I. Jerbié, H. Pavelié, N. Bolf Softverski senzor...

Ivica Jerbi €, Hrvoje Paveli €, Nenad Bolf

ISSN 0350-350X

GOMABN 46, 2, 149-168

Izvorni znanstveni rad / Original scientific paper
UDK UDK 681.513.7/.8 : 681.513.7 : 681.513.8

SOFTVERSKI SENZOR ZA VODENJE PROCESA

Uvod

U DEBUTANIZERSKOJ KOLONI

Sazetak

Zakonska regulativa nalaZze c¢vrsta ograni¢enja specifikacije
produkata i emisije iz rafinerijske prerade. Za djelotvorno vodenje
procesa potrebno je mijeriti velik broj procesnih velidina te
instalirati sve veci broj skupih mjernih i analitickih instrumenata.
Moguce rjeSenje ovog problema je u primjeni softverskih
senzora, tj. modela procesa za predvidanje varijabli koje se ne
mjere kontinuirano.

U ovom radu prikazano je projektiranje softverskog senzora
primjenom neuronske mreZe za nadgledanje kvalitete produkta i
vodenje procesa u debutanizerskoj koloni u INA-Rafineriji nafte
Sisak na temelju raspolozivih procesnih mjerenja. Vodenje
procesa u debutanizerskoj koloni vrlo je vazno u rafinerijskoj
proizvodniji zbog odrzanja kvalitete proizvoda.

Razradena je metoda predvidanja sadrzaja Cs frakcije u
ukaplienom naftnom plinu (UNP) i tlaka para po Reidu (RVP) u
stabiliziranom FCC benzinu primjenom inferencijskih modela.
Softverski senzor rjeSava problem vremenske zadrSke radi
laboratorijske analize, Sto omogucuje «on-line» nadziranje i
pracenje kvalitete produkta. Svrha je voditi proces tako da udio
Cs frakcije u UNP-u bude maniji od 2 %, a RVP bude na Zeljenoj
vrijednosti (50 kPa). IstraZivanje vladanja procesa provedeno je
simulacijski, a dobiveni rezultati validirani su usporedbom s
eksperimentalnim podacima.

U mnogim procesima i postrojenjima teSko je kontinuirano i pouzdano mijeriti kljuéne
procesne veli¢ine. Vodenje takvih procesa ovisi o laboratorijskim analizama koje su
vrlo ¢esto dugotrajne. Iz tih razloga pojavila se potreba za integracijom inteligentnih
softvera i mikroprocesora pomocu kojih bi se pratio velik broj fizikalnih, kemijskih i
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biokemijskih varijabli. Razvoj suvremenih inteligentnih osjetila koji se temelje na
novim metodama analitiCke kemije i modernim elektroni€kim uredajima uporabom
opti¢kih vlakana i poluvodi¢a za kontinuirano mjerenje procesnih veli¢ina danas je
vrlo aktivho podrugje istrazivanja. Kao alternativa tim skupim instrumentima i
uredajima mogucée je na temelju lako mijerljivih sekundarnih veli¢ina, kao Sto su
temperatura, tlak i protok, zakljucivati o stanju teSko mjerljivih veli€¢ina odredivanjem
njihovih funkcijskih veza [1]. U tu svrhu razvijeno je podrucje inferencijskog mjerenja
i vodenja, odnosno primjena softverskih senzora.

U radu je primijenjen model softverskog senzora kod procesa u debutanizerskoj
koloni kako bi se omogucilo kontinuirano pra¢enje sadrzaja Cs frakcije ugljikovodika
u ukapljenom naftnom plinu (UNP) i tlaka para po Reidu (RVP) u stabiliziranom FCC
benzinu.

Softverski senzori

Softverski senzor definira se kao model, analiti¢ki ili empirijski, koji sluzi za procjenu

nemijerljivih stanja procesa na temelju dostupnih mjerenja ulaznih i izlaznih veli€ina.

Sve klju¢éne veli¢ine u procesu ne mogu se mijeriti u stvarnom (realnom) vremenu,

odnosno dovoljno brzo da bi se koristili za automatsko vodenje procesa. Za to

postoji viSe razloga:

* Neke metode analitickih mjerenja nisu dovoljno automatizirane da pruze to€no i
pouzdano mjerenje. Rezultate ovakvih mjerenja dobivamo samo povremeno iz
laboratorijskih odredivanja.

e Postoje odredena svojstva proizvoda koja se ne mogu odredivati iz
karakteristika poluproizvoda u pogonu.

