APPLi cATi ONOF ABNORMAL EVENT DETECTI ON ( AED)
TECHNCOLOGY TO POLYMERS PROCESS BACKGROUND OF THE
WO DMENTI3EAN [ 0001] The present invention rel at eBCT/0S1008007019
operation of a Polymer Process with specific exanple
applied to a Pol ypropyl ene Process (PP). PP in this
exanpl e conprises of nine operation areas - the
catal yst preparation area (Cat Prep), reactors (RX),
recycle gas conpressors, recycle gas recovery system
the dryers, two granule areas-and two extruders
system |In particular, the present invention rel ates
Lo oepEy IC ATIONENABRORMRAS EVENTSBESHEIGRNIAED)
normal operati1on and automati C generati on of
noti fi cat i chECENOMOGY TEPEBIMERS RROCESSf t he
process. [0002] Pol ypropyl ene process (PP) is one of
BAUCKGROUNDOF TRIE 1eVENTdehy used processes for

pol ymeri zi ng propylene to produce pol ypropyl ene.

(0BE1 1P SFH 586 bR 3t AL B Ak Boces

with 8pécidlic eXankisle applied 6 %m&?brwfeﬁe PRORRS @P%.ni)p% this
etc. The PPis a very conplex and tightly integrated

exagypde eomiyigssiofiniee operationcarcas y the gatelyat ptépanation area (Cat
PrehEERETs GSRT RS R S ERPregictn. sy Sl tastetarery; witom, the
dry€p!, 6o @irsnulkiBedLarkBrd @mpaeisvgais%‘eah. ﬁﬁ{;é@ﬂéﬁl&r thEreE&nt

. _process enploys catalysts in the formof very }ine
inventien edlates ko determiiningcwhen sh¢ prowtss isdedating fformmrormal

Eck . te -lik ' £. The Lhick d
onel it b4 B AL RR) Rafbb S Rt B Ftei s e
pordbﬁfdfquéprd;&s@,un'p catalysts into the reactors, thus

makes the catal yst system prone to pluggi ng probl ens.

100 2F o B BlonTieie b AR b BFis ekt RIS e citant and widely
used proydssoeforgsdly iz ﬁrépﬁehéltcaﬁrd(ﬁﬁ‘étpm%@&lé&_ RX

..2) in series. In the reactors, en the nononers are
Polyprapyiengcis then Hsedas infeangdiate matenialy ie pooduging plastic

proﬁﬁ@tgtsiueﬂ a8 Ak %oﬁpeds, ngi%;ﬁ{k bottles, hospital gowns, diaper linings

etc. The PP is a very complex and tightly integrated system comprising of the

catalyst preparation unit, reactors, recycle gas compressors, recycle gas recovery
system, the dryer, granule systems and two extruders. Figure 23 shows a typical
PP layout. The PP process employs catalysts in the form of very fine particles
mixed with cold oil and grease to form a very thick and paste — like mixture.
The thick and paste-like property of the catalslst mixture makes it difficult to
pump catalysts into the reactors, thus makes the catalyst system prone to
plugging problems. The catalyst mixture and the fresh monomer feed
(Propylene or C3=) along with the co-monomer (Ethylene) are fed into two large
reactors (RX 1 & RX 2) in series. In the reactors, when the monomers are in
contact with the catalysts, a very exothermic reaction occurs and polymer
granules are formed in the reactor slurry. To remove the heat generated by the

reaction, cooling water is continuously pumped around the reactor jackets to



granules are fornmed in the reactor slurry. To renove

the heat generated by the reaction, cooling water is
wa@eowitmseus| y punped around t he reactor jacketBCT/US2007/007019

tomai ntain the reactor tenperature at a desired

target. In each of the first two reactors, there is a

bi g punp continuously circulating the polyner slurry

to prevent the formation of chunks. Depending on the

product grades, the PP has tﬁo di stinct reactor

configuration nodes - One cofifiiguration node utilizes

two reactors (RX 1& 2) in series, while the other node

maimtgin tirsreactdiiteshpeaattost { Rsifdd tRgseT [88adh bPtid Brst two
first two reactors. The polyner slurry exiting the

reactorss Biese issa pigrpeapi gansinuionskepisculating thépolymer shurry to

- [ d t,to th
praySnt SRCHFIRANF Gl RGeS 88,7 Procust drodes, thePP has
two distinet seactbecholi %ﬁggﬁoﬁ TAGH¢LS ORIt ThuriiSh Hlﬁiedﬁcfy}?ies two

system where any Tast trace of nononmers is renove
reagfprs (Rac é &12)dasarigstwhide thivether snedemuitesiapthérd readtor (RX

ied off. The dr ol ymer granyl es ,
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pumiptd intddihici separaao Wwhere vrRrddtfed Worforhéd3RE SerhBVed and sent to
pell etization. The polynmer pellets are then sent the

thedpgpamer sgeq ey systed before seeycbimg ackt ierthe[ro@aais. (ke

| i i f the PP, ab |
pol e Ao A REIL GG GAE e Pt Pl pomers
is realsed, hiiptracanRatA) Atresidacs & iehm RHPPLE ARAINE M Rlles are

