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ABSTRACT

A new method of heuristie reinfarcement learning haa been
developed for parameter ldentificatlon purposes. In essence, thiz new
parameter ldentifisatriom techmique 1z based on the idea of breaking a
maltidimensignal search far the nminloum of a glven functional into a
get of anidirectional searches in parameter space. Each search
gituation 1s assoecilated with one block in a pemory organized iato
cells, where the loformation learned about the sltuwations is stored
fe.g. cthe optimal directions in parameter space). Whenever the
search falls Iinto an existing memory cell, the system chocses the
laarned direction- For new gearch slituationsz, the ayscem craates
additional memory cells. This algorithm imitates the following
cognitive procass: {1} characterize a situation, {11) select an
"optimal" actdon, {iii} evaluate the consequenges of the action, and
{iv} memorize the results for fubure uae. 43 a reault, this algorithm
is "tralmnable” in the sense that it can leatn from previous experience
within a specific class of parameter identificaction problems. From
the mathematical polat of wiew, the algorithm utilizes the fnveraion
of a pewly introduced concept of "fuzzy maps” betwe=n Ewo spaces: the
feature space and the parameter correction space. However, this
gperation i1s performed by the cognitive process described above rather
than by mathematical maaipulations. The main sdvantages of rhe new

method are: (i) because of the ninimum amount 4+f computiatlana, the
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sarameter identificaticas proceed faster thap by the weual methods,
and (11} the parameter search can proceed automatically without the
usar—-program interaction. The new algerithm was validated both
analvtically and via extensive computer simulaticas, utillizing a medel
of a U-tube gteam generator of the type used in pressurized water
reactors. A "real world"” application was laplemented whereby anzlog
slgnals from an experimental pressure loop were utilized as inputs to
the present learning algevithm. After a trainiag period, during which
the alzoritham was snown the normal behavior of the loop, the systewm
was abie to diagnose failores in the loop and to accurately datermine

the parameters characterizing its neormal behavior.
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CHAFTER 1

INTRODUCTION

1.1 Paramarer ldentification and Surveillzance and Diagnusti¢ Methods

Since the inception of Nuclear Power Plant Technelopy and because
aof 1ts "unferglving™ characterlstics, a large effort has been devoted
to the development of control, survelllance and diapnoetic methods.
Continwoua survelllance of large dynamic systems such a3 Nuclear Power
Plants can improve the gystem avallability by sarly detection of
Inciplent failure and by avelding unnecessary periodic maintenance
(1).

Reacrar Nolse methoda (2-4} do noc depend on the latreduction of
external stimulii and hence do not Iinterfere with routine plant
gperations, making such methods ideal toola for surveillance putposes.
The reactor nolse methed for survelllance and d{agnostics is based om
the utilizacian of a set of nolae dezeriptors which characterlze the
signature or the state of a power plant that Is in a given
conflguration and mode of operation. A nolse descriptor 1s a
funceional of the stochastie flurtvatisns exhibited by atate variables
auch as the Power Spectral Dansity (PS50} and the Crose Power Spectral
Deggity (CPSD). Typically, a4 noise degeripter (the Fourier components
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deacrlbing the time-~evolutinn of the stace wariables) exhibleis a
ponslderable amount of structure as a function of the frequency.

These features (e.g. peaks and valleys) are related to speclifie
causatlve mechanisms such as fuel element vibrations, core barrel
motion and thetmal-hydraulic processea. In the nermal operation mode,
the location and strength of the fearures in the nolse descriptors
defines the plant aignaturs. Plant survelllance methaods are based om
the detectipn of changes in che plant signature and the utilizarion of
diagnostic algorithma to correlate the observed discrepancles with the
altered plant conditicns-

Ta implement the above surveillance and dfagnoatic methods, one
mist parameterize the neise descripters in terms of the system
parameters contalnad In a aultable wodel of the dynamie behavior of
the plant. Ultipately, the plant signature is in fact asscelated to a
set of parameters (heat transfer coefficienta, Doppler coefficlents of
teactivity, fuel temperature, and 90 on). In principle, whenewer an
alteration of normal plant operation arises, the set of altered
paramekars will have to be fdenriffed . Essentlally, ir is chen szen
that surveillance methodologies do ia faet reduce Lo parameter
identifization problemz. Not very surpriefogly, rhias problem g
geraane ta the develgpment of oprtimal control algovithms since, in

both Instances, the extrems of arror functicmals must be derermined.




L.2 Burvey of Control (Jptlmization and Parameter Identification

Methoda

Historically, the development of control optimlzation and
parametetr idemtificatiom techniques since the esarly days of nuclear
technology can bte divided Inte two perieda. The first period covers
the late 40's up rto the eariy H0's = it was the era of control eystews
theory as a precise analytic diseipline (53}, with the goal of
developing servo—mechanisms that would drive the system bto follow a
deglrad output trajectory. The fundamental method was the
minlmizatlon of an errot functional (f.e. a measure of the distance
between the desired and the actual output), sebject to varioms
congtralnta. WVery powerful analyrical tanls were elthar already
available or were developed. Among such tools were the claseical
Gauss—-Newton least squares methods (6} in thelr many variacions and
dynamic progrzaming (7). The common feature af these methods was
thelr determiniatic character.

The second perioed covers the esarly 60's up to now. During this
period there was the resallzation that either becanse of the inherent
stochastlc osture of physical systems or because of the flucruations
and uncertainties Induced in the system by the environment, one
required more govhiszticated decision-making algorichms {(8). System
optimization methods axperienced substantial new developments during
this period. Amaziagly enouph, the new metheds, which are based on
probabllistie technigques and/or the analysis of cognltive processes,

do utlllze much fewer smalytical manipulations than the onea 4o
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profusely needed in the old dererministic methode- In the early 60's,
work on the new “less-analytical”™ algorithms wzas performed by
Rosenbraok (9), Powell {10), and Welder and Mead {11). The new
faature 1n this wnrk was that cne could find the axrrema of
functlonals without caleulating tlme—consumlag derivatives of the
errgor functional by scme varied, though still "sgalytdical”,
technigques.

Also in the early AU's, an lmpertant event fook place wich the
development by Hoocke and Jeeves (12) of the "Direct Search” method.
In this technique, rhe minimization of the functional {i.e. the
datermination of the optimal parzmeter set) is accomplished by a
gerles of tria] sasrches in parameter space. Tach trial performance
{a kept in memory and strategies are develaped te select new trial
polntz in parametsar apace. Agaln the analytical manipulaticns were
raduced to the calculaztion of the earror functional at each trial
point. The new method lacked mathematical rigor but could solve
optimizatica problems which were elither very Jdifficult to solve or
practically untreatable by the well stablished determlinlsatic
techniques.

The next zcep in the evolutionary process of conbtrol and
optimization mecthods devalcped when Waltz and Fu (13), Ta (14) and
Saridis (8) endowed tha contral systam with learning capaebllities.
This development led to the design of "Trainable Controllers” based on
the concept of heuristic "Reinforcement Learning™ borrowed from the

behavioral sciences (8). HNew and more sophisticated technlques in
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Learning Controls did gulckly appear based on Pattern Recognitiom

Mathoda (8,15,16).

e
1.3 Parameter Identificatisn by Heuristic Learning

As It wasz previgusly mantioned, the parameter identification
problen 15 equivalent to the process of minimization of a given
Functional. The aim of Heuriatlc Learning technigques ia to perform
thia process by replacing many analytical rools with heuristic
guldelines. 1In a general sense, Heurlstic Learning is the amethod
which endeavers to perform a given function or reach a desired goal by
deciding the best action Eo be caken for each partlcular sgituacica.
Implicit in the merhod iz a decision-making algorichim co select from
among 3 lavge set of passibile acrions the onea which expedite the
achievement of the set goal. This pelicy-makiag faret of heuristic
learning can be implemented in many ways, such as the use of "rules of
thumk” based on previous experlencs relating to the behavior of the
syastem under investigatcion. Upon evaluation of the consequences
followlng a giwen actlon, the heuristic learning methed stores In

memotry the best action az well a3z the situartion which was encountered.

* The word heuristic {3 darived From the Greek heuriakein - o
dizcover, to find. The Webster's Third Hew Inrermaticnal Dictlonary
defines heuristic as an adjective meaning "serving to guide, digeovar
or reveal”. Something that 1s heuristic 1z deseribed as “"providing
ald or direction in the solutlon of a problem but otherwlss
utijustified” in the Webster's Wew Colleglate Dletiasnary.




In thiz way, when faced with a similar sitwatlon, the system has
"leatrnad” the appropriate action to be taken to reach the desired
gaal.

Aa mentiomed in Sectiom 1.2, a form of the Heurlatilc Learniag
method was develaped as learning behavior models of living organisms,
whereby learning i3 accomplished by a stimulus—-reapouse zcheme so
thar actiona with hipgh performances are rewarded and actions with low
performances punished. The malon components in a heuristic learniag
algorithm are: (1) the characterizarion of the “"aitwatlon™, (ii) the
gelection of the strategy based on heuristic arguments and Tules,
f11i} the evaluation of the conseguences of actigns and the
reinforcement of optimal decisions, and (1iv} the memary organization

where the past experliences are stoved.

1.4 Previsus Applications of Heurlstie Learning Hethods In the Field

of Nuclear Power Plants

Although the importance of heuristic methode 1z the area of
control svatems was quickly recognized in the sarly 70's (14), very
few applications in the fleld of Wuclear Powsr Planka can be found in
the literature. The first application to digltal contfrol of nuclear
reactors by heuristic methods {ta the author's knowledpe) was
implemented by MacDonald and Koen (17), who addressed rhe problem of
making the reactor follow a desired power output trajectory hy the
formulation of fimple heuristiec rules on how to activate Ehe coatrol

rods. Although a highly simplified woedel of the reactor was urillzed,
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MacDonald succeeded in shewing the petential advantages of heuriscic
lezrning metheds. Bubak and Yosclpskl (18) and Kitowskl and Mosclinski
(193 utilized a much wore sophisticated reactor model to éruduce a
heuristically based digiral power—following algorichm. Finally,
Hoshino {20) developed a heuristis learalng based, optimal strategy
for the refueling of a reactor with the goal of maximizing the averags

dischatge burnup.

1.5 Motivatlon and Objectives

For the past few years, the Nuclear Engineering Deptartment at
The University of Teonesaee and the Instrumeniaticn and Controls
Division ar the Qak Ridge Watioval Laboratory have been heawily
involved 1n the development of Survelllance and Diagnosrie technlques
for Nuclear Power Flants (21-27). This work has resulted in the
formularion of survelllanece technlques which require on-line parameter
identification for assessment of abnormalities in the plant oparation.
To satisfy this requirement, a least sdquares progfam Was produced for
parameter ldemntificaticn purpeses {26}. Because of the [aet that the
plant parameters enter in a highly non-linear fashiem inteo the models
for the noise descriptors, the fittiag proceduts was both time
consuming and very sensitive to rthe Llnirfal guesses for the
parameters. As a Tesult user—-program Interaction was needed Eq
"guide™ the algorithm to coavergence, and on—-line cperaiion had te be
tuled out. CTuring the ficting process, it was notleed that the user
with experience develaped a serles of "rules of thumb™ for fhe
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selection of the initial parameters and their subsequent changes,

which greatly facilitate the fitting proceas. Motivated by these

findings, 1t was decided to explore the possibility of performing

on-line parameter identification by replaeing the human operater with

a learning progranm.

The following objectives were get feor this dizsertation:

L:

To ilmplement and evaluate heuristic relnforcement

learning technigues already developed for ocher purposes

as a tool for a parameter identifiecation algorithme. This
step was neceygary ag previous studiea of heuristic methods
dealt with essentially "crajectory-fallowing” problems
rather than with the specific problem at hand.

To investipate the posslblility of developing new, mora
efficlient heuristic lszarning technigues.

To valldarta rthe new methodology by neans of extenalwve
computer slmslation studiee and the utilizaticn of
atatistical tests. The motivatiom behind this objlective
was that heurlstic methods do oot guarantee that an ocptimal
golution 1s obtalned (with the exception of particular
gituations studied later In this work).

To apply the newly developed parameter identification
method to a “real world” surveillance and diapnoscic
problem. The ragquirements for this shiective wera to
perform an-line survelllante with anmalog sfgnals froa

a real dyramic systeum.




1.6 Original Contributions

The original contributions iacluded ia this dissertation refer to
two different areas: (1) heuristle learning in general and (11} the
field of sgurveillsnece and diagnestics relevant to Huclear Powar
Flants.

In the area of heuristic learuing, the present work contalns the
firat application ‘known to the author) eof heuristic reinforcement
learning to the problem of paramerer ldentification, in ¢ontraat with
rhe pravious applizaticns of this technique to rralectary-following
algorithmsg.

A new learaing marhoed, the "Siagle-Directiconm Learning” {5DL)
parameter identification wmethod, has been developed which 1s cleariy
superior to the relnforcement-learning method, the "Fized-Ddrections
Learning” (FBL), which was developed by adapiing the heurlstic
icarning control technlques to the parameter fdeatiflcation problenm.
During the develapmant of the learning algorithas the new coneept of
"fuzzy" maps has been Introduced, which 1s of fundamencal impertance
for the iwmplementaticon and use of the learning methods.

In the area af surveillance and dlagunesticzs, a learning-program
has been developed which can be used for am-line diagnogtics and which
learne the particulariries of the paramerar identificarion ar hand,

thereby increaging its performance wirh rhe experience.
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1.7 Organizatien of the Text

In Chapter 2, the geneval equations for the spacrral densities
of a linear nolse mpdel are presented, and the parameter
identification problem iz defined and discussed. The two heurlstic
learning methods daveloped {the Flzed—~Directione Learning and the
Single-Direction Learning parameter identificarion merhoads) are
deseribed in Chapter 3. The computer simulactlon resulis with the Cwo
heurfatic learning methods, as well as comparison with the "Direct
Search” method (l2), are presented in Chaptaer 4. The results of the
application of the SDL method to the “"real world” an-line automaric
gurvelllance and diagnosls of an experimental preasure loop are ziven
in Chapter 3. Finally, 3 summary of the accemplizhmencs and

recompendat{ons for [urther rvesearch are glven In Chapzer 5.

10

e o emmi s ey




T — —

CHAPTER 2

DEFINITION OF THE PROELEM AND GENEBRAL THEQRY

2.1 Introdoction

In this chapter, the general necise model aquatigmnsg, the
definltion of parameter identification, and a discussion of parameter
identification solutiuns and the difflcultles associated with
parametar ldentification {tgelf are presented in order to lntreduce
aotation and to eatablish a mathemarical hasgils for subsequent
chapters.

In Sectlon 2.2, the eguations Eor the frequency domain aclse
deseriptors of a linear, dynamlec, stochastic system are prasanted.
These penerzl eguations are applied to particular systems In Chaptars
& and 5.

The mathematical definition of parameter ideantificaticn, as used
in the context of this work, i presented in Section 2.3, followed by
a discussion of the diffiecunlties assoclated with parameter
identification and thelr dlagnostic impllcaclons 1a Section 2.4.

Although in this chapter, and throughout this work, parameter
identificaticn 1s always discussed {n Eerms of frequency domaln noise
aodely and a weighted sum of the squares errpr functigmal, it is
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fmportant to point cut thar the learning methods developed in this

work are not restricted to these particular appliecatigas.

2.2 HNolsa Modal

Maise models are derived from lipearized dynamic wmodels of a

system, often In lumped parameters form. Using the Langevin source

technique (2, 1), the stochastic parameters of 2 medel are separatad '

intp steady state values and fluetuatlng compements. The fluctuatiang
parts of the parameter det are treaced as extra inputs {or socurces) te
the syatem.

In general, the Laplace—~transformed nofze moedel can be writtenm in

the form

Bla)X(a) = H(s}ﬂﬁs} R 2=1

where X{g)} is an l-dimensional vector whose components are
fluctuationa of the aystem variablas zbout ateady state
values,

U(s) 12 an L-dimensicnal vector whose compeonents are the inputs
te the z2ystem, as well za the Sluctuating components of
the stochastic parameters,

B{a) 1s an {N x N} system matrix, aad

H{s) 12 an {N x L) forcing matrix.

Left multiplying Equatien 2-1 by the inverse of the system matrix

yialds
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X(s) = B ()H(s)U(s) 2-2

whera the transfer function matrix, G{(s), canr be ldenrified as

¢(s) = B L{g)H(s) . 2-3

A generic element of the transfer funetion matrix, gik{s}, 1z the
tranzfer function from imput k™ te the system variahls "i". The
frequency Tesponse matrix ig obtained by substituting for "s" by

"iw" in Equatlon 2-3, where "J1" 1s the squave root of negative ane
and "w" 1a the Erequency in radians per second.

The nolse descriptors measured in frequency domalin nolse anaiysis
are ujually Power Spectral Denaitiea {(PEDs} and Cross Power Spectral
Densities (CP5Ds) between the avallable signaia. OQther common
descriptors can, in general, be expressed in terms of the PSDs and
CPSDs. The eguations for the PSDs and CPSDs of a system described by
Equation 2-2 are derived in Appendix A.

The CPSU between two syztem wariables lo terms of the f{yequency

response and the input spectral densitles 1s given by

% E *
S, fw) = &, twig_ fwlS _ (w) : 1=
n Bk S R

where Shm(v} is rhe CFSD between system wvarlables Xi and Km ’
*
gﬂi(w] i3 the complex conjugate of the frequency response of the
syatem variasble KE_EU Input ,

gmk[u] 18 the the frequency resporse of the system variabie Em

to inpuc Yo and
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Sik[w} iz the CPS50 batween inputs u, and Uy -

The expression for the PSD is abtained by making "X" equal "z" in
Equation 2-4. A common 8implifying asaumption is to assume that the
inputs are unecorrelated. In that cage, the CPS5Ds hetween the Llnpucs
vanish, and Equation 2-4 reducea to

L *
8 g (¥} = iEl RO IR CH LGN 2=3

2.3 Parameter Tdentification

In general, parameter Identificatlon involves the estimation of
parameters for a system model from measured axperimental data poilnta.
Typically, the estimated wvalues of the parametera are the values that
mininize an error functiomal which mesasures the arror between
axperimental points and model predicted poines.

Several forms of the error functlemal have Leen used In the past.
In this work, the welphted least squares error functlcnal was always
used, althcugh the parameter identlficarion methods developed ara net
restricted to this error functional.

The welghted least sguares functlomnal i3 defined as:

]

2
QR) = ;W (Y, - F.(P}) 2-6
i=]
whera Yi {i=1,...,H) are experimentally obtalned components af an

N=dimensional messurement vector;

Fi[fj (Lf=1l,...,N) are components of an N~dimengignoal,

14




model-calculated vector that depends on the
parameter vector, P, i.e. Fi(fj 13 a model

prediccion of the experimental point Yi;

P is a ¥-dimenslonal parameter wector, with K<N;
and
Hi {i=1,... M) are the components of an N-dimensional waeightr

vector usually taken as tha invarsme of the
variances of the experimental data points,

1.e.

1

var[?.’i]

Parameter iderntification, within the context of this woerk, can be
defined as the process of finding the wvalue of the parameter vecter,
Ef, that minimizes the welghted least squares srreor functiomal defiped
by Equation 2-5. The identifled parzmeter vecrar, Ef. 18 usvally
callad the optimum parameter vecktor.

When the Functions Fi{fj ate continous with continuous flrsc
derivativez, the following set of equations must be satlisiled at the

minimum;

dQ{P
%_}] = 0 ¥ th‘ iil’z,‘vle L] Z_B
i *
P=F
*
An explicit solutionm for P from this set of equatloms exists
only when the funciione FL[E} arg linear. A golutlion of Equations 2-8

has been obtained rthrough elther lrarative-analyctizal merhods (&, 28,
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29} or seavch metheds {(9-12). The learning parameter identification

nethods presented in Chapter 3 belong to the search methed category.

2.4 Difficolties Aszociared with Parameter Identification

There are several types of difficulties asscelated with parameter
identification related to cthe model formulation and tu the experiment
design., Some of these difficulcies can be eliminated by a careful
analysls of the nodel equatioas and by sensltivity studies, and othets
can be avolded by liamlting the range of the parameters as discussed
below.

The first, and simplezt difficulty appears when the sengicivity

of the model predictioas Fi{EJ ia zero for some parameter. That Is

aF, ()

de a { for i=l,2,...,K . -9

This may happen when some cancellatfon effect markes the model
predictions not a functlon of that parameter. Obviouwsly, in thac
case, that pavameter can notbt be fdentified.

A second type of difficulry cccurs when a group of parameters
always appears i1n the model equatlons Iin a particular expression. For
example, asgsume that parameters Pk and Fi always appear as the product
P.P. in the model mquationa. Io that case, their seasitivities are

ki

properticnal, i.e.
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dF (P} 4 (P)

—=
de HFL

] 2—‘1{}

and thege parametsrs can nok be simultaneously identifiad.

The third type of diFficulty arises when the erver functiomal in
Equation 2-6 i{s multimedal, 1.e. theve 1s more than one point where
Bquations 2-8 are satdisfied. There are no parameter identification
methods that are guaranteed to converge tc “"the minlmum” of Equation
2-6 when the error functional 1s multimodal. The reccmmended
procedure, when there 1s a posslbility that aultimodality exists, is
to restart the paramerer ldentificarion from different Iinitial
parameter values with the hope that aventoally Ir @111 converge to the
of aimum.

There are Etwo distinet types of multimodallty:

a. When thera are two or more polnts in parameter space for
which Equatlons 2-8 are satlsfied vielding exactly the same
model prediction, 1.ea. Eﬁgl} = £(2,}- In that case, Qe ) =
Q{EE} and the parapeter identification 13 undefined. Far
example, this happens when a paramerar appears squarsed in the
maedel equations, such that the negative value and the
posicive value of this parameters give the same answer. 1Ib
18 possible to eliminate some undesirable solutions by
limiring the tange of the parameters in wlew of physical
eonsideratlions.

b. When the minimum is well defined (i.e. thare 13 a pnint Ef

*
where Q(P2 ) < Q(P) for all B # Eﬁ, aud for all other points
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satlsfving Equations 2-8 the error functional 1s much greater
*

than Q(B ) }, a hypothesis test can be performed to accept a

particular solution as the optimum paramecers, as will be

discussed latar.

Even when the mathemastical parameter identification problam is
well defined, numerical problems may cause the parametar
identificarion methed to coaverge far from the Crue sclutlon. Those
problema are caused by the Fipite preclsion arithmeclc of digitral
computers and by the convergence criteria wtllized. Theae problems
are largely dependent on the geometrie characteristizs of the error
functional surface. These mumerical problems can he detected by
regrarting the parameter Iidentifilcaclon from different initilal
parameter values. In addlcion, the use or higher preclsion aricthmetic
can avold these problems with the penalty of Incteasing compurational
time and memcry requirementcs.

The last rype of diificulty 19 caused by izperfections in the
model. In that case, a mathematleally well defined parvameter
idantification problem can lead to identifiad parameters with little
phyzical meaning. Two hypotheslsz cests were uzed in rhis wark to
evaluate the gulrabillty of the model te predict the experimeatal
data:

a, The 12 test. When the model predicts well the experimental
data, the error fanctiomal is randomly distributed according
to a 12 vrobabiliey distribution wirh N-K depgrees of Freedonm
{H 1s the cvumber of data points, and K 1s the number of

18




parametecs ).

b. The Wald-Wolfowliz test(30), This test checks the hypothesis
that the expericental data are independently, randomly
disrributed about the model predictions at the soelution
point. This method ls usually mare senaitive than the 1;

test.

In summary, there are some difflcultiles associated with parameter
identiflcation but most of them can be eliminated by seasitivitcy
studlie= and by appropriate zeleccion of the model parameters. The
multimodality difficulty can be eliminated by either choesing a range
for the parameters or by performing hypothesis tests to teject
splurions for which the model predictions do not represent well the
gxperimental data. WYumerical problems can be minimized by using
double precision aricthmetic and-by Judicicusly chogsing the
ponvergence criteria. The agrecment between model and experiment 1s
important, and must be studied before tryleg rfo use model prodictions
for diagnosis. After each parameter ideatificatiom, the hypothesis
test should he perforaed to accept only seluticons for which the model

predicts well the experimental data.
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CHAPTER 2

HEURISTIC LEARNING PARAMETER IDENTIFICATION

3.1 Introductien

Two heuristic learning parameter fdentificaticn metheds, the
fixed-directions learning method and the single-direction learning
method, were developed to iatroduce learning capabllities Into the
bagic parameter [(dentificationm algorithm- In this basic algorithm,
the search for the optisum value of the parameters 1s performed in a
seguence of unidireprional searches in paramersr space. The
computational efficlency of this algorithm depends ou the 2equence of
directions selected. The basic parameter identifiecation algorithm 1s
explained in Seetion 3.2.