* TroSak instaliranja senzora prevelik je da bi se opravdao potencijalnim koristima
koje donosi.

e Senzor ne moze pruZiti informaciju pravodobno (npr. analizator mozZe imati
veliko "mrtvo” vrijeme, ili je smjeSten dalje od samog procesa, dugo vrijeme
obrade podataka.

Nedostatak pravodobnog mjerenja klju¢nih veli¢ina otezava automatsko vodenje, ali

ne znaci da ga je uvijek nemoguce provesti. Dodatne informacije mogu se dobiti

mjerenjima veliCina (sekundarne veli¢ine) koje, iako ne daju savrSenu indikaciju
klju€ne veli¢ine koja se ne mjeri (primarna veli¢ina), omogucuju korisne zakljucke.

Slika 1: Sustavski ulazno-izlazni prikaz procesa
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Metode razvoja softverskih senzora

Pri razvoju softverskih senzora cilj je naci funkcijsku vezu izmedu primarnog izlaza i
sekundarnih ulaza i izlaza. U veéini slu¢ajeva, budu¢i da se radi o slozenim
kemijskim procesima, teSko je primijeniti temeljne matematicke modele, stoga se
¢eS¢e primjenjuju modeli koji se razvijaju na temelju eksperimentalnih podataka
pomoc¢u linearnih vremenskih nizova, umjetnih neuronskih mreza i genetickih
algoritama. NajceS¢e se koriste estimatori Sto se temelje na linearnim modelima
procesa. Dvije su oshovne grupe estimatora: modelski i nemodelski. Od modelskih
estimatora najviSe se primjenjuje Kalmanov filtar, koji daje optimalno predvidanje
veli€ina uz pretpostavku da su procesni i mjerni Sumovi Gaussovi bijeli Sumovi.
Estimatori §to ne zahtijevaju prethodno poznavanje modela procesa temelje se na
poznavanju ulazno-izlaznih podataka, te tehnikama multivarijantne statistike, kao Sto
su tehnika analize glavnih komponenata (engl. Principal Component Analysis, PCA)
i tehnika parcijalnih najmanijih kvadrata (engl. Partial Least Squares, PLS). [2]

Linearni estimatori ne daju dobre rezultate kad se radi s nelinearnim procesima, pa
je za procjenu veli¢ina kod vrlo slozenih procesa primjerenije koristiti nemodelske
estimatore. Ovi se estimatori dobivaju na osnovi ulazno-izlaznih podataka dobivenih
iz procesa. NajceSce se koriste proSirenja nelinearnin metoda multivarijantne
statistike, tj. razvijaju se nelinearna analiza glavnih komponenata (engl. non-linear
principal component analysis, NLPCA) i nelinearne metode parcijalnih najmanijih
kvadrata (engl. non-linear parcial least squares, NLPLS) te njihove kombinacije s
regresijskim tehnikama od kojih su najznacajnije regresija glavnih komponenata
(engl. Principal Component Regression, PCR) i regresija parcijalnih najmanijih
kvadrata (engl. Partial Least Squares Regression, PLSR).

Zadatak projektiranja nemodelskog estimatora sastoji se od odabira najbolje
strukture estimatora, u skladu sa specificnostima zadatka koji se rjeSava i
postavljenim zahtjevima za kvalitetom procjene procesne veli€¢ine. Pri odabiru
strukture nemodelskih estimatora sve se &eS¢e primjenjuju metode umjetne
inteligencije, medu kojima je najéeSéa primjena umjetnih neuronskih mreza, zbog
njihova svojstva univerzalne aproksimacije nelinearnih funkcija [2,3].

Primjena softverskih senzora u procesnoj industriji

Primjena softverskih senzora za predvidanje teSko mijerljivih procesnih veli€ina
iznimno je financijski i tehni€ki zanimljiva. Posebno je to slu¢aj u procesnoj industriji,
gdje obi¢no postoji veliki broj veli€ina koje se kontinuirano i brzo mjere, a koje mogu
posluziti kao ulazni signali za softverski senzor. Isto tako, procesi u kemijskoj
industriji obi¢no imaju relativno sporo dinami¢ko vladanje s velikom vremenskom
zadrSkom, a buduéi da se softverski senzor realizira u racunalu, moze procjenjivati
veli¢ine unaprijed, mnogo prije stvarnog izlaza iz procesa. Na taj nacin je mogucéa
primjena prediktivnog vodenja, odnosno moguce je djelovati na proces prije nego
Sto se javi posljedica zbog pojave poremecaja [4].
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Eksperimentalni dio

Ispitivanja su provedena na debutanizerskoj koloni koja je dio plinsko-
koncentracijske sekcije FCC postrojenja u Rafineriji nafte Sisak. Njezina uloga je
stabilizacija FCC benzina, odnosno odvajanje ukaplienog naftnog plina (UNP), koji
se preteZito sastoji od C; i C,4 ugljikovodika. Shema procesa prikazana je na slici 2.

