indeéd nbtmaliy distributed.
Finally to complete the tests, a run tgst is used tq examine the
randomness of the data generated, to make sure that there is mno trend
_or correlation in the data.

The remaining portion of this chapter will be deﬁotedito the
description of each of the eight time séries that Were-generated.
Their characteristics and the series values will be presented.

Hereafter, the time series will:be referred to by number only.

Description of the Time Series Used

Series 1
This series contains a constant component and a linear trend
component with superimposed random noise. The form of the generator

equation is

Li
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X(t) = A+ Bt + RV

where X(t) is the Sefies value at time'tg'A is the coanant component;
B is the trend per time period; and RV is the random component which
is normally and independently distribﬁtéd'(NID). For this series < A
has a vaiue of zero and B has a valgé‘of ten. Figure 4 shows a
portion of this time series for RV ~~ NID (0, 2.5)
Series 2 |

This series is identical to,seriéé 1 except fhéf; is an impulse
at time 100. The constant component and the trend component are
identical to those of series 1. PFigure 5 shows a portion of this
series for RV ~ NID (0, 2.5).
Series 3

Series 3 is essentially the same as series 1 except that there is

a step function in the trend component at time period 100. The form of

the generator equation is as follows:

]

Xl (t) = A+ Bt t RV for t < 100

X, (t)

A+ Dt +RY, for t.> 100

where X1 (t) and Xz(t) are the time series values for time period
1l to 100 and 100 to 200 respectively. A is the constant component
for both time serieé and it takes on the wvalue of zero. B, and C
are the trend component and they take on the value of 10 and 50
respectively. Fipgure 6 shows a portion of this time series for

RV ~~ NID (0, 2.5).
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Series 4

Series 4 is vexy éiﬁilar to series 3. It is a combination of a
step and a ramp function wheré the time series is constanf for time
period 1 to 100 at which'ﬁbint there is a step increase. After the
increase, the time séfies follow§ a linear tfend. The form of the

generator equation is as follows:

X, (t) = A+ RV for t.< 100

1

X, (t)

ct + RV for t > 100

where A the constant component is 10 and the trend_c0mp6nent C is
100, Figure 7 shows a portion of this time series for RV ~~ NID (0,.7.5).
Series 5

Series 5 represents a series exhibiting strong seasonal or
periodic variation. To generate such a time series, the following

equation was used

X(t) = B sin ( j%;L') + B cos ( J%IL > T RV

where X(t) is the series value at time t, B is the amptitude of the
sinusoid, L is the period of the sinusoid and RV is the random
component. In this series, B has a value of 10 and L has a value of
12. Figure 8 shows a portion of this series for RV ~~ NID (0, 5.0).
‘Series 6

Series 6 is a twelve-point sine wave with onehhgrmoﬁic. To

generate such a time series, the following equation was used.
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X(t) = B sin (&) +3 cos (L5
+ ¢ sin ( éfEL ) ¥ C cos ( éf:L ) + RV

where X(t) is the series value at time t, B and C are the amptitude
and L is the periodiéity of the series. In this series, B has a

value of 20 and C has a value of 25 and L is 12. Figure 9 shows

‘a portion the time series for RV ~— NID (0, 12.5).

Series 7
Series 7 is composed of trend and seasonal components. The

generator equation is as follows:
X(t) =Bt +C sin (5= ) +Dcos (E) + Ry

where X(t) is the series value at time t. B is the trend ‘component
and C and D are the amptitude of the cyclic wave and L is the periodi-
city of the cycle. B, C and D all takes on a value of 10. Figure 10

shows a portion of this time series for RV ~— NID (0, 5.0).

Series 8

This series is one that exhibits high degree of autocorrelation.
The form of the generatof equation is as follows:
10
X(t) = 22 RV (t +1I)
I=0
where X(t) is the series value at time t and RV is the random component.
Thus, each value of the time series is formed by summing eleven random

variables.




For example

x(1)

X(2)

Figure 11 shows a

24

RV (1) + RV(2) + «..... T RV(11)

RV (2) + RV(3) * co..es T RV(12)

poftion of this time seriés for RV ~~ NID (0, 12.5).




Figure 4. Time Series 1 == Linear Trend with .RV

NID (0, 2.5).
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| Figure 9. Time Series 6 -- Harmonic with RV  NID (0; 12.5)..

30




31

4
.
-
.
-
.
.
-
-
.
-
.
*
-
-
-
-
-
-
-
-
.
.
-
-
.
-
.
4
-
.
.
-
-
-
.
.
s
.
-
.
.
.-
.
-
-
*
T e
..
-
-,
- .
- \
*
-
.
-
.
L[]
-
.
-
"
-
.
-
....'
-
-
-

Figure 10. Time-Sei:ie_.s 7 -~ Trend and Seasonal with RV _ NID (0. 5;"0);




e

<]

Figure 11,

Time Series 8 -- nghly Autocorrelated Serles with

RV NID (0, 12.5).
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CHAPTER IV
RESULTS AND CONCLUSIONS

This chapter presents the results.obtained by applying'Winteg's_
model with the two EVOP forecaétipg techniques to the eight time series
described in the previdus chapter. An investigation of the sensitivity
of the models to the initial values of the smoothing constants is
presented first. An analysis of the sensitivity of the factorial EVQP
to the spread)of the experimental design and the sensitivity of the
simplex EVOP to the edge length is then presented. Then the overall
performance of the two forecasting models for the eight time series,
each with four different magnitudes of error variance, is given.
Finally, conclusions are given regarding the forecast accuracy and

the rate of response of the two medels.