The ability E4 characterize and memorize the search sltuations
encountered 1y fundamental to learning parameter identification
methods. Coneequently, the experlence gained during previocus
parameter identifications can be temembered to help perform other
parameter ldentifications. The search situvation and the
staplificarions made in itz characterization for each learaning

parametar identification methods are daescribed in Sectiom 3.3.
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In Sectlon 3.4, the Fixed-Directions Learning parameter
identifiecation mathod (FOL) ia described. In the FIL method, the
directlons are selected frow a set of fixed dlrections. 1In the
beginning, egqual weights are asaigned ko all directions. The welght
of the direction gelecred, in the current situarion, 1s modified
according to the performance of the direction in minimizing the error
functional. The weight of the direction selected 1s efther reinforced
or penalized depeading oo whether the direction produces a high or low
performance. With this scheme, the method learns the weights of the
directions chereby permitting it te ilmprove its computational
efficiency by selecting the directleons with higher average
performances .

In the Single-Direction Learning parameter identificarticn mecthed
{5DL), for the first identificarion, the directions are selected from
the set of basic directions {as in the basic algerithm}, and all
pointg In the search path are memorized. At the end of e2ach parameter
idenrification, the directieon pointiong from each polnt in the search
path to the optimum parameter values is stored in a memory cell
corresponding to the search situatlon. This extra learned direction
iz the one selected when the same search situation Iz encountered

again. The SDL method 1s described in Sechkion 3.5.
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3.2 EBgslc Parameter ldentificarion Algerithm

In this section, the basle parameter identlfication algerithe

used with both learning parameter identificarion methods 1s described.

The algorithm 1s based on breaking the searvch for the minimum errer

functicomal, In the multidimensional parameter space, Into a sequence

of mich simpler, unidimensional searchea. 4 block diagram of thia

algarithm is shown In Flgure 3-1. The algorithm can be divided into

fcur ateps:

d.

Initfalization. 1In thls step, the experimental polnks are

obtained as well as appropriate inirial parametar values,
from whizh the Ilrarative gearch for the mialmum arrer
functienal starts.

Direction selection and unddirectional search. 1In this step,

g direction is selected from a subset of basle directions
containing all directigns aot included in the Iist of
unsuceceasful directionsa. A search along the line defined by
the selected directlion and by the current wvalue of the
parametars 1s performed. This search i3 contloued until the
minipum errgr Functional an the lime i3 found. Detalls of
the unidirecrional search are glven In Appendix C.

Checking the search progreaa. This step checks whether orv

not the parameter wvalues have changed slgniflicantly during
the last search along the line. If they have not changad
gignificantly, then the selected divection 1z Included ia a
list of unsuccessful dlrections and step “d" is executed.
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Black diagram of the basic parametsr fdentification
algorithm.
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Otherwise, the liat of unsuecesasful directlons is changed to
contain only the last selected direction. The last
direcclon is always Included in the list of unzuccesszful
direcciaona because the paramerer values after the
unidiraccicnal search are already at the minimum along that
direction.

4. Convergenca chack. This step verifies whether unsucceaaful

gearches have heen performed alomg all avallable directlons.
In thias avent, the ireratlve procaess has convarged toe the
optinum parametsrs and the search lz ended. Otherwise, atep
"b* 1s repeatad by selecting a direction ameng theose not
Inciuded io the unsuccessful list.

It can be ghown {smee Appendlx B) that I{f the set of directions
chosen spans a coaplete aek In parameter space, and if the arver
functional is a unimodal function of the paramaters, then thls methed
always converges to the minimum. However, the efficlency of this
method wlll depend on the set of directione avalilable and on the

gelection of the direction Iin each i1teration.

3.3 Search Situaticon Charaecrerization

4 learning parameter ldentification method requires: {a) tha
ability to characterlze the situation and (b) a memory zssoclated to
each situarion where the Iinformacion learned is storved. The concept
of regions in a feature space, used to characterize the aearch

gituacion for the two parameter identificartion methods, 13 descrihed
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in this sectign.

For a given class of parameter ldentification problems, where the
game model, F(P), 1s uged to represent the experimental peints, T,
tha state of the search {or search situation) is completely
characterized by the experimental pelncs, “Y", and the current value
of the parameters, "P°.

Lat the situation space be defined as the (N+{)-dimensional space
whose cpordinates ars the "N” experimental points and the "K"
components of the curreat parameter wector. Let 8P, the correctionm

vector, be defined by

@22 -7, 31

where Ef is the optimum parameter vector for the glven set of
experimantal] pointa. SBince the coptloum paramecer veccor, ET, ia
unlguely defined by the experimental points (except For pathological
rases dlscussed in Secticn 2.4), each polnt In situartion space
carregponds to one, and only one, point In parameter correctlon space.

This map of the situstion space Iate the parsmetear correcrcion space l1a

degeribad by the urnknown funetional relatioaship
&= 2LP) . 3-2

Although in prdnciple one gould consider 2 scheme to learn this
funerional relationship direecly, the hipgh dimensionality of the

situation space makes thils approach altogether impractical. Instead,

a lower-dimensional space, the feature space, will be used o
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characterize the search situation.

Let the feature space be defined as an I-dimenslopal space whose
coordinates, called featurez, are functions of the experimental poinots
and of the curreat parameter values. These features can be axpressed

by the followlng functicnal relationship

_E = {1: ) » -3

—— — —

whera E_ is an I-dimenaional feature wecter { I < N+ ), and
W(Y¥,P) is seme funectiomal relarlfonship that extracts the
relewant feartures from the situarion apace.

Equatiaon 3-3 defines a map connecting each point In sltuation
space to one, and enly onme, poaint in featursz aspace. The maps of the
sltuaticn space into the parameter correctlon space and Iinco the
featurz space are illustrated in Figure 3-2.

On the baais of the aewly defined feature space, one endeavors Lo
congtruct a4 functignal relationship between the Eeature space and the

parameter correction space Iin the form

@ =HCET 34

which affords the advantzge of bdelng a zuch lower-dimensional

mapplng than the one defined by Equation 3-2. However, because of the
reducrion in dimensionality from the situaticn space te the feature
apace, the map defined by Equation 3-3 {5 oot an Iinvertible map, ia
the sense that two or more polints in situetion space may map into the
same point in featurz space. Therefore, as fllustrated in Fipure 3.2,
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FIGURE 3-2. Maps of the situation space into the feature space and
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aach peint in fezrture gpace may correspoad te more than one peirt in
parzmetar correction space.

To construct the Functiounal relatlenship in Equatien 3-4, the
concept of "fuzzy—wap" 1ls introduced, which 13z defined as Follows.

Two spaces, A" and "B", are said to be related by a fuzzy—map
when to a generlc podnt "a" in "A" there corvesponde 3 subset { Ei }
of points In space “B", that share some common characteristics (i.e.
have a degree of simlilarity among themselves) as measurad by some

heuristically determined comsiscency index, "c”. Then z map can be
constructed that associates a generic point "a” to ome, and only one,
point  in "B" which 18 defined by the mean vector of the subser
{y }

The applicatioe of the fuzzy-map concept rfo the feature and
parameter correcticn spaces leads ta the follewlng mapping
relatlonship:

To each geoeric point In feature space, “f", one assoclates a
vector , &P, in parameter correctlon space defined as the mean vector

of the set { SF } {j=Ll,...,J) which correaponds to the polnt “f".

—]
The consistency index, "o”, is defined by

| & |

ar
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with

) J
_E-P_ = F E ég 3""5
—_— j=ll j

and

3
EEr= I led . 3-7
— j,‘i ——j

On account of Equatior 3-53, the conszlstency index is a number
hetween zero and one that quantifles the degree of almilarity hetween
the vectors in the aet | Egj }« Consiatency values close to one
corraspond to & high degree of similarity batween the correction

vectors in the set | AP witile values close to zero correepond to a

s, 1
low similarity between the vectors.

There is not a systematic way to choose the feature space
coordinates, but the conslstency 1s a criteria to rank different
feature spaces.

Two types of Features were used throughout this wark:

d« Feature spaces where the coordinates are moments ol the

regidues; 1.a.

N

- o
po= 3 w, (Y -F )} , -8
LS T

th

where pn is the o moment of the residues,

W is the independent wvariable, and

1

{Yi-Fij 1a the regidue at the point v, -

b. The cecrdinates are differences between some relevant

characteristies of the experimental polnts and of the
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calculated points. A relevant characteristics, the center
fraquency of rezomances and the rogt mean square over certain

frequency ranges have been used.

For practical reasons, the contipuous Feature space was
cparse-grained by grouping simllar feature vectors lnte hyperspheric
regiongs defined by center cogrdinates and a radina. The current
state of the gearch is said to belong to a feature region when the
calculated features fall within a distance from the region center less
than or aqual to the reglon radius. 1In the event that the calaulared
features fall within more than one region, the state of the search i=
sald to belong to the region whose center Is closer.

Let "R" be a generic region in feature space and lat jg? be Ethe
mean value of all cotrectlon vectors corresponding te any point ian the

region "R". The mapping defined by

R ==> PP 1-9

iz the subject learned by the two learnlng wethods deacribed in the
fallowing sactlons. In the FDL mechod, the mean correction wvector is
approximated by one of the fized diractions, while in Ehe SDL, an
edtimate of the mean correction vector is laartned directly.

The definition of consistency of a polnt in feature Space can be
extended to consistency of a reglon by defining the mean values in
Equaticn 3-5 aver the ser pf all corrvection wecrtoers correspending te
polots within the feature reglomn.

The consistency of a ragion can be used zs a criteria for
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choosing Fhe region radius. The selection of the region radius I8 a
compromise between wmemory requirements and the region consiatency. In
Sectiou 3.5.3, a way to estimate the congistency for the S5DL wmethod is

describad.

3.4 Fixed-Directions Learning Parameter Identification (FDL)

The FDL method introduces learning to the baslc parameter
ldentification algorithm described in Sectlon 3.2. The term
fixed-directions 1a used because the selectlon of directions is made
among an fnitial set of directions, in contrast with tha 5DL methed
where an extra direction 1a learned for each different search

situation.

1.4.1 Overview of the FDL method

In Flgure 3-3, a simplified Block dilagram of the FDL method is
shown. After the initfialization srtep, an Iterative orocedure starts.
At the beglnuing of each fteration, the [eature vector Is calculatad
to characterize the search situwation, and a check is performed to
verlfy whether or ook the calculaced featurea belong to an existiag
ragion. If they do not belong te an existing region, then a new
raeglon with ceater ceoordinates equal to the caleoulared features is
crested. 4 divection 15 selecred as explained In Sectionm 3.4.4, and a
segych for rhe minimom error functional, along the line defined by the
curreat value of the parameters and the selscted direction, is

performed {(see Appendix C for deralls). At the end of the
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unidirentio#al gearch, the Index of performance is evaluated (Sectien
3.5.2), and the information in the memory cell corresponding to the
feature reglon i1s updated (Secrion 3.4.1). The coavergence check 1s
performed ae explained in Section 3.2,

On the average, the parameter ideatificacion efficiency lacreases
as more parameter identificaticns are performed because (a) rthe
probabllity increases that the features fall in an existing region,
which permits selection of the directions according to their weights and
{3 the uncertalnty ln the welghts decreasss aa more updates are
performed. Eventuslly, the whole feature space gets particioned in
reglons, all calculated features fall in existing regions, and all

directions are seliected accerding to thelr weighta.

3.4.2 TIndex of performance

Ler Qﬁhl and Qf‘he, regoectively, the error funcrtlonal atc the
heginning of iteraticn "1 and the arror functional ar the end of the
game fteration; in which the unidirectional search wasz performed alang
the diractfion "1". The Index of perfoarmance for direction "1™ 1n the
gituation exiscing at the beginning of iterarcinn "i" can be defined

a35-

I/ s ——a———" . 3-10

The best divection for that situwation, "{", can be defined as the

direction whose lndex of performence satilafies
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The goal of the FOL method ia to learn how to select the besat

direction for sach search siruation.

3.4.3 Memgry organization and updating

For each reglon 1n feature space, I.e. each search situation, a

memory cell I assizoed. The memary cell correspouding te 4 generic

reglon, "R", contains

(i=1,2,...,1)

o ok

(§21,2,... 1)

(3=1,2, ¢+ ,H)

L., =

=

After performing

the following i{nformation:

- goordinatas of the ragion cencer,

- the weights of each direction in the
gearch sltuation carresponding te this region,

= the number of times each directlon was usad
within this regicn,

- the lowest index af performance of any
direction when used within this region, and

- The averape dlistance moved in parameter space

independent of the direction used.

gach wnldirestional search, the index of

performance ls evaluated, and the Information in the memory cell

corresponding te the feature region at the start of the vnidirecticonal

search 13 updated. If direction "]" was selected to define the line

for the unidirecticnal search, Llts weight is modified %y the linear

reinforcement scheme
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(w}‘}up - a.wﬁ: + (1-::}.1‘; , 3-12
where Hﬁ is the weight of divection j, Iin the feature region
at the start of the wnidirectlonal search, before
updating,
{W%}up is the corresponding updatad welght,
I§ 1z the direction index of performance during the
lagt unidiracticnal gearch, and
o is the learnipg factor.

The updated welght will increase when the index of performance

is larger than the welzht before updating, and it willl decrsase whan
the index of performsnce 13 smaller, The learning facter, """, 15 a
aumber becweoen 2erg and one that controls how fast the weight is
allowed to change doring sach updare. When the l2arning factor is
close to one the change 1s very slow, and wher close to 2zero the

change is very fasr. 4 walue of the laarning factor given by
B

1 —3 3-13
+

was typlcally used. This value makes the welght of a2 direction equal
o the average index of performance in the region.

The remalnilng informatlon in the cell is updated as fellows:

i3




f———e——————— . — e -

R E. -
1 =40, +1 , 3-14
( j}up i
B R ;8 R
= I 3-15
(IL}up Lj if Ij 4« IL , otherwise remains the sape,

R R _ _ -
and (d )uP a md + (1 u}.|fﬂ i 3~16
where Eo 1g the parameter vector before the upidirectional search, and

P ia the parameter vector after the unidirectional search.

3.4.4 Direction selection

Two achemes for directlom aselaction were used. Before all
directions have been used in a rapglon, a directfon not yer utllized is
gelectad efther sequentially-oar at randem. After all directlions hawve
been selected at least one time in the raglon, a direction is

statistically selected from a selection probabllity defined as

U-rl;‘ - IE + 1Rk
PLE , 3-17
3 M
¥ {wi - Ii + 1k
1=]

where 5% is the selection probabllity of directiom i,
HR f2 the total number of eimes the mamory cell has bean
updated, and
k 13 the probability sanhancement parameter, which should

reflect the degree of confidence in the weights

{typlcally k= NRIH has been used).
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3.5 Single Direction Learning Parameter Identification (5SDL)

In the previous sectlon, the FDL mathod was described in which
the efficiency of the parameter ldentificatien iz Improved hy learning
how to select the direction that maximlzes rthe index of performance at
each iteration from a set of fixed direccions. 1In the ptesent method,
the basle parameter identificarion is performed in the same way, but
an extra direction i3 learned for esach regicn In feature space {or
each search situation}. The learned direction 1z an estimate of the
reglon mean cortectian vector defined in Sectioan 3.3.

Since, for this methed, a new directlon vecter 1s defined for
each reglen in feature apace, the basiec set of directions cam be
redured to the minimum necessaty Lo assure convergence. Typically, a
mumber of basic directions equal to the number of parameters was used,
where each direction ls aligned with one of the coordinate axes 1o

parametel space.

3.5.1 Owerview of the SDL merhod

In Figure 3-%, a simplified block disgram of the 5DL machod is
shown. A4s in the FDL method, zn Iteratien Is5 started by caleulating
the featuresz and checking whethar Hr nat the caleuwlated features
baloog to am existing regien In feature space. If net, then a new
reglon i3 created whose center ceerdinmates are the caleulated
Features. After that, the region numher and the current valae of the
parameterg are saved for posterlor updating of the memory {see Sectlon

3.5.2). 1In step "f", as in the FOL wmethod, a directlon 13 selected,
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and an unldirectional search is performed. In contrase with the FDL
wethod, no memory updating iz performed durlng the ltevations, but
only after the parameter identlflcation has beea concluded.

When the search is finished, the region mumber and the paraceter
values at the beginnming of each itsratlicen are known, as wWwell as the
optimun parameter values. The differances becween the oprlmum
parametars and the value of the parvamaters ar the begluning of each
iteration are samples of the correction vector defimed in Secrion
3.3. These samples are used to update the egtimare of the reglon mean
sorraction vector in the corresponding memory cells {(gee Section
1.4.2).

Besides the region dependent infoarmation, this method keeps the
directiong in a prilority gueuwe with the highest priorvity direetion in
Eront. When the learned direction 1a aot avallable, the directiom iIn
the front of the queue is selected. The pristity of the directions
are updated according t<e the lndex of performance and according to the
direction of the last direction selacted {see Section 3.5.5). This
priority queue helps tg lmprove the parameter Identiflcariom
efflciency both dnring the firat parameter Ldentifications {when the
lzarned directions are available for a faw regions only} and at the
end of each parameter Identification, whea the baglc directlons must
be selecked Lo assurs convergence.

Az in the FDL method, the parameter ldenrification efflciemcy
increases, oo the average, as more parameter ldentifleations are

performed because (a) the prababilicy inereases that the features fall
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in exiaciog regions, which permits selection of the estlmate af the mean
correctlon vector for the unidirectional seacch, and (b} the

uncertainty in the estimate ¢f the mean ¢orrection vector decreases as
more updates are performed. BEventually, the whole feature space gets
particioned inte regions, all calculated fegtures Fall in existing
reglons, and an estimate of the mean correction vector is available

Eor all reglous.

3.5.2 Mamory organization and updating

The informatiom stered in memory for region "R™ in paramecer

space 1s:

f? {i=1,...,1I) coordinates of the regicn centar,

EEF - average cartrection vectar,

AR - averdge magnituds of the correctiopn vectar,
and

HR - total number of (imes the reglon has been
updated.

X

Let Rj'and P™ be the region number and the parameter vector at
lteration "&" of a parameter identification, where "L" iterations ware
necesgary for convergence. For each of the "L” iterations, the
informaticon in the memary cell cerresponding to the reglioun at the

begipning of the itsration i3 updated as follows:
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{ﬂf‘}up =@ PF 4 (1-@.(F -BD 3-18
] 4
L
{AR} = u.AR + (l-a).|P —Pi| . 1-19
up - =
L 1
and T A 3-20
up
HRI
whersa @ = 3-21
RS
* L
and P =% , the optipun parameter vector.

3.5.3 Region coneistency estimation

The average magnitude of the corresetion vector and the average
eorrectlon vector are used to egstimate the consistency of a reglon,
HR“ . as:

R
2 &
R

& . i 3-212
A

The consistency glves an 1dea of how much the correctlen wvector
varles Iin a region. If the direction of the correction wector Is the
same every time the reglon is updated, "ER" will he equal to one. 1In
the extreme case whete the dirvections are cowmpletely random, the
conalstency will asymptotically converge to zero as more updates are
performed.

The consistency 1s very wsaful In determining the adequaey of the
feature space and regicn sizes chosen. It I3 used to attach a

confidence index to the learned directlon, in order to ssve

computational effort during the unldirectional search {see

il
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Appendix C), and ro avoid saleccing the lesarned direction when che

conaistency 18 lower than a threahold.

3.5.4 Dlrection selection

The divecticn selectead 12 alwaya the learaed direction unless one
of the following conditions axizt:

a. The current region iz a naw reglion {no learned direction

avallable).

b. The current region i3 the same 48 the one in the previous

iteracion.

¢. The raglou consistency 13 less thao O.1.

In the event chat cne of che above conditions arise, the dizection
selecticn 13 performed with the help of a direction priority gqueus.
The direcrtionm Iin the first place of the gueua, 1.a. the directicn
having higheat priority, la selected.

In cha beginnlng of a parameter ldencification, the prioricy of
the bagic directions are initlalized glving higher pricrity to the
directions that have been usad mora frsquently im past parameter
idencifications. However, for the first iteracion, the direction in
froat of the queue i5 the direction that hag the nighest average
perforpance in the first {ceratioms of previouns parametar

tdentificarions.
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1.5.5 Direction priority wpdating

The pricrity of the directfion selected {s updated accerding to

its index of performance (zee Section 3.4.2), as follows:

[Ti]uP = a;Ti +(1—|:z}1i f 3-23
where '1'i is the prioriry of directfon I before updating,
{Ti}up 1s the updated priority, and
Ii 1s the index of performance of the selected direction.

It iy desirable ro update the prioricy swiftly, thereforz, a low value
for the learning facter "a" {typically 0.1} 1s used.

The priorities of all directlona are updated ko relofarce the
diractions that are very different from the selected one and to
penalize the directioms that are similar to the selected one. The

following updating scheme ls used:

2

{(T,) _=T,.[ ] . 3~24
up 370y L 3 ¢cose, 32
il
where B i3 the angle between the selected directlon and the

1}

ane whase priority is being updated.

With this scheme, the priority of the directions otthogonal to the
selectad one are deubled, while the priority of the directlons very

simpilar to the selected one are halved.
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CHAPTER 4

COMPUTER SIMULATION RESULTS

4.1 TIntreduction

Iuring the development of che learning parameter identiffcation
methads deseribed in Chaprer 3, 2 Iarge number of computer simulations
were performed to compare different strategles for direction
salection, weight updating technliques, and different feature space
definitions; as well ag to check the validity of the methods. In
this chapter some basic resalte,az well as 3 c¢rmparison between the
FDL and the 5DL metheds, is presented. Also presented 13 2 coampariscn
between the SDL method and the Mreck Fit method of Hooke and Jeevas
(123,

Two system models, which are deseribed in Section 4.2, were usad
for the computer slmulatigns. The technlgues used in the simulaticn
of experimental data are described ia Sectior 4.3. In Section 4.4, 2
graphical technique to visualize the mapping betwesen the feature space
and the parameter correction space is described. 1In Sectidoes 4.5 and
4.6, the Tesults of some slmulatlons with the FDL method and with the

SDL method are prasentad.




4,2 Byatem Models Used far Parameter Identificatlion

Two system models were used in the simulations presented in this
chapter: (a} a simple dynamic model represented by a szecond order
ordinary differentlial equation, and (b} a Fourth order state wvariable
madel for a U-tube steam generator.

The second order ordinary differeatial equation model used was

i% dx du
B N o s ponl 4-1
dt dt dt

where x i3 the system variable considered measurable,
u is the system single ioput, and
aps 3y bD and bl are conscant coefficients.
Laplace transforming Equation 4.1, assuming zarce inidrial
conditiona, and rvearranging yields

xf(s) . b +8b

Z
ufa) g +als+aD

which 1s by definition the systam kransfer Fuaction, g(s). Applying

Equatien 2-5 for a siagle Input, single cutput system ylelds

2 2.2
bD+ W hl

Sxx{w} - 5 (w) . &4=3

2.2, 22 e
{aﬂ Wi+t Wwa 1

whare Sxx{w} iz *he aystem wariable P5D, and

Suu{w) ig the iapuc P5D.
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Two parameters were identified with thiz model: 2 and Suu
fwhich was considered iandependent of the freaquency). The typlcal
value of the coefficlents and paramatesrs were

=32, al, by=1, b

0 =1, and suu =1

a4 ay 1

The PSD of the system variable for two valuea of parameter a3y ia
shown In Figure 4-1; in Figure 42, the same PSD i3 shown for two
different wvalues of 5 u"

The nelise model for the U-tube steam generator was derived from
baslic conservatioa equaticna { see Appendix F ) in a simllar way to
that described by Ali {31l). The state variables In this model are:

l. 8Tfp - varlatlon from equilibrium of the temperature of the

primary water 1nside the tubes,

2. &fm - wvariation from egquilibrium of the temperaturs of the

mekal tubes,

. & - variation from equilibrium of the secondary pressure,
and

4, My - variation from equllibrium of the mass of secondary
water.

The input wvariables are:
1., &pi - wvariation from equilibrium of the primary water inlet
tenparatura,
2. &fi - variation from equilibrium of the enthalpy of Lthe
faedwacer,
1. 8¥f - variation from equilibrium of the Eeedwater mazs flow
rate,
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4. ddg = wvariation from equillibrium of the steam mass flow race,
and
5. &Ims - wariation from equilibrium of the overall heat transfer
coafficient batween the metal tubes and the secondary
gide.
The detalled madel equaticnz for a FPWR steam generabor are given
io Appendlx F. 1In Figures 4-3 through 4-7, the frequency responass of
the primary water temperature, &0p, wich rvespect to each of the input

varlables are shown.

4,3 Simulation of Experimental Data

The experimental data wers simnlated by adding experlmental
arrprs tc the exact values caleulated using cthe model equationz. The
probability disrribution of the ervors added waa simllar to the
probability distribution of experimentally measured data, as explaiaed
below.