Slika 2: Prikaz debutanizerske kolone
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Kolona se napaja nestabiliziranim FCC benzinom, a produkti su ukapljeni naftni plin
(UNP) i stabilizirani FCC benzin. UNP se dodatno obraduje na DEA i MEROX
postrojenju i nakon toga postaje komercijalni proizvod. Drugi produkt, FCC benzin,
sluzi kao komponenta za namjeSavanje motornih benzina. Ovisno o zahtijevanoj
kvaliteti motornih benzina, dodatno se obraduje na MEROX postrojenju ili na Sulf-X
procesu.

Proces u debutanizerskoj koloni potrebno je voditi tako da sadrzaj Cs frakcije u
UNP-u bude manji od 2 % zbog zadovoljavanja specifikacije o kvaliteti UNP-a, dok
je tlak para po Reidu (RVP) FCC benzina potrebno odrzavati na vrijednostima (70-
85 kPa) odredenim sezonskim specifikacijama o kvaliteti motornih benzina. 1znimno,
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kada FCC benzin ide na obradu na Sulf-X proces, potrebno je vrijednost RVP
odrzavati ispod 50 kPa zbog konstrukcijskin ogranic¢enja striper kolone i kolone za
ekstraktivnu destilaciju Sulf-X procesa.

Varijable kojima se odrzava zahtijevana kvaliteta produkata su temperatura vrha i
dna kolone, temperature karakteristiCnih tavana kao i protok refluksa. Temperatura
5. tavana kolone odrzava se regulatorom temperature TRC-93 koji je kaskadno
povezan s regulatorom protoka refluksa FRC-101. Temperatura dna kolone,
odnosno 35. tavana odrzava se reguliranjem protoka grijuéeg medija kroz rebojler
dna kolone. Poremecajne varijable su varijacije protoka, temperature i sastava
nestabiliziranog benzina koji napaja kolonu.

Rezultati i rasprava

Neuronski model softverskog senzora

Neuronski modeli soft-senzora razvijeni su na temelju raspoloZivih procesnih
mjerenja i laboratorijskin analiza te softverskog simulacijskog modela. Procesne
varijable na postrojenju mjere se kontinuirano i zapisuju u memoriju DCS sustava te
postoji raspoloZiva baza podataka temperatura i protoka. Da bi se kontinuirano
pratila kvaliteta produkata, razvijena su dva neuronska modela softverskog senzora;
jedan za predvidanje sadrzaja Cs frakcije u UNP-u, a drugi za predvidanje RVP
vrijednosti stabiliziranog FCC benzina. Struktura neuronske mreze za predvidanje
RVP-a prikazana je na slici 3. Mrezu ¢ine ulazni i izlazni slojevi te skriveni sloj s pet
procesnih jedinica. Ulazi u mreZzu su temperatura vrha kolone, Tv, temperatura 5.
tavana, Ts, temperatura 35. tavana, Tss, te protok refluksa, a mreza predvida RVP
vrijednost stabiliziranog FCC benzina. Analogno tome, izvedena je i mreza za
predvidanje udjela Cs u UNP-u. Baze podataka za sadrzaj Cs u UNP-u te tlak para
po Reidu FCC benzina limitirane su dinamikom laboratorijskih analiza. Stoga je
razvijen softverski simulacijski model pomoéu kojega su generirani dodatni podaci
kojima su mreze poucavane i testirane.

Slika 3: Struktura primijenjene neuronske mreze za predvidanje RVP-a
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U pripremi podataka prije u¢enja neuronske mreze provedeni su sljedeci koraci:

- generiranje dodatnih podataka na temelju simulacijskog istraZivanja;

— priprema i normiranje podataka za u¢enje mreze.

Za ucenje je koristena staticka unaprijedna neuronska mreza, a uc¢enje je provedeno
primjenom adaptivne gradijentne metode opisane u literaturi [5].