é(?u%f ﬂant shut downs. These operations can have
drigd gkt r Thadry pabenet greaules@aveseat tonibiei granulemy steam gvhage they

e R R PLSHSEL R R SR RAARETERE e

polopeirgiediets srettheh dent thestérage G9been of td e RARYARY stem.
situation and execute con‘pensat ory or corr ective

10083} ; 2ntDkE 18 b FEb BR[O Bl il tprbreL peocess

opetatibntan padilycRisult fBorh Oy aEuR bt ahded 1BAY &hit edcBite to serious
rocess _in response to mnor process disturbances, to

PmBLﬂf?S 8nd syRRaSapsoRkass shtdemnsnfihese Dperations can dave significant

v ; .at | . and tq use automatic.
S e Ty SRS Bhi BlReinB oo Bl OB ctpment
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consQl e
operator ?s to identify the cause of the abnormal situation and execute

compensatory or corrective actions in a timely and efficient manner.

[0004] The current commercial practice is to use advanced process control
applications to automatically adjust the process in response to minor process
disturbances, to rely on human process intervention for moderate to severe
abnormal operations, and to use automatic emergency process shutdown systems
for very severe abnormal operations. The normal practice to notify the console
operator of the start of an abnormal process operation is through process alarms.
These alarms are triggered when key process measurements (temperatures,

pressures, flows, levels and compositions) violate predefined static set of



operator of the start of an abnormal process operation
is through process alarns. These alarns are triggered
wok@n/ 1630 pr ocess neasurenments (tenperatures, PCT/US2007/007019
pressures, flows, |evels and conpositions) violate
predefined static set ofoperating ranges. This
notification technology is difficult to provide tinely
alarms whil e keeping |ow fal se positive rate when the
key nmeasurenents are correl at ed for conplicated
processes such as PP. [0005]3 There are nore than 450
key process measurements, which cover the operation of
opé%aﬁﬁ@k esPThidREficitisn fé‘&ﬂﬁ@ it £ nﬁfm@e tlmel
Conttol System (DCS) system 't oper at or st surve
alarh$ svhlleskeapﬁng émwcfah;eqmsxtutesratte svicks, the keyaneaduremenist dre
kno of normal PP gperation, and use
corfﬁl§9"ﬁet?)r§9mﬂ prasessrssuch@sdit-enti al probl ens. Due
to the very Iarge nunber of sensors in an operating
[00P5] abribherelare imeredhanMéOEkHy pnoeemﬁiehyumshmﬂ whichltover the

t he cu rent (ggrmnl toring technol o the only
oDy At BAYBISALER: iRes e pomva inab BUFRILSHEh Sonfre! Syitem
(DESPs ez Sp&riiingl otvOARRL 180 of Uen R LHN M Bnds,

edach sensor It vi o ates predeterm ned
compare|thenpewithad meanmmmmpdgc of sosmahPRopich®idip, antlmse his/her

skl PR R gk el st argblesss ipde By eivs lpgeemimber gf gensors
in dH épaatifigPTe aBhehaRied Bsn BEGRANYre eggflg}nm@gedp Wh @ﬁggamm

nore effectlve notification to the operator
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sen?@@ﬂﬁbﬂ‘?f‘%ol&t’% tpP&héfE@ﬁm@B‘lﬁijﬁ§ r]!rtr)xsﬂﬁr %é/ legﬂte'c%mplex process

rocess. I n another preferre
sucgcasybe &, thisrtype of niotifimatioh yecleptlyreliontaionyssrio pfka cemes in

t0oBR5T o RBASERI G50 S ANSLFERER S e RESlerms AFSEAout
inv¥hiidh ERQ\?HE th%ff&tw}gétﬁ?éﬁﬁ)m% i-&dr O BRPS.,

nat ur e PP due to requent changes I n

]t]w to grade switches, and
%ﬁgﬂ Tanges B:ﬁi‘fj[.'td.g\lreact or configuration to

produce different product
[0006] The present invention is a method and system for detecting an

abnormal event for the polymer process unit. In a preferred embodiment, the
polymer process is a polyolefin process. In another preferred embodiment, the
polyolefin process is a polyethylene or polypropylene process or a combination
thereof. It utilizes the existing Abnormal Event Detection (AED) technology but
with modifications to handle the complicated dynamic nature of the PP due to
the frequent changes in operating conditions due to grade switches, and
sometimes changes in the reactor configuration to produce different product
grades. The modifications include the development of models for different
product grades, the mechanism to detect the onset of product grade switching
state, the notification suppression during the grade transitional duration, and the