For experimental P80 data, LIt 1s known {32} that the relative

Sinj, obtained by averaging

standard deviarion of cthe PSD estimates,
"n" estimates computed from Independent time recorda {n-block

eatimata) is given by

g_rgs'[“]] I Vg
g

Furthermore, the probabi{lity discribution function of the PSD

egstimates can be well approximated by & Gaussian distribution for
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number of blocks greater than 15 (32}.
To simulate an o—bleock experimental PSD with the abowve

distribution, the following expregsion was used:

sé“) -F+Fm Y2 45

where S:n} is the simulated experimental P30,
F 15 the axact value of the PSD calculated with ths model
equationa, and
£ iz a tandom variable with a normal probabilicy
discribution.

The normal random variable, e, was generated using Lhe expression (33)

e = {-2.111115';2 cos{?.r:tz) . 4=5

whera and are ramndom numbers uniformiy distributed in the
9 T2 y

interval from zero ta one.

4.4 Peatures and Feature Space Consistency

As dlscussed in 3ectien 3.3, an essentlal aspect of the learning
methods 1s the utillzation of 2 suitable feature space. For a two
paramerar, two featurs, parameter Identification, the adequacy of the
feature space selected can be veriflied by graphical techoiques. The
"fuzzy¥ map” f{rom feature space to parameter correction space can be
visuallized uaing the followlng preocedure:

L. Simulate the exparimental datz for an arbltrary true parametar

T
vector, ¥ .




2. Generate a random parameter vector, EF, and evaluata the twe
componenkta of the feature vector.
3. Draw at ithe posliion corresponding to the caleculated features
a line segment meking an angle with the axia fl equal to the
angle that the correctlon vector, E?-f?, makes with Ehe Pl
axis.
4. Repeat stepa 1 through 3 until the map hecomes wall defined.
Figuras 4-8 shows a graph created using the above procedure. This
graph was conatructed using the secand order differeatial equatian
model deseribed in Section 4.2. The two dimpensional featutre space

compoaents were proporticmal to the area of the reaiduals and to the

firat moment of the residuals, defined by the following expresioas!

o
1 1/2 -
£ " pow T - FD) , and 4-7
1=1
H
1 T 12 — B
Eq = Ewi (T, ~F3 Gy —w) i-8
1=1
N
1/2
wich a= fu'ty , and 4-9
i-1
h'|
— 1
W o= E w . 4=10
q i
R

It can bhe ooticed in Figure 4-B that the directions of the
correction vecrors are well defined wirhin reglons In feature space.
This indicates thar this fearurs space haz 3 high (close to ome)

conaslstancy lndex (see Zection 3.3}. It can zlso be notlced that the
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direction of the correctiom weestor differs mora betwean neighboring
palnts close to the origin than for oeighboring points in the
peripheric regliona. 1t was for thias reason that the regions radil In
feature space ware chosen aa a linearly Increasing function of the
distance from the origin.

This graphical technlque 18 very useful in deciding the slze of
the repions and the adequsey of the feature space. Infortunately, it
iz not poeelible te uge thisz cechnlque for higher-dimensicnal feature

Spaces oI parameter spaces.

4.5 TFiged-Directlions Learning (POL) Method Resulis

4,5.1 Besults with the secoud order differentizl equatien medel

Many tests were performed with this model because of lts
intrineic simplicity. In this gection, z decalled presentation ls
given of the results of a series of parameter identifications
performed under the conditions specified In Table 4-1. For these
results, a4 two dimensionsl feature vector, whoge components are
gparified, respectively, by Eguaclion 4-7 and Equation 4-8, was used.

The learning ability of a parametar Identification method can be
shown as a learning curve, which is a plot of the compurational time
raquired per parameter Identificaricsn as 5 function e¢f the number of
identifications performed. The learnlng curve presents statlstical
fluctuations due to the randem nature of the paramecer identification
procedure. To decrease the amount of fluctuations, the learning curve

is repeated geveral times and the results are averaged. Typlcally,
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TABLE 4-1. Simulation conditlons used te generare the results
presanted in Flgures 4-9 through 4-13.

Model « + &« & 4 & & . s

Parametars {deotlified -

« = Second order differectial eq.

2, and Suu

True parameters interval
(uniformly distribuced} . . . - 0.9 to 1.1 (all parameters)

Initial parameter values . . . . - 1.0 (all parameters)

Experimeatal polnts .

» = 3
XX

Yumber of fraquency pelots . . . = 30

Frequency Ttange (uniform). « .« .+ . 9.02 Uz tuw 1 H=

Experimental errpr . .
Numbar of features . .
Reglion slza . . . . .
Nambar of directions
Pracision criterla

HJumber of parsmeter
identifications per

Number of series .

v e e o« = 1%

e s w2 s =2

i e v o+ ¢ ~ {rading) =0.003 + Q.2(distance}
» = 13

- = 0.0001

series . . — 50

. = 100
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the computacional time raquired to perforz the first patametaer

{dentificacion 1s high bur ic decreases rapidly for the subsequent
parametar ldencifications, reaching an approximately constant level
after a certain number of paramecer identificaciona.

The laarning curve showa In Figure 34-9% was obtained by averaging
100 series of 50 parameter identifications each. The uoumber of
unidirectional searches executed durdng =ach parazmeter identificationm
was used a3 3 measure of the computatioenzl time. It can be noticed
that tha number of unidirecticnal searches per parametet
identificarion decreages from an average of 90, for the first
parameter identification, to an asymptotic walue of approximately 0.

The corresponding tatal average number of Tegions in fealure
space for these series of paramater ideatificaticns are shown in
Figure 4-10. Predictably, the rate at which the reglons are created
per parameter ldentification decreases with the number of parameter
identifications performed. The regions created in feature gpece
during the last gerlies of parameter identifications are shown ia
Figure 4-11.

It can be seenr ln this fipure that most of the space near the
arigin has been partitionad into regions. FEach existing region has &
learned direction; therefore, when the features fall in existiag
regions, the search proceeds along Iearned directions {which point
toward the minlmum 1a the ideal case). When the paramsters are close
to the optimum values, the features are close to the arigin {i.e. 1n

exlzting regions)} From the feature definitfon. As a result, part of
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the sgarch path for all parameter Identifications is eclose to the
orizin of the featura space. These facts makes subsequent parameter
identifications canverge Faster ainee thelr pethg will pass near the
origin, which is Iin a set of repglona cantaining optimal learned
directions.

When rhe experlimental data are computer aimulated, the Erue wvalue
tor esach parameter 13 known. Thus, it ls possible to plot the true
value of the parameters versus the ldentified walues to verify the
varlance of the ldentified parameters and any convergence problems of
the parameter ildenti{fications. Tn Figure 4-12, a plot of the true
value of parameter 1 versus the Identified value of parameter 1 is
shown for all the parameter identificatigns in these serles. In
Figurae 4-13, the corresponding plot for parameter 2 is shown. The
good agreement between tha true parametars and “ha corresponding
identified wvalues can be noticed from these figures. The difference
between the true parageters and the Identifled parameters 1s caused by
the exparimental error and, in the limir, when the experimental error
zoes to zevo, the identified parameters becocme egual to the true

paramefers.

4.53.2 Results with the steam generator model

Tests were also performed using oimulated daca from the steam
genarator model with either two or three parametars. For the two
parameter case, the -esults were, in general, simlilar to the results
gbtained using the gsecond acder differential sguation wedel, with the
algnificant exception that, for the steam pgenerator model, the error
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functional surface {3 not animodal, 1.2, it exhiblte more than ome
af nimum-

Figure 4-14 i5 an lzometric contour representation of the error
functional gurface for the PSD of the primary walter temperature
between 0.001 and 0.1 Hx as a function of the primary water mass flow
rate and the overall heal tranafer coefficlent between the metal tubes
and the secondary side. It can be sean that this surfiace has four
alinimem peincs 1n the range plotted. The Erue minimum oecurs when
both parameters egqual gne, which Iz the normelized reference value for
cach parameter. The local minima correspond to oen—physical
solutions where at least cne of the two paramecers is negative.
Sometimea during the parameter ldentificaticna, the aearch converzed
to the local mwinimem with positive mass flow rate and negative heat
tranafar coefficient, but these sclutions wers rejected by the
hypothesls tests. The parameter ldentification, in that case, was
restarted untll convergeace to the true minimum was obtained.

Several tests were performed to verify the Influence of various
facrors on the learning curve. Figures 4-15 through a-17, for
example, ehow the learning curves cobtained under the conditlons
specified in Table 4-2, bur for different oumbers of directious, 1.e.
3, 13 and 25, respectkively. It should be notized from the comparisoun
of the three curves that {a) three directions are obviously too few,
hence hardly any learning is achisved, (b) the 13-direction case
gshowed a aubatantf{al improvement in both learning speed and final

performanca, and {c) rche Z5-direction case, although it showed a
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TABLE 4-2. Simulatico conditlonz uvsed to generate the results
presentad in Figures 4-13, 4-14, 4-17 and 4-19.

Madal . . + + + « &

Parameteys ldeatified .

« v+ 1+ + + = Steam generator oecdel

+ « « = Primary water massz flow rate
Metzl-secondary heat transfar
coefficient

True paraweters interval
{uniforoply distriboted) . . . — 0.5 to 1.5 {all paramefers)

Initial parameter values . . . - — 1.0 (all parameters)

Experimental polnts . .

«+ + ¢+ r 2 = Ppimary water temperacure PSD

Number of frequeney polnts . . . = 20

Frequency raage {uniferm). . . .« » — 0.001 Hz £o .1 Hz

Experimental arror . .
Number of features .
Rerlion size . .

Number of directlons
Precision eriteria

Number of paramater
ldentifications par

Number of series .

f o oa . = 12
v w2
v« o« o = fradfus) =0.0005 + 3. 3(disgtance)
v+ s o =3, 13 and 25 (see Lext)

e oo« = 0.0001

serlies . . — 100

e v e e . = 50
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longer learning parlod due te the locreased number of directions and
the regulting lncreased number of aggeeiated manipulations, prodouced
better estimates of the parameters than the E3-directlon case.

In the three paramster tests, the PED of the varlation from
aquilibrium of the asteam mass flow rate was used as the third
parameter identiffed. This PSD waa coasldered Independent af the
frequency (white} in the frequency range used. & three dimensional
feature wector waz ugsed in these tests, witin the firer tws cooponents

given by Equations 4.7 and 4.%, and cthe third component given hy

N
4 1/2 2 -1

= —— ) VOO (Y - e W) , 4-11
Jaw 121

which is the szecond moment of the residuals. A get of simulacions
were parfarmed to compare differeat strategies in the direction
gelection?

a. Mormal aselectien. This 12 the selection srratagy aormaly

used (see Secriom 3.3.4),

b. Random selectlon. In thls case, any available directieon can

be selected with Lhe same probabilicy,

. Sequential Selection. The directions are selected

sequentially for this case, and

d. Best direction selection. In thilis strategy, a search 1s

periormad ia each direction and the parameter wvalues are
returned to the {nltial walue after each search. The direction

far whiek the search resultg in the lowssr arror functional
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15 selected. For the purpose of the comparlson below, the
unldirecrional szearches performed to find the best direction
are not counted.

The same serleas of parameter {denkifications were zccompllshed
uslng each directlon selectica gtrategy under the conditions specified
in Table 4-3. For the random selection strategy, the series of
parameter identificationy wag perfotrmed twice with different random
oumbets for the dirsetion selectign. The regults of these simulations
are summarized In Fipgure 4-18.

Ap expected, on the average, the beac direction selection
presented the beat performance followed by the normal selection (which
should, In the {deal case, converge to beat direction as more
parameter ldentfificatione are performed). The szequential selection
ranked next in performance and the random selection demomatrated the
worst performance., However, 1r may happen that a sequence of randemly
selected directions perform better than a sequence of beat directlons,
as in parameter identification number & (see Filzure 4-18). This
bahavior 1s Jue fao the discretizstion of the directions, aad it can
appear at some points in the search path when ocome of the direcrions
point from the aearch peint toward the minimum.

Looking in detail at the directlona selected durlng the parameter
identificatfons for the best direction selaction strategy, it was
aosticed that, for wany parameter identificacions, a segquence of thrae
directions were conslatently repeatad. It was then hypothesized that

the four dimensional error funetional surFace presented the equivalent
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TABLE 4-3. Simulation condltlens used to generate the tesulta
presented in Figure 4-13.

Model + + + + « + + « + « + « « « — Steam generator model
Parameters ldeatified . . . . . . - Primary water mass [low rate,
Metal-secondary heat tranafer
coefflciant
Staam flow PSD

True parameters interval
{uniformly distribuged) . . . — 0.9 to L.1 (all parameters)

Initial parametetr valuea . . . . - L.0 {all parameaters)
Experimental pointa . . . . . . . = Primary water temperature F3D
Number of frequeacy points . . . - 20

Fragquency range {log-uniform} . . — 0.001 Hz to .1 Hz

Experimental error . . . . . . . = 0,32

Number of featurezs .+ + + « + 4+ + = 3

Reglon gdze + & » ¢+ « + + + + + + = {(radius) =0.003 + 0.3(dlstance)
Humber of directions . . . . . . — 13

Precision criteria . + « « +» « « — 90,0001
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of a valley in a Ehree dimenaional surface. Thls valley wae not
aligned with any of the available directions, so that the search had
to proceed in small stepe.

To teat this hypethesls, the average direccticon, after several
sequences had repeatred, was calculated. This extra direction was
added ko the aet of 13 directions, and the parameter ideatifications
were repeated. After addiapg the extra direction, na more segueace
repecition was observed, and the nuaber of unidirectional searches
decreased drastically.

To quantify this loprovement, a seriee of 100 parameter
identifications were performed using the aprmal selection Strategy,
borh with 13 directicns and with 14 directicons. The average numbar of
upidirectional searches required for convargance in the last 10
parametar identifications were: 156 For the 13 directions, and 32 for
the 14 directlonz. This vast lwprovsment confirmed the hyporhesis get

Eorth previously and triggered the idea of the SUL method.

4.6 BSingle-Directliom Learning (SDL) Method Results

In thla section, some results of the 57U method for the steam
generatgr model are presenfed. Some aof the parametaer identificariona
salved by the FDL method were also selved with the 50L methoed, so thae
a compatiscn of the two lzaralng methads could be performed. &
compariaen with the IHdract Pt methoed of Hooke and Jeewves {12) iz alsze

presentad.

- s g rp ML TARFS
i e UL e E N E £
.21 17 ! -




4.6.1 Resylts with the steam generator madel

The set of parameter ldentificatlions for the condlicions specified
in Table 4—2 were tepeated using the 50DL method with three hasic
directiona. The lesarning curve obtained g shown in Figure 4-19.
This learning curve can be compared directly with the learning curves
for the FDL method shown in Figures 4-13 through 4-17, which were
obtalned under the same conditions. For the best of the three caasses
wich cthe FOL method {l3-directlona; see Filgure 4-16), the average
number of unldirectional searches, for parameter identificatioms %1
through 120, is 39. The corresponding mamber for the SDL method is
13, which givea a reduction of approximately a factor of thrze In the
number of required unidirecticonal searches.

In Figure 4-2(, a learniag curve 1ls shown for a 3J-parameter
identiflcatlon problem obtained onder the condiclons specified in
Table 4=4. A four dimensfonal feature vwector was ugsed whoae

compongnts were the first feur normalized wmomenks of the residuals,

glven by
N _ N
£y - 11-11 -y 287D 1E1 W2 - e, e T 4-12

for j=1, 2, 1 and 4.

These features are normallized so that the wariance at the coovergence
point 1ia one.
Another series of tests: was perforwmed ueing as experimental data

two nolse deseriptors: the PSD of the primary water temperature and
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TABLE 4-4. 5imulatiom conditions nsed to generate the results
pragented in Figures 4~20, &4=22 and 4-23.

Model . . . . .

Parameters 1dentified . . .

True parameters 1lntzrval
funlformly distributed)

Inicial paramecar values . .

Experimental points . . . . .

Humber of frequency poilnks
Frequency range (log—uniform}
Experimental error - .
Humber of featurea . . . - .
Rapion size . . .

Number of basic directlons
Pregiglon ¢criteria . . . .

Humber of parameter
identifications per seriles

Humber aof serdles . . +« + « &

- D-g tl} ]-I].

« = Steam generator

. =~ Pripmary water mass flow rate

Metal—gecondary heat transfer
coefficient
Steam flow PSD

{all paramefrers)

- 1.0 {all parameters)

= Primary warter tempsraturse PSD

{and steam pressure PSD)

- 0

. = 0.001 Az to 0.1 Hz

- 0.3%

. = b

« = {radius) =0.5 + Q.5{distance)
. =3

- = 0.000

- 50

- a0

Bl
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the PSD of the gsteam presgzure. The minimization cof the combined
squared errvor of both FSDs loproves the Identifiabilicy of che
paraneters. For twe parametera, this fact can be wisualized by
plotting the error functlonal surface. In Figure 4-21, the combined
error functional surface {s shown as 2 fupnetion of the parameters:
the PSD of primary water mass flow rate and the metal-sacaondary mass
heat trangfer coefficient. Comparing this surfaee with the ocae
associated with the PSD of the primary water temperature only {sse
Figura 4-14}, 1t can be noticed that, using the two P5Ds, a new ridge
appeared, separating the true minfoum from the Iocal minima. Hence,
the likelihaod of convergence to the local minima i3 decreased.

In Figure 4-22, a learning curve is shown for the case of twe
PEDs and three parameters. The other conditions are the same as the
ones specified in Table 4-4. 4 Four dimensional featuve vector was
used, where the fearures were the zeroth and the First normalized
moments of each P30.

It can be seen, comparing Figures 4-20 and 4-22, that minimizing
the error 1ln beoth P3Ds simultaneocusly signlficantly decreased the
required mumber of unldireckional searches per parameter
identificarion. Thisz decrease Iz predominant Eor the first parameter
idenctifications, i.e. before a significant leacning 1s achleved.
This means that for the caze of one PSU only, the parameter
identification Is more difficult to perform. Howewer, the 5DL methed
gt1ll achieves comparvable aaymptotle numbera of unidirectional

searches in both cases.
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FIGURE 4-21. Tsometric contour repressntation of the errgr functicpal
surface (for two P5Ds}.
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4.6.,2 Comparisen with the Direct Search mechod

Comparison of the SDL method with the Direct Search method (1)

wad made by solving some series of parameter identifications using

both methods under the same conditions, 1l.e. tha same initial value

far the parameters and the same accuracy in the determination of the

optimum parametets.

The comparlson was done for several cases uaing

the steam generator medel under the conditions specified 1n Table 4-4.

Either the primsary water temperature PSD cnly or the primary water

temparature PSD and the ateam preddure PSD were usad as experimental

data. The fellowing cases were usaed!

l. Primary walber
infrial walype
2, Primary water
inicial value
3. Primary water

inicial value

temperature P5D as
for all parameters
temperature PSD as
Zor all parameters

temperature P5D as

expaerimental data, and
equal tao l.0.
experimental data, and
equal o 4.0.

exparimental data, and

far the parameters: parameter cgne equal tn

2.0, parameter two equal to 3.0, and parameter three

equal to 4.4,

4, Primary water temperature P53D and steam prassure PS5D as

expaerimental data, and initial value for all parametecs

equal ta 1.1.

. Primary water temperature PSD and steazm presgure PSD as

experimental data, and Iinitial value fogr all parameters

equal to 5.0.

In these comparisonus, the total number of error functional evaluations
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waz used as a common measure of computational time.

The pupber of error functiomal evaluations required by each
aethed for a series cf 50 parameter identfficatlons of Case 1 1s shewn
in Flgure 4-23. Tt can be zeen from thias figure that evenr though the
Direct 3earch method required less func¢tlonal evaluatigns than the SDL
method durlng its learning peried { Ffirat five parameter
identificatiens), on the average, the SDL method required considerably
less errvor functiomal evaluatlons than the Direct Search meched. For
Inatance, the average number of errere functional evaluations far
parameter identificationz 21 through 50 was: 45 for the SDL method,
and 148 for the Dirsct Search method.

A serles of 50 parameter ldentifications ware sclwved by both
methods also for the other four cases. The averape number of arroar
functional evaluations required by each method to perform the
parameter Identifications 21 through 30 of cach series is glven in
Table 4-5. It can be seen in thils table thkat the 50L method requlraed
less error functional evaluationa for all cases. The advantape of the
S5DL method over the Direct Search method wvaried from a facter of

three, for Case 4, to a facter of 1O, for Case 5.

-

T N THOE TG
[ETITSTE DL pr e o)Ak FOFRIE
R

EETEE




=
_ | L
=
[ b o
=
[ 1]
%
w3
L
_ ] [
3
L
——
-
b ..I..nll-l — m
ey
_'_'k
e L3
T el g .Jm
p—— Y -y
e N ¥ | T
.”— _ 1 1 ] .*. ~
= = = ] = ] = = [
= in = i = i = n
- ™M m ™ Y| — —
sSUOTIBTNOTE) (0SS JO Joqunpy
K f 1 T ] I ] f ] r = 1 T

Parasmeter ldentiflication Number

=

r H |

calculations per parameter i{dentification by the Direct

FIGURE 4-23. Number of sum—of-the-squares—of-deviarions (5SD)
Search and by the 5DL mechods-

-

&7




TAMLE 4-53. Comparison between the Single-Directipa Learning (SDL)
methad and the Direct Search method.

CONDITIONS (other

conditions in Table 4-4) Number of error
functiomal
evaluations
Humbar of PSDs parameter
Case as experimental inleial Direcc
Number points valuas 5DL Search
1 1 1, 1, 1 46.1 147.8
2 1 4, 4, & 65.13 234.2
3 i 2, 3, & 4.3 275.5
& 2 1, 1, 1 34.3 9g.%9
3 2 5, 3, 5 4l.0 390.9
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CHAPTER 5

APPLICATION OF THE HEURISTIC LEARNING METHOD TO THE DIAGNOSTICS OF

AN EXPERIMENTAL PHESESURE LOOP

5.1 Imtroduction

After the development and the testing of the learning methads
using computer simulated data, a "real world" a2pplicatlon was achieved
by developing an antomabic surveillaace syatem for diagnostice of a
experimental pressure loop.

The description of che pressure loop 1z given 1n Section 5.2, and
the madel for the loopn preassure nolse is described in Section 3.3. In
Section 3.4, an overview of the automatlc surveillance system 1s

given. The results obtained are prasented in Section 5.3.

5.2 Descriptlon of the Experimental Preseure Loop

The pressure loop 1s a small expetrimental device designed to
study pressure nelse, pressure sensor responses and eensing line
responsez. Althouwgh che loop is quite scaled down and operating at
low pressure (typlcally 15 psi), 1t shows most of the pressure noise

characteristics observed in the primary system of PWR plants.

Bo




A diagram of the experimental leop iz shown In Figure 3-1, where
the components ware glven labels corresgponding co the analogous IWR
componentd. The reastor vessal and the pressurizer are plexiglass
tanks, and the llpes ars copper tubes. The dimensiocns of thega
components are given in Table 5-1. The pump shown 1s a centrifugal
pump driven by a 1/2 HP eletric motor. The three pressure sensots are
wide baud pressure sensors, Valldyne model IP-7. These sensors
present flat responses in the range of frequencies used in these
experiments (below 1D Hz).

In Figure 5-2 through 5-7, the PSbhs of the three pressure pignals
and the CPSDs between these signals are shown. A resenance at 1.2 Hz
is obsarved in those spectral densitlas, which iz the Helaholt:z
regonance of the preggurizer——surge line--reactor vessgel aystem. It
arlses from the gsclllatien of the water in and out of the pressurizer
throegh the preggurizer gurge line., This rTeaonance can be modeled in
terns of the ssacillations of 2 apring loaded mscillateor, whese
inertial mass is the mass of water Iin the surge line, with an spring
constant determined by the compreszibility of the water ian the reactor
vessel. This type of tescmance 1s observed in PWRE plants in the range
0.5 Hz to 1.1 #z (27%. A similar resonance is observed at 3.9 Hz,
which 1s the Halamholiz resonance of the sensipng line. This type af

resonanes has also been observed In PWR plants (27).
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TABLE 53~1. Mmensions of the experimental presesure loop components.

D Dimensiona
— Componant Eype value unlt
|
= Reactor vessgal diametar: 0.548 fr
helght! 2,417 ft
L
_ Prassurizar diameter: 0.333 Fe
! tatal height! 1.687 ft
._ waktar level: 0.917 £t
-4 . 2
] Sansing lice areas 2.01%10 © fe
a langth: 17.58 fr
-4 2
- Surge llnoe area: 2.01*10 ° ft
i length; 3,48 £t
o Flow liges: - .7
: pump tn senging line connsction ared: 1.115%10 © ft
il length: 7.08 ft
Cj gsensing line connectian to -3 2
a surge line connectlon area: L.115%10 ° ft
langth: 2.21 ft
surge line connection to 2 2
- Ceactar vessgal ares! 1.115*1Q it
_ length: 7.5%0 £r
—} reactor vessel to pump area: 3.538*1{]_3 f!:2
length: 2.38 £t
B
_
H
1 9z
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FIGURE 3-2. Exnerimental Reactor Vessel pressure FSD.
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5.3 Lopp Pressure-Hoise Model

The model for the pressure noise at low frequencles used in this
work was developed by Mullens and Thie {27). In this model, the watet
in the lines was considered incompressible, and the main physical
phenomensn for the pressure oofze in the ranks was consldered to be
the comprassibllity of the fluid inside. The electric analop eircuit
representing the pressure loop model i3 shown In Figure 5-8, where the
inertia of the water inside the linea is analogous to lnductance, the
compresslbility of the fluld {n the the tanks Is anzlogous to
capacitance, and the devlation from equllibrium of the volumetrie
water flow 1s analageus to current.