Sensitivity to Initial Parameter Values

To investigate the sensitivity of the factorial EVOP to the
initial values of the smoothing constants, differentfgombinatiqns of
&, B and y are used.in series 1, 5 and 7. Series 1 is a two-parameter
trend model, series 5 is a two~parameter seasonal model and series 7
is a threéﬁparaméfer model ﬁhich contains both trend and seasonality.
Therefore, one series is used to represent each-of the three classes
of model. Each of these time series is run six times, each time
using a different combination of a,_B and y. The random component

of all three time series is arbitrarily selected to have a variance
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of 5.0. The results of this expériment is shown in Table 1.
-Similarly, Table 2-exhibits the effect of initial values of

o, B and v on series 7, the effect of @ and B on series 5, and

‘the effect‘of.a and ¥ on series 1.

Based on the results of Table 1 and Table 2, it is obvious
that the simplex EVOP procedure is more sensitive to the initial
values of the smoothing constants than the factorial EVOQP procedure,

and there is no specific pattern of sensitivity.

Sensitivity to Design Size

Another important question of concern is the sensitivity of

the simplex procedure to the edge length utilized, and the sensi-

| tivity of the factorial procedure to the "spread' or upper and lower

parameter limits of the experimental design.
To determine the proper spread for the factorial procedure,

funs were made using spreads of 0.01, 0.03, 0.05 and 0.07. Here,

" spread is defined as the distance from the center point of the design

to the face of the cube formed by the eight experimental points.

Table 3 represents the crude sum of squares of the forecast errors
resulting from these trials. From Table 3, it appears that series 1
and series 5 are not gsensitive to the choice of the spread length.

From Table 3, it appears that not all time series are sensitive

to the choice of the spread length. For series 1 and series 5 the
choice of the spread length does not affect the ¢rude sum of squared
errors at all. Whereas, for series 2, 3, 4 and 6, a choice of 0.01

as a "spread value' seems to be the most appropriate. However, for




Table 1. Sum of Squares of Forecast Errors Obtained from Different Initial Smoothing Constants.

Factorial EVOP

- e 2 Series 7 o B Series 5 o ¥ Series 1
0.15 0.15 0.15 0.20816 x 10°  0.15 0.15 0.32840 x 16* 0,15 0.15  0.16046x 10°
0.05 0.05 0.05 -0,21293 x 10°  0.05 0.05 0.1%20 x 10* 0.05 0.05 0.16046 x 10°
0.15 0.10 0.10 0,20851 x 10>  0.15 0.10 0.17217 x 10* 0.15 0.10 0.16046 x 10°
0.15 0.10 0.15 0.20864 x 105  0.15 0.10 0.17217 x 10* 0.15 0.15 0.16042 x 10°
0.20 0,10 0.10 0.21066 x 10°  0.20 ©0.10 0.22869 x 10* 0.20 0.10 0.16042 x 10°
0.20 0.15 0.10 0.20929 x 108  0.20 0.15 0,19607 x 10* 0,20 0,10 0.16043 x 10°

S¢



Table 2.

Sum of Squares of

Forecast Errors Obtained from Different Initial Smoothing Constants.

Simplex EVOP

o B v Series 7 o B Series 5 o g Series 1

0,15 0.15 0.15 0.23104 x 10° .05 .05  0.10067 x 10° 0.5  0.05 0.70119 x 10°
0.05 0.05 0.05 0.56415 x 10°  0.15 0.10 0.11675 x 10’ 0.15 0.10 x
0.15 0.10 0.10 0,36602 x 10°  0.15 0.05 0.55444 x 10°  0.15 0,05 0.55416 x 10°
0.15 0.10 0.15 0.44029 x 10°  0.20 0.10 0.6319% x 107 0.20 0.10 - -

0.20 0.10 0.10 0.51913 x 10° ” 1

0.20  0.15 0.10 0.27436 x 10°

* Sum of 8quares of Forecast Errors cannot be obtained because the System is Cycling Arourd

a Single Point.

9t
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series 7 and 8 a choice of 0.05 as the "spread value'" is appropriate.
A similar approach is used to determine the proper edge length
for the simplex procedure. Again, runs using the edge length of
0.01, 0.03, 0,05 and 0,07 were made and Table & represents the
crude sum of squared errors resulting from these trials. From
Table 4, it appears that all time series are sensitive to the' edge
length. For series 1, 2, 3, 4 and 6, an edge length of 0.01 is
the most appropriate. For series 5, 7 and 8 a larger value of the
edge length is more.appropriate
These values of edge length and spread were chosen arbitrarily
for testing and are by nc means optimal. They were chosen purely-to
give some relative indicationuof the sensitivity of the models to
these variables. In actual practice, the best values of edge length
or spread can be determined either by simulation and analysis of
historical data or by trial and error experimentation in real timg.
Clearly the former method of setting these values would be the most
desirable in an operating industrial prediction and control system.

Comparison of the Factorial and Simplex
EVOP Procedures

Table 5 through 8 show the crude sums of squares of the forecast
errors for all eight time series, with four different magnitudes of
error variance, using both the factorial and the simplex EVOP téchniques.
The edge length and the spread for all runs were both chosen fo_be |
0.05, wﬂicﬁ seems to work réasonably well foruboth methods. Also,

both Roberts and Reed as well as Montgomery have suggested this value,
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Table 3. Crude Sum of Squared Errors for the Eight Time Series

Using Various Spread Values of the Factorial Design.
Time lSpread Values .
Series 0,01 0.03 0.05 0,07
1 0.20961 x 10°  0.20842 x 16°  0.20870 x 108 0.21172 x 10%
2 0.26973 x 10°  0.40215 x 10°  0.49115 x 10°  0.49277 x 10°
3 0.28280 x 10°  0.30866 x 10°  0.31166 x 10°  0.1099% x 10°
4 0.65702 x 10%  0.52514 x10°  0.64770 x 10°  0.53834 x 10’
5 0.16061 x 10°  0.16054 x 10°  0.16051 x 10°  0.16051 x 10°
6 0.13721 x 10°  0.1835 x 10°  0.22337 x 10°  0.22142 x 10°
7 0.24161 x 109 0.13778 x 109 0.12580 109 0.12582 x 109
8 0.29595 x 10°  0.16723 x 10°  0.17080 x 10° ~ 0.13885 x 10°
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Table 4. Crude Sum of Squared Errors for the Eight Time Series