Kaskadno u €éenje neuronske mreze

Kaskadno u€enje temelji se na Cascade-Correlation Learning paradigmi [5]. Uenje
pocinje bez skrivenih procesnih elemenata. Jedine veze su direktne veze izmedu
ulaznog sloja (i biasa) i izlaznog sloja. Skrivene jedinice dodaju se jedna po jedna.
Skriveni procesni elementi primaju ulaze iz svih prethodnih skrivenih procesnih
elemenata, isto kao i iz ulaznog vektora; drugim rije€ima, skriveni sloj ima kaskadne
veze.

Osnovni oblik kaskadno-korelacijskog algoritma ucenja djeluje na slijedec¢i nacin:

1. Ucenje direktnih veza od ulaznog sloja i biasa do izlaznog sloja. Poucava se za
unaprijed definiran broj iteracija, ili sve dok se RMS izlazne pogreSke ne
stabilizira.

2. lteracijski se izvode slijedeci koraci:

- UcCenje novog skrivenog neurona da bi se maksimirala korelacija izmedu
njegovog izlaza i iznosa ostatka pogreSke na izlazu za trenutacni vektor koji se
poucava. Skrivena jedinica koja jo$ nije uvjezbana naziva se kandidatom. Kad
se ucenje stabilizira, ili nakon zadanog broja iteracija, uenje se zaustavlja za
dolazece veze na taj procesni element. U ovoj to¢ki se za skriveni procesni
element moZe reci da je «prihvacen» (engl. tenured).

3. Povezivanje novo prihvacene skrivene jedinice na sve neurone u izlaznom sloju,

i nasumice iniciranje teZina tih veza,
- UcCenje svih tezinskih koeficijenata svih veza od ulaznog sloja, biasa i
prihvacenih skrivenih jedinca do izlaznog sloja. U€enje se odvija prema
unaprijed definiranom broju iteracija ili sve dok se RMS izlazne pogreSke ne
stabiliziraju.

Iteracija se ponavlja sve dok izvedba mreze (npr. RMS pogreska raCunata za skup

podataka za testiranje) viSe ne pokazuje poboljSanje.

Na slici 4 prikazan je dio rezultata testiranja neuronskog modela za predvidanje RVP

vrijednosti FCC benzina. Radi se o podacima koji su koriSteni za u¢enje, odnosno

izgradnju modela neuronske mreze. OcZekivano, rezultati pokazuju vrlo dobro
slaganje. U tablicama 1 i 2 dani su statisticki pokazatelji modela neuronskih mreza.

U ovom kontekstu, skup za ucenje je skup podataka koristenih za ugadanje

parametara modela. Skup za testiranje koristi se u fazi izgradnje modela procesa da

bi se sprijecilo “pretreniranje” (engl. overfitting). Skup za validiranje se koristi kao
dodatni nezavisni skup za ocjenu valjanosti modela softverskog senzora. Svi faktori

u ovoj tablici izraCunati su s obzirom na eksperimentalne vrijednosti izlaza. Prije

uCenja, realne fizikalne vrijednosti transformirale su se u interne normirane
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vrijednosti prikladne za obradu neuronskom mreZzom. Dobiveni izlazi transformiraju
se u realne izlaze primjenom inverzne transformacije.

Tablica 1: Statisti¢ki parametri modela neuronske mreze za predvidanje Cs u UNP-u

Cs u UNP-u Br. podataka Avg. Abs. Max. Abs. RMS Conf. Int. (95%)
Ucenje 96 0,10106 1,152207 0,2917485 0,576
Testiranje 77 0,101553 1,152207 0,2957075 0,586
Validiranje 19 0,099062 1,126737 0,2751214 0,579

Tablica 2: Statisticki parametri modela neuronske mreze za predvidanje RVP-a FCC

benzina
RVP FCC Br. podataka Avg. Abs. Max. Abs. RMS Cont. Int. (95%)
UCenje 96 0,05574 0,12725 0,06647 0,13121
Testiranje 77 0,05368 0,12725 0,06405 0,12691
Validiranje 19 0,06408 0,12203 0,0755 0,15875

pri ¢emu su:

Avg. Abs. - srednja apsolutna pogreska izmedu ciljanog izlaza i predvidanja mrezom;
Max. Abs. - maksimalna apsolutna pogreska izmedu ciljanog izlaza i predvidanja mrezom;
RMS - korijen srednje kvadratne pogreSke izmedu ciljanog izlaza i predvidanja mreZom;

Conf. Interval - podrucje unutar kojeg se predvidani izlaz javlja u 95 % slucajeva.