The inductances of the lines are given by (34)

P hy

Ay

whare P ig the donslty of the fluld inside line "i",
%, is the lemgth of line "i", and

Ai iz the flow area of lige "1™

The capacitances of the fluid inside the tanks are given by (34}

whers ?i is the wvolure of taok “i", and

¥ 1z the speed of sound in the Fluild dinside tapk "i”.

i
2g




1
-

e R s R

L7701

L7

S

=

L]

L E_ B

FIGURE 5-8. Electric analog wodal of the preasure leop nolse.

100




In Table 5~2, the values for all the pressure leocp model
parameters are glven. The inductances, and the capacltance of the
pressurlzer tank were calculated using Equations 5-1 and 5-2,
respectivaly. The romalning parazmeters were pbtalned from a least
square fit of the model to the measured spectral densities.

The equations for the analog circuit in Figure 3-8 are obtained
using the classgical Kirehhoff electric networx laws. Applyldg the

first law to the three nodes yields the following equations:

Klis} + 32[5) + XE(SJ =0 . 5=1
KE{B} - 13{5) + Iﬁ{s) = 0 , and 54
Xy(s) + X (s) - %82 =0, 5-5

wherse 31{3] Is the Laplace transform of the deviatiom f{rom
equilibrivm of the volumetric flew rate 1in

1lin= "1".

The application of the secend Kirchhoff law to the closed path formed
by Ilnes 1, 2 and 3 (sas Figure 5-8), with the nath closed through the

ground, vilelds
- X (2)2,{8) + X,(8)2,;(8) + X3(8)Z4(8) - u,(s) = O R 5-6
where Ei{s] is the complex 1lmpedance of line ™17, given In general by
Zi{a} = sLl + Ri + lf{aﬂi) . 57

The corrvesponding equations for the c¢loased paths formed by lines 2, 4

and 5 , and by the Iines 1, 5 and & are given, respectively, by
Lol
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TABLE 5-2. Experimental pregsure loop parameter wvalueg.

1 2
Paranater valne Paramotar

3
Farameter

value value
-8
- - ﬂl 1.24%10 - -
L AT - - R 3,75%10°
2 * 2
& -1 7
L3 S5.40%10 ES 3.20*10 33 1.27*10
Ly 1.24%10° - - R, 2.57410°
Lg 1.07%10° Cs 5. 74%107 R 2,79%10%
3 _ _ « 7
Lﬁ 4,20%10 RE 2.71*L0
1Un1ts for ilnductances ara: lbm.ft_a .
2 & 2 =1
Units for capacitances are: ft .2”7.lbm
Ynits for resistances are: 1bm. £t~ Y7t
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13(5123{5} + K4(5}24(5] - 15{5)25{5} - uats) = 0 ., and =3
- X (e)Z (e} + Xg{s)Zo(s) + X (s)Zo(e) — ug(s) =0 . 5-9

The siznals measured are the devlatlons from equilibrium of the
pressure In the reactor vessel, ﬁPl; of the sensing line pressure,
EPS; and of the pressurizer pressure, 6P5. Thegse presaurass are
related te the corresponding currencs in the capacitors by the

following expressions:

11{5) = EGI'E'PI{E] ¥ I'S_lﬂ
13(53 = sE36P3(s] , and 5=11
KB{S} = SCEEPE(S] . 5_12

By substituting Eguations 5-10 through 5-12 iate Equations 5-3
through 5-6 and inco Eguations 5-3 and 5-9, and then elininzcing

%,(s), E,(s) and X (s}, one cbtalns

8, (s) i g (s
B(a) | &,(s) = H(s) | b, (5) , 5-13

where B and B are complex matrlees with the non—zere elements glven by

bu{s} = -=s(,{Z, + 2, + zlzﬁfzzj . 5=14

blzfs} = SC32326IEE R 5-1%

LO3




byglsd = sC25
byp(8) = 8C,2,2,/2,
byo(8) = 8CqlZy + 2, + 2,2,/2,]
hzjis} - 'HﬂSZS '
b3l(s} = sG; .,

hBZ{E} = sﬂj R
byqls) = sCq

hppfed = Zg/z,
hyg{a) = 1,

hoy(8) = 2,/Z, , and
hy,(e) = 1

Equation 3-13 iz in the s3ame format as Equnatfon 2-1, the gene

5-186

5-17

5-18

5-19

=21

5-21

S-i2

§5=12

tal

noelse model aquation. Therefore, Equation 2-3 can be used directly to

calculare the spectral densitles for the loop oodel.

This model, althpough simple, predicts very well the loap pres
nofse {n the range frem O to 5 Hz, TIn Figures 3-9 through 314, ©
model calecnlated PSDe and CPSDs of the thrae pressure signals arve
ghown- Thege apeettal densiries were avaluared with the parameter
values glven Iln Table 5-2. The compariscn of these calculatad

apectral densities with the corresponding experimental spectral
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densities in Figurea 5-2 through -7, shows very good agreement

becween the model and the experimenc.

5.4 Autematlc Survelllance and Dlapnoatic System

The analeg signals from the loop presgsure sensors were coonected
to the analog to digital converter of a PDP-11/44 computer with a
RSE-11M operating sygstem. The automatic survelllance system was
implemented as a mulbi-task system supervised by a2 command file
program. The Information flow diagram between the different taska {or
programs) is shown in Figure 5-15, where the boxes represeat the
programs and the arrows represeat the flow of information. The stacks
are lagt-in-first-out storsge areas.

The four major program2 Io the automatic survelllance system arce
described below.

SAMPLR. This program digirises the signals from the three
vressure sz2nsorg and stores them in tlme data files. Thils program
also checks for gverloading of the analsag te digital converter. When
an ovetload 1s encountered, the partial time data File i3 deleted, a
neszage L 1saved, and digltization iz restarted. At the end of the
data sampliog period, the digitized time data file 1s stored at the
top of the time data stack.

SPECTR. Thiz program removas a time data file from fthe top of
the tlme data stack, evzluates the spectral densities and stores the
gpectral densitles data file at the top of the spectral data stack.

DOCTOR. This program removes a speckral densities file from the
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FIGURE 5-15. Informatifon flow diagram for the rask coordinator in the
Automatic Surveillance and Diagvostic System.
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top af the apectral data stack and analyzes the spectral dengitiea
looking for pesaible anomalies. It caleulates some apectral
characteristdica (e.g. center frequency of resonances and power within
certain fregquency ranges ) and compares them with normal
characteristica. When the svaluated characteristics cowmpare favorably
with the normal characterigriecs, the dlagneasis 1s ended with the
statement that the loop is in normal operation. When the
characteristice do not compare well with the normal ones, a warning
message ls issued, the FITEXF program I3 activated, and the DOCTOR
program waits for FITEXP to perforam cthe parameter ldentificacion. At
the end of the parameter Identlficaticen, the DOCTOR propram recelves
the values of the identifled parvaweters and fssues the final
diagnosis. The spectra that have been analyred are stored in the
analyzed spectral stack.

FITEEZP. This program recelves the experimencal spectral
dengirtles from the DOCTOR program and parforms a parametar
idencification using the 5DL method {more detafls are given in the
naxt section}. At the end of the parametrer Identification, ir passes
to the DOCTOR program the values of the parameters identified, the
final z2rror functional, and the number of runs from the Wald-Wolfowlt:z
test.

The overall contwsl of the above programs Is accomplished through
a command file program. This control program i3 responslble for
atarting the other programs when lnput data are available for them and

for keeping the curreat information diaplaved on the terminal screen.

1L3




This display shows the curreat date and time, which programs are
active, and the oumber of data files in the stack.

In Figure 5-16, a typlcal screen display 1s shown. The screen s
divided intoc three major areas with contrasting backgrounds to ald the
ugar Iin locating and asaimilating the ianformartion provided.

The top area 13 where the commsnd file program displays the
current information. ©On the leftr ailde of this area, the currant tlme
and date 1s displayed. The central part displays the active programs.
Finally, the number of data ffles in each data stack 1s dilsplaved on
the right side.

The central area 1z uszed to Interact with the computer and ko
display temporary Iinformation. For instance, in Figure 5-1& the
calculatad characterigtics of the current seb of apectra being
analyzed 1s displiaved.

The bottom area Is used %y the program DOCTOR to display the
diagnestic mesgages. Each messape begins with tha time that the daca
wag obtained, followed by the diapnosia of the loop operatfonal
condlicion., The Information conceraning the current set of data being
analyzed is displaved on the top (of the boctom area). When the final
diagnoafs 1z made, the information in this area 13 moved down to make
space for the 1laformation on the pext set of data to be analyzed.

Wicth this procedure, the mest recent analysis information Is kept on
the screen. For Instance, in Flgure 5-15, the data which was sampled
atarting at 21:13 is being analysed, and at 21:34 an ancwmaly was

diagnosed as volds in the reactor vessel.
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5.5 Learning Parametar Tdentification in the Diapnosticg System

The FITEXT program performa the parazmeter identificacions by the
Single-Direction Learning Methad. This program is a version of the
SDLPI program (listed in Appendix E) which was adapted o gperace with
the other preograms in the auwtomatic surveillance system. The
objective of parameter ideatification im this system is to detect and
quantlfy three types of anrmalies, either separately or
simultanesualy. The three types of ancmalies are:

1. Alr in the sensing line. This kind of anomaly usually

occurs during the installation of the sensor, and it
reduces the response of the gystex to high frequenciles. In
terma of the parameters of the model, the sensing line
capacitance 13 ineraased. The most ipportant effecc of this
anomaly seen in the spectral densitias is the =zhift of the
sensing line resonance to 4 lower frequency than normal. Ia
Figure 5-17, the sgensing line P30 for the normal cparation
condition 1s conpared with the alr in the sensing line
ancmaly.

2. Cloggzed (or frazen) sensing line. This anomaly happeus

when deposits partially or tecally block the sensing line
internal area. Frozen sensing lines have also heen gbgerved in
FWR reactors. The effact of thlg suomaly on the loop
parameters is an increage of the sensing line resistance. In
the spectral densities, this anomzly lawers the amplitude of
the sensing line vesomance. In Figure 5-183, this effect is
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shown in the reacter vessel F3D. Thia ancmaly 15 implemented
in the loop by partially closing a walwve in the seusing line.

3. Voids in the reactor vessel. This type of anomaly happened

during the Three Mile Island aceldent, when steam, and later
hydrogen, accumulated in the reactor vessel. The capacitance
of the reactar vessel increases when any kind of fluld more
compressible than the water is presant. Flgure 5~1% shows the
effect of this type of ancmaly on the pressurizer pressure
PSD. This anomaly was lmplemented by injecking air intc the
redctor vessel,

It should be nored that, although these anomalies can be observed in

the pregsure spectral densities, they do nob cauge significant changes

in the steady state presgaure.

The reactar vessel capacitance, the zensing line tesistapnece, and
the sensing lioe capacitance were identifiad by the SDL method. The
errar functlonal lncluded rhe P5SDs of the thrae pressure 3ignals and
the three CPSDs, in the range from O to 5 llz. The real aad the
imaginary parts of the CPSDs were treated independently for the error
functional evaluation. The staclstical welghts {(Egquation 2-7)

utilized upper limits for the variance of the estimates {32) given by

5 (w) 5 (w)
Le_|= xx ¥y , 5-27
n

where ny 1z eirher the real or the imaginary part of the CFSD

variables "x" and “"v",
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S:x ia the P3D of wvariable "x",

EF}F is the PED of wvariable "¥", and

n is the number of independent blocks in the CPSD escimate.

For the pressure loop patrameter identificatlons, a different type
of Eeatures than the ones utllized in the previous work was used. As
it can be seen in Flgures 5-2 through 37, the pressure noise spectral
denalties preaent sopoe characteristic resonances. The centar
frequencles and the awplitudez of these resonances change with the
loop operational condition (see Figures 5-17 through 3-19). These
characteristiecs were used to define the slx dimenslonal featutre wvector
components ags follows:

Fl iz the difference between the axperimental and the oodel

calculated reactor vesaszel resgnance center frequency.

f2 is the differsnce between the experimental and the oodel

calculated sensing line resgnance center frequancy.

f1 15 cthe difference between the experimental and the model

caiculated awplitude of the reactor vessel resonance
observed in the reactor vessal preasure PSD.

f4 iz the difference beatween the experimentzl and the modael

calculated amplitude of the reactor vesasel resonance
ohsarved In the presgurizer prassure PSD.

f5 18 the difference betwsen the experimental and the model

caleulated amplitude of the seasing line resonance
obgerved In the reactar vessel pressure PSD.

f6 15 the difference between the experirsental and the model
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caleulated amplitude af the gensing line rasorance
obeerved in the asensing line prasgure PED.

In Figure 5-20, a learning curve is shown which was cbtained
under the conditlons specified in Table 5-3. For the first 38
parameter ldentiffcations in this curve, the 2xperimental data were
measured with the pressure leoop in normal cperaticn. For the other 12
parameter fidentiffcations in the curve, one of the anomalles was

implemented In the locp, as follows:

Parameter ldeuntiiication Operational condicion

1 through 33 Yormal cperation
39 through 42 Afr In the Seasing line
43 through 46 Clapzed sensing line
47 through >0 Yaiés in the reactor vessel.

It can be zeen In this fipure that, for the parameter Identiflcatians
under normal operational conditions {1 throwugh 234}, the number of
errot Functional evaluations necessary for copvergence decreased from
aproximately 100, for the first parameter idemfifications, to
aproximately 30, for parameter Identificatiaons 20 through 38 (after
learning). For the anomalous data, the number of error functiomal
avaluations incresszed, but Eo a level substantlally lower than the
Initial lavael, This fact shows that part of the informarion learmed
with the experlmental data under norms]l oparational conditions caa be
used to help perform rhe parameter identificatiens uader anomalous
opaerational condlitians.
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TABLE 5-3. Parameter identification conditieouns used to obtain the
results presented in Figure 5-20,

Model . = « + ¢+ & & &+ & a =

Parameters ldentified .

Inttial parameter vazlues . . .

Experimental points . .« . « «

Number of fregquency pelnta
Frequancy range {log—uniform}
Ezperimental error

Number of features

Region size . . + + « v + + « &
Number of basic directious . .
Precisfon criteria . . + « « &

Number of parameter
identificstions per seriea .

Number of series

Pregpure lanp dolsze

Senging line reslatance
Reactor vesael capaclrance
Senging line capacitance

Pl = 0.50%10°
P2 = 0,20+10°
P3 = 0.15%10

?
9

Reactor vessel presaure PSD
Senaing line pressure P5D
Fressurizer pressure P30
CPSD befwsen BY and SL

CP5D between RY and PRZ
CPED between 3L and FHRE

42

0 to 5 Hz

10%

]

{radius) =0.05% + GQ.2%{distance}
3

0.0001

5¢

1
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The average value for the three paramecers ldentified iz given in
Table 5—%, for each operational condirlen. Ii can be seen in this
table that the only parzmerers that changed siznificantly following
system anomalles were iadeed the ones that should have varled during
the anomalles. Thls shows that the FITEXP propram did correctly
identify the pertinent parameters.

Tn Tabla 5-5, the volume of alr Injected, either in the reactor
vegael ar In the senging lipe, 1z compared with the value of the the
wolume calenlated from Equatien 5-2 with the vwalues of the parameters
given In Table 5-4. Tt can be seen that the ldentiffed wvalues for the
parameters glve a reascnably good approximation for the true volame of

alir injected.
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i Parametar vslue
Type Normal Air in 5L Clogged 5L Voids in RV
] R, 3.27%10° 3.06%107 6.68%107 3.23%107
€, 1.24%107%  1,24%1078 1.23%107% 2,18%107%
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TABLE 5=-5. Comparison

tetween the Identified and the meagsured vonlumes

af air.
Volume of air
Anomaly Mragured IdenkiFied
Alr fa SL 1.9%107°  f£e2 1501077 £
Volds in RV 1.15¢107>  £ed 1.20#10° 7 fe°




CHAPTER 6

CONCLUSIONS AND RECOMMENDATIONS

6.1 Iptroductlon

A new Heurfstlc Reinforcewment Learning Method has been developed
and proven to be succesaful for the on-liae detection of amomaliessz in
an experimental pressure loop. Thia technique has far-reaching
implications for on-line sutrvelllance and diagnestics of dynamic
systems such as Nuclear Power Plants, Fessll Power Plants, and many
other industrial and wanufacturing facilities.

The accompllishmente of this dissertation are highlighted in
Sectlon 6.2, BSuggestlons for further research are Ilnecluded in Section

6.3,

6.2 Accomplishments

A general heuristic learning algovithm for parameter
identification purposes has been implementad. During the
laplementaticn process, a completely new heuristic learning method
(the Single-Directicon Learning Method} has been developed, which

learns faster and provides mere acocurate resulrs then previous
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algorithms, such as the Direct Search method.

The success of hesrlstic parageter identificatice technigues
hinges oo the utllization of an appropriate low dimensiocnal space, the
faature space, to characterize the search situatlon. TFor the
development of aueh a suitable featura space, the new concept of
"fuzry” mapa wasa Ilntroduced. The latroducticn of Chla rzther
unorthodox concept highlights twe characteristics of heurlatic
algorithma: (1} the need far minimizing computer wemory requiremants
and (11} the intrinsie "fuzzinesa™ of the laput data themselves, due
ta ptatistlcs and fluctuatlons Impgsed by the enviroament. Because of
the "non-analytical™ nature of heuristic learning methoeds (in the
sense that analytical manipularclons are drastically reduced}, 1t is,
in general, very difficult to prove the existence of optimal aclutions
in an entirely tigorous manoer. This 1ssue hag bean addressed In this
dissertatlion both analytically and by computer simulation methads. TIn
Appendixz B, it 1s shown rigorously that, for unimodal error
funcrionals, the present heuwristie learning algorvithm yields the
optimal solution. For non-unlmodal errar functlomals (1.e. for thess
functionals exhibiting several minlwsa) rthe wvalidation was performed
via computer simulaticns atilizing ag input data the reaults of a
steam generator nolse model {see Chapter 5},

In the realm of applications to "real world” problems, an
original development has taken place with the implementation of the
present heuristic learning parameter identliication wethed to an

exparimental pressure loop. Thilz development has resulted in the
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creation of a tratnable surveillance and diagnostics system, which Is
capable of dececting and quancifying =2nomalies in dynamic system.

In summary, the initial objective of lpplementing Heuristic
Reinforcement Learning technlques for parameter ildentificarion
purposes and applying these techniques to an actual physical system

have been accomplliashed.

6.3 Hecommendations for Further Basaarch.

Thers are at least two main areas of Future development which
should be pursued; the first 1s related to the methed itself and the
gecond to Iits applicatfons. ©Concerning the firsr area of davelopment,
one should (i) do extenslve work on the relationship betwezn the
errors In the identified parameters znd the uncertalintles of the finpat
experimental data and (i1} study the issue of the dimensionalicy of
fearure space vls—a-vls the parameter space dimension and the
limitations In the avalilable computet wemoary.

The gecoud area of development refers t{o the fasclnating
possibilitiea for the minimization of variatisnal principles, whosza
optimal trajectories {cepresenting neutron flux profiles or
trajectories in dynamic probiems} could be cbrajned by the present
heuristic learning uethed- The selotion of the Euler-Lagrange
equations assoclated with a given variaticnal princliple by this method
would be of extraordinary intereat in fields like Besactor Deslgn and

Robocics.

130




P R SN B IR

l_ ]

LIST OF REFERENCES

ST S R S T s T i R S

I




1.

3.

5.

101

11.

12,

13.

LIST OF REFEREKCES

L. F. PFau, Failure Diagnosis and Ferformance Monitaring, (Few
York and Basel: Marcel Dekker Inc., 19813.

Bobert E. Uhrilg, Random Noise Techniques in Nuclear Reackor
Systems, {New York: The Ronald Press Company, 19/0}.

M- M. R. Williams, Random Processea In Muclear Reactors,
{Oxford: Pergamon Prass, 19745,

Joseph A. Thie, Powsr Reactor Wolse, (La Grange Park, Illineis:
American Ruclear Sociecy, 1931).

George N. 3Saridis, Self-Organizing Control of Stochastic Systemsa,
(New York: Marcel Dekker Inc., 1977).

F. W. Stallmann, "Theory and Practice of (eneral Adjustmenc and
Model Fitting Procedures,” ORNL/TM-7B%5, Oak Ridge National
Laboratory, (198L1).

R. Bellpan, Adaprative Control Process, A Guided Tour, {(Princeton:
Princeton University Prags, 1B61).

Cearge M. Saridiaz, "Application of Pattern Recognition Merhods To
Contrel Systems,” TEEE Transactlons on Automatie Coakral, Vel.
AC-26, (1981), pp- 638-45.

H. H. Bosenbrock, "An Automatic Meihod for Floding the fGireatest

or Least Value of a Function,” Cowputer Journal, Val. 3, no. 3,
(1960}, pp.l75-54.

M. J. D. Powell, "An Efficlent Method for Finding the Minimum
of a Function of Several Variables without Calculacing
Derivatives,” Computer Journal, Vol. 7, (1964), pp. 135-52.

J. A. WNelder and R. Mead, "Simplex Method for Minimization,”
Computer Journal, ¥ol. 7, (1965), pp. 308-13.

Robert Haoke and T. A. Jeevas, " 'Direct Zeasrch' Solution of
Numerical and Statistical Froblems,” J. Assoc. Coop. Mach.,
Vel, 8, {19581, pp. 212-29,

M. D. Walte and K. 5. Fu, "A Heuristic Approach o
Beinfarcement Learning Control Systems,” [EEE Transactions on
Autcmatic Contrel, Wol. AC-LI0, (19853, pp. I9D-9E.

« ¥ing—-Sun Fu, "Learning Controcl S¥stems--Review and Outlook,” IEEE

Transactions on Automatlic Contrel, Vol. AC-15, (1970%, po. 210-21.

13z




15.

15.

17.

13.

19.

.

21.

22.

23.

24,

i3,

Julius T. Tou and R. C. Gomzalez, Partern BRecognition
Principles, (London: Addison-Wesley Publishing Company, 1974).

Barnard Dubuisscn and Patrice Lawvison, "Surveillance of a Nuclear
Power Plant by Use of a Pattern Recognition Mechodology,” IEEE
Transgactions an S5ystems, Man, and Cibernetics, Veol. SMC-10,
{1980}, pp. 603-909.

James L. Macdonald and Billy V. Keen, "Application of Artificial
Intelligence to Digital Computer Contrel of Wuclear Reactors,”
Nuclear Sclence and Engineering, Vol. 56, {1973), pp. 142-31,

Marian Bubak and Jacek Moscinski, "A Heuristic Approach to
Beinforcement Learning Control of Point-Model Nuclear Reactor,”
Atomkernenergie Vol. 31, (1978), p. &3.

Jacek Kitowskl and Jacek Moscinzki, "Computer Fimulation of
Henrigtic Reinforcemant-Learning Systems for Nuclear Fower Plant

Load Change Control,” Computer Physics Cowmunications, Veol. 18,

L1}

Tsutomu Heoshino, "In-Core Fuel Management Optimlzarion by
Hoyristic Learning Technigua,” Wuclear Science and Engineer%EgJ
Yel., 49, (1972), pp. S59-71.

D. N. Fry, “Experience In Reactor Malfumnction Dlagnosis Using
On—Line Weise Analysis,” Nuclear Tachmology, Vol. 10, (1471),
rp- 273-82.

R. C. Gonzalez, T. ¥. Fry and R. C. ¥ryter, "Results in the
Application of Pattern Recognlrion Methods to Huclear Reactar Lore
Component Survefllance,” IEEE Transactions on Wuclear Scilence,
Yol. 21, (1374).

£. R. Plety, "& Statistical Alporithm to Perform Automated
Signature Analysis aon Fower Spectral Densicy Data,™ Progress in
Nuclear Energy Vol. 1, {Oxford: Pergamen Press, 1977), pp.
7B1-802.

C. M. Smith and F. J. Sweeney, "Demonstration of an Automatic
Ou—-Lioe Surveillance System at a2 Commerclal Nuclear Power Flant,”
Proceedings of The FIfth Pecwer Plant Dynamics, Control and Testing
SymEusium, (The University of Tennessae, L983), Paper no. 31.

B. R. Upadhyavya and ¥F. J. Sweeney, " Theoratical and
Experimental Stochastic Modeling Analysis of PWE Core Heat
Transfer,” PFrocesdinpgs of The Fifth Power Flant Dynamics, Control

and Testing Symposium, (The Uaiversity af Tennessee, 1983), Paper
no. 46.