automatic switching of models presented to the operator based on changes in the



grades. The nodifications include the devel opnment of
nodel s for different product grades, the nmechanismto
waledogavosehe onset of product grade switchi ng sPer/@s2007@7019
notification suppression during the grade transitional
duration, and the automatic switching of nodels
presented to the operator based on changes in
t heoperati ng nodes, and reactor configurations. The
automatic switching of the npdels is in-apparent to
the operators as they still-4itilize the same oper at or
interfaces. The PP AED application includes a nunber
opeRtihd fHYdés| ﬁﬁ&%ﬁ&dc&m@&ﬁoﬂi.ocﬁﬁesaﬁﬁiﬂaiic S clﬁﬁ%'%ﬂqhe
conpares the current opefation to various nodels 0
modelsisin-epparent tntieooperators as ¢hedstilhiutidize Ithe simme operator
. di.fferepce,he en the operatipn of the upjt .and the
intqifioes “DREPBUABTS e estainaindes dorwaber Shitet b piearaged
dyrRinfie $r8caBivnitst T8 rﬁ@@m@la&ﬁﬁg_ ks e cAMeRr Sfdrafion ) gbﬂﬂus
. is determned and relevant i'nformation 1s presente
modé¢lsiodinemiay operation fipdhatovered urdtse Ifthe diffféreace between the
action BRI.EF CRI PTI O .THE W NGS [ 0007 e
opeBilgT BF eiRifanld0F AR hPRTTRHORRTICASSHAA AHqTiAl condition in
a protesLimit, eh thE cabdtof iR ARorRIAE chbh@RRNOS Wtdiiifed and
nodel cal cul ations, fuzzy Petri nets and consolidation
relgvantinfpupation & praseateyd dfficiantiyhiocthei opdiratar és takeecorrective
actnormality/ abnormality of the process areas. [0008]
¥ ure 2 shows a valve flow plot to the operator as a
sinmple x-y plot. [0009] Figure 3 shows
REBEF 22850 RARTIGMNOF EHIMBDRAWINGSessed as a PCA nodel .
[0010] Figure 4 shows a schematic diagram of a fuzzy
[000%f Wor KFig8fdIP sho R hllw B DiHTBriRaGHR IS tie SHINSSRYdtém flows
di agram of the overall process for devel oping an
arippe frangprmationse moded @aRjul#ions; fugzysPetnisnets and

cor SN & 8504140 by A BonBhlRC R P

abnbh®aBiladPhe Hrocadss areas.

[0008] Figure 2 shows a valve flow plot to the operator as a simple x-y plot.

[0009] Figure 3 shows three-dimensional redundancy expressed as a PCA

model.
[0010] Figure 4 shows a schematic diagram of a fuzzy network setup.

[0011] Figure 5 shows a schematic diagram of the overall process for

developing an abnormal event application.

[0012] Figure 6 shows a schematic diagram of the anatomy of a process

control cascade.

[0013] Figure 7 shows a schematic diagram of the anatomy of a

multivariable constraint controller, MVCC.

[0014] Figure 8 shows a schematic diagram of the on-line inferential

estimate of current quality.



mul tivariable constraint controller, MV/CC [0014]
Figure 8 shows a schematic diagramof the on-1line
WO pdoenegsto al estimate of current quality. (0015PCHUSL0B007019
9 shows the KPI analysis of historical data. [0016]
Fi gure 10 shows a diagram of signal to noise ratio.
[0017] Figure 11 shows how t he process dynam cs can
di srupt the correlation between the current val ues of
two neasurenents. [0018] Figure 12 shows the
probability distribution of ®ptocess data. [0019]
Figure 13 shows illustration of the press statistic.
[00&9P20] HE0td ¢ sREwS RVK P INghAlYSs OF BRistiesadatgner gy
ance nodel. [0021] Figure 15 shows a typica
etch..of F Val v Posi t i nd Delta.Pressure
10036 o' viFiBuee, L6 MhonfR sePinbirib of Snel B noBgaRE! on
] Figure 16 shows a type 4 fuzzy discrimnator.
IOOF@bzs] Higare bl showh s the progesedgnamics|oas disrupsthe
002 re 18, sho a schematic di agram of
°°“c°2 ?%}8 RS E]ptp tlvgblfec? Vﬁ@'&%’]ﬁa\“—fr H’reé‘t 9 shows a
schematic diagram of event suppression |o [ 0026]
[00t8hur e E!B“%b%@hﬂ‘(é the probapility distribivion ¢ prqsqesedetm
suppression. [0027] Figure 2 1 shows the event

[00$9ppr eFEipoare B chdhe inparaicd oSthesessitatisgésabl i ng
predefl ned sets of inputs in the PCA nodel. [0028]

0oFhE e 3 PR S RS S oSO
Enqure 23 shows the Si I|f|ed schematic | ayout of
[00%H [ 0odugurs b shows adhBveal shetchpi Eop:, Vrlypi é&sltéﬁnszﬂnld Delta

Pre%__ﬁge Q5 ﬁﬂ'tﬂ@nbﬁggé?garof{ s&ﬁt glra { |non [ 0031]

ure shomg t u:zy gglc I coPtlnuous
t t Cat t P
0o3#h! S%I'nyqié V58 Tpe Ais mc%a%{?@m?ggl glgre 26
[00Z307°, ATEWA £ Wiofs ity vl v a et o0 '

or it rmnl tors.
[00%5) m%llgurye 18 shows a schematic diagram of operator suppression logic.