Using Various Edge Lengths of the Simplex Design.
Time o Edge Tengths
Series 0.01 0.03 0.05 0.07
1 0.74698 x 10°  0.96214 x 10°  0.10509 x 167  0.71795 x 10°
2 0.30221 105 0.61824 x 105 0.61212 x 105 _ 0.67478 105
3 0.17372 x 10° . 0.22372 x 10°  0.84950 x 107  0.12191 x 10°
4 0.35501 104 0.19653 x 106 0.17618 x 108 0.32816 108
5 0.75523 x 10° 5 0.58799 x 10°  0.58227 x 10°
6 0.11524 x 100  0.12876 x 10°  0.17407 x 10°  0.17455 x 10°
7 0.51179 109 0.26339 x 109 0.51717 x 109 0.39536 x 109
8 0.43205 x 105 0.26454 x 108 0.11591 x 10®  0.23889 x 10°
ANote: The crude sum of squared fofééast errors cannot be obtained

because the system is cyclingfarbund a single point.
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and it seems to be used in practice. The initial values of w, B, vy
used were all arbitrarily chosen to be.O;l;

From Tables 5_through 8, we see that the factorial EVOP is
better for certain time series, while the simplex EVOP is better
for other time series. However, to further illuStrate from a
graphical point of view the performance of these two forecasting
procedures, an inépection and analysis of Figures‘12 through 21
was made. These graphs show portion of both the time series values
and the predicated values using the two different_procedures.

Time series 1, whose random variable is distributedN(0, 5.0),
is shown in Figure 12 along with the results of the two prediction
procedures. Series 1 exhibits a linear trend. According to the
result in Table 6, the simplex procedure performs better Fhan the
factorial EVOP procedure. Most of the difference in the sum of
square of forecast error between the two procedures can be accounted
for by their performances at the first sixteen time periods. As
shown in Figure 2, the factorial EVOP procedure fluctuates up and
down resulting in large forecast error at the initial stage, but it
finally stabilizes itself and follows the trend equally well as the
simplex after_fhe sixteen time periods have gone by.

Time series 2 is time series 1 with an impulse. The series
selected for illustration also has a random variable distributed
N(O, 5.0). TFigure 13 shows the response of the‘two forecasting
procedures fo an impulse in the time serigs. As expected, the

performances of both procedures were the same at the initial stages,
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before the impulse. At the point of impulse, the rate of response

to the signal is much better in the case of factorial EVOP procedure.
The effect of the impulse lasted for only a short time, and the
factorial EVOP forecasting system stabilized quickly. However, the
impulse effect lasted for a long time in the simplex EVOP forecasting
system and the system stabilized itself gradually.

Time series 3 contains a step increase. For responses to a step
increase, the results are quite different. They are indicated in
Figure 14. The simplex EVOP seemed to "overshoot' and oscillate
badly. The factorial EVOP appeared to perform much better than the
simplex in the.case of a step function.

Time series 4 also contains a step increase. The oqu difference
between series 3 and 4 is that the time series before the signal input
is a trend for series 3 while it is a constant for series 4. After
the signal input, both ‘time series takes on a trend. The responses to
series 4 are very different than those of series 3. éHefé, the factorial
EVOP seemed to "undershoot” first and then "overshoot™ and very slowly
oscillates to the new level and follows the trend. The simplex EVOP
seemed to “overshoot™ first bﬁt it reached the new level quickly
without large error fluctuations. The results are indicated in Figure
15. The reason for this may be explained simply.‘ In the simplex
procedure, the control parameters adapt themselwves each period to
changes in the time series. Thus, it is faster for the simplex
procedure to change its parameter and adapt to a new level when a

drastic change from a constant level to that of a trend is encountered.

u
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However, in the factorial EVOP procedurey wﬂen there is a change in
level after the step impulse, several periods are then reqﬁifed to
re-evaluate the range estimate of the standard deviation so that an
upward shift can occur in order to adapt to the new trend.

Series 5 contains a basic sinusold or periodic - -pattern and
clearly demonstrated the superiority of factorial EVOP prbcedure.
In Figure 16, it can be seen that the simplex EVOP procedure resulted
in very large prediction errors because it is out of phase with the
signal. The factorial EVOP procedure, with its_statistical control
limits, allows parameter modifications which result in a predicted
series which follows closely the periodic behavior of the series.

Series 6 is a sine wave with one harmonic. 1In Figure 17
this harmonic series has a random error component which is distributed
N (0, 2.5) superimposed on it. It can be seen that the simplex EVOP
procedure performed siightly better than the factorial EVOP. . Never-
theless, when the random variable is distributed N (0, 12.5), that is
when the system is noisy, a reversal occurred. The factorial EVOP
procedure performed better when the wariance of the random component is
high, and the result is as shown in Figure 18. It seems that when the
system is noisy, the continuous parameter changes inherent in the
simplex EVOP procedure introduce additional error in series exhibiting
periodic behavior.

Series 7 contains both trend and periodie components. As shpwn
in'Figure 19, the simplex EVOP procedure performs better than the

factorial EVOP procedure. This is another case which confirms the
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superiority of simplex EVOP in the presence of a trend component.

Series 8, which is very highly auto-correlated, is shown in
Figure 20 along with the results of the two prediction procedures.

As expected, the factorial EVOP procedure performs better than the
simplex EVOP since the high auto-correlation structure produces a
time series that appears to be cyclic.

In conclusion, we can state that simplex EVOP procedure yieldsg
more accurate results in the presence of a trend componenti On the
other hand, for time series that shqqs'periodic behavior, the factorial
EVOP procedure proved éignificantly Eettér than the simplex EVOP
procedure. Finally, it can also be genér;ily concluded that the
factorial EVOP procedure gives betpe;?:esponses to standard sigﬁal
inputs such as the impulse and the step functions. However, when
there is a drastic change in the level of the time seriés.befqre'and
after the signal input, the simplex EVOQP procedure Wiil.give a better

rate of response.