L33




26.

27,

28,

29,

in.

1.

32,

33I

34.

33.

J. A. Mareh—-Leuba, G- deSaussure and R. B. Perag,

"CARDIOQGRAMA: A Storhastlc, Semi-Empirical Methodalegy for Power
Reactor Survelllance and Diagnoestics,” Transactions af the
American Nuclear Society, Vol. 3%, (1981), pp. 951-2.

J. Ao Mullens and J. A. Thie, "Undecstanding Fressure Dynamlcs
Phenomena in PWRs for Survelllance and Diagnostic Applications,”
Proceedings of The Fifth Power Flant DBynamics, Control and Testini
Symposium, {The University of Tennessee, 1983}, Paper no. 4.

R. Fletcher and M. J. D. Powell, "4 Rapid Descent Methad for
Minim{zation," Computer Journal, Vol. 6, (1983), pp.léd-B.

J. 3. Rogen, "The Gradient Projection Methed for Nonlinear
Frograming,” J. Scc. Iadust. 4ppl. Mach., Val. 8, (1964},
pp- L8l-217.

A. Wald and J. Wolfowitz, "0Ou a Test Racher Samples Are From the
Same Population,” Annala. of Math. Stat., Vol XTI, {1948},
pp. l147-62.

Mohamed E. Ali, "Lumped Parameter, State Variable Dyvnamic Models
for U-Tube Recirculation Type Wuclear Steam Generator,” Ph.D.
Dissertation, The University of Tennassee, ¥nexville, {Jugust
1976).

Juiliuws 2. Bendat and Allan G. Pierscl, Kandom Darz: Analysia
and Heasuresment Proceduras, {HNev York: Wiley—Interscience, 19%71}.

Bonzld 2. Knuth, The Art of Computer Frogrammiog, (London:
Addlson-Wesley, 1%64;.

Jo A« Mulleas, J. A« Thie and M. E. Buchanan, "Model for
ORNL-5DC Pressures Loop,” OBMNL, Survelllance and Diagnosaties Group,
Internal Report, {January, 1983).

R. B. Perez, NE-5120: Selected Topies in Reactor Theary, Course
Notes, The University of Tennessee, {Janu=ry, L381).

134

A E




APPENDICES




APPENDIX A

SPECTRAL DENSITY EQUATION

Equations for the apectral densities in terms af the tranafer
functionsg of the gystem and of the input apeectral densitles for
particular dynamlc systema have heen derived in several referencas,
but the derivation for a geneval linear dynamlc system has not been
found. TIn this appendix, the equatlon for :the spectral densicy
between two sysfem variables 1a derived for a general multiple Loput,
multiple cutput, linear dynamic system. The derivarion ls performed
{n & similar way to that usad by Persz (35) for a dynamic model of a
nuclear reactor.

The eguatlions for a linear, lumped parameter, dynamlec system can

ba written as

dI dI-l
Af__fgﬁt} + ﬁl_[*—i*lzft) + e ADEﬁt) =
4t dt
dJ dJ‘l
Co—ul(t) ¥+ 0 —  uft) + ... € ult) ' A-1
J I J=1 -1 Q
dc dt

whera &1 and Gj

x= {xl, Xy sne xn]T are the system variables, and

are conatant matrices,

T r
u {ul, Hop ove umj are the system Inputs.
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Laplace transforming Equation A~l and assuming zero Initial

conditions yields

B(s)X{=) = H(a)U(s)} , aA-2

-1

where B(z) = suﬁn -+ sn A + ... ﬁﬂ , and

n-1

a X n-1
Hisg) g Cm + 5 Cm-l + ... * CD .

Left multiplying Equation &~2 by B (s), one obtains
A(s} = G(s)U(s} ., A-3
where G(s) = B S(s)(s) .

A generie elemeat of Equation A-31 is

M

x(s) = 2 ggled (s A-b
k=l

where gﬂk(s} i3 the transfer function from Input "kK” fo gystem
variable "1, Inverse laplace transforming Equation A-4 using the

Faltung theorem glwvea

M ot
xg(t) = ZI g p(tydu (rmt dey A=5
k=1 0O
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where g, () = L-l{ g g (9) ? . and
a ey = L {w s) |

CObsarving rhat gjk(t) and uk(t] ara equal to zero for negative
time, the limits of integraticn in Equation A-3 can be extended to

infinity, l.e.

M =
= - -6
%, (t) ‘ZI 8 5 &, oy (08 )de A
k-l Y.
The definirion of croas correlation function (autocorrelation 13
the oame as cross correlation when the two variables are the same ) 1ia

glven by

l-_. 1
=
[
|

Sxismﬁtj = Sﬁntrj = F [:xiﬁt)xm{t-T}

where E [::] means the expactation or ensemble average.

Substituting Equation A-6 into A-7, one obtaing

M = M =
Sh{T}HE]:ZIgikl:l:l}uk(t*tl}dtlE"rgmj{tzjuj{l;+1-t2}dt2] . a8
k=]l - =1 -

Rearrangling dummy Iindexes and wvarlables and taking in account the
deterministic nzturs of the transfer functions, Equation A-8 can be

rewritten in the form
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M M -] =
5 (= 2 Efdtlfdtzg&{tl)gmj(tzmELK(t—tl}uj(tﬂ-:zﬂ . a9
k=l _j:l:]_ - ]

In view of the definiton of croescorrelation in Eq. A-7, Eq. A-9 can

be written as

| M = o

sh{-:}n}_" z'ﬁitl Idtzggk(tl}gmj[tz} RO SV A~10
k:l j-l - —

Thia provides the relationship between the input and the gutput
corralaticn functions.

In order Eo obtaln the corresponding expresion for the spectral
densities, the functlons ineide the integrals in Equation A-10 are

written in terme of thelr respective Fourler transforma as

-]

zm(tli = —J‘dwlgjk(wl)a . A-11
Zn
-
m iw. .t
L 22 iy
E.Ej(tzj - 5 grd‘;Eglj{wZ}E . and A 1.2
L
-
X
S, [t F1-t.) -1 dw_ S (u }eiws{t1+1_t2} A-11
L I 2 . 37k .
—

Substituting Equationa A-1l, A-12 and A-1J into Equaticenm A-1C, and

Fourier transforming Egquation A-B yialds
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M M = = ) = m w
Shiw>';§-}:2.fd? aw, fau, fro. far far g 0 (0 rp, 0028, 4wy

=1j-]_ - = ey =T el =

11{w3-u]eit1(w1+w3]eit2(W2'W3} A=14

* g
To deal with the variocus 1integrals in Equatien A-14, the

following definitiocn of DMrac's delta function is utilized,

1 Lvy
Hy) =-—1{ e dv ' A-15
iw

-

Applying the above definition, Equation A-l4 can be written as

M M = -= L

8, ()= 2 zﬁUJdHJdu3gm{w1 18y )5y 5 (93) 6503 Blary i) (5 4-w)
knljwl @ e =g
A-16

In view of the properties of Dirac's delta function, straightforward

integration of Eguaticn A-1l€ yields

1 M

5 4 (W) = v ¥ 8 g (") s (95 () A-17
k=1 jel

Utilizing ¢he following praperty of transfer Functioms,
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() = By () 4-18
Equation A-17 reduces co
MM |
*
B ot} ~ E E sm(W)Emj(w}SkJIW) , 4-19
k=l 3=1

which is the general aquaticon for the spectral density.
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APPENDIX E
PROOF OF CONVERGEWCE OF TRE PARAMETER IDENTIFICATION METEODS

The convergence criteria used to stop the ilterative aearch in the
learning parameter identification methods requires that an
unguccessful unidirectional search be performed alang each direction
éqr EE' 23,... Em, whaere Ejﬂtdjl' djz' djS""djn)T is a directional
vector in parameter space. Let the errar Fuonetifcnal, Q(P), be a
contlpaous, unlmodal Function of the parameter vector,

E?(Plr FE,....PH}T, with contimuous derivarives. Io that condition,

* -
the optimum parameter wvector, P , 1s the only scolucion to the set of

equations

il

-+
A unidirectionzl ssarch starting from a parametar vecter P,

along the line Eﬂ

is defined by the sclution for the squation




aQ(E™ sd )
—— W I:I- B-z
ds

and the unidirectional search 13 said to be unsuccesaful vhen Equarcion
B-2 is satisfied for s3=0. 1In that condition, Equatiom B-2 can be

written as

0 el N o ,
—l 4 ol d + ... d = . B~
*®y -!-jl o +j2 & +jnL
P P P

—_— — ——

From the convergence criteria, Equation B-3 13 satisflied for ail

+, I i this
directions at the convergence peoint, F a a matrix form,

condition can be written as

where

M
B o
ILH—E'LI-—]
- —

| &
L

=]

L

-
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e = =i

([wﬂ S [
Ri = . 2 ] L | -_ ¥ and
SN =

0 iz an m—digensionl zers vector.

If the aet of directions containa a complete set ({.e. there are
"a" linearly independent wvectors in the set), the rank of marrix "D”

is "n". Therefore the only solution of Egquation B-3 is

Q-0 b6
ar
&0
——— = ﬂ ¥ f'ﬂr 1.1.2,-01 . B-?
oF .
P'I‘

Comparing with Equation B-1 and considering the unimodalidaty of the

error functkional, it can be concluded that
*
P+ = P . B-B

Theraefore, the learnlng parameter identification methods do converge
to the optimum parametar wvector whenever Q(P) is a continuous,

minedal function of the parameter vector.
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AFFENDIX

THE UNIDIRECTIOHAL SEARCH

In this appendix, the vnidirectional search usged with both
learning parameter ldentification methods is described. A few small
differences axist between the versions of the unidireectional search
used with the FUL wethoed and with tha SDL method. The description
that follows is for the version used with the SDL method, winich is
more general. The version for the FDL wethod is, for all practical
purpoges, equivalent to the one described with the confidence index
always equal to zero.

The unidireccional search is egquivalsnt to a unidimensional
search where the parameter vecter, P, 1s allowed to vary on a stralght
line defined by ap initriz]l parameter vector , Eﬂ, and a directional
vector, g: Any point on this iine can be defined by a single Bcalar,

8, as

P(s)=P_ +sd - c-1

The unidirectional gsearch sesks for che parameter vector aleng

fhe line defined by Eguation €-1, that minimizes the error functional,
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Q(F). 1Implicit in the method is the assumptien that the error
functional 12 3 eonkilnucus, pealcive, unimodal funcrion af the
parametars within the domaia defined by a minim and maximum value
for each parameter.

&4 method simflar to the oze described by Powell {10} was usad for
the unidirectional search. The method 1s divided into three sceps:
{a) the generation of the three first pofints, (b) cthe iterative
aelection of a fourth test peint, and (&) the convergence check.

{a) Given an inirial parameter vector, Eﬂ, the correspotient
error functicomal, qu-ﬂﬂguj, a#nd a guess for the optimum valuse
of a, €; rthe flrst and second test pointg are always; the
origin, sl-ﬂ, and the guess, s,*4. As specifled Iin Table
C-1, the third teat poeint Is selected on the basis of the
arror functional, Gor calculated at the second test point,
85, and a confidence index, Ie. 0Onee the third teat point,
81 is selected, the correspondent error functicomal, 99, iz
evaluated.

{h) The aelection of the fourth test polnt, Srn is performed by
calculating the second order polynomial, M(s), that passes
through the three testc points: {sl,ql}, {sz,qz} and {ﬁj,qj}.
If the second derivative of the polynomial, M7(5), 1s
positive, the fourth test peint, s,, 1z selected as the paint
that minimizes the polynomial M(s) { M"{s}=0 ; H"(=)>0 ).
The three possible cazea when the second derivative is

non-~positive are illustraced in Flgure C-l. 1In the flrst two

146




N

=

1

T CS C o O

S

J

-

TABLE C-1. Selectlon of the rhird test pelnt.

Third trial point

Canfidence index q2 < ql q2 > ql
0 2%3 -1
1 25 0.5%3
2 1.6%§ 0.66%8
3 L.3%*§ 0.75%3
147



_l

I I I Y B

v
—_

-

L

Ny 04

Y"1 T~ .

~ .  STEEPEST SLOPE
L™
—
T
-
T
-
_ - =

5, S, Sy S,

(b -q1 "E[3

5& - undefined.

FIGURE C-1. Selection of the fourth trial point when the second

derivative of the lnterpolant polynomfal Is negative
DY Zero.
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cases, the fourth test point is chosen as the peint where the
linear extrapolatlon reaches zero. In the third case the
direction that minimizes the Ffunctifonal is completely
uodefined. After evaluating the error functicnal at the
fourth peint, Ty thls step 12 repeated with the current best
polnt and elther its left and right neighbors, If they exiat,
er Lt3 two nearest nelghbors.

{c) The above iterative procedure 1s terminated whea the distance
betwagn the fourth peolnk, 84t and the previous beat point is
smaller rhan a wvarlable convergence criterla, whose values
are shown in Flgure C—2. This variable convergence criterla
was adoptad to reduce the total number of error fumctional
evaluationg, since a minimum far from the origin indicates
that the overall search is still far from converging; 1in
which case, an accurate determination of the unidirecticnal
ginimum 1z nok aecesaary.

To assure that the unldirectional search is performed within the
allowed domafn, hafore accepting a reat poinr, the correspondent
parameter values are compared with rtheir respective limits. If one or
wore parameters are outaide the range, the value of rthe test peint 1a
modified such that all parameters are inside the tange or at the

limit.
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APFENLIX D

LISTING QF THE "FDLPI" COMPUTER CODE

in this appendix, the listings of the FOLPI program 15 presented.

Thiz program Is the final version of a series of programs used during

the development of the Fixed-Direcrions Learning methed descrilbed in

Chaptar 3, Section 3-4.
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Caa-

E Nodule nane: FOLPT

c Persien X01.00 Last edit: G1-JUL-B3 13:52

E Statun: Develspnent/Debugging

E Revitioa histery:

C Unraios Xoi.5h 23-JUN-93 18163 - 01-IUL-K3 43152

E Creatrd by: €.BRCHABD

Eﬂ-

€ SEMROUTINES CALLED:

L » GETEP - SHEABUTINE TO SEY THE EXPERIMERTEL POINTS (USER SUMLTED)
E GETPR - SERQUTINE TO 5ET PARAUETER INFERBGTIGN  CUSER SUPLIER)
E FOMCTIONS SFUMC - RETUMIS THE FALHE GF THE FENCTION

¢ .

[

FARBRETER MEDIN=%4
PAMRETER RPOIM:
MRRNETER !IIBII"I'NI

AINENSION YOMERIND)

DIMENSION 2(NEDIN) ' INDEPENDENT ARIABLE ARRAY
DIMENSION U(REDTR) ¢ UETGNTS C(1/VARIANCE) OF ¥
DIMERSION FIEFQTRD 1 PRARBETER RRRAY

DIMENSION FEQIPAIN) I NEU PARMIFTER ARRAY

DIMENSION PTOIPDIM) | TRUE FARMIETERS

DIRENSION CENTCHFDIR#RDIND | REGIMM CENTER COONEINATES
RINERSION UTOWEIND I AEMSE TRMICE

JTEENSTIN NTRCNROTA) 1 3 8F TINES [N iaS USED TN IRER
XEALE4 WP ! LMAGEST FERFORIMMCE

IEI.H ﬂ' ¢ SBMLLEST PESFORMNCE

KEAL ! RVERAGE PERTORIRNCE TN IHES
!‘Eﬂ!ﬂ HWH-IHI} ! RPERREE DELTA

REAL 24 ' § OF TIRES IN REGISN

DINENS TON MIIII-HHI!III'J 1 DIRECTIONS

DIMERSTON INGCNRDIRS 1 LRST 858 RULES

DIRENSION PLUCKHAIR) | PERFERWANCE GF LAST USED RDLES
TINERSION IRESTCNMGIND | BEST PERFORMANCE COUKTER
DIMENSION £5OIF0IN) ! FEATYRE [GORDINATES

DIMENSION PIOIFDING !I INITIM. PARARETER ANRRY
AIMERSION ROICHFOIN) 4 INITIOL FEATERE ARRAY

LONICAL ¥ TIT'E'I‘!J:-EHTE[‘I!‘!:THITEHHJ;!TIE(IJ:TI'IIIEI."I]
LOGTCA XL TCOK,iBEE. THST

(oM ATOATAR/PFT

ComiN /SEEDEPAISEPS,ISEPZ

COmDN FSEEDSH/ISSHT , {SSH2

£
l‘:: SET VERTION CHARRCTER FOR FILE WMREES

LOGICALTE NESDC19YNERACT2YF TTLL12) ACURCLD ) THCHAR
AATR REARZ 57 E "0 s 07 w” T 070 L Y 0 20l

TR T G A R L L LPLL L L S
TR L L L L e L T R T "4
M LEEAL2 07,07, R, 'E’ o LN, "!" o '
RPEN CUNET=1 MGz “SERS 10N .CHA " AACTE S5z *SEMENTTAL

t FORM= UNFIRARTTED  »TYPE- 'ﬂﬂ’m‘hﬁtﬂlﬂm-ﬂ'“lﬂli'ﬁ
REMDC1)IVEHAR

CLOSE cmIT=1)

Wb (N I=IFCHAR

MESOC10 = TNCHSR

FITLC10 = TPCHR

LCEACTIA 2= HEHAR
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L
E DETERHIME DIPECTIONS

o 1 Iz14000IM
01 1)=00543. 181552 TAFLOAT ¢ 1-1 )/ FLEATINNA TES)
DS PG A SRR TRFLORT( I~1 )/ FLEAT CNNR THY)
TEFLS=
ICE=A
WHe=RFD D
BEP=RED M
WRE=KHD TN
ISEP=1419
ISErF2=11960
15sit-0223
ISSH2=4209
NNITECS 14040
an' !ITI:I AT T START & MEU MW/,
1 TO RESTRAT AN #LO RN : “,5)
“.(‘m}fsm

TFCISTRAT .£QL0)SD TO 30

L
E AESTAAT L0 NN

[aixd ]

SPER(IRIT=1 BARE RERE, TYPE="OL0 " ACLEYS="SEUENTIAL »
1 FORA= TRFOMIATTER +SNARED)

AEMBCLITI

RERDC1)SBATE ,STINE, TOATE ,FTINE

READCLJMED . 5PA ARES T  KNE NFE NBF IV BREP ,JIEW NWF NBR. TRFIT,
1 15EPi.15EP2, ISSHT L1552

REARCE PRE 200 -RADGAITATIT, BT, IMLTLISEL - IUPD»

1 LCASOM.LOGF:

CLASE (MIT=1)

MPENCIRIT=1 ARMEETD-TYPE- "0L0 * AMCLESS: “DIRECT

1 FORE="TINFORRATTER SWAREN)

DB 20 11-1.MBES

REMG (1 ° TINIT NTH.8P 5P AP AT F¥T, IDEST,

1 (CENTEID,ID) JT=1.M6E)

CLISE (WIT:)

MREST=MESTof

K-

CMl TIMECSTINE)

CAL MTECLINTE)

MRITECS 11043

FORMATC® ENTER TITLE [T0 CHI"™>
REMD (- 1290)TIT

FORMAT(M4A1)

INITIALS

PRE-1.E-4 ! RELATIDE PRECISION
RRD= 0%

ARI= 001

ME=NFOT

NIT=200% I AK. & OF ITERATIONS
NIET=2000 ! NAE 3 OF IMMEQ ITERATIONS
NBREF=100

MFIT=54

JPLT-R | PLOT LEUEL

IMI=1 T PRIRT LELEL

ISHL=1 | HESRISTIC SELECTIMA RGAE <i-d)
P-4 | UPDATE FLAG (0 - HO DMDATING)

LCxt
MEST=R BURBER &F AESTAATS
e

=t
Loari=1 xey

LA -
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C
E OPEM FILES AMO STBRE INITIAL JATR

'ﬁﬂﬁ

=5
2

!ﬁﬁﬁ

¢
>
C
"

IREC:1B ! FOR TITTLE

OPEN (UM IT=1 - WARE=AE A0 , TWFE: "ER” ACLESS= *SERSENTTAL ”
1 FORN="UNFOBNATTED ’ ,RETOUDS IZE=[REL ,SWARED)
RRITECLTIY

{RLL ONTECTRATE)

CALL TIMECTTIEME)

UATTECLXSOATE »$TINE » TOMIE , TTINE
Hﬂiiﬂh’hﬂﬂﬂﬂnﬂﬂhlmjm.-II':IIHJNIT;
1 TSEMISEP2,[SSHLISSH
l!!i(im;liﬂsll'lll:IIT:HIH:IFI]:IFLT:M:IHH;

1 LEL08M AL0aP2

CLOSE (UMIT=£)

IREL = CGUNHE +INFE 1 /2

PERCONIT=1 MANE=MERN , TYPE= "REU" ACCESS="DIRECT” »

1 FORR=*UNFORMATTEE® ARECORDSEZE=IREC -SHARED)

CLOSE (MMIT=1)

IREC={CRNPD IN~4aiFD [N+ 14+1 )72

SPERCIATT= Y, KANE=F YTIL, TYPE="NEN " AACCESS= "SEQUENTIAL " »
i FRR: "UNFWRAATTED * AKECORDS TZE=IREC -SHARED )

CLOSE (UNIT=1)

IFOC.EQ.Q)G0 T &

OPEN CORIT=1 HE< (I TYRE="RED" MCCESS="DIRECT" »

1 SHAREN.RECORSS1ZE:10)

CLISE (RIIT=1)

REESTART Loor

TNFIT=0,

TIME=N.

NRES=H
[T

IFCLC . EX.)60 T SO
RER=NBR+1 1 59%

HRITE (5 /13000088

FAMHTCY NBK = ', 19

IFOLC.NE.0 ANE. SNH.GT.MBREFXS TD 950 ! X

GET EXPENINENTAL PEINTS

WAF=ADF+ t

IFLE.NE.G AKD, MBF GT.MOFIT00 TO d0 ¢ ux
ISEM I=T3EM

ESER2 I=TSEP2

el iETH'tIP:‘l';I:II?

TIFIT=THF IT:

SET FRRCTIEN MSRRETERS

TALL GETPUCAPA AP PHI AP0 19 1)
ISFL=4
TINRE:A.

L
E EALCOLATE IRITIML S5O

CMLL STATUSCREP oX .Y .0 A SSU0LNFE S 3]

IF(IMR1BE I MR ITECR 1350 JTWF LT MEP 5500 R0

1 Iz APR)

FMBATCZ " FIT ROWSER @ " #10.0./," WURBER OF POINTE <7,

1 Iinf:" INFTIAL WESGHTER SN OF NEDIATIORS SQANER =’,610 4475
1 * FEAYIRES @ ’'REFEX(FT.L.N)M4,

1 MR % INIT WGLIE’.//

1 biaR,12,3.613,14)

Ss1I=55m

06 85 3=1.8FE
ROECID=RGCI)

L54
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[ I W

1 O

0o 87 I=1-WPh
n PICOI=MDD

551=0.0

NITL=t

IRER=

IRLE=0

DEL V=1

Ni=
t
CERALANE N S NN LRI04 SR E S E N EE FE I T2 N Y
L ]

ONTER ITERATION LOOP :

C
C
158 09 & [TN{TLAIT
IFCIPLT EQ.-1 N0, TSFL.EQ.0OCALL SFLACNTEAQ.WA.PA)
IFCIMLTER. -1 5Fi=1
IFCIT EN.1)IROL D=0
CM.L RERDEF CIEVFLE. [EFLAS)
IFCIEFLAG .EQ Q)60 TO 169
CML CLREF{IEVFLGY
M e

IN THE OLD REGTOW ?