[0025] Figure 19 shows a schematic diagram of event suppression logic.
[0026] Figure 20 shows the setting of the duration of event suppression.

[0027] Figure 21 shows the event suppression and the operator suppression

disabling predefined sets of inputs in the PCA model.

[0028] Figure 22 shows how design objectives are expressed in the primary

interfaces used by the operator
[0029] Figure 23 shows the simplified schematic layout of a PP

[0030] Figure 24 shows the operator display of all the problem monitors for
the PP operation.

[0031] Figure 25 shows the fuzzy-logic based continuous abnormality
indicator for the Catalyst Plugging problem in the Poly8 Operation Area.



[0033] Figure 27 shows that conplete drill down for

the Catal yst Plugging problemin the Poly8 Operation
wa@e@a/1ed3ong Wi th the supporting evidences. [ 00Bd&i/US2007/007019

Figure 28 shows the drill down for the Catalyst

Pl ugging problemin the Poly 8 Cat Area with [ ocation

of problem area. [0035] Figure 29 shows the fuzzy

| ogic network for detection of the Catal yst Plugging

problemin the Poly8 Cat Area. [0036] Figure 30 shows

Fuzzy Logi c Network couple wWth rules devel oped for

automatic switching of PCA nodels underlying Poly 8
[00gr at i FEthr@Q%@hoﬁlr@AE@) dlerflOrthe lMaliiE P}‘u%giﬂg‘i) oblem in

Net wor k devel oped for automatic detection of ¢ aée
bothjhe dindy &Qnerations and ithey Poty €9t Areanbioimalily monibion

[0038] Figure 32 shows A Pareto Chart displaying the
00333i duaFsaeé 27Nt odvihat t8 r ) -
[ ﬂtgﬁz Cat alsglgt Pl uggi ng Pr o%l em ?gﬁ??gﬁtﬁg%@éﬁﬂ%?luggmg
proprem[igdBo P oty & (insradon Aaes alang withtthe snppasinfeevitiaeces.

tags in Figure 32. It shows the tag val ues and al so

[00343 nodBiguRe 28i shovdthe drlPABlvnHfdiuhe C%‘ﬂal?ﬁ‘lq\*ﬁngr%ﬁ%e?goblem in

pareto chart ranking the deviating valve flow
the[ Rl 81Cati Anpacvih laeation efiproblammres. for a val ve flow

nodel - val ve opening versus the flow [0042] Figure

[0035] s hovBigure 2@rshlolwstbertuley 1dgdie neanbrofdraletéRivd 6f the
and Sensor validation checks. £0043] Fi gure 37 shows

CatabystiRluggingyoblerainghaPebi8 CabAgemtrol | er monitors

and Sensor validation checks.[0044] Figure 38 shows

[00366¢ dri Figudedn shotwstinezAyelusgistierwaritaloupld 08dDiuléd 86¥doped
39 shows the fuzzy logic for the heurij sg)i c nodel s

for[a@m?tlﬁismwm&ogﬁ% mpdels yadenlyngnBaly 8 Omration Net .
[0047] Figure 4 1 shows an exanpl e of val ve out of

[003@ht r ol Fizire 31 ahgevs the Fuzzy Logic Network developed for automatic

detection of grade switches and for setting process transitional duration

[0038] Figure 32 shows A Pareto Chart displaying the residuals of the
deviating sensors corresponding to the Catalyst Plugging Problem highlighted in
Figure 27. '

[0039] Figure 33 shows the multi-trends for the tags in Figure 32. It shows

the tag values and also the model predictions.

[0040] Figure 34 shows the pareto chart ranking the deviating valve flow

models

[0041] Figure 35 shows the X-Y plot for a valve flow model - valve

opening versus the flow.

[0042] Figure 36 shows the drill down for the controller monitors and

Sensor validation checks.

{0043] Figure 37 shows the fuzzy logic network for the controlier monitors

and Sensor validation checks.



[0048] Figure 42 shows a standard statistical program
whi ch plots the anobunt of variation nodel ed by each
warocasseve PC. [ 0049] Figure 43 shows the EvePtT/US2007/007019

Suppression display. [0050] Figure 44 shows the AED

Event Feedback Form DETAI LED DESCRI PTI ON OF THE
PREFERRED EMBODI MENTS [ 0051] The present invention is

a method to provide early notification of abnornal
conditions in sections of the PP to the operator using

a nodified Abnornmal Event Ddtéection (AED) technol ogy.