Slika 4: Rezultati testiranja softverskog senzora za predvidanje RVP vrijednosti FCC
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Razvijeni neuronski modeli softverskih senzora dodatno su provjereni
eksperimentalnim podacima iz baze podataka DCS sustava i tako dobiveni rezultati
usporedeni su s odgovaraju¢im rezultatima laboratorijskih analiza. Podaci su uzeti iz
analiza provedenih tijekom mjeseca studenog 2005. godine. Slika 5 prikazuje
usporedbu eksperimentalnih rezultata dobivenih laboratorijskom analizom i rezultata
dobivenih softverskim senzorom za predvidanje RVP vrijednosti stabiliziranog FCC
benzina. Vidljivo je da model softverskog senzora dobro slijedi trend promjene
vrijednosti RVP-a, ali da su prisutna odredena odstupanja. Ta odstupanja mogu se
objasniti nesavrSenoS¢éu simulacijskog modela, kao i €injenicom da se najviSe
dostupnih podataka iz laboratorijskih analiza nalazi na podrucju oko 50 kPa. MreZa,
stoga, ima bolja aproksimacijska svojstva upravo pri tim vrijednostima. Analogno, na
slici 6 prikazana je usporedba za softverski senzor koji predvida sadrzaj Cs frakcije u
UNP-u. NajviSe dostupnih podataka iz laboratorijskih analiza bilo je na vrijednostima
u podruéju od 0 - 0,2 % Cs stoga je razumljivo da se mrezom bolje aproksimiraju
nize vrijednosti sadrzaja Cs frakcije. StatistiCki parametri procjene oba modela
neuronskih mreza prikazani su u tablici 3.

Slika 5: Usporedba eksperimentalnih rezultata dobivenih laboratorijskom analizom i
rezultata dobivenih softverskim senzorom za RVP FCC benzina
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Slika 6: Usporedba eksperimentalnih rezultata dobivenih laboratorijskom analizom i
rezultata dobivenih softverskim senzorom za sadrzaj Cs frakcije u UNP-u
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Tablica 3: StatistiCki parametri kod validiranja modela
Broj podataka | Avg. Abs. | Max. Abs. RMS Stand. devijacija
RVP 29 0,08 0,24 0,5660 0,1050
Cs 29 0,1 0,4 0,8396 0,1559

Zaklju €ak

U ovom radu opisani su modeli softverskih senzora primjenom neuronskih mreza. U
svrhu procjene veliina koje se ne mogu kontinuirano mijeriti u procesu razvijena su
dva modela softverskih senzora - prvi za predvidanje sadrZzaja Cs frakcije u
ukapljenom naftnom plinu i drugi za predvidanje vrijednosti tlaka para po Reidu
stabiliziranog FCC benzina.

Razvijeni modeli pokazali su da se neuronska mreza moze primijeniti kao
«inteligentni» senzor u procesu koji moze pouzdano i zadovoljavaju¢e precizno, na
temelju sekundarnih mjerenja, procjenjivati vrijednost primarne veliine u procesu.
Razvoj inferencijskih senzora i njihova primjena ne zahtijevaju velika ulaganija, jer se
inferencijski senzor realizira kao programski modul u racunalu, koji na temelju lako
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mjerljivin veli€ina i dostupnih ulaznih veli€ina predvida vrijednosti teSko mijerljivih
procesnih veli¢ina.

Izgradeni softverski senzori mogu posluZiti u daljnjem istraZivanju i optimiranju
procesa jer se na toj osnovi mogu razviti metode inferencijskog vodenja. Te metode
mogu se relativno jednostavno primijeniti u sustavu za automatsko vodenje procesa
i u sluéaju kad vodene veliine, kao Sto je ovdje slu€aj, nije moguce mijeriti
kontinuirano. Isto tako, moguce je razmotriti primjenu softverskih senzora i kod
drugih rafinerijskih procesa u svrhu unapredenja vodenja procesa i postizanja
zahtijevane kvalitete produkata.
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SOFT SENSOR FOR DEBUTANIZER COLUMN

Introduction

PROCESS CONTROL

Abstract

Law regulations dictate restrictions of product quality
specifications and refinery emissions. Measurement of great
number of process variables and installing new expensive
process analyzers is necessary for efficient process control.
Possible solution of this problem is application of soft-sensors i.e.
the process model that is used for variable estimations which are
not measured in continuous manner.

This paper describes soft-sensor design for product quality
monitoring and process control of debutanizer column of INA Oil
Refinery Sisak. Neural network model is developed based on
available process measurement with the purpose of product
quality monitoring and process control enhancement.