Table 5. Crude Sum of Squared Errors for the Eight Time Series
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Having RV NID (0, 2.5).

Time Simplex Factorial
Series EVOP EVOP

1 0.59184 x 10° 0.62400 x 10’
2 0.15445 x 10° 0.22742 x 10°
3 0.3677:2 x110° 0.13373 x 10°
4 0.11589 x 10° 0.17082 x 10°
5 0.35174 x 10° 0.15630 x 10°
6 0.94746 x 10% 0.13763 x 10°
7 0.38766 x 10° 0.19011 x 10°
8 0.19711 x 10° 0.63847 x 10°




Table 6. Crude Sum of Squared Errors for the Eight Time Series
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Having RV NID (0, 5.0).

Time Simplex ‘Factorial
Series EVOP EVOP

1 0.58799 x 10° 0.16051 x 10°
2 0.17470 x 10° 0.22337 x 10°
3 0.51717 = 10° 0.12580 x 10°
4 0.11591 x 10° 0.17086 x 10°
5 0.84950 x 10’ 0.31166 x 10°
6 0.61212 x 10° 0.49115 x 10°
7 0.10509 x 107 0.20870 x 10°
8 0.17618 x 10° 0.64770 x 10°




Table 7. Crude Sum of Squared Errors for the Eight Time Series

Having RV NID (0, 7.5)«

Time Simplex Factorial
Series EVOFP EVQP

1 0.58987 x 10° 0.62509 x
2 0.11534 x 10° 0.21533 x
3 0.41945 x 10° 0.14291 x
4 0.115% x 10° 10719553 x
5 0.17583 x 10° 0.46579 x
6 0.39125 x 10° 0.66577 x
7 0.52622 x 10° 0.19022 x
8 0.25583 x 10° 0.13605 x




Table 8. Crude Sum of Squared Errors for the Eight Time Series

Having RV NID (0, 12.5).

Time Simplex Factorial
Series EVOP EVOP

1 0.58612 x 10° 0.12300 x 10°
2 0.14142 x 10° 0.20198 x 10°
3 0.30577 x 10° 0.13446 x 10°
4 0.11598 x 10° 0.17093 x 10°
5 0.12370 x 107 0.68923 x 10%
6 0.35904 x 10° 0:17658 x 10°
7 0.13488 x 10° 0.12397 x 10°
8 0.41784 x 10°. 0.30587 x 10°
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CHAPTER V

RECOMMENDATIONS FOR FURTHER RESEARCH

w

Two areas of further research are naturally suggestgd by
the work done in this study. The first area involves the extension
of the simplex EVOP procedure, while the secondrarea inyolves a
further detailed iﬁvestigation of the effects of the.basic nature
of the time series to evolutionary operation procedures.

The first area of further research involves making the simplex
more flexible in its use. 1In this thesis, the optimum operating con-
ditions is obtained by evaluating the output from a system at a set
of points forming a regular simplex in a factor space, and continually
forming new simplexes by reflecting one point in the hyperplaﬁe of the
remaining points. It is assumed that the relative steps to be_made in
varying the factors are known, and thus makes their strategy rather
rigid for general use. Nelexr and Mead ( 5 ) have developed a method
of making the simplex adaptive to the local shape of the response
surface. Comparison of this modified simplex method ¢an be made with
the regular simplex to see if it improves the forecast accuracy, and
especially the rate of respomnse to standard signals.

The second area of research is an extension of the_work done
for this thesis. From this study, it was shown that the simplex EVOP
procedure performs well the trend model and the.factoyial EVOP performs

well the seasonal model. . It would be of great interest to investigate
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the effect of the simplex EVOP procedure on time series with varying

magnitudes of the trend component. Similarly, it is possible to
determine the effect of the factorial EVOP procedure on time series
with varying magnitudes of the amplitude and the periodicity of the

cycle. These investigations would be of walue on further determining

the characteristics of the two EVOP forecasting techniques.

i
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BLOCK» TYPE, RE AIIVE LACATION, NAME}

1146
2206
s000F
S005F

[
NPOINT

S5E
%

.00

iRk }]
nana

RO LT

nonx
ga9=
L1k R
002s

" 000A

noon
000n
0009
0005

MV —DH DD

00nn3s
aanl17e
cl2huf
012677
aonna2
ennnn?
noatLn
coanit
gl2éts
L2625
olph17
090000
p042ut

€ THIS +ROMKAL USES T.E ROAZRTS AND ReED CETHOD

DIMEHSTIO® X200, »F 2025032001 ,555(9) ,ES(I,20001+0{9:3)FUDGE L

COM%QHIFLOAA/NPARvNPOIH'rAU-iLrﬂUrFLrCUrCL'DELaIJ

TUIYeSXlcedy0r pRYID, 2003 ,FX(0e213)