The nodifications include the devel opnent of different

[oom_de' S ﬁlgﬁred?,é Eﬁ&@@&h@&ﬁﬁt&lwﬂ Fao@% habtichfodelsomat i ¢

tching of nodels presented to the operator based on

anges._.in t des a
[0043)nt i g rlgweo%@ Sﬁg’\’(é?}t%‘?/\ﬁ%@gﬂﬂél o?or?‘ﬁsilﬁs f% magdels
i n-apparent to the operators as they still ut|I|ze t he
[004Gle oddgato40 ishowsfaaalye Finw Monik ByrgyiNet i on
i ncl udes a nunber of highly integrated dynam c process

[0047] tS. FiBard Bl RRGwS %Wa%ﬁal& R valve 86t oPEsHtasliable kange.
var i ous nmodel s of nor nal operatl on for the covered

[Oﬂyﬁ '#dfgpi:]egﬁﬁ (ﬂmf [§" esgg?%qr %91&5{1%0%3{512% ?)flotlgllﬁe

am&Edi v htich ModeRESBeabt ducckbdne P® cause of t he
abnorrral condition is determ ned and rel evant

Jion i e operator
. [00{1§ t ake" ESF§ égts?‘vg’%%ﬂ% i%g'r‘?gt Et“ﬁ« % 4i8 ﬁp Fast to
al arm ng techni gues that_are sna shot based and
[005Pbvi deFignrg 44shomwsdhe AR Ewantdicedbask FREPhod uses
fuzzy logic to conbine multiple supportlve evi dences

DETARED MBS ORTPTIONOKOHE PRIEFERREINEMBOIDIMAENTS
probl em and estimates its probability in real-tine.

[0050] S _PrPREBELILY irveoRRSE A AARdRGHBLIAGHTy SbHiBhtiPor

opera us renmovi ng any chattering associ at ed
abnrirl tbaditivnsdntsesiiogs ef trBPito thaoperatpriaing aonddified

nmet hods. The operator _is prov ded th et.of to
AbppmalEyens @emlepéw)egep alagn EhrmedifiFatigisnghic the

r
e Tpad of QPR ndBLRk Sttt pRGHRATAMS, AR Hbtomatic
stﬁlhg&ﬁ\mBQEQ presetited) tothet dperatordrased on changes in the operating

modes, and reactor configurations. The switching of the models is in-apparent to

the operators as they still utilize the same operator interfaces. The PP AED
application includes a number of highly integrated dynamic process units. The
method compares the current operation to various models of normal operation
for the covered units. If the difference between the operation of the unit and the)
normal operation indicates an abnormal condition in a process unit, then the
cause of the abnormal condition is determined and relevant information is

presented efficiently to the operator to take corrective actions.

[0052] In contrast to alarming techniques that are snapshot based and
provide only an on/off indication, this method uses fuzzy logic to combine
multiple supportive evidences of abnormalities that contribute to an operational

problem and estimates its probability in real-time. This probability is presented



operation that can be mnutes to hours earlier than
the conventional alarmsystem This early notification
wo e403/1094320 oper at or make i nforned deci si on and Pek®ES2007/007019
corrective action to avert any escal ation or m shaps.
This met hod has been successfully applied to the PP
As an exanple, Figure 27 shows the conplete drill down
for the Catal yst Plugging problemin the Poly8
Qperation area (the details_of the subproblens are
described later). [0053] Th& -PP AED appl i cati on uses
di verse sources of specific operational know edge to
as a %gggb Gus £ ?gd Bltopdrtbr Rh b RS inBQIROstRftter iNpPd b Liated
, correlation-based engi neering nodels such as .
withvitle\t@irfd e wingld &bﬁscﬁﬁ&h@mirﬂgehas'edtdrdoigﬁjdeﬂs)d(sHWIIG @perator is
specific "operating rules-of-thunb" caollected .f
prowided Wiltha sgt ebigols Hat aflexy C%fPBPeéB RYstigabgn agd gl down to
| ' MR irodci2Rbs Begsor
the %ﬁé}ig%ééggg p%ﬁfétc%ﬁﬂ Tq(’{l\ﬁtﬁ %&?r%égﬁno rl\/ﬁr ?Easlt %f/ﬁa.nt sensors
deniodnseawid tohfarnish thé operatyr Withi advaeces vesninghpEthe gbnprmal

| ogi c_networ k aggregates the .evidence and indi
opernibAb PR IS COMEER o Far e e s Sty etiosS bfidm
ernaf. . r I Hédisi d tak
oy 1959y BRI 350 HERG yalerntbmaus ion and ke

corfREaVE detion e agkrtl mpoescalutiohar mishappeFhisonethedthagdeen
conmpensat ory. or tive actio to Q