Method of estimation of pentane fraction in liquefied petroleum
gas (LPG) and Reid vapour pressure of stabilized FCC gasoline
using inferential model is elaborated. Soft- sensor deals with lag
of laboratory analysis and provides on-line product quality
monitoring. The aim is to control process in debutanizer column
thus pentane fraction in LPG is kept under 2 mass percent and
RVP of FCC gasoline on desired value (50 kPa). The
investigation involves the simulation study and validation of
achieved results by comparison with the experimental data.

In many processes and plants, it is difficult to continuously and reliably measure the
key process values. Control of such processes is dependent on laboratory analyses
which are usually time-consuming. For this reason, there is a need for the
integration of intelligent software and microprocessors in order to monitor a number
of physical, chemical and biochemical variables. The development of modern
intelligent sensors based on new methods of analytical chemistry and modern
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electronic devices using optical fibres and semi-conductors for continuous
measurement of process values, today constitutes a most active research area. As
an alternative to these costly instruments and devices, it is possible — based on
easily measurable secondary values, such as temperature, pressure, and flow, to
derive conclusions on the condition of difficultly measurable values, by determining
their functional ties [1]. For this purpose, the area of inferential measurement and
control has been developed; in other words: the application of software sensors.

In the present paper, we have applied the model of software sensor for the process
in debutanizer column in order to enable continuous monitoring of pentane content
in LPG and RVP values in stabilized FCC gasoline.

Soft Sensors

Soft sensor is defined as a model - analytical or empirical, serving for the estimation
of unmeasurable process states, based on the available measurements of input and
output values. All key values in the process cannot be measured in real time i.e. fast
enough in order to be used for automatic process control. There are several reasons
for this:

* Some methods of analytical measurements are not automatized enough in order
to offer precise and accurate measurements. The results of such measurements
are obtained only occasionally from the laboratory.

» There are some product properties which cannot be determined from the
properties of semi-products at the plant.

» The costs of installing sensors are too high to be justified by potential benefits
brought about by the sensor.

e The sensor cannot offer timely information (e.g. analyzer may have considerable
“dead” time or be located away from the process itself, long data processing
time).

The lack of timely measurement of key values renders automatic control difficult, but

this does not mean that it is always impossible to perform. Additional information

may be obtained by measuring values (secondary values) which, although they do
not provide a perfect indication of the key value not being measured (primary value),

do provide useful conclusions, Figure 1.

Figure 1: Systematic input-output process scheme
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Soft Sensors Development Methods

When developing soft sensors, the purpose is to find the functional connection
between the primary output and the secondary inputs and outputs. In most cases,
since we are dealing with complex chemical processes, it is diffucult to apply
fundamental mathematical models, so that more frequently applied are the models
developed on the basis of experimental data, using linear temporal sequences,
artificial neural networks, and genetic algorithms. Most frequently used are
estimators based on linear process models. Two basic groups of estimators are:
model and non-model. Out of model estimators, most frequently applied is the
Kalman'’s filtre, providing an optimal estimation of values assuming that the process
and measurement noise is Gauss’s white noise. Estimators not requiring preliminary
knowledge of the process model are based on knowing the input-output data, and
techniques of multivariant statistics, such as the Principal Component Analysis —
PCA and the Partial Least Squares — PLS techniques. [2]

Linear estimators do not provide good results when it comes to non-linear
processes, so that — in case of estimating values in very complex processes, it is
more appropriate to use non-model estimators. These estimators are obtained on
the basis of input-output data from the process. Most frequently used are the
extensions of nonlinear techniques of multivariant statistics i.e. developed are the
non-linear Principal Component Analysis (NLPCA) and the nonlinear technique of
Partial Least Squares (NLPLS) and their combinations with regression techniques,
the most significant being the Principal Component Regression — PCR and the
Partial Least Squares Regression - PLSR.

The task of designing a non-model estimator consists in choosing «the best
structure» of the estimator, in keeping with specific tasks to be resolved and the set
requirements for the quality of estimating the process value. When choosing the
structure of non-model estimators, growingly frequent is the application of artificial
intelligence methods and techniques, the most frequent among which is the
application of artificial neural networks, due to their property of universal
approximation of non-linear functions [2,3].