L

L

L

168 LIETTRUE
IFCIBEGLT. .00 TO 334
FFOIREG X4.0)0 D 250

¢
% CAECE iF IN A% EXISTENT REGION

RME:=E.
D0 170 ITI-1.0FE
] RAD2=AAD2 RO (11 )uRO(EI)
RRD=ARDESARTCRADZ Y +RiEIN
[[T= [
DISTR=RADY+.1
IREE=-1
0g 198 [R=1.MRES
QI5T=h.3
00 10 IFE=1AFE
IF CRDSCROCIFES-CENTCIFE,IR)).6T . RADI0E0 70 190
HIST=DIST+CROC IFE -CENTCIFE 1R 202
1 FeRIST.ST.RAGZ S8 TB 150
IFQISTRE.DISTRXG0 TH 190
IRER= IR
AISTR=A15T

CONT TaE

IFCIRESEQ.IRELEYED TD 300

PENCUNIT=1 e - E N0, TYPE= "OLD " MCTESS=*OIRECT"

1 FURA="UNFORMATTED * -SHARED )

IF(IPRY GE.4 .AND. IRQLD.GT SIURITECS 140020ROLY-BP 5P AF AT -

1 CCUTCED KTHCIL AAUOTCILND. )11 MME)

1400  FORMATC” SEG=*.13.* WP=*.F1.3,* SP=/,F1.3,7 aP=",F1.3," FNT=7 F1.0.
1 /.07 M= 1.3 WTE 15" ST AT .500

IFCIRALE ST 0OURITEC1 " IRSLY T WYNLBP 5P AP AUDT.FNT, IBEST,

1 (CEMT(IT,IROLD), 1I=1-WED

r

E RETRIEVE INFS FEOM MEMORY
IFCIREG. ST .0 READCL " TREG T ATH A ,SP 4P AIOY FNT, [BEST
IFHHI «BE .4 .AND. IRES BT MUK ITE (6 14000 3 IREG B 5P AP AT,

CCHTEIT) WG T -UTCTIDY, TT=1 MHE 3

CI.B‘IE {W1T:1)

N IFCINEG.67.0060 TO 04

C CHEATE A NEU REG1N

C
250 IFQMES LT XROIN)ST TO 2%




—]

3 O

-

IRITE (6 i%00)
1560  FOMRATC” ®0 NORE MENORY SPALE")

T
21 JF(TMI] BE . IMRITE (R 1600 JHREW1 A0
FORMATL” CREATING REGION 7,I9." AT YAS11.0A<NFERL” ;7 ".612.T0)

L
IRER-NRES
Pt
=t

W 2N [FE=T.0FE

LENTCIVE . IRE&)zRE(TFE)

FiT=48 | WUBBER OF TIMES IN THIS REGTON
BO 250 Di=1.MME

=4,
T4
IMST{I)=4
BTLINDS,

THE $£ST MEURISTIC
Fnt:r;r.u.nmmmﬁ
IFCIRCE EA.0 AND. ISEL.NE.4)60 TO 75¢
SSM=SS06+ .1
DO 230 THz1.WE
TFONNG EQ.0060 TO 320
02 310 I1=1,MM0
7o :EH: .E:.IHI(HJ}H T 330
1F (FNT 6T NREIBEL TR=APOTC IN W CFITFLOATCHHE 3/FNT
30 CALL SHGOALCMER .Y M PRE DELTHMPR.PPH0C1, 105 1PRINFE,
1 % IMMEN BT 1T 55,850,550, IS86H)
TF (SER LT 4500 ) THE= I
TFC§S0 LT 5506 155 08=552
CONTINUE
. IF CIBCK 6T .0 1SESTC I = 1HESTC TN
C SELECT A HEURISTIC

C

0 EFCISEL 5T.30%8 T] 3a0

£—-350 IF(FNT.GE.NHE a0, ISEL.GT.2060 TO 364
FFNTaFNT

TFCINEG £0.IRSLD WD, FNT.ET.HRE)FFNT-NRE
CALL SELHEU N, [ ,WRE  APA B FFRTLNTACLD T,
1 WFAP 5P IPRI, TSPER DML TSEL)

1) e

=1

SET AINLMIG 5SSO USING HEURISTIC

!nn ﬂg
-y
-
[

30

- S -

DELTH=.1

TFCFNT 6T MREMEL TR=ASITC TH R (FNTFLEATCNHED A FNT

CLL SECPRL INEP XY ALPRE DELTO WP -P PN -DCE, 202 10KDANFE -
1 PO IMERATIT.55.550.5908, 15000

TDHME=TTRRE +#FLAATCTNRER

CALCHLATE PERFORAMNCE
FIPS=(S500-5591/558
UPDATE RETGNTS
IFCIUPD Q.40 TO T
IFGPNT B MNEJSE TO 540
AFCRLIPS ST.RPP=FIFS
IFEFIPS LT.SPISP=F IFS
AP=(FUTERP +F IS 1/ CFAT+4.)
ADBTC TN D= CFLORTONTRE T4 IANDT{ IS5 )/LFLARTCHIRC TN ) 391 L)
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0 L 3

N

T I T 4

IF&F IT.ﬂ NWITC =SS
THESNMCINY
UT4 T y=(TIRESRUTC DOE iP5 )/ CTINES+1 )
IFOITRCIH) LT IZ008 X THCIH)ANTRCEN )+ .

44 FNT=FAT .,

Ta0 CONTIRVE

E‘“‘Tﬂ IFFAT AE NHEJGG T T4

E KEEP TRECK OF USED HEURISTICS

DA T54 1I=NHE,2,-1
PLECTI=PLUCII-1)

-1} DACID=IRUCTI-1)
LI )=FIPS

c c1)=IN
E CHELX [F AT TE SARE MOINT

IFGRES(SS) ST.PREXGO TN 0
IFLTPATL GE . TARITECE AT IN

1% FIRMATC” 1T IS AT & RIAIRGE ACCORBING TO RULE:’,i3)
=N

WM™
=1

TRWL0=IRER

22 180 J=1.04

FUX=MLT)

JFCIMLT R ~IXCML SPLACRFE AT NPT 20
EELI. ;zmustlr.u,'r.u.r,ssm.mmu,z:

EF (NHU 6T . 1) ICON 25
TST=2

TFCIN.ER. THITIS T4
IaEs:=32

TF{FAT.LE E) IDEE-42
IFCIMALGE TR IVECK /1089 1T, 5500 - IREG » |RECFNT
1 TRST AE.55. 1C9.FIPS
b L FIII‘HTU *old,t K227 AF10.1,
1 * RE="wldsifl,*L".FO n.'a*.ni,'rh',lz,' §8="FT.5-01." IP="/F9.4)
IFCIPRT SE 2 MRITECS » 1900 ) FIMER .550
1 (LT MACTY (T -FUCT YY) Iz ‘l;HFlJ
1808 FOMIATC® [RNER ITERATIONS:,I5." S50 = *A¢13.T++
‘.l * MB.E  NEN BAL.  LAST CYANBE’./
SINCT L 12,20,513.7,1X.613.170)
t-- IF!'.FIT I.E IHE.'IIIEE

2 3 3%

WHEYsB TO 1B

SET.SSTm{ﬁ}

Eﬂﬂ CONTINUE
E |

c ~ END OF GHTER LOOP ;
000 30 3602 BN 3636 D 030336000 01002 9 0 50 0 0 3 300 DEEIE D30 3636 DE 3 3 3 2608 JERLICA R 3 0L DU X 030360 FAEE NN

WRITECS 2HOMIY
200 FORNATC’ W7 CONERGED AFTER °.10,* TTERATIONS’)

ERITECS 2000 M I
c T 0
. EXIV o8 COWERGENTE
n

A IFCIPRIGE .OIRTTECE 2800 )THF 1T IT, TIINE 550 -HAEE , IREG
FORMATC/ »

1 7 R FIT °41.8%.° EWEHEH MR *C13." WTER & 7,

1 F3.0.°TNRER ITERATIONS,/»

1 * SN OF TNE SQODMRE OF DEVTATIONS =*,61d.7.7.

1 7 TOTM # OF REGIONS: “,1¢,* COXPERGED I REGION *,Id./)

IRN=0
3 a4 I=1,MEY
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L

Co3e

(-7 -

2500
2600

o

IBLSIEIH.aﬂ'(lHllIEﬂﬂJJ)l]
IF{1.EQ.1)60 T3 &30

IF{IS1.ER . T5RCH;E0 T) pdb
ISkoN=151

TR = IR+
(MTIINE

KB=FLEATONEP M2 .1,
STRUN=SMATCFLOATEOE P YEFLOATOEP=2 15 (4 FFLOATCNER-133)
TFOIPRIGE .0 0k TTE €6 25002 TRUW.RUM .S TRON
FORMATC” % OF RUNS:*,]d.” EXFECTED € RUNSI*sF5.1," #'= “,F3.2)
IF{IHI.EE.ﬂllﬂ[(hzmiltu.ﬂnﬂfnhl-hmh
FBMIAT( TRSE DAL,/ .
1 ﬂ(ﬂ-liﬂ'piﬂ.hﬂ;iﬂ ‘MJJ
MEICETT] AANE=HEAN . TYPE= "UNENOUN " (ACTESE= "SEQMENTIAL " »
1 fm-mrumm*,munnsuz.mc.mn
URITECLOTIT
Chl PATECTDATE)
CAMl TIRECTTIRE)
URITECYOSOATE »STINE » TOATE . TTINE
LURITECLNER 4K MST;HL-IFLIIF 1T MEREP MRES - M0F HBR . THFIT,
1 ISEMLISEM .TSSNL,ISS
IIII'IEHH:E;IH:III'IIIJIT.III'I'.IHI.IPLTrHﬂ.;IHH.

5 1CA08M1Ad0P2
m {MIT=1)

mmmt SJMRRE=MERD, TYPE= "0 " ACCESS: "DIRECT "+

1 FRRN="UNFOARATTED* .SMARED)

IF{IMI] BE A SRTTE e {40 ) IREGBP o 5P 2P F TS

1 COITCII) HTACHT) ARVPDTCIID . T1=1 HED

BRETECI "TRES WTATH.AP ;5P AP A TFAT, IBEST»

1 (CENTCID IREG)1T=1HFED

{LOSE (UNITz1)

HPENCORTT=1 MANE=F ITL . TYPE="0LD " ACCESS="RPPEND/ -
1 FORE="UNFORBATTES" -SHARED)

IlIT-lHﬂ TINE )

BRITECIIRER] A ISEP1 T ISEPR T A LPT AR TS50 . IRES A 48 550 - [REN »

1 ITAHIIT. 55T HREE

CLOSE GMIT=1)

TFACERA)60 TB 824

SPEN CUNIT=1AMNE=LCHR  TYPE="0LD" .ACCESS= "BIRECT" »

Y SHARED AECOROSIZE=148)

7e5=4.9

M et Tzt

S'ES"ETH*(FU 3=PICH ) )EN2

STSS-SART(ATSS

SST=55TASTSS

NTES=0

MIT=0

WITe=h

AIIT=h

WIIT2-%

MiT=H

ASST=

ﬁgl: 1.:; J JREMGCLRAF MTHS AR IT AN TT2 RV IIT ADTITZ ASSTAS5TE
APIT=CAVITRFLORTERTHS-1)+FLOMTCITD M/FEOATCNTRS Y | Mm
WITR={WITIAF1EATONTNS~1 J+ FLOAT{TTORR2 ) JAFLOATONTASY { wek
AT LI TSFLOATINTOS=1 )+ TIUNE FLOATCNTRS) | wEn

MWL T IT2NFLARTINTNS-1 > CTINRE 222 2/ FLOATCNTNS Y | 228
STz LRSSTEFLONTONTRS - 10+55T)/FLORTCNTIS ) 4 2xa
ASST2=CASSTOFLOATONTHS-1)+(SETHE2D)/FLSATOITNE) * nmx
BRITECL “WOF INTNS & IT-WIT2AVIIT AV [IT2 ASST.ASST2

CLSE (NIT=1)

CHITINE

JFCLOSP.6T.060 TU W
LFOLGr2.67.040 TO 80

NITI-IF
HRITECS 2E103TIT
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218

2650

y 8

32

$33 %

#

FORARTLC/ . 1:.-1&1,;.' ENTER: o- TB ©ET MEU DRTA POINTS’./,
1- 0 CHANGE PRECISION, PRINT-PLAT LEMEL...’
g 2- T TO CHANGE PARANETERS”./-
! 3- T CONTINUE FTERATION' o/~
' ¢ T0 CMMWEE DEVICE FOR LUE"~ »
g %= TH STAAT DVER"./.
’ ‘- m sw EEFETFEENEEFENEEN ?’r"}
READCA 2650 ERN=-210) TAG

FIRIAT( 1)
§ 10 (50,920.4% 150 070,40 250 ), 1S+

ST M

SRETECS 2TAR2TTT A0, RUIN PRE RIT, IFRT. IPL T, 008 LOWP2 , IBCK
1 ISEL.IUPDAIIT

FORAT(/ AN 0L -/

1 A 1.k =7,611.5,7T. MIN =*.611.5.28.73. ME =" 611.5./,
T4, RIT =" 047K, IPRD 2", 10,9476, IMT=/14./,
1. Lo, 14T 0. LA, TN, TR, T s
* 10 I5EL =7, 14, TR 11 DD 7L 1400, 12 ALIT =214/,
* EMTER MARRRETER & TO CHANGE:'.1)

REM (. 2650 .ERR=920 ) TANS

IFCIANS LT.1 LOR. IANS 6T.12063 T 93¢0

MRITE (3 2000)

FOMMATCY ENTER WEM BALEE: *.3)

IF CIANS ER S DRERDCA 2500 :ERR=930 R0

TFCTANS 4.2 XRERS(0 2900 ERR=130 0010

TFCIANS EQ. I WRERN(d 200 ERR=F10MRE

TFLIANS SO 0BERDLA, 2650 ERRZSIRMIT

TF(TANS £ ZORERD (2650 ERR=530 ) IPR]

IFCIANS EA.EWMERD 04,2650 ERR=9I0IPLY

IF CEANS ER.TOREND (4, 2650 ARR= 330 L 00K

IF(IANS E& 4 IRERD(4 2650 .ERR=9300.00P2

IFCIANS 8. 90KERN(4 2650 ERA=930 Y TDCK

JFCIANS EA .10 )RERDCH 2650 ERR-939) ISEL

JFCIANS ELT1IREAR(S 2654 EMR= 334 TUPD

IF (EAMS BB 1EIRERD(d 2654 ERR=530INL LT

FORMATCFIZ .0}

60 T2 &1

URITELT 30800

FORMATS" ENTER QEVICE C EX: TTONALET]] 3050

REMICA. FINQ ERK=¥TAILI 11,1111

FORHAT (A2 110, T102

IFCITII ER.AXTI102E

CALL ASMLIMAIIIITI.III)

&0 TG %&b

sTOP
Em

el - e e gl ol

il ol gt A
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230
1]

SUBRONTDRE STRATUS (NEP 1.V 4P ,SSD WFE AT IFL)

Ifl= II &ﬂlﬂ: EPERYTRING

COLATE 5580 LY
"E CRLCULATE 554, RO ANB A%

DIMENSION I(EF}r'I‘(IEFJrIHHEHpP (11 ROCHFE)
IFCIFL6T.0360 TO

1‘

HEAR=Y.

AAER=%.0

0 1% I=1.NEF
KER=XEARXCT)
HMR=RM+SARTOR( D)
RRER=RRER¥CDRSATINCT )
CONTIMUE
KARR=NDAR/FLONT(BEP )
KDARZ=SDARANEAR

550,40

b w8 1=1.86F
FIFMER(I)A)
BER=CY()-F1)
S5B=S50-0EPAREPFICT)

IF CIFL .EQ.5 )60 10 304
HDEN=REPRSART (HCI))

DO 2% Ii=§.WE
IFCYER.1R0(11):
HMII}:H(HMEH'IHH}-IIIIJIIHI 1)
CONTTRIE

IFCIFLLEN, IRETURN
ROCEY=RCL)/RRER

RO G2 Jod HRBCZ )/ (AREATRIMA)
m ST 2R0CF)T JIMMAG 03/ (RREARNINRR )
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pLL

Hodele maene: FOLPYS

Version X81.00 Laat edii: 30-JR-03 15:05
Statua: Depelopnent/Bebngging

Revision history:

Peraien ¥04.00 23-JUR-83 10131 - 30-J0M-03 13:93

Created By: E.NRCEADD

SURRANTINE SETEP Q.Y XA
DATR 151,152/0.0/
BINEXSION 'l'(l.‘.'rﬂ () ACHY
DIMENSIN PTC2)

tﬂgﬂl TORTA/PT

PTC D=0 2ARANC TS - 1523
PTE2)= 9+ 22RAN( 151, 152)
BL-10064,

BO 100 I=1,M

RCD= ABFLMTCT
¥=4CID

H2=xX1ai1

VUD=FR (D 2T
XRI-RMICISL,I52)
FORLAE.0 ﬂ T T8
KRI=RMNCISL, IS2
¥R=5RAT(-2 !llﬂﬂ‘l INEQSCE 2BI10RNR2)
FRCT=1,%R/SART(IL)
BET=BL/ (YT Y1)
YLD =FAMTEY(ID
CONTIRVE

RETUM

.
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SHIROUTINE SETFACK.P-PNL.PAA-IMF.1FL)
DIRENSTON PC2).PHICLIPRACL)LIPFLL)
DATR I51.152/0.0/

FCD=1, | SHRANCTS1.]SR)

FE2=1, U SHANCTS, 052)

EF;IFL ST NRETURN

Do 18 J=1.X

ERTTE (51600481

FORMATC” ENTER VALEE, NEN.» MAK. & FLAG FOlt MAR. 3 *.12," 7.8

RERD{4 1100 P CT DL PUILED HIRKT D S TIF (T
FOMRATCIF1S 0, T15)

RETURN

ENR
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FUNCTION FRACR.2)
DIMENSION P(2)
Be=1.

=2,

mn=rFil)

2= H0A0

Fz:in

M2=Man

PR

R1-Na2 2 1415927

i2=x1a1

FUNC={B42 #5200 12 YRINS CCRG-X2 0% (h-X 2 D2 052 )
Eﬂm
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28

SUMRSHTINE SPLACMRE A0 AW, IFL)

QENERSION NOCNFED-FCHPAD

TFCIFL AT 2060 TN 290

BPEN (UNTT=%-MANE='SPLA. LT " TYPE: "WEY” RTCESS-"SEQUENTIML
1 FORK:="VIFORNATTED " ,RECORES IZE- (WPR-NFE+1)/2)
URITECLNFENPA

50 T 20k

OPER (UNIT=1MARE=’SPLAMLI" . TYPE= AL MELESS:'RPPEND" .
1 FORAz HUF ORRATYED * ,RECORES ITE=(MPA-MEFE+1)/2)
HRITECL MG

CLOSECUNIT=1)

RETEAN

(3
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Rosule mane: FRLPIS2

Persion ¥61.00 Leoat edil: 23-JMB-§3 13301
Status: Develspueat/Debugging

Rievivion histary:
Verdjsa ¥01.00 23-TUR-93 102M - 23-J00-83 13304
Created by: E.RCHADD

HHWTIIE SELHEH L » N8 HRTN 2D TH A FNT
NTNAHT AP AP 5P - [PRL-IVER L TN ISEL )

THIS SUBROUTINE SELECTS & HEURISTIC « IH )
ISEL = 1 =~ MORMAL SELECTION

=2 - RANBOH (EQUAL PROBARILITIES) SELELTION
=3 - REXT MOLE SELECTIDN

MBANETEN MNDIR-2%

DIMENSIEN IHUCHWOIN ), NTHCRHDIRY ATCERRIND -DCKDIR-HHD M)
BINENSTON SELDCTSIN] . TR, CANOIHD

COMNDE FSEEDSH/ 151,152

1ER=1 .

TF QM TN.6T . I [9UR I TECK , 1000
FORIATLT DIRENEION ERAOA IN SELHEY *)
JFUND TN 6T . MR IN S5 TOP
IF{ISELEQ.2)60 TR 304

IFCISEL ER.2X6H TN 418

IF(FNT JGE .NHDIA)GD TH 40

g ] !FHIEIIJSII ALL RWLES an

TH=IMC1)+1
TFCIN.LE.B)IH=1
IH=ODCIN-1MNHB TN J+1
IF (ISEL EQ.TIRETURN

IF (RTTICIN ) .EQ .0 JRETUAN
TH=IH+i

60 T) 3%

E 22 AFTER ALL RYLES HAVE JEEN ¥SED EE
&:! STOCNASTIC SELECTION wx

868

Fit=d
I-'I:F ITJFI.HTI.HHH Im

ﬂl 41'& Ii=1.MD11

IF (D .ER 0360 T A3%
M6 111-14H
IF{DACIII).ER. 11060 TH 470
=t

T T

IFCISEL ME .2 YSELSCTHN)=(1 .-SHD I QITCTID-SP /R ATNFR
YFCISEL EQ.2)SELRCTHN =],

I CIW)=11

SU=SURSELU CTHD)

CIETTINE

RAMS-SIERAN (151 - 152)

TF{IPRT EQ. IOORTIECS 1300 JNHE . JHO LS8 RAND »

EF:: (: TeTHUCTS ) o TRUL CITDUTCID Y SELELTT ). 1= AMDIND
00 4 I1=1.T%0

IR=IRLLIL)

CP=CP+SELUCID)

IF(IIHJ.E LPORETERN

llil'l'E(S-iHllIHﬂ:IHll SUM-RAMA.
1 CCL L IRUCTT D TRUL CITLUTCIT DL SELNCIT DD LT 11,010 10D
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an

FURMATC? WU =7 ,15," JHU=",L5." M=’ 412.5."
1 10801X. 122K,

' AL

1 7 IR:4,15,° TRUL:%,I5," ATS7/612.5," SELH:'4612.5,/0)

MRETE (5 2010)

FORMATC MG BULE SELECTED. EXTER RULE WUMBER - *)
READ(4,2620)1H

FORMATCILSY

RETURM
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¢ 1 IMRERARITT,55 5505500 - IVER)
E &ET RININUN SSD USINE HEDRISTIC

DIENSTM PGDIND
DINENSION PNCKDIND
DINENSION DCEDIND

, DEENSTON REOWFDINY
- DIRERSION RCID,5C30
IER=A

ER=A

] SWROUTINE SIGOALCE, N ¥,0 ME -AVET XD TN P 700 (MR LAFOIN A,

DELTA-AMT
. IF{DELTA.LT . PRE)DEL Th=1. 1%PRE
S(1)=0
AC1)=5500
; SC2Y=DELTH
M 510 I=1.KRIN
- b}L ] PHLTI=PLT 4502 )50 05 )
CML STATHSCNX.Y. 2. 550 FRIB.RE 1)

| RC2Iz55D
IFCRE2Y LK RS C =8 Q )+ELTH
— IFGRCEY FT.AC S5 )-DELTA
0 520 J=1.K012
— | PNCYIIZPCI )=S0 )200) )
E?i.li EETUE{I;H YA ANASSDAFHIRRDA)
CEEER AN TN A R

INER LOoP
REORDER

] INNER= INNER +1

a0 564 11-1,2
. [NIN=I1
J=11+4,2

04 55% 11
550 IFCSE TN BT . 5C1EI0 0 INIR=T1]
TFCIATN IQ.ITYGR MO 564
£5-RC11D
[ T=- a8
ECI1=SCIAIND
; AW I-ACTRIN
ﬁ| SCIN)=SS
Laa I =tk
%0 CONTINUE
e =1
' =1
: s 5T 2
TFORCTMMRTY LT ACITY ) Taman=11
5m TFORCTRETND BT ACII NI TN EN=11
R MLTR=5(3)-5{1]
R Tra s T BRI L P B Ta 3]
B2= (N3 021) 5 ()-8
IFomd LE.H0 TO 588
!L{Stl}rstznf.. .
sz:tsczh-sﬂ
rlmi-ima)rma-nn

H 5%
S IF (AC3) JE 20105525 (- (I (S (305410 )/ E003)-R(1))
IFOR(3Y EA.GL1))55=5CTAREN)
™ IF(S(1)-55.6T, . DELTRISS=S{1)-DELTA
IF(55-543) 41 DEI.TI]'55=$ (3OELTA
Ol 6h4 J=1.X01I0
L PHLT JzPL] J+55X0C])
CML STATUSCN,H .Y 2P 550 AFDIN£0.1)

28350
IFCIPRTGE DMIRITELE AMSICSCIT) 211230 ,55,(ACYEYLT1=-1.3).04
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[T

[._1

1 CZi-

O

T

1458  FOMMTC’ 51 _ =4 53 3570
1 4010613, T.900/ 4010600, 7 18 ))

CaawnansTF (TPLT GE.SICML DISPLACN.VX P A2)
IF (08 .GE.ACTARMEA S0 TO 540

s
E CHECK COMVERGENCE

IFCIMMER SE A1ITX60 TO Gid

IF (ABS(SS-SCEQNINGY LT PREFTG.JED TO 4460

IF ARS(SS-SCIANINDD AT PRE AND. PELTR.LT.20.ZPREDGE TD &0
0 TH (5IN 440 6303 - 1ONIN

S033=55

TN

EH
(] TFCSS LT.5(2))60 T) 639
(=0 ] SL1=5%

END INNER 1847

CRERENE R EREE G L 15 E N T TRy
6 [FOMAT.ACIMING %S Th ef0
$5=5C1MIN)

SSi=aCIMInD

L DR 634 =101

£50 PATT=PCIY)o55R0C1TD
RETURN

lod



—— —

APPENDIX E
LISTING OF THE "SDLPI™ COMPUTER CODE
In this appendix, the listings of the SDLPI program Is presentad.