s RO L SR S e Yk it

arit FQEWR 16} fhe PLBAVLCRIBLIIRbRh A thE Poas®Opefatiimated (the
sensor alarmng”from system "Very often the
detAlsosMheaubprotletrmoareatesciibed tdter)operator to nitigate
an operational problemdue to the conplicated, fast
am crpappr i@tioflsks Biversé soiirees ofsgedifieasperational
[00?%1; operat%’?,&]c?;ﬁn?ﬁgiilér%%l hi r?i her .;nd thug hi ngeri ngﬂ)
knovaelige t¢ bembinel imdjcationsefporRen¢ipebComprnanp Analysis {PCA),
di.vided into equi pnent gr.ou r rr tQ
correlation-basgd spgmEsHES ROdHR Fﬁ?sl? é%Sﬁta %%@??%ﬁ%‘?‘?e‘ﬁﬁé‘“

heu‘gﬁ,ﬁfgﬂgﬁélsq or BP¥cibie "dp fa@ﬁl%{rkﬁééﬁbf—@hﬁrf@r eblledted from

epending on its design. rocedure for
expefienséd gperutorsnthat agramstrueteddn thadhzaelagie setwerk, Controller

MoFIJx_rit(())%i%sgsanliinISE:x?so?'fcct>rr1]s(?s‘c§xF1)c§J Chbck fCR/f)StCor & %ot RerePRA Wi¥ors

through the use of fuzzy logic networks. This fuzzy logic network aggregates

the evidence and indicates the combined confidence level of a potential problem.
Therefore, the network can detect a problem with higher confidence at its initial
developing stages and provide crucial lead-time for the operator to take
compensatory or corrective actions to avoid serious incidents. This is a key
advantage over the present commercial practice of monitoring PP based on
single sensor alarming from a DCS system. Very often the alarm comes in too
late for the operator to mitigate an operational problem due to the complicated,
fast dynamic nature of PP or multiple alarms could flood the operator, confusing

him/her and thus hindering rather than aiding in response.



[0055] In the preferred enbodi nent, the present
i nvention divides the Pol ypropylene Unit (PP)

we@p@ravizen i nto the foll owi ng overall nonitorsPAT/US2007/007019
Overal |l Polymerization Operation (Poly8 Cperation) 2.
Overall Dryers Operation (Dryer8 Operation) 3. Overall
Extruder 1 Qperation (EX801 Operation) 4. Overall
Extruder 1 Operation (EX831 Qperation) and these
speci al concern nmonitors 1. Flow Control Valve
Moni toring (Poly8 Control VAl-ves) 2. Catalyst Area
Alerts (Poly8 Cat Area Alerts) 3. Sensor Checks (Poly8

[ooﬁqnsor DheP §ﬁﬁ%9rdl@a%ahﬁto( cgg ﬁgg?iurﬁs) (réferfedl th 25 key

Ganul es Area Alerts Alerts
functioniad heetipns G!rqaerAtlenaBe{cﬁﬁﬁss)} ’Ehmecacpnpiﬂentrgmup}srmay be

carr checking! t.o .det any
diffeRept Ko %ﬁfqr%n&olﬁé S depr ngheroi its Aesiga: ddirpracerurefor
choaémg lfﬁ ieh3RemkiespE QL gﬂﬂac%y'éx i 8¢ BYEP pnit is
esvvlt po en |a yserlous concer ns and consi st
desdrimesimdApperedix F.or early detection. In addition to all
these nonitors the application provides for several

[oosuslact | ¢Rlhd ?féfén%a%@n@csdl}ﬂm ahdgatidnd lm&hwp@m&és' 08

notifications generated fromnormal/routine
Polmxepatqmﬂémt EVEN ppemtmneilnmrtheafqlhuwmg dairald nporsitdrsves
due to special cause operations. A Operator Interface

[ 0057] 1Theverar PbemHﬁ%tldd"O?Eﬁﬁﬁﬁl QP%)I?S @ﬁérhﬁ@h)
component of the sSystemas i prow des” t he operat or

W th a,bi e Vi of .th e e.display is
i nt endgd {Jge@ql@?fy?rg PEPBiDD @Pef% | ew of PP
operations and indicate the probability of any
devel opi ngvarbErtuder eOpefaBssEXIQL Qpezati ehbvvs t he
operator interface for the system A detailed
4. Overall Extruder] Operation (EX831 Operation)
and these special concern monitors
1. Flow Control Valve Monitoring (Poly8 Control Valves)
2. Catalyst Area Alerts (Poly8 Cat Area Alerts)
3. Sensor Checks (Poly8 Sensors)
4. Sensor Checks (Poly4 Sensors)
5. 831 Granules Area Alerts
6. 801 Granules Area Alerts
7. Finishing 4 Area Alerts