Application of Soft Sensors in Process Industry

The application of soft sensors for estimating difficultly measurable process values is
extremely interesting in terms of both cost-effectiveness and technology. This is
particularly true of the process industry, where there is usually a large number of
values measured continuously and quickly, while they may serve as input signals for
the soft sensor. Also, processes in chemical industry usually have relatively slow
dinamic behaviour with a major temporal delay, and, since the soft sensor is being
realized in a computer, it may estimate values in advance, much before the real
process output. In this way it becomes possible to apply predictive control i.e. to
influence the process before there are consequences due to disturbances [4].
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Experimental Part

Debutanizer column is located within the gas-concentration section of the FCC plant
at Refinery Sisak. Its role is to stabilize FCC gasoline i.e. islolate liquefied petroleum
gas (LPG) - consisting mostly of C; and C, fraction - from the FCC gasoline. The
process outline is given in Figure 2.

Figure 2: Debutanizer column P&l diagram
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The column is filled by unstabilized FCC gasoline, with products being LPG and
stabilized FCC gasoline. LPG is additionally treated at DEA and MEROX plants,
after which it becomes a commercial product. The other product, FCC gasoliine,
serves as a component for blending motor gasoline. Depending on the required
motor gasoline quality, it is additionally treated on either MEROX plant or Sulf-X
process.

Debutanizer must be controlled in the way keeping the content of Cs fraction in LPG
les than 2 %, in order to meet the specification on the quality of LPG, while the
vapour pressure according to Reid (RVP) of the FCC gasoline must be kept on
values (70-85kPa) determined by seasonal specifications on the quality of motor
gasoline. Exceptionally, when FCC gasoline is being subjected to the Sulf-X

Hot Qil
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process, RVP value must be kept below 50kPa due to structural limitations of the
stripper column and the column for extraction distillation at the Sulf-X process.

The variables used to maintain required quality of products are temperature of the
column top and bottom, temperature of characteristic column trays and reflux flow.
The temperature of the column’s 5" tray is maintained by regulator of temperature
TRC-93, cascadely connected with reflux flow regulator FRC-101. Bottom column
temperature, i.e. that of the 35" tray, is maintained by regulating the flow of the
heating medium through the column bottom reboiler. Distress variables are the variati-
onsin flow, temperature and composition ofthe unestabilized gasolinefilling the column.

Results and Discussion

Neural soft sensor model

Neural soft sensor models have been developed based on the available process
measurements and laboratory analyses, and the soft simulation model. Process
variables at the plant are measured continuously and logged in the memory of the
DCS system, so that there is an available data base on temperature and flow. In
order to continuously monitor the quality of products, two neural models of the soft
sensor have been developed; one for estimating the content of Cs fraction in LPG,
and the other for estimating the RVP value of the stabilized FCC gasoline. The
structure of neural network for estimating RVP is shown in Figure 3.

Figure 3: Structure of applied neural network for RVP prediction

The network consists of input and output layers plus a hidden layer with five process
units. Neural inputs are: top column temperature, Tv, 5" tray temperature, Ts, 35"
tray temperature, Tss, and reflux flow, while the network estimates RVP value of the
stabilized FCC gasoline. Accordingly, a network has been elaborated for estimating
the share of Cs in LPG. Databases for the content of Cs in LPG and RVP of the FCC
gasoline have been limited by the dynamics of laboratory analyses. That is why a
software simulation model has been developed, generating additional data used for
learning and testing networks.
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Preparing data before instructing the neural networks, the following has been made:
— generating additional data based on simulated research;

— preparation and standardization of data for network instruction.

Used for learning was the static advanced neural network, while learning was
performed by applying adaptive gradient method described in the references [5].

Cascade learning of neural network

Cascade learning is based on the Cascade-Correlation Learning paradigm [5].
Learning begins without hidden process elements. The only links are the direct links
between the input layer (and bias) and the output layer. Hidden units are being
added one by one. Hidden process elements accept inputs from all the previous
hidden process elements, same as from the input vector — in other words — the
hidden layer has cascade links.

The basic form of the cascade-correlation learning algorithm functions in the
following manner:

1. Learning direct links from the input layer and bias to the output layer. Instructed
is a previously defined number of iterations, or until the output error RMS is
stabilized.

2. lteration steps are as follows:

- Learning a new hidden neuron in order to maximize correlation between its
input and the amount of remaining error at the output for the current vector
being learned. The hidden unit, not yet trained, is called a candidate. When
learning is stabilized, or after a given number of iterations, learning is stopped
for the links coming to the process element in question. At this particular point,
the hidden process element may be said to be tenured,;

3. The linking of the newly accepted hidden unit to all neurons in the output layer,

and a random initiation of the said links’ weight;
- Learning all weight coefficients of all the links from the input layer, bias, and
the adopted hidden units to the output layer. Learning evolves according to the
previously defined number of iterations or until the output error RMS is
stabilized.