COMUNNSGLORC/SSerFUDGE s £S5 e XHeSE X0 F o€

HC=WIWSER CF CYeLE IN FUUGE TAnLE

5003 FURMAT(1S)

¢
LFUle 1S MATN
L4 FUK SLQA=02rs27773- 13 Jl°¢o ge0)
¢ TMALN PRubﬂAu
STURAGE USLD CCCE1l) ﬂunﬂZu; DATALD,
[4 _GUMMOIN BLOCKS:
Oug3  bLOKA 00J012
( 0u04  pLOKB 000033
0uis LLOARE 013625
p Ougés  pLUKF  00dU0L
EXTERMA, -REFERENCES {BLOCKr [IAME}
( .
Quo7  FACTOR
Qui0 DFCIOE
( Oull.  HINTHS
. Bul2 HAOUS
oull  NIG2s
{ ~Dulsy  NIOLS
0ul5 MEXPLS
: 0Ule  LwWuus
¢ Ovl7  NSTOPS
‘ STURAGE ASSIGMMENT
. ow00 012652 11F nO0Y . 00004
[ 0001  0N315%6 2116 ndgy  No0ig2
: Ougl  0D3251 2476 6U08  N12644
0u00 012641 S004F nGag 01263
[ G- . QuOs - 012723 2301F audy R NO0NA3
: 0un3 R DNUpds BU f000 R 012622
Quoy R 000006 D 08I R 012657
¢ : Qups R 0Ndall ES f0as i NOSS.3
. Cudd R 012632 63 PLYg H A12633
© 0w0 I 012637 UFLAG) n00 1 012640
{ Dub3 I.0PSR00 YPAR -nOp3 { MOODpI
T 0ubs K GOOQ0D SPREDY noys R 0000n0
¢ - Qund R D12835 TC aLiys R 004243
« ) .
G150 1=
. noLgl 2n
4 nnigl A 1020V 5
noio3 4n
neLgy 5= COMMOLi/at uka/0
[ 4 na1ss  ba
’ nojgs ™ COMMNE/GLORF 25D By
: © . RBlgh . B c
L . 0ae107 9x ReAD(S-SN03INC

1326
223G
S001F
S5G0aF
AU

1
ol
FUooe
I
Lo
WIIRMES
X

XN

0a4q1

0ag1

ouau
auoo
nNJau

TR ]

aJog
aJdu
auyd
ouqga
duyu
ol

XX mRITTTD

99ugIs
Qou2ig
012650
ulz2711

uiz62l .

diJdous
alze26
Q07029

‘anuoLt
Q12615-

GUd410
¢l12634%
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nop12
noryd
nolle
nejz22
LS §-2 ]
no1zas
no130
nel51

00134

no1a7
LI LY
nnau?
noly?
150
no1s56
nnisé
nnyise6

. A0156

nnls7
n0165
nn1ep&
nojieé
ntle7

noLle7T

anie7
nole?
neigy
no170
an1r3
No174
noL7s
noLye

a0176

oLt
nnzg00
npz2e2
anzp2
nbRp2
nnzp2
nn2e2
nobz2p2
nopzg2

‘nezo2

nnzp2
nozp2
no2pz2

Tndzp2

nozod
nf296
no2p?T
np210
LIPTE-
no214
no216
ne217
neza2
noz2as

11l*
12+
13
14
15+
16»

17=

L=
19

2us

21~
22
25=
24
25
206e
2T
20*

. 29

Ju=
31«
3z
33
34+
35
56%
3=
38»
39=
uQ=
41
u2n

43 .

4=
y5=
4o
4=
wi*
49=

50w .

51=

52

5=
Sk
55%
56*
57%
58«
59
[T
6l=
oen
63
b=
v
pbx
ol=

S004

Q009

5000

s Rl

5001

oan

“ 5002

fen

ReAD Tn VALUES oF pUDGE Yu BE UED

Bu 2 I=y1.00

RUAD (S A0 FUDCE Lo LR o FUGGE (e 1)

Furar 271y, ) -
CunTThye _

ReAD S+ RN00INTTILES

FurvATLIS)

Du 9089 TUKS1eHTIMzS
R;hﬂl5r5"UUlAl-nllC\:AUaﬂuppulﬂLlCUuCL

FunnaT (990, 2) :

AL, 1eCLeART ThE 1TTFTat PARAMETER YALUFS FGR THE CEMTER
AU, AL s U oL rCUrr LeE THT UPPER AND LOWER ultius RESPECTIVELY ON
THE * COM'TACL PrRANETER®

REATES G UL HP AL 1 1iuBSe SPReDLeDEL

FUrnTIaTLe 2F 5. 20

HPARZWURNER OF pARRMETESS TO BE USED I8 ThE MODELS
NugSzHymrER OF 7l PENTOUS IN cACH TIVE 4LEHIES
SPRENLZHIOTH OF Tig FACTOAIAL ALONG A MAJuR AXLS

ReADES 5 W21 iXE ) e 11 H~ASY '

FOR=ATIATLI0,.2)

CHPOINTS 1 ZevNPAR) 1)

aoon o

AamnooAnNOOOMND

Y

12

14

HEGINTS “WYBER oF pESIGH POINTS

CALL FacTuiialenlrcleSPriutl

Fi9,200)=FGRICACTS AT @ CuSIGN eOINTS AND 200 TIME PERIQDS
E19.202)y=EXPORS AT PESI-N POINTS AND TIME PERIVDS

SHE (DG DF Sy UaRED ETRURS

£5(9,20n1=ERROR SwyARED aT OESIeN POIMTS
pu 3 1=1.9

EtIs1)=0.0

S5E(1)1=0.0

Feleld=0.0

sg11=g,n . .

SL=S\™ oF ERRORg AT EACH UESIGH POINT
Felo1202¥112)

CONTYMJE

XN=0.0 .

L=t M SED OF PELIUDS WE HAVE BEEN IN CURRENT PHASE
BEGIM TS ACTUA, FQRECAST

CGA{1VZESTINATE oF THE Lfvel COMpONEMT AT TIME I

X111=ACT ML OBSeRVATION

Ga=S BTG CO: 51 \Te DAL

Gu=SU0aTHING CONSTAHTY BeGacl

GC=5H0aTH LG COnST,MTs0¢6CCL

LzpoPlon~lly OF T SEACON

FXtI)=GEASOHLETy FACTOR AT TIME 1§

R(II=THERD AT rIkg X

FiKs TJ)2FURECAST Fpl TIVE 14

PLADtS 1YL . . -
FORMAT(1S) :

psud=0.0 . A . —_

DU 1?2 I='»L .

(TR SESTL L 18 4]

CONT THUC .