This program iz the final version of a series of programs used during

the develspment of the Singla—Direstion Learning method described in

Chapeter 3, Section 3-5.
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heduiz name: Singit Oirectiom Learning Paraweter Identificaticn

Pereion %01.08 Last edit: 9T-JUL-33 11312
statys: Developnent/Debugying

Reyision history:

Derzion ¥a%_09 03-JUL-03 14:09 - oF-JUL-43 11:12
Created by: E.L.JDachads

-

SINROUTINES CALLED:

FILES! VERSIEN.CA - i : The character for file hames ()
Hﬂ.ﬂi . = :tlﬂﬂ : g;n_ru infuration
BERORY - ; Region uumi
FITLO6 .BLX - sytput iLlogaf Ml ?
LCSRVE . - outgat ! Ledrning curpe (if requested)
MEERA SBLPI

[ a ) ﬂﬂﬁﬂﬁﬂﬂ-ﬁﬁﬂﬂﬁﬂﬁnﬂﬂgﬁﬂﬂﬁﬁﬂﬂnﬁn

MMAETER ¥DRIN=2 t % DEPENDENT VRRIAGLES
MARMRETER XEDIA=2% 1 ¢ EXPERINENTML POINTS
PANMIE TER WPAIN=3 1 OF PARMAETERS ) £1T

PARANETER WROLH=4008 ! £ OF MEGINMS IN FEATORE SPACE

MARARE TER NBDIN=3 | # OF BRSIC DIRECTIONS

PARASETER HFDIR=d ! & OF FENTURE SPACE UARINDLES
PARIE TER MXITzA00 1 MOEDN & ITERATIONS
PRAMIETER RAXST=f000 | MAXINUA 3 S50 CMLCY
QIMENS 0N X OEDiA> | TNDEFENDEAT VAN IRGLE ARRAY
DIMENSION YCNEDINAHDDID) i EXPERINENTAL DEPENDENT VAR, ARRAY
DIMENSION FICRODINY } CALCULATED DEPENPENT PAR. ARKAY
DIFERSION FSRNCNDEIN) ' AUl ST (for ¥ ryas calcwlation)
OIMENSION NOEQINADDIRD ! UEIGHTS C1/UMRIANCE) OF ¥
PIENSION RSSICE0RIN) ! GEPERDENT MRIRGLE AELATIVE 550
DIMENSIGN IRMNNNDOER> { DEPEWDENT PARIRSLE # AUNS
DINENS TN PCWPDIND 1 PAARRETER ARARY

DIRERSION PROVMOIN ! EY PARAMETER ARARY

TERSION FTOI3N) | TRUE FARME TTRS

DIPENSION PrINCNPAIN} | INTVUA PREARETES LINIT
DIREASIMN PRAXCNPRIND L IAXIUN PRRANETER LINIT
DIMERSTON € (NPDIND ¢ UERAGE MRANETER ARARY
JINERSION PSOUCKPOIN) | PARATETER STAMUARD DEVIATION
LMENSION MRECMEIND | PRRMETER PRELISTON

DIRENS1ON EPFINPRIN) | nat ysed

VINTSAL CEXTOFDIA-MROIN} t REGION CENTER COORCISATER
AEaLsd FYT ! § OF TINES IR REGIONM

PIENSION GO GPOIR.NBRM+1) I INSIE BIRECTIONS

AIRENSION AUCNFDINY { FEATERE CRORAIRATES

dINENSIeM PLONPDINY tn INITIAL PARARETER aRARY
QINEWSION ROICNFOIMD In IEITIRL FEATURE ARRAY
AIRENSTON TROEUECROIN+A) | JIREETIEN QUETE ARRMY
STENSION QPRISROENTH1) | BIRECTION PRISHITY AARAY
DINERSION SPRIOROMGRIND ! DIRECTION PRICAITY FOR START (IT=12
graERsIM CPRIORCNEIND ? DIRECTION PRIDRITY FOR IT>
DINERSIOM GOELCNSOIN) ) QIRELTTOMGL OELTA

LAGICALNS TITCTO),SOATECIN), TDATEC1Y) STIREC), TTINE B)
LDSICAL®L L0
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K

]

L

]
——

Cca ad C

—-— — —:I

C_]

C1 L1 |

FIRTIAL ISEE(HHH“MI[IHIIMTJ

DISENS TGN AUMECINFD

BINENS TON lﬂﬂﬂ(uﬂl

COMNGH /TONTWPT

COMION 7SEEREP/TSEF1. ISEP2

CDWNON /SEEQMAY T5PE1 . 159R2

LOSICALEL HEMGCIQ)ABENDCT2) A ITLE12) ACURCL2) » [PCHIR
DATR RERGS“H* 27" » 8" "7 5" 2 8007l 707" oA

BNTR MEMA/'RALZE7 "N 07 7R 22 L 0 T, Y
BATR FITLZ7F 7o X7 T o L 0 550 2 P R L " Tl
MR Lﬂf’l.’:’t'a'll'r"ll' 'ﬂ’:'!’ W W S L
OATR FARE/1..1..1.0 | DEFMIT PALUES

“T‘ "w .'.Inmihmﬂ I “Fm ms

RATR MN/2, 2,20 EFRET #ALUES

TR PPRE/ .m*.h.mn.mw ' Bﬂ'lﬂT FRLUES

TR PWE/ . A/ | DEFAUT WHLLES

BT M/ .ﬂﬂbm‘lf ' DEFAUT UALUES

SATA MIAL/2..2 .7 | BEFRUT LWLUES

BATA PPRE/.0MD1 ., 500%4  Y BEFRUT WRLUES

GET PESTION CNARACTER Fo& FILE WANES

BFENCONIT=1 MANE= "WEXSEON OV " ACCESS="SEQUENTIAL ' »

1 FORN="UNFERNATTED” . TYPE="DLO RENMNLY REZOROTYPE="VARIGSLE ")
REMIC1) IDCHAR

CLIGE (AIT=1)

NEARCH)=TDCHM

AEMCIO)= THCIR

FITLOIA = JUCRAR

LCURC10)=1vTaaR

DETERNIME BASIC DIRECTIONS AW INITIMLIIE SHEUE

GERD FOR WPOIN:NEDIN -3EB
ie. bagic directions = ene paraseter at a tine -HM

AOCgRRR

[l

~gg"

“ 1 I-!!mm

b 1= hmll'l
BACT.I)-A N

IFCT.EQ T30, 1)=2 0

B 2 FARMETERS DBLY

I=1, 4011

Lr=C05C3 . 1415921 FLAT{I-1)/FLIAT NS N 1)
{)ﬁllﬂ.‘lﬂﬂﬂiﬂ.ﬂ‘lﬂ"lJFFLHTCWH‘IJ)
]

o
Y

ﬁﬁﬁ aﬂl-l-
ZRES
[ {= P

»
r

1
L=d
BRITE(3.1000)
FHIIT(' EITE! <RT> TR START & NEH BEN",/,
1 1 7o RESTART AN WA RON : *.5)
HEHM.-!HHISTIHT
IFCISTART .EQ.0060 T8 39

c
E RESTRRT OLD Raw

BPENCUNIT=1MNE=NEAD - TYPE: "ML ACLESSz "SERENTIAL -

1 FORM= “UNFORMATTED ", SHARED )

SEARLLTIT

REMECLYSDATE STINE, TOATE . TTINE

RERDCLEP AR RFANREST MBUMFE AGF ITNBREP ,NNRES AAREG AHIF NBR»
1 THFIT.ISEM,ISEP2, 1SPAE . TSPA2

REND (1 JPRE ,RAD RN N> 1T S50, IPRT-15EL , TP »

1 LCALAOPC,LIOPZ - JEUFLE . JRAD NAVE . 1191,

REMIC1IMRVE

REABCI )PSO
REMDCLIPIN

?2

g
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L2

—

[

READCL PR
REMICEIPPRE
READCLIBRRIUR
REM(LICPRIDR
RERRCTIDELOLY,0DEL
CLOSE (BNIT=1)
PENCMTT=1 ,MNE<MERD IYPE= “00L0 © ACCESS= "D IAECT
1 FORR:="TNFORIATTER * ,SNARED )
20 Ii=1.8RE6

Fu ] REARCT " L1 FNTAPES AATS -
CLOSE (MIT-1)
WREST-MRES T+

MRIR=A00+1
IFCTRFIT.ER.0.0060 TO M
HT O

g
CHEFSSFEE TR AN NEH RN SR AN SN
L
k] CME TITECSTIRED
CARL HTEESF.TE]
ERITE(5.1100)
1388  FOMATC ENTER TITLE &M CA.O")
REMR G4 L2000TIT
Eﬂ' FATOTOAL)
E INITIM S

TEWL G-
MBE=NDD N
=01
15Er1=1013
ISEP2=-195T19
ISM1=-1230
I5M2= 117504
C rRE=2 4 | RELATIVE PRECISION
=5 | REGLON RARINS IS GIVEN BV
=5 | (O TANCE Jemp+&AIN

AIT=AARIT ! HRX. ¥ OF ITERATIONS
MNSSO=RREIT | A% 3 OF THMER ITERATIONS

IMI=1 | PRINT LEVEL
158, =2 a0 HOT USED :MMEWRTSTIC SELECTION RODE (1-4)
Turo=1 a8 T DSED wUPDATE FLAG (0 - NQ SPDATING)

MREST:z0 I MUNBER OF RESTARTS

N0 ! MUREER OF REFETITIDNS C(FOR LEARNIRS CURVE
Iﬁmiiﬂt | LUOP CONTRGL { GET B NEN SPECTRA EDERY PASS)
CALL EETFH“ oF P IN PHAR PAVE SOV, MAVE ,PPAE  [PF A4)

0o 35 I-1.0M4

PRVECL)A(L)

OPEN FILES M) STURE INITIAL TR

OPENCUNTT= 5 AWE=NERT . TYFE - “UEL ~ ACCESS: "SERUENTIAL *»

1 FORR= “UNFSRIATTED * -SHARED)

UATTECLITIT

CALL OATECTRATE )

CALL TIMECTIDRE

UNTTEC1 YSEATE 5T IMEL TOATE, TTINE

URTTECI MRER Mt PR HREST .0 L RFE MBF IT - NIREP LORES - MRESJNEF N,
1 THFIT,ISEM ,ISEPT. 15PWE L ISPA2
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C— L

.

R l__l —.1-

[ O O —3 CJ

s

N R

L

HRITE C1PRE B0 ANIN N IT .EN5S0 . TR T ISEL - IAPD »

1 LC,LOKLCADOP2-JEVFLE - J3AD - IATE » IPAFL

UATTE (1 IMAE

WA TTE ¢1 2500

URITE{IOMAIA

HRITE 1ol

URITE C10098E

URTTECIRMRIBA

HRITEC1XCPRIOR

BRITE C1 3L 0 [ OEE

CLEE CIRIT=1)

IREC=NFEFD IH+2

SPENCUNTT=1 ARNE-FERD . TYPE="0ER" ALLESS="DIRELT",
1 FIRR="UNFONSATTED " -RECORDS ETE = IREC . SHARED)
TLBE (NIT=1)

IREC = (R ENPB I TH+16+1 172 +%

CPENCUNTT=1 ., MRRE=FITL - TYPE="REN " ALLESS= "D TRECT?
1 FORR='UNFORBATTER 7 »RECONDS [ZEZTREC SHARER D
CLSE CUNIT=12

IFQLC.EQ.0 TH

GFEN CUMITS1AAREZLTUR - TYE="NEH " RCCESS="BIRECT" »
1 SHARENRECORDS ITE=10)

CLSE (DWEY=1)

L

E STRRT MER LBOP

L TWIT:A.
[ =

PMELC]N=t.
MRTaRLI=A.

Ly | CPAIORCI)=1.
- L]

[ T T 11
FQe k)b T 5
[T ] ! ¥
o TFCEREG JME 0 MR ITECS 1250 TIT PO LA K00 TN HED TN ANE D IN - [EVFLE
1250 FORMTC AN TR1 -
1 * & MEARETER *.73:" R DEF. MN. *.12." B EXF. POI. *.15.¢+
i "0 MS. DIR. “,13." & FENTURES *,I,* EVENT FLRE *,I2.7)
SR ETE (6 1300 R
e FORWATCS MR = 7LI8)
IFOLC.MED AMD, MER.GT MBAEP)ER TO %10 ! HEE

Logp —
SET EXPERIMENTAL POINTS
JBES=N
NBF=MF + L5
IFQLCME.D ., W BT NOFITIG0 TO 40 1 e
ISEM1EISEPS
ISEP2I=ISEP?
ISPRLI=ISPRY
1SPA21=1SMA2
TUFIT=THF [T+1
IEPFL=1
CALL GETEPCNEP BV, Y &» TEPFL)
BET FURCTION PARAMETERS
CALL GETPACHPA AP .PEIN . PREX . DAPE PSOV MUPE PPRE . IPF , IPRFL)
CALCULAYE IMITIAL S50

%s“m (NEP MEU X ¥ i) P SED9 RSSD AFE .M -0

ﬂﬂ e Enly )
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L3 -

C_J

1 1

T

.

C-1 [ B

—

|_'-

1

i

135

383

£

EI!I:IE!!IMIMIIWWHHH]IiHWMH!ﬂﬂmﬂMH

c
£
10

ﬂﬁ"l‘ﬁ

11

T,

M 81 J=1.MFE

MET-ROIS T« ] j2ri(])

WIST-SMTROIST)

ﬁﬂ% .f'i[ MR ITECE AL350 0 55500 R5SE D IST A8 A PRUE
r

1 * FIT®: IS 550' A1 o R CEFT S)

t ’ BIST: “FT.27 FEICIRAFT 200l 5

b B III. PAR. :ﬂﬂl}ﬂhiﬂ.ﬂ:ﬁ

1 PRE. TP KA13.1)0)

BICH=RCI)
M BT I=1.4M
PICII=P(I}

{MaRi=a,

B8 88 I=4,480

IFOCPAIGNCT Y 6T SPRASDCMAR-CPRIORCTD
-SIEII{I]"I

BRSELE=0

0 I=1.Am

WRIORCI)=CPRIORC I VEPEAR

ML PLACERCT O, IRMENE AQUENE MR IS APRIAR MRS IERR )

TFCIPRTGE.Y . WEDEUE .6T.0)MRITE (599401 MLUUEVE
(HI;IIHEHHID-UIIH(IIII.IE(II)H.ILim

FIHITI{' £ o1 1A2E"RUEUE ‘1204, (1K 2 1425, 14420 F15 .40)

IFCIERR ST.QMRTTECS 990 IEM - I AMRUELE

FRPRATL " SUELE EXBOR 7-12.2K.12.2%.18)

GPRIGRCMIN)=].

55T=%.%

NITI=1

TROLB:=%

DELSLO=DEL L] .
ICoN=32

IFRTRD

NHi=-1

¥
SERRCN ITERATION LGP x

¥
D8 5 [T=NITIANIT
IFCIT ER.1)IROLD=R
CALL SCRBEF(IEPFLE,IEFLMG)
IFCIEFLAG .EQ.OMED TN 150
CALL CLREFCIEWFLED
64 T o

CHELE §F IN MM EXISTENT REGION

CONF10=0.

[FOERER.ER .00 TD 254
TFCICOM ME .32 )IREE= [AQLD
H(EI.’II.IE.!EJH ™ 18

31N ]

IHE'IHDE*IIJ I:HJIH(HJ
LAIST=SAATCRNES )

A1 =RADNROIST*A0TH
BAEZ=NRD12A2
STN=RAd 2 .1

RE%=~1

M 1 I-1.08ED

H5T=0.4

39 180 TFE=1AFE
IFCRASCRACIFE ) -CENTCIFE,IRDY.GT.RADTJ6E TO 1M
RIST=01ST+C(ROCIFEI-CENTCIFE TR a2
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1-

i R

L

i T v N

Co

—

-

.

3

1wy

bl ]

[FEOIST.ST.RAD2)G0 TR 190
IFWIST.BE RISTO)E TO 1%

INES= IR

DISTR=NIST

CANTINGE

IFCIREG LT.9%6D0 TR 234

i
€ RETRIEFE REGTON [NFSRBATION
LA

133
b 11 ]

3

IFCIRES Q. IRMO)GD T 308

Cosis-0.2

ChlL PRPRCROLE A IRUEUE SHRUEDE - TERAD

IFCIMRI 665 a6, NGOEUE ST .8 MRITE (593452 ,REUE -
1 CCIIDhECES XD PR IORY DRHEYHE CIT2) ), 211 MAUEDE)
IFCIMATH.LE.T 29 TB 194

8o 19 lI={-IMTN-1

Iﬂlﬁ([l]ﬂ-mﬁﬂ ™ 34

I.’IFEI(“IT'! -HE'!HI.'I sTVPE="0LD" ACCESS= "BIRECT’,
1 FORN="UNFORMTTED ” , SHIRED )

REABCL” RES FUT APUEL -0NES

CLESE MIT=1)

IFCFNT.EQ.0. 60 TO 308

PG=h.

RNz .

00 195 II=1.AMA
PIAER=URACE+(APECCTT)/PPRECT 100N
VMGG ([ DIRMEL (11D

IF (PR LL.DOURITECS . O876 ) IRER AF NT -AAVVET ARG
FORBAT(’ REG.',14." & BF TIES "F7.0.3020.518.3))
IFWIIM T8 o4

TFOCONSIS.LT.. 1060 T 30

’ 200 11=1.WH

ﬁ}giﬂlliﬂtﬂl!m

CMLL PLACEQCND IR A0, IQUEUE MSHEUE AEIR APRIOA .1, IEAR
IFCIPRILGE.S LAND. WAHENE .ET.0URITE (S 95 MUUEDE
$ (CI1,IQUEUECTI) APATORC IRUEUE CID}) 111 MRUELEY
TFCCONSTS 6T, 0,22CONFI0=L,

IFCLONSTS .6T. 0.5% .AMD. FNF.ST.19./CONFID=2.
IFCONSTS 6T, 005 .MID. FNT.ET.24.)CON I3,

& T8 I

CREATE WED REGION

CALL MFQLOMRIR -0 - IQUEUE AWMSELE , [EA0 2

LIRS [5=%.0

FuT=H ! NUTHER WF TINES IN THIS REGION

IF OIREG.LT MREE60 T 2Th

FFCIPRI GE .2 JAMD. MNRES ST AJURTTECE-1500)
FORAATC® NO MORE BEMORY SPRLE’)

10 3%

IFCIPRIGE.S JAND. WRIEUE 6T AJURTTECS.990 08 NEELE
1 CCEL, TOMENECTT) AFRIORC IGUERBECTT Y 2D, TT1=1 AQUEDE )
IFCIPRI GE I MRITECS » TH)U INRER+T A0

FORNATC” EEE!TIHE RESION 7.I3," RT: T613.T.7,CEXC" 2,FT.2N

TREG=NREG

T 80 IFE=1MFE

CENTCIFE.IREG)-ROCIFE )

DPENCUNIT=1MANE -NERS » TYPE="9LY”" ACCESS="DIRECT" -
§ FORA="UNFORIATTED " »SRARED)

MITECTI IRER FNT AL APNRG.,

T CCENTCII.IRER) 1=t AFE)

{185E (MIT=1)
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-

L&+

. 43

L.

_1

A I N T

C -

C

E'--'""- STORE FEGION %8 PARMETERS FOR urATING —--—---—--
N JFCINEG EQ.0 0N, IPATH.GE BANSTGO TD 3M

IMATEIM T

ISREFCIMTHO=INEE

0g 3i6 [1=1.P0

SPRRCIL. IPATHX=PCIL)

TFCTFATILER 1 2IRES = TREG

SELECT & DINELTION

CALL mmmlmmui TERRD

IFCIPRIGE - WRUEUE .G T.OMIATTE (3,950 )5 - RRUEDE -
1 ¢(I!rIII.IEIlE'I‘.EI]MM(IIIIIE(IDH:II 1 AQUELE )
IFHEH;..ET SOMRETECS 2XV)TERR [ NENE

MEE=4
00 364 I1=1.AM

k2 PRE-PRR+OR (11 - [9)/PPRECIL) N2
PRE: 1./75ART(MIX)

NELMB=REL 01 D0/3.
TFCINLLE D ODEL TR=3IS 16N 1D XDELML DA PREBREL (1D
TFCI.6T 00 OEL TRV
IFCARSCRELTRILT.PRE AND. BELTA.ME.Q)
1 LELTA=1 . 1nPRENDEL TR CBEL TR)
TFCARSCRELTA)LLT.MRE MND. BELTN.ER.CNELTR=1.1%PRE
1FCIPRIGE A URTTECS 4145 10, 0ELOLD PRE LDELTR
€5 FORMRTCT IP=",[3," DELGLD=" 412 .67 PREZ"A412.5." JEL="H12.6)

SHIRIRECTIONAL SENRCN

CALL SERDAL (MEP KOF /X VN AFRE DEL TR NP 2 FTNPIE PY
T Bt.105, PRI R,
T T IR AP0 H550 ANSSD 550 550 AR50 S50 - I50E)
SESSP/MRE

[emmsnsmassass LERRN SISH MM DELTA FOR EACH BASIC DIRECTION ---
IFCINLE R0 (AR . 5§.2E.0. JB05 180 CI0)=55/05 (555

IFCIT.EQ.] AND. ID.LE.JNBEBELNLY- . 1XMB5(55)/DDEL CI0)+ SWERELCLY
IFCITER.1 AN, TO.ST MBSEE] 0L G 1 AARS{SS)+ ARDELOLS

TFCIE.LE ROELOLO= SRS OS5 ) /DDEL CID Yo ZRARS (DEL TR/TRE)D
IFCID.GT R0 GELOLE: AMRBS {55+ ZINELOLD

L
E:::-“_..IF(R.LI.III AMD. IT.6T.10ELCID)= iR (10 )+ O52A85 (5P /DELTR)

IFCIT.ER.1 .0, TRAT.NDIR)

1 IPRIMRCID): ANDPRIGR(ID)+.1RESSO-SSR)/S500

IFCIT.GT.1.0 . I0 LT.MRTR AN .55 JE 0. LM IORCIDG=CPRIBRCID)+.01
TMIRCT0 )= TA0PA TIRC TR ) + . 3RS SD0-550 )/ 5500

C
E***"---- TEMLIZE DIRECTIOWS SINILAR TO LAST DME --——-m=—n
Iﬂ 3“ =1 ARUEUE+

Pﬂ:!.#

PY=4.%

00 364 I3=1.P

PAKPRE-CORCIT, [T/PPRE (105 a2
PRY=MEY-(RAL YT, ID/PPRE (1) 22

PHPRB0LEF . TTIRBOCET - IO 2 OPPRECTT JR%2 )

PR=LFR/PRE MG/ PITY )

APROGACTIID=PRIORCELIN2 AL0 o5 0P0)

CHECY IF CEMPERGING ~=--r-—---—--—-
IFRBSCES).57.1.60 O 178
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[-mmm—mnm—-= COMPERGING —oce-——— -

KU+

POPL(REIR 4, [IGEDE - NOUELE . ERR)

IFCIPATGE.S AND. 'RUELE .GT.OXURITECS, 39002 NUUEDE ,
}.(T;I;;'EEIE{II!MIHIIIEI.IHII”J';II =1 AGHELE X

MOT LOMERGING -————--—-

"=y

IFCRESLES) LT 7. et

REBROER DIRECTIONS IN JNEHE--—amsun
{R(L REGRDACH, [QUEDE MQUEVE PR IDR DTN IERR)
TFCIMIGE.S AND. WRHEDE .67.0OURETE (3, 59006 NAUESE »
1 {CI1,TRAEUELNL2 PR ISR CTRREUE CT1X20,.11=1 SRUELE
IFCIERR 5T .0 NRITECS, 999 ) TERR, 1, WMRTRE

[emmma————ceas YT LAST DIRECTIDN IN THE AGEUE €MD --——

™ TPL=RQLENE
CAL ﬂﬂl(ﬂ;ﬂl;lﬂﬂi:lﬂl[ﬂll-lﬂlﬂaﬂnd{l)
IFCIPRI SE.5 A0, NRUETE .RT.AIORITE(Y. 45077 MUEKE
1 (CLEIMERECTIIHAFK IONC IRDESE (11000 ,11=1 ANAELE )
IFCEERR 5T O MRITECS 2930 IERR - L ARUELE

THSSB=TISSIF LOATENSET )
SET=55TSL55)
TROE &< IRES

55MR=550

DO 7w J-1.0M
PCIX=PeC)

lnlnlyl

ITERATION PRINTOUTS —---—-mms

'ﬁﬂﬂi

ICt=32

TFCRBSCSS) AT, 1 0TNE=2

TFCIPRY BE U MIRTTECE,100021T,5600, 17 IXCTHNSSD) ADIST IREG.