[0056] The overall monitors carry out "gross model checking" to detect any
deviation in the overall operation and cover a large number of sensors. The
special concern monitors cover areas with potentially serious concerns and
consist of focused models for early detection. In addition to all these monitors

the application provides for several practical tools such as those dealing with



description on operator interface design
considerations is provided in subsection rV "Qperator
WO paoenessté on & I nterface Design” under secti onPCT/US2007/007019
" Depl oyi ng PCA nodel s and Sinpl e Engi neering Mdels
for AED' in Appendix 1 section IV, under The interface
consists of the abnormality nonitors nentioned above.
This was devel oped to represent the list of inportant
abnormal indications in each operation area. Conparing
nmodel results with the stat&0of key sensors generates
abnormal indications. Fuzzy logic is used to aggregate
sup PRI SRR Perk oSl B Rl BpORMRmal e
andrddimidatioperfdbiserpasitieecdus s sparig] canse epetatiped. a f uzzy
| ogic network to take the input from sensors and nodel

A. rgﬂ'gg;l%,shﬁgr@égl uate the probability of a problem
Tgu Shows the probability for the Catal yst

1008 B} o AP PR 55 G r R bt AGTICBLGMRPDROR Gt sygtem as it
pro¥idediBe 3@61%@06"@1@1@5&3@96 bt th@lr%lggti(:ﬁ%g ng?ﬁ%?g% i$

seen in both the Poly 8 eration a
inteaided towlive thenoperatirsy qEichwver#igwsobRB dpeeatterspdrat mdicate the

rill dawn of the.catalyst pl.uggi ng problemin the
ng%‘?@'@’ eggpg?ﬂegﬁpoggggag,&%m@u?% shows the conplete

drill down of the catalyst plugging problemin the
[0088] y8 Ghgurs 24 showntthé ppamptohinténfaca farthofsystem. pA dgtailed

Fi. 29 sh .the.f . 1 ogi c. net k.with.the .
desprHHOR R RERTIR JUHEERCE Cop e A AP BN D GeTpepetion
IV tOpéeit6r MtdRctibh & TARK AR THE Y ulicrl RRtiGAI P plbying PCA

Pl uggi ng Problemin the Polyd Cat Area. The estimated
mogels padi Simpjle &nganeexing Madeds fiati AEDY' insAphendixt los¢dtion IV,

at.i teamin.a nti,nuous.,trend .to i ndicate, the .
undgP TR infeacthns el BiF Ay Finit g Benoned sbve. This
wasgﬁé’x@&ﬁpﬁtf@t(pﬁ?ﬁé‘ééhﬁ tife RE0Of frhFeintaMbHRRNAY EhdiCat¥Sis Meach

overvi'ew of fthe health of the process than having to

opeeatéark ateine Comparing asiet hessidts swith ithelstatciofkey seiore generates
L N SR MO ST A —
cvaRiREG MECTATPINICESE bt A B BTLoaR g o
the nbemp} obérationrudi cashsection e ylevElopetaafuzizdpgimmttivoek to take
the input from sensors and model residuals to evaluate the probability of a
problem. Figure 25 shows the probability for the Catalyst Plugging problem in
the Poly8 Cat area using the corresponding fuzzy logic network shown in Figure
29. Figure 26 shows that the Catalyst Plugging Problem is seen in both the Poly
8 Operation and Poly8 Cat Area abnormality monitors. Figure 27 shows the
complete drill down of the catalyst plugging problem in the Poly8 Operation
Area. Figure 28 shows the complete drill down of the catalyst plugging problem
in the Poly8 Cat Area identifying the location of the plug. Figure 29 shows the
fuzzy logic network with the green nodes indicating the subproblems that
combine together to determine the final certainty of the Catalyst Plugging
Problem in the Poly8 Cat Area. The estimated probability of an abnormal



indicator turns red (alert) when the probability
reaches 0.9. [0059] This invention conprises five
w@rimaopke Conponent Anal ysis (PCA) nodel s to BPOWER20011@7019
areas of Cat. Prep., the Reactors including two Loop
Reactors (RX 1& 2) and a Gas Phase Reactor (RX 3), the
Mononmer Gas Recycle System Recycle Gas Conpressor,
the dryers, the granule areas and two extruders system
i ncluding Extruders 801 area, and Extrusion EX831
area. The coverage of the PdA nodel s was det er ni ned
based on the interactions of the different processing
condiibg iRskbWwh%o @P@@b&aﬂﬁg%ﬁﬁﬁﬂ @P&tﬂﬁlﬁ?%&{(ﬁt& i the
this into account.” Sincé there 1s signiticant
conditien'a progressiontaseshGatn inFFizure 2be Reagivesstheapdrator a
. Mononer Gas Recycle system and, th ecycl e Gas .
SigP I BPEGBE e R B A eey (Ui MEalh o1 g PRassss thahaving
to chRelk ¥nERERAS bPBach SIR6E ifdivivtRL Wgﬂesi‘nﬁﬂmarﬁgﬁfi ivad the
conditions using two reactor configuration nodés To
opapatod (peacdt-éfavindit- dueddiitt exyeasios covoengep dhantsisid thiseing any

reactors jn_seri.es, anpd the ofher node_using three
evenL 3tk timBoten SCeltiie 6an p15a ke bt a nprglifaiastesior pken the

progﬁcﬂﬁiﬁ rEQcHE%riﬁB,etlh!é :?géﬁle&ﬂ‘%dfe%ﬁ‘ 'tullfﬁ‘é\%‘}fm (ggﬁ/ﬂgé’fgnd the