DaAR=DSU/FLOAT (L)

fio 1* Izl

DU 1% K=t1ePOINYT . .
FatKelep X1 /nBAR - : : . =

61




nogp7

BULF-53

nnzsy
n0z3s
ON23s
o2y
o2y 3
A0z45
no2ys
NAzZu6
nngsy
“N0as2
nozs53
Nlesy
nilzsy
N0y 56
nnesy
n2g0n

Nbzgl

nnze2
nMze3
nozey

" N02ey -

nasgs
LA
N3y
003yl
nnxyz
noi1s
LLESEY
noms
nnate
nnizgQ
no3a2
Nn03zs5
L LIRF-YS

no3z27

ole
e

S 70w
7i*
72
73
g«
75
7b=
1T
T8
19+
anw
ulx
a2
g3
o
~Jha
sbx
8l
uax
y9=x
0=
9]=
92x
9=
ULE
5=
b=
97
9t
To9Ys
1yd=
.10l
102
103
Lyus

END OF COMPILATION:

13 conrrhug

15

Ou 15 szteiPoIng : ”

SAIK:IZ):X(IZ’,pxla}zui
Ratusl2yzy,n
Fqn.11;::54(Ka19|;uxcxslzl|iFX|x.:3|
Do 108 [)z13,4p

WIITT Lo, Rup5SY

5045 FuinsTir PEnTOn - Ay Rl c1 FORECAST
L

ACTUAL OEVIATION

Fititg= 54, SPREDL - Sx¢K Ly Pxix, 1) FX{KeIud?}

DO 4 Kzy,ur0pHT
ElKr'd):flﬂrIJ)-XIIJ)
ES(KrlJ):(E(KD[Jl’-zl

SSE K SSOLN (1K, T I  ae2)

'SLIK1:SETKJ+EIK,IJJ

4 WNITFTU.EUDEFIJ,DinIlla“(n-ZFIOtK-J}lzlkrIJlIX(]JI-E(KIIJ,rESlKIIU
]]nSPDEJlfSX(KIIJl'nx(K-VJ!'Ffo,Idi

GAZDIK, 1)
GO=DIK,y2)
GC=D0K,e3)

~Sx(K-IJ):GA*IXI:JI/FXI«.IJJ!fll,o-ﬂﬂltlsch-IJ-ll¢Rle-IJ-1)I'
'RllelJJ:GCtISX,K-IJ)-SV(K.IJ-li)&II-O-GC1-HX(KIKJ-II

FA(K»IJ+LJ:GB-lyllJllSX!K,[JlJ&(l.ﬂ-ﬁﬁlin(KnlJl

FCK.'J*1!:IﬂXlK.IJJ*RKlfrIJl1‘FYIK|]J'1)

5006 FUHH\T(I“rZK-Fb_3'2F5.3.F12-“-F1l.ucFIZ.u.Fll.HuFll.“cSFlU.Ql

5007

a0
9999
9001

. Enp

HR[T‘(Q,WUUT)SE,NPQIHT),SbEGNPOrNT)

FURMAT L0504 OF cRi(yR= YrF10.2¢Sxs 'SUM OF ERROR 5@, = v,f10,2)

Xis=}™M+1l,0

TA:Dlllll

TGy

TC:D]IIS’ .

CALL LEcTDEtTA-TBrTCidFLAbll

IFLJElast LEG, 'y)CaLL FrCIORIAL,B1.c1,SEREDL) _

CONTTHYE
KRITE15,7301)
FurMaT iy}
STop -
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-~

WFURe 1S FACTPH
FUR Si0A-02/77/73-13133:24% (20}

SULKOUTIHE FACTOR

STURAGE USLDD CODELl) Gyatels

CuMmotl LLOCKS?

oudl
Qul4

GLOKA 000012
BLOKD 000033

ENTHY POTWHT 000,41

EXTERMAL REFERENHCES {BLOCK» HAME}

0vos
Quod
0uwo7

STORAGE

ouol
Booa
[P LILi]
qQuuo

nolpl
anigd
nf1g4%
no1gs
no1p5
nnips
nnipb
na1o7
nn110
no111
no113
LIS LS
n0115
np11é
no1317
nnLao
no12l
fi0122
no1zd
np1ze

LT Rt

N013sS.
fiC136
noys7?

no140

1

HWIUS
1:102%
KERR3S

DATALOy Uy003uy pLANK cOMMOM(2) gulooY

ASSIGHRENT IDLOCKR_TYPE| RE, AT;VE LNCATION, NAME)

oroL2Y 10
pNOOD3 AL
phoooL CU
onuoRe K

1=
o=
3»
g
5% o
6 C
7=
g«
gx .
140+
11
12=
13+
14#
15«
16%
17=
18=
19=
20«
2l=
zew
23
2h=
25%

JoL

430

31
50

nogs 0000353 1246 0001
noo3 popbn2 AU 0an3
nG34 R NODOAO D aoax

ago3 1 000000 LPAR 00014

SUBRAUTIME FACTRLyeHsCrSPREND)
DINENSION Tt2e3)

COMﬂﬂ”liLOKA/HPaRtNPOIN'!AUIAL-ﬂUnﬂL-CUnCLcUELoIJ

CUMMPN/ S ORDAD

THis SJaNOUTINE Fl LS U» IHE FageTORTAL
RLPRESENTLG A pESLGH prInT. THE CEHTER Pul

DileYiz=A

DL1»21=R

Dils31=¢ P
IF (~PAQ LE7. 360 TO S0
DiZ2e 1128 +5PREADL (L, 0
D13, 1124 +SFREADL 11,00
DtseltzasSPREAD (=10}
085, 11=a45FREAD 1100
Dt2,2)=neLPTEAT, 11,0}
D13eP1=reSPNEADLL=]1+0)
Dine M=+ AEADL L], 0}

Ni5,2) cp+SHREADL (=10} Lo

DU 31 K=1.9

WhiTFio,73) DIK, 11,012 eD(Ke Dy
GU TO 1pn0 .
Di2rti=845PREADALY, 0}

D13,V ISA+SIREADLIL.O)