1 IFINCENT)ALOMSES -] 85,1000

FONMT(LY 13" X2:°,F10.0.° i:‘rlﬂh’ EFi e B703,.70715:"07,
1 * C2' Pl 2.2 "H"s 120" 557 F8.1.01)

IF CIMRIGE ZMRITECH A1 MG ) CMEE ) AT=1 PR

FORNETL" MR, URL. “A<WPRX(2ALT.TY)

IF W% .ER JBT0E0 TO 910

CONTIRGE

END OF SERRCH Logp
LEEEEE NN BN SRR E Y PN ER L DA E 0 FRTRE A LA TSR A T Y

HRITE{S 2060 M IT
2000 FORMATC® NOT COMVERGED AFTER °-Id." ITERATIONS®)

60 T Mo
E EXIT G CIWPERGENCE

Ho LAS=4
TFIRET=
M 20 =10
2 IRFENCT =4
o B4 I-1NEP
F(] Ed.NEPVIFTRST=~1
CML FINCIOiCT) A F 1LIFTRSTY
b Mo I-1.MDP

IFIRST=0
ISISIGHA . (KL T-FICIIY)
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Lo e . P
BETLE L s whpal i

IFCI.ER.106E TO B3N

IFCISTEQ. ESRIMCT G0 TO B4

ISMMCT)=15(

IRRNCT )=TRSN (T )+

CANTINGE

T -
09 460 J=1.MDW
LRMM=L AOH + IREUN (] )
RER=FLOATOMYIN CFLAATCNER 32 . #1
STRUB=SAR T CFLOATONEP JIFLHT‘EIEF-EHH SFLIATCREP=523)
STRNESTRINESQAT (FLOATCRRNY )
IF CIPRI SE .8 IR TTECE 52000 X000 - MEF » IV IF IXCTHSS0 ) XD ST AR9 550 L2 -
m{; ISP P T
r

PR T TSL2NACFIT= 050200 OT Tel50 WED TL05.T DIST AR,
CIFB(i!ﬂJJJ:
* 580 *,R13.7.7 RIS T.0.S
(1% 4730/,
NG, 13,33,/ ,
4 FII'! m- 'm’m"ﬂ-?:l’-
* TRUE MR. *,O0f>QL.613.T))

CRECX If THE FIT IS AUCEPTARLE

CHECK & AN
CHECK SWR OF SHBRRES

IFGE LY. SEFLDATCREPSRN))SD TO 3

JHE=JRD+1
U TTECS 2001 N0R - IBF .550 JTHM
FII'HT
} RS EEEYEER . ,
‘l TuamE PAD FIT Ay WRR=",13," FET=*,03," S50=".FR.0+»
1 * IAEEEEREEEERRAZEAN' .7 CLIE,T TIRES".#)
TPFLS= ML
IPMFL=2
IFCE LT . JNDNRED TO 48
IFCTRAR ST M IPAFL=TMAFLS

TRAE=A
CHECK FENAL FORAETERS VALVES
KEEF WRRNGE MMNETIRS

IF OMPE LT JONRVERVE +1

DA &7 =X

TF OUDE &E Z052=FLOATCNADE - 2)EPSD0 (T HEFSOR L) )+

1 FLAATCMAPE- £ YEPRE € XMl (T )
PRUECTY=CFLEATONADE-1 JSPAOE (T )+ C3 3 )/FLONT ONRVE )

o IFMJE .z:rsnm BRI IR (D-
OATINAME MPIPECT JXPAECT ) )/FLOATONWE-1)}

P e Tt i)
e g b e ek e W] b

x

[ iplelyl 5

UFRATE RENORY

IF(IMTILER.2)65 TD 830

OPEN (G I T=1 A8ARE =RE M0 . TVPE s “OLD " ACEESS= "D IRECT*,
1 FORE="SHFORNATTEDR * ,SHERE )

0o 893 1121.IPFATH

IREG= ISRERCIT)

ﬁﬂ ({7 IRERFNT AINEC At

09 690 1-1,MM

PECI-PCID=-SPMRCT 1D

APMECCT Iz CFRTRAMIEL CTYWFEC T/ CFNT+LY
- UNRE=PNNG{DEC T /APPRECI) 002

UIRG=SANT MG )
IFOMAS.LY.1 0260 T OS5
AUTIRG CFATERIAB-HTIRE )/ (FAT+1)
FNT:FT+]

lxlplyl
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lplply]

ixlalyl

IRITECY " TREG IFNT AWDEL AVIE
§ CCENVCIT,IRES)JT=1AFE)

LTI
CLOSE (MIT=1)

STORE FPOATED HEAS

L0&

SPENCINET=1 ANARE = HERD > TWE= "OL0 " ACCESS="SERNENTIRL Y »
1 FORR="UNFORRATTED " -SHARED

MIECTIT

CALL GATECTEATE)

CALL TIMESTTINE)

BN IYECLSUATE .STIME » TORTE » TTINE

URTYECIXEEP MDD NP ANREST - IG AP ERBE [T, REREP ~HAES ARER - MEF . 4R
1 TEIT.ISEM,ISERZ-[SPRY-T5MA2

URIYE C1DPRE . BAD RAIN-WIT HRE50 - IPRE . ISEL . 1990,

1 LC,LOBPCADOP2,TERFLE - JRAB »MAVE » IPRFL

WA ITE C1PRVE

IRTTE CLPSDY
RRITECLMHIN
WRITE (182
SRITECOPPRE
SRITE (LRPRIOR
MRITEC1CPRIOR
ERITE (1 )0EL.DLG -30EL
CLESE (WIT=1)
COTINE

THIS PEMRETER [DENTIFICATION

IREC={HR~15040F ITHHIF
lﬂ](lﬂﬂ.‘l ;F“E'F ITL,TYPE-"BLD* ACCESS=“DIRECT" »

FORM= "UNF * SHRRED)
IITE CY"IRECYIMEGI A ISEMS 1, ISEF2T, ISPNIN.ISPRAT.PTPTROT S50 TRER »
1 P RS50,LAMN, TT, IF IXCTRGSD ) /55T MRERG - TEAD
CLOZE cIMIT=1)
IFO.C.EQ.B)60 TO MY

UPDATE LEAANIEE CURVE FILE

OPEN C(HMET=1 MANE-LCUN, TYPE="04.0*,ACCESS "BIRECT'
1 SHARED.RECORDS ITE=10)

STRS-N.0

Da §%2 1I=1.WPd
STSSzSTSS+((PLITI-PICITI)/PPRECJ 3D JERD
STSS=SRRTISTSS)

EI.SIT!'STSS

£3572:0

Egnm.%muuwnm AMTTAV TR, M LIT AP TIT2 A5 T.A85T2
=ATiE»

AV IT=CRPITRFLOATCNTES-1)+FLOATC I 3/FLOATCNTRS ) | MEx

A0 T2 (AP TTRRFLOATONTRS-1)+FLMTCI T2 ) /P LOATONTES) | ey

ANLIToCAP Y TTRFLOATIRTAS-1)«TRSSOFLMTONTS) | 1x

APITT2= AW ETTZaFLOATLNTNS =] o TNSSIMAZ) I/ FLOATCNTS ) | XN

ASST=CASSTAFLOATONTRS -1 )+55T)/FLOATCRTIG > | 2%

ASST2= (RSST2iEFLOATCNTAS-1 )+ (5SS TER2 ) )/FLIATOITRS ) | nam

NRITECL/NBF JNTRS AU 1T AW ITZ AV IIT AV LITE ASST 55 T2

CLDSE CINIT=1)

CONTINGE

IF{LOOPC.EQ. 1060 T S

IFOLOGRC.EQ.2 XY TO 84

IFOBOM.ER.I)68 D &
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NIfT=17
WRITECS 26 100TIT
FORMATC/ 18- TORL A/ »
S ENTER: 0- TD SET WE3 DATR MINTS" A
1- 10 CHHKE PRECISION, PRINT-PLOT LEVEL..."#»
2- Th T] CHYANGE FPARRNETERS "~ »
3- TO CONTINUE ITERATION':»
d- TO CHANGE OEVITE FOR LUE* .7,
5= TO ATAAT SOER’ A/ »
&= TQ FORCE CEMDERBENCE" ./ -
T= T AT L cvaiaannrrnaaa Prdd
REM C - 2650 RNz 10 TANS
FORBATCIES)
EII O (S0.929,80 1549 48 500 990 ), TARS+1

60 19 914
IIHITH!:ET“ ATIT RAE REINAPRE N IT-IPR T ARMREG LIS HIREP , IEVFLE -
ISEL . FUPRHNSSH,#8F IT, [PAFL
FIHHTU I
f1.ME =TLR11.300. RIIR =7 LE1 050207, PRE = L00E 50,
4, NIT =%, T4e TR, 5. PRI 5014 00,75 MHNRER="2 14+ »
f 1. LML TE T8, REP=" . d.30 "8 IEUFLE=" 4154/ »
* 10.ISEE =2, M, Th, 211 T =72 149K, 712 ANSSD=* 14/ 4
FOLINRFIT=", 4. TN 4 IMEL=" , T4/
* ENTER PARARETER & TO CHAMGE:’,5)
BEAD (4, 2630 £RA=929 ) IANS
IFCIRNS LT, .OR, 1R AT.14%0 T0 320
HRITECS 2004
FORMATC” ENTER MNEN PALEE: .53
LF CIANS ER .1 XREAD(4, 2900 ,ERR=3TU A0
IF CIARS R, 2IREAD (42900 EAR=YIRRATN
IF um £, 3}HEHI{4:E!H;EII:!H§E$
IF tIlIS .El.i JREAD{d 26K AERR= XA I TFR]
IF CIANS B4 .6 REAR(L. 2650 ,ERR=Y30 MNRES
TFCIANS KR . TIREAD o260 LERRS Y34 I 00,
IFCTANS R .SOREAD (42650 LLAR=YT0 MBREP
IFCIMNS IR .3READ O 2650 ENR=34 MIEDFLY
IF CIANS EQ . 19 )REMDC 42650 EPR=130) ISEL
IFCIANS ZR.11RERDCA.2E50 EPR=520) TUPD
TF CIANS EN, L20RERDC4 . 2650 . ERR=S 100 NNS S
IF CIANS ER . 1IIRERDCH 2650 EMR=FINNBEIT
TFCI03 E0. JORERTS 4., 2659 -ERR TN [PAFL
FIIH'HT(FEE.H
B TG 9
ItllTE(Eﬂﬂ
FORMATC® ENTER DEPICE C EX: TTIS.L6J7D 3790
READ(d,3100:ER0= N]II: it
FOMATOR2 . [59.1102
IFCITITEQ.OILIT=
CALL ASWLUNCIIIIAIT-ILD)
i) TY 410
ST

I R EE
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Wadiie pane: SOLPISE : GETEP, GETPA & FURC]

Fersion ¥01.00 Last wdit 07-JUL-92 16209
Statuss Develepnent/B2ougg

Bevision history:
Persion X01.00 =S =02 13734 - 97-TUL-43 16:09
Created by: E. MCRADO

SUMRUTINE SETEPUNMDY¥A¥.U,IFL)

= 1 Genaraty paraseters ol randow for experinental poists generation
= 2 use prastters in connon for experiseatal polets geeeration

FARABETER MBOIN-1 1 DEP. .
PARAMETER REPOA: | & EXPERTNENTRL POINTS
PARMIETER WPAn=3 ! § OF MRANETERS

52
DIMENSTON YN AR M0 000 AH (VAN
DINENSION F1CHDIIR)
DIENS LN PS>
COMmaN /TMTAT
DIMENSTON FEACE)
COMUN /FERTOR/TEA
LasICALT] STIRE(S)

ERE=.1
BL-100008
IFTRST21
N=iEPD

|
IFCIFL ER.2)GH T8 &%
DO 30 I=1AFON

r:n:gk;nnm.:mmnsmm
08 100 I=1.N

106 S5PAED A1 T 5 HZ

RCD=HELTF a1 Z7ama(]=1)

CML FURCICRCYID.PAFI,IFIRST)
JFIRST=N

M % I=1A008

¥{EJa2FICD
KREzRANCIS1,152)

TFORLLE. 0060 TR TO
KR-AMICIST 152D

MR=SBRT(=2 . 2AL BECARTDONCOS (2 23 JMIS92TRUNR)
FACT=1 KR/ SETCH)

YOI FACTYW L2 )

BT 0=/ YL DAL 2))
CATINE

CONTTNBE

RETVR

&
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lpdiplzlplnlelallely]

SUBRWQTINE GETPACK AP WINPT PAUE FSOU , ANFE A7 PRE [PF IFL)

CHANSES

22-HEC-42 Ca) INCLUDED MANHMIN MRE APE (b) imitiad quess nodified
Ii-Jln-H sk of IFL a5 dxscribhed below:

IFL'z & READ initial gwéss fFron 7]

1 initial quiss real to the aerage

quers melected of rambon within mttrrul

3 initial gquess seiecied around nering ve u?

& KEEF INITIAL GUESS TOWSTRNT » £3WAL™TO LAS IIIITI.IL GUESS

MARARETER WPBIR=3 ' § 4F MRAMIETERS

DIMENSTAN P CNPOIT ), PR INCIR N PRERCAMIIN) PAVECHPRIND. IPF OO M)

PIMERSIM PLCVCRPDIN) PPRECPDIN) TCNFDIN)

DINENSION POLDIMPOIN:

LOGICALEL TANS

MTR ICMNT/3/

CoenEN STOATPT

COMNON /SEERMY ISMAL. ISP

E=NFDTY

M OTD (9300500 00,9, FFL+

Dp 100 I=1.8M00N

MIX=PRMECI)

MEITECS /1000 ) LI PN INC] ) AP IANCT ) A PPREC TS IMFCTD
TC* o137 FE2 01006, AINEY.E10 6. PN " 134,

1 " MEVALLE," FLI 13047 DR YOO SAET T8 CRAEE TH] ?7.4)

MEARCS L1080 ) 1005

FORHATONL)

lfﬂm.ﬁ."ﬁ"m 0 102

ERETE (5129000

FORBAT(* PL* :iﬂ.‘:'] HER IRLDE:".5)

RERD 5 1300 JRNS NS

FERIATCLF1% .00

TFOUNS 6T .0 P ID=ANS

BRYTE (51480 ¥UINCI)

FORNAT(" PHII:[’.-H!.E;"] N PALLE:’ »5)
READ(5+13

IHIHSJT IHI'(IJ'I‘I!

MRITE Ch1500 3P iCT)

FORIAT! FIHI';-F‘H.E:"] #E PRLUE: A5
READ (5 . L300 XIS

iFOIANS BT . lﬂﬂﬂ!-ﬂ!

ERTTE (5 /1680 PRELT)

FEMAATL" “I’rﬂ!.h’] REN PRLUE:’ 5D

TN
(]
o
=
1+ et
o
E

ERITE (5 ATHAIIPFC1)

FOREATL® IFFI"#13,7] NEW VALEEZ'3)
REAR (51300 MRS a8
lfﬂmﬂ.h]ﬂﬂlhﬂi

oY
SITIM

2
y )
"

t
=i AR
I CUHCPRARCT-PRINCLI JARANCISPAL , 1SPA2)

OXTTREE
NALE=NI N ORAVE »150)

FINED TD KEPEAT SADE IMITIRL SWESS 3 TIRES ——-
ICOVAT=-TCOUNT+1

IFCICAT LT 3060 TO %%

ICODNT=A

a0 150 14BN

PCD=C(PME (D PLOAT OHPE )+ (PARN (1) +PHIRC ) DF2  J/FLOATORANE )

POLI-PMECTS
PP DR SRANCISPAL, TSPA2))
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SURRIYTIRE FHI(I:F,FI IFIRT

IBPLICIT REALEM

PARARE TER ﬂllﬁ:l E & OF JEP. DARARIAALES
FARARETER ¥MBIN: ' & OF PARMBETERS

B INENS ION FMII?:FI(HIHIJ

DINENSTRN WLIC

Illll HLH-.Z!TQM*M'.IZW"I- SAIGEVITEH - HTETINTEH
112305, +io JIIZTREHEN, 156422 TIE=2

1 = o wn 4RI -4, NI THHE/

BTR M2,A2171, 20046 4. 70130/

BTN B32033 03445 21037 ,~3 3930248 -2 - 1?51?!*1-"

MTN PSOTIPETE.PSENF ASOUNT . 1,075,800

PATR WP URS PSORS/ 10541 .6, CRT0206,T3 ./

CONPLEXE DELT{13412.4013, 21,022,231 314320)

ggmn H15.43%

TFCIFTRST.ER.AMD TH 1w
TIEPERUENT

CALCILATIEN -B58
RSP CL NP M (1AL (2]
Ke2=F (2 SIS RRLP L) +AL M)
RZEF (2 AIRSIRLPCT)
32zP (2 AUMSERL M6
A33=PC2 RUNS R (1)L M)
Hi=—PLLOKRPRLMID

35=01313

SN R
ISP CL PR Pei)
e e EE]

B2WISAZSHYS
L1=L0FLXCRI2NAZ3.0.)
Liﬂ:ﬁlﬂ.iﬂﬂlﬁilﬂ)!
LI1-EMMLX AT IEA 32 A
L!ﬂ'ﬂﬂmtﬂﬂﬂﬂﬁn

ﬁ L-DEPENOENT CALLULATINNG -353

X1=kns 2031433
DELT=CAPLEC-0L1 X1)ACHM XC-222 K1 )NCHRL X (-A33 . X1)
1 -A2IMHCHPLX A1 R ) -A12ERMECAPLI (-A33.X%)
DELT2=REAL (BELTHLONIRCDELT) >
L11=xCAPLEC-022 X LNCIPLEL-A33 X1 )+CIPLN (-RZTAR 40.))
L142=REARLCLATRCBATR{L11))
LE1=CRPLRCNRT A  ECAPLEC-033,81)
L292=REM (L2216 (L 21))
L12-CHFLX(N12 .0 . RCHPLRC-RIILRT)
L1Z2=REM (L1¥CINIGCLIR)Y
L2z=CmMLEC~-41] :I‘l)ll.'.'llﬂlf-m;lﬂ
LeR-REAL (L22ELMRIG L 22Y)
LA2-ERFLNCAI2 A . ISCHPLEC-R11.X1)
L 3Z2=REAL CLI2wCONER(LI2))
L2R=EHPLECA2E A  IRCAPLRC=1.310)
L2R2=REAL CL2JECOMIGL{L23))
L3=CCDPLXC-ALT NI DECAPLN C-A22 X1 Dol MPLE C-A120A21 A D)
L 332REAL CLIBCONTRCLI30)
II.!!‘H-‘-:IEI\‘L (LSZIEL‘II‘E{].HJ'J
23I=MEAL (LI2CONIG(LIAD)
I‘!S:ﬂlﬂ.l (25,4, JeL12+HNPLX (B35 ,0.20¢ £3
WEI2=REAL CHITICHNIECNTSD)
A3S=CAPLECDZS A . ) 32+CHMLRB35,0. 0003
NII2=REM (NTRACNTEINIS)

fH‘ll-'l'.l.'l‘l!m12!!‘5‘&“'L‘l.!!l(I!EE‘IFSITFH!!Z!FEW*IMEIWH)l*
FII‘.Z):IE!‘HEI:I.!HIPSHH.HZHIBEHPSIITF*HHEFSW +H3LAPSORSAF (T
WIS SO/ HELT2
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E AodULe Pkt : SOLPIS2 : STATUS B SHGOAL

£ Versioh ¥01.00 Last edil: od-JHL-83 1009

E Status! Deselopnent/Oeigging

.t: Reviziew history:

C Fersign X010 Q3=-Fl-03 1504 - -JUL-83 10710

E Creaded byi E.L.JacWe

CxN=

¢ STORBHTINE STATRSCNER ARIP.N Y0P S50 RS0 0FE 20,112

C  IFL=0 CALCMLATE EDVEXYTHING

C - =1 CALCHLATE 550 oMLY

E =2 CALCMLATE 550 ARD FIATURES
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APPENDIX F

STEAM GENERATOR NOISE MODEL

The noise model for the U-tube steam pgenerator used 1o thils work
wag derlved uvsing basic conmservation equatiocns im a way similar to
that used by 411 (31} for his Model A. 1In the noise model, the heatr
tranafer coefficlent betwaen the tube metal and the secoundary side was
consaldered stochastic and treaged as one of the nolse sources.

The model considers the steam generator devided Inte three lumps,
ag shown 1in Flpure F-1. Luamp 1 is the primary aide water inside thae
tubes, congiderad a2z an wall stirred tank. Lump 2 is the tube metal,
which conductd heat from the primary warer to the sacondary water and
stezm. Lump 3 is the secondary side water and steam assumed to be at
the gaturation temperature.

The energy balanczs for Lump 1 can be wrltten as

d (MpCplTpo)= Wpelpl(Tpi-Tpo) - UpnSpm(Tpo—Tx) : -1
dr

where Mp 1is the mass of primary water inside the tubes,
Cpl iz speciflc heat of the primary water,

Tpo is the temperature of the primary water,
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FIGURE F-l. Diagram of the lump parameter steam generator model.




Wp 1is the primary water mass flow rate,

Tpi iz rthe primary water inlest temperature,

Upm i3 the primary water to tube metal overall heat tranafer
coafficlent,

Spm I{s the {nternal surface atea of the tubes, and

Tw 1& the temperature of the metal tubes.

Congidering Mp and Cpl congtant during traansients and wrlting Equatiom

F-1 in terms of deviacions from eguilibrium yields

d dfpo Wp UpmSpm UpaSpa Wp
= U — E‘TPQ + ———m + —fTpi , ¥-2
dt Mp MpCpl WpCpl Mp

whaere the "§" indicates the deviatlon from equilibriom.

The energy balance for Lump 2 can be written as

Mud {CoTo) # UpnSpa(Tpo-Tm} - UmsSms(Tm-Ta) , =1

dt
where Mm {3 the miaas <f the meral tubes,

Cm I3 the aspecific heat of the tube metal,

Ums 1s the overall heat transfer ccefficient between the metal

tubes and the secondary side, and

Tg di8 the secondary side temperzture {saturation temperacure).
Considering Cm constant during tranalents, wricing Equatien P-3 in
terms of the deviation from equilibrium, and disregarding second order

termg, ¥ields
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d 5Cm UpmSpm {(UpmSpm + UmsoSns) UmeoSms dTa

- &Tpa — Bims + ———— —— 4P +
dc MmiCm MoCm MmCm dP
Sme{Tgo=Tm)
+ — Hms . F-4
MmCm

where Ume wasg conaideared stochastie and was aeparared inte a steady
state part, Umsc, and a fluctuating part, Hms; and the following
linear approximation was used for the deviatlon from eguillbrium of
the saturation femperature as a funcilon of the deviation from

aqullibrium of the secondary pressure, &,

dTs
org = — & . F-3
dP

For the secondary slde, Lump 23, three baslc concervactlon equarions

wera ussd:

{2} Maas balance -

d (Mw + Ms) = WE - We F-6

dr

where My I3 the wmass of secondary water,
Ma i3 the wass of secondary steam,
Wf iz the feedwarer wmzss flow rate, and
Ws is the steam mass flow rate.
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{b) VYolume balance -

MGVE + Me¥g = V F~7

f where Vi {a the speclfic wolume of the sacondary water,
Vg ia the specific volume of the secondary steam, and
¥ 1s the total interpnal volume of the secondary silde of the

gteam generator.

{c} Energy balance —

E__{Hwﬂf+ﬁ3ﬁg} = ImsSms (Tm-Ts) + WEHFL - WsHg ’ F-8
| dt
‘1‘
|
L whera Hf i3 the enthalay of the =segondary warer,

Hg {s the enthalpy of the secondary steam, and

Hff 1s the enthalpy of the Feedwater.

After aome algebraic manipulations of Equatlions F-& through F-8,

and alse using the expressions

dVE 4dVE dP
e~ , and F-9
dt 4P 4t
dvg dvVg 4F

H E-10
de 4P dre 155




one obtaine the following equations:

dF  UmsSms 1 vgﬂfg:l Vg Hfg

WE - W& and F-11
— — L — — e m— r
3t g {IoTa) + g (HEI-gh < KVEp

Mg 3 [J VegHfp Vg 'wa
I = UnsSus(Ta-Ts) +| & (HEL-Hgh <) +

gHfg Vg
- + Ws ' F-12
K¥fg Vig
.d':
r
1 [ V-MeVE dV 4v
with J = o kel htw—ﬂ » and Foi3
Vg Vg dP T

Pﬂg Hfg dvg‘lv—ﬂwvf iT;le Hg avf]
K = | - ! + i - — ——jHﬂ' . F-14
lgp wvig ar | wvg lgp  vig ap

Writing Equations F-il and F~12 in terms of the deviatlions from
equilibrium, disregarding the second order terms and conaidering

that at the equlliibrium the steady state fecedwarer and steam maas

L1%6




flow race are equal {i.e Wio=Wso), one obtains

d& UmsSus [Um.gSms dTsat Wfi dHg Sma
= &Im — + &F + ——LTo-Ts) &lles
dt K L x4 X dp K
WEl 1 VgHip VgHfg
+ — #Hfi + - |Bfi - Heg + Wil — —oefWlgo , and F-15
K K VvEg KVEg
dMw  JUmsSms J[_ dTsat dHg J5ms{Tm-Ta)
- fTm — — |UmsSns{ 3 + WEi(——) | &P + Slms
dt K E:L dF dP 9
dHg aHF
4 Ma{—) + Mw(—}
JWEL Hf1i-H ¥ 4r dF
+ + F( 8 + s | BEd
E L K ¥ig K !
dHg dEf

Ma{—) + Mu(—]
]Zg dP 4P ]
m fa MY . F-1h
fg 4

where all the parameters are calgulated at the equilibrium value.

Equatious F-2 , F~4 , F-13 and F-1b aras the steam generator noise

model equatlons.
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