Iteration is being repeated until neural network performance (e.g. RMS error

calculated for a set of testing data) no longer shows improvement.

Figure 4 shows a part of the results of testing the neural model for estimating the
RVP value of the FCC gasoline. They are data used for learning i.e. building of the
neural network model. As expected, the results show quite good matching. Tables 1
and 2 provide statistical indicators of the neural network model. In this sense, the
instruction set is the set of data used for tuning the parameters of the model. The
testing accumulation is used as a part of building the model of the process in order
to prevent “overfitting”. The validation set is used as an additional independent set
for evaluating the soft sensor model. All the factors in the Table have been
calculated taking into account experimental output values. Before training, real
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physical values were transformed into internal normalized values, suitable for
processing using neural network. The obtained outputs are transformed back into

real outputs, by applying inverse transformation.

Table 1: Statistical parameters of neural network-based model for pentane fraction

in LPG prediction

Csin PG Records | Avg.Abs. | Max. Abs. RMS ng'o/l:;t'
Training 96 0.10106 1.152207 0.2917485 0.576
Testing 77 0.101553 1.152207 0.2957075 0.586
Validation 19 0.099062 1.126737 0.2751214 0.579

Table 2: Statistical parameters of neural network-based model for RVP of FCC

gasoline prediction

RVP ( [FCC Contf. Int.
gasol 1e Records | Avg.Abs. | Max. Abs. RMS (95 %)

Training 96 0.05574 0.12725 0.06647 0.13121

Testing 77 0.05368 0.12725 0.06405 0.12691

Validation 19 0.06408 0.12203 0.0755 0.15875
where:

Avg. Abs. - average absolute error between targeted output and neural computing;
Max. Abs. - maximum absolute error between targeted output and neural computing;

RMS - root mean square error between targeted output and neural computing;

Conf. Interval - area within which estimated outcome appears in 95 % of the cases.
Figure 4: Results of soft sensor testing for RVP of FCC gasoline prediction
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Developed neural models of soft sensors were additionally validated using
experimental data from the data base of DCS system. Thus obtained results were
compared with the matching results obtained by laboratory analyses. The data were
taken from analyses performed in the course of November, 2005. Figure 5. shows a
comparison between experimental results obtained through laboratory analysis and
results obtained using soft sensor for estimating RVP value of stabilized FCC
gasoline. It may be observed that the model of the soft sensor follows well the trend
of RVP value change, but that there are also certain aberrations. These aberrations
may be explained by the less than perfect simulation model, as well as by the fact
that most available data from the laboratory analyses are in the area of about 50
kPa. The network therefore has better approximation properties precisely with these
values. Accordingly, Figure 6. shows a comparison for the soft sensor predicting the
content of Cg fraction in LPG. Most available data from laboratory analyses were
ranging around value 0, which is why it is understandable that the network is better
at approximating lower values of the Cs fraction content. Statistical parameters of
validating both models are showninTable 3.

Figure 5: Comparison of experimental and soft sensor-based results for RVP of FCC
gasoline
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Figure 6: Comparison of experimental and soft sensor-based results for pentane
fraction in LPG
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Table 3: Statistical parameters of model validation
Standard
Records Avg. Abs. | Max. Abs. RMS deviation
RVP 29 0,08 0,24 0,5660 0,1050
Cs 29 0,1 0,4 0,8396 0,1559

Conclusion

The paper develops models of soft sensors by applying neural networks. For the
purpose of estimating values that cannot be continuously measured in the process,
two models of soft sensors have been developed — the first for estimating the
content of Cs fraction in LPG, and the other for estimating RVP value of the
stabilized FCC gasoline.

The developed models have shown that neural network may be applied as an
«intelligent» sensor in the process, capable of reliably and quite accurately — based
on secondary measurements — estimating the value of the primary unit within a
process. The development of inferential sensors and their application do not require
any major investments, since the inferential sensor is realized as a software module
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within the computer, estimating — based on easily measured values and available
input values — the values of hardly measurable process values.

Constructed soft sensors may serve for further process research and optimization,
since — based on it — it is possible to develop methods of inferential control. These
control methods may relatively easily be incorporated into the system for automatic
process control even in cases when — as is the case here — the controlled variables
cannot be measured continuously. Also, there is the possibility of application on
other refinery processes as well, sharing similar problems.
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