Diset ) =A+SPREANLLL D)

D51 }=a*SFRIADLE1, 0}

pnnl1s 1666
anoans wi
goodie VEL
000001 WPOINT

0001
goa3
0uD3

63

000045 501
ona0us oy
goaull 14

PES1GN HATRIN O wl1Th EACH [0 -
NT IS ALWAYS 1w THE FlnsT




: 64
| .
! [P
L]
. \ i
: LLIVY 20= Dioy VIZ34SPPEAD =14 D) i S ' -
! ! nNye2 2= Di7e 1) ZasSiNEAD, L=1.0}
anpyd F: L DEd, 1 =p4SEPEAN, U~1.0)
noly4 29% D19y F)ZaeSPREAD A A~140)
‘ . f AN1yS 30« BrZs?) = aSHREAN, 11, 0)
| nN1LYG 3l De3s7) S+ SHREAD, (1, 0)
| no1g7 azg= DUy 2) 2P eullEAD =1, 0)
[ nois50 3w D15, 2 ) 2R #SIREAD, (=14 0) . I -
[ - no151 Shx Dip, 2= eLPREADL L1 0y
! -Ns2 3= DIT, 23+ LPREAD,L L1, 0)
¢ nny53 36e © DHue?IIRESPREAN, (1,0}
. ninlss Y E D19, =5 +¢5°REAN, [ =1 .0
nois5S 33= L2, SIECHSPREADLIL 0
£ nMiLse 39= B3, MISCHSPREAN =1 400
nays7 ygs Dt& V12 +5PPEADL L, 0)
| noi60 yle DSy M =CceSPREADLI=1.0)
| ! a0161 y2= Dip, V) =C¢SPREADLIL,0)
nmnip2 'L DL7,3)2C+5SPPEADL =1 .0} . . .
, _ no163 By D3y VIS eSPREAT11,0) . .
B { S nDle4 45« D1, Y SCHSPREAD, 11400
: ’ . g3 4bx DU 87 £=1:9 . .
} noL7o 4T 80 WAIT"1%,23) DIK,1),00K,2) ik, 3y
C ne176 4w 98 FURMAT s/ MATELX BEFGTE CHECK TS5%,3F15,3)
I . ne177 49 1000 ReETURN
¢ no2po 50 END
; ¢ END OF COMPILATION: 1O DyAGLOSTIES,
|
! [
i
¢ .
b [ .
¢
v {
[
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RFOe s GECIDE
FUH SL0A-u2/s2T /73132 31 Bo (»0)

SUGHOUT JIE DECADE -ELTRY PQINT 000:23

STURAGE USCD: CODE(1) 000A00; DATALO, 0900731 wLANK ~OMMON(Z} yQuso0d
CUMMOM BLUCKSSE

Duu3  BLOKA -poDOL2
BuDe  GLOKE 000033
Guus  BLLOKC 013603
Qub6  ULOKF 000001 S o

EXTERNHAL REFERELNCES (BLOCKr HAMED

QuQ? SORT
ould HERR3%

iy
b

STURAGE ASSIGNMENT (BLOCKr TYPEs RE| AT[VE LOCATTON, NAME)

Ouol . ongLVe TIL aguy noooys (1oL 0u01  .goenfss 1134 oaol 000103 118
Quul 009215 121, LITT 000044 1246 000y  0ONN235 130 ouvul Q0TGaT £33
guol ORDpTY LuaG - noQt 0082:1 201 naoo 000506 <UUOL oupl o0udb3 2L
Ouol oPuyl2 230 . hDp} nogual 24t a0a0y 0onust 2uL LEVIVRY oouUSCa 203
0003 000003 AL nouy  DO0Ma2 AU 1007 R nOONQO AVGE Q000 K 000026 wlIG
oupl onop0Y BU A0p3 00097 cb 000y gonhne Cu Nuus R} 00UOUG U
Gugd R OPCOLl DIF noop ® Nooo>7T gMIN 1095 R ¢10173 & 0000 R 0CUU34 <A
Quos R UNDDSD EC ~ NUpp R 000025 zE n09n R OONIT £LIMA 0UQ0 R 00UG36 cLl
OusS R 004563 F . 0005 K 000Nyl FUDGE 002n 1 goON23 I 0u0d 1 uoulil 1J
Quud 1 0PUD3L L nGQ3  peoLed rPaAR ngay 1 eraoatl (HOLaT 0000 H 00UDI0 RAN
Qu0S R 014242 SE nOdp R 00003 sIGHMA . N0Ms R COO0OO SHREAD 000S R 00U0UD SHSE
Oup5 R 0Ns253 X 0000 K 000054 xb 0095 R 00424l X+

no1gl 1= SU3RMUTIME DECINELarBeCsJFLAG)

T No103 2= DIMEMSLO™ AVGE(n) s SSE(9), FUﬂGE(2D.2ﬂ1-ES¢9-2001-BlFl9l-SE(9l-!i20

na1g3 3= LD F I, 200 v E 19,2040 2D(0r )

N0y o4 4 CUMSPL/RLURAZ HoAK, MPOIMT ALl AL, BU.EL-CU.CL-DEL-IJ

na1pS: 5= At/RLOKALD

na1p6 T b= :/rluhcrss—.FUDGE.rs.xN-SE,x.F.E

noyavT = i/ BLURF /SPREA )

nop130 8= TF XM .6Te 1% Gy To 110

noy12 ox SU45=0.0

anLLs 10= . . JELAGRD

anii14 1= GO TO 2000 .

10115 14 110 DO 111 1=1,MPOTHT

- ARL20 13= 111 ANGTtLI=SSELII/N
o122 Lum Xezxt=1 .0
naz2 | 15w [ YuzE3ER CF PE<IURS STvEe WE CHAHGED YO 4 NEa PHASE _ .

no123 1o= 0o 112 l‘l-NPOINT
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ne126
anLa?
LI
nnys2
no139
nopsv?
N0y
no1n2
aniud
Hlyb
nnLso
naisl
no1s3
nnlsy
nn1ss
no1%6
nnLs57
DI EY S
nN1s0
nolee
0163
nolg4

‘A0165

néls6
nole?
noy17l
naiT3
aol7%
nf17s
AlL76

nozo0 - .

nnz2gp2
no2o3
nnzo4
0206
naz10
no211
npg212
noz13
nn215
"hoz17
nnzao
noz2zl
nonz2zy
nazzas
nE224
nog2s
noz2s
noz26
noz26&
nagaT
noz3o0
nnz3l
noz33
nnzas

LLERTS

nnzay

172
18%
toe
20+
a1
22+
23«
e
25
20%
27e
zer
29+

TG

51
32
33«

C s

3ox
A
3T
Ju-
39
40
41
y2=
g 3=
4h4=
45
4b*
47
uhe
49
S0=
Sl=
52.
53+
S4=
55
56
57e

Sd*

5%%
bu*
ol=*
b2
2%
G4=
&5
6h"
b7*
ubi=
9%

70s -

71=
Te=
73=

66

Ct=tSSEIT)I=FSHT, Ty i X0
112 DIFLTISEF=EL5{ 1 I)
© BlgnTUIF L}
Du 113 p=2etPoIT
IFDTFLry e, rI16p960 TO 113
Blgu=DIFil)
113 COnTthye
Dih=CiF L)
DU 116 J=ZeMPOIT ) _
IF1DTF(T) L6E. mMiy) GO To 114 : B : i
DAEIN=DIFLI) ) )
114 CUuTTHUE :
RANGTZAPSIBIGD=~Mly)
N
AYUGEAFUDGE [NPpOIRTILY,
SUMSZSUMSHS
SLGUAAZ SIS /XL
CaLCM'LATE  EFFeClg
IF (IPCINT LE0. &) O TO 20
EAZDSx(WOEL2) LAVGEL I —AVGE LU _AVGFISY)
Euz0.5e( " vaEi2y JAVGELY) - AvﬁElll—AV(ElSil
EL1ACT+3,0S16M 4/ 5uRT XY
Fuim=-gLlMP
JFLABSD ) -
IFLER LS. FLIMA) O TO f1
IF(DI1e1) LE. pe1)GO T& 1L
AZA-SPHEAD
JELAG=
cu TN T2
11 IF(EA GT. ELIM, G0 TO 12
IFIDELr LY LGE. ne¥)60 TH 12
AzA«SPREND .
JFLABZL
12 IF(E™ JLS+ ELIMpIGo TO 33
IE(Dt1sv2) JLE. pely 60 7O 13 ]
Bz 5-:Pagno ) L .
JFLARS] ) . : . . -
GO TH g - -
13 IF{E” .6S. ELIMOG) TO 18
IF(D11+2} .GE, pe%9) 60 TO 1% ) : . X
Bz +SPREAD o :
JELAREL - .
1% IFi1JFLAG .EB. 1, Gp TO a0
60 TH 20n0
20 EA=n.25«CAVRE {5y +AYBE (31 +AVGE L2} +AVGE(#) =2 VGE L) ~AVGEL TH~AVGE(B)=a
VLELC))
lEuEﬁ.Zb-IAUGE|3}+AVGE[2}&AVGE(6}+AVGElT)—;vGE{b) AVGE(4}=AVGE(F=n
LVeEL9))
EC=0,25nfAVGE 16 +4yBEL2) ¢ AVGE (4) +AVGE (RY=, VGE { Tl-AvGE|51-a»GEl5|-n
IVEEID)) -
o=y, neSIGMALSonTL1,n/12.05%1))
ELIHH--ELIMb
IF(EM 4 5. ELIMR) 6O Yo 21
IFIDLEs1Y JLEs nel) 60 TO 21 S _ : N
AzA=SPREAD ' ' )
JFLARSL : : :
GO TH 22




~

noz2yo0
Nugy2
N2t
nn2ys
nlzyo
60250
nnzse2
ngzs3
anzsy
n.55
nozs7
noz2el
nnze2

nneed -

60265
nmnzet
noz7o
anz7l
atz72
nnzry
nnzze
noa2ry
an3p0
nn3gl
nb3p2
nmsps
nospe
no3g?
n0310
no332
n0313

Tur
75
7o
77+
780
79
50
dls

see’

ol
uyx
aS*
dox
ui=
dB*
4o
0w
yls
Yl
3=
- gue
5%
Obhx
97

9B+

99+
1yl*
lyl=
ly2=

193w -

1ot

END OF COMPILATIQN:

2:

22

IFtEn L67s ELIN 13y Y0 12

IF 450010 6K, 049) G Ty 22

AZA+SPHE N
JrELAGS]

IFgeEn L, fLIMMYug TO 23

IF (761,2) JLE. 0.3)60 10 23
©PEG=GERE YD C
MELAGE]L

GO TN 24

IF {Fu 5. ELI:NY GO Tn o5

23

25

25

IFiDil:py ,GE. n?)60 10 2
Bz +SFIREAD

JELAGS] _

TFIET o+ L% ELIMp)Gy TO 25
IFID11+3) LLE. pn.1)60 Ter 25
C=C-SPREAD

JFLARTY

GO TH 14

IFIEr: 5% ELIMMGG TO 33
IFIDEL ) L,GE,. pe%) GO TO 34
C=C+SPREAD

JFLARSL

S BU TN 1y

00

‘901
2904

Xwz0.0

Dy 901 1=1,MPQILT
SSELTI=0.0 .
Scifisu,n
FelsTJ+1)XIIJY
Etls 741200
RETUN

ElD
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SFLRPLT MALL . : -
! (o e FOA-DLLn=bb 1 34RI061E21¢5 (05D ‘ s

o 2.
0 —— VALN PROGHAAZR
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