. nodel is on- at atinme to un
indQatortuironied (alerthivhen dse prébatulityt mgichen@9aor k i s used
to automatically switch the online PCA nodel to the

[0039PT OPI TREsSNUBMEbn chindbises ﬁgemgrer@ofr%ﬁﬁn{ Rglhfysisf (PCA)

networ k designed to autonatically detect "the onset” o
models tewioven thmaregsvof €lat.tPrepqrihe Reae®is imdeldingnites Lioog

Rodsipb GRT & i Sontbes aleaciey (65 A Mipemmer ces

Recydld 8k8RnREAIIO Bas Cdiaptaubt, iha @?}é{)ﬂg{ 12-)3 %gﬂl%;%g%ssand two

repreSent thetwo extrusion areas
ex saisystem inghulinE¥xerutleGp80 hiarem 'andIExtaddon 53683 I areine The

covfasto it Aumelefiaras deiemitabaned oty Bupehans of the
difi%i/éﬁttp?océ':fé?n%ﬁhﬁ@ hhd thd &d&l@ﬁé@évéﬁ@ppﬁéggkﬁ% &% (&)Axaé this

. on so that the operator has sufficient
intcaaecound ) Sddcdthder ismigmidicanp antetdction, intthe GapePapothe Reactors,

and KRGS GY RorveRuvels ehdtheBseels DRt Comie on thpag arcas

are combined to represent the “Poly8 Operation”. Since PP has two distinct

operating conditions using two reactor configuration modes to produce different
product grades — one mode using two reactors in series, and the other mode
using three reactors in series, it is necessary to have two PCA models to handle
those two modes. However, only one PCA model is on-line at a time to underlie
Poly8 Operation”. In this case, fuzzy logic network is used to automatically
switch the online PCA model to the appropriate model. Figure 30 shows the
fuzzy logic network designed to automatically detect the onset of the switch and
switch the online PCA model underling Poly8 Operation. The third PCA model
combines the dryers, and the granule areas to represent the “Dryers8 Operation”.
The fourth and fifth PCA _models represent the two extrusion areas labeled as
“EX801 Operation”, and “EX831 Operation”. In addition, there are a number



hi gh residuals in sonme sensors in the PCA nodel s.
Since such notifications are redundant and do not give
woew7itof3e00 mat i on, this invention has nmechani snP@LIUE100T007019
to detect their onset and suppress the notifications.
As part of PP routine operations, product grade
sw tches are done very frequently, which nake PP a
very fast dynam c process. There are grade switches
within a product grade famly (called flying
grade-switch) that do not téduire changes in reactor
configuration). In this case, operators can nmake | arge
[ favarcal : dUa .
of JEE N CPhePIARBRRL AT By HAUAIRAUS, Ha sould exoglate into
seribus iengntshd@ herabhjeétiveoisad detait ¢he postdeasnamhysomisd ithat the
experience. hi gh resjdual s and therefore depict
Opeé%tr%B&’ﬂﬁlsuf%ﬂﬁﬂY *eéﬁ?.mq“ﬁéa%txi sting AED notification -
" suppressi on nmechani sm coul d not handl e the grade
[0060] t che¥Indenchorinal eperatiomsdhkiapetaton exeeutes sevteal Owtine
nodi fications i nchude mechani smto detect fhe onset of

actigny SUER a8 fPeL FALS thaREes, SCIPPHFINOXG thaf copld rodnge short-lived

high E‘@iﬂﬁuﬂé’; ihGBnsd ?érﬁgfssintﬂﬁ%@éﬁtrﬁgﬁglsp§irfc%.rsu%h‘ri]§{tﬁ?éaﬁons are

period of tine to depict a process transitlo
redundarttiand ddoot giyetiwav infansiativontiis dweattiomrhasthechanism built-

in 1 el PR £OSG TS HHRGERh e ISRt aions. s Pathn B foptine
opeRhtfoiss pr@&uétfg%d@E@i@ha&,@wd&y@oszoﬁe%&%% ibh Hake PP a
h and cl 0se tch of the

changes, a are al ready keepi ng
verpiastidymansc pracessndllidne ate grasietsvaitchiesowithin @ prodiicDgrade

ST R T oS Rl B S i ™
configurdti G, | PNthidb4Hel 8pdhitid QWA rBQPfe F&ilgg geti)‘éﬁy%ﬂ?ﬁ&w{ some
I n of grade swt

ogi cs for automatic detectio ches~an
keyfprodyet-fhalityt ¢rnttaltars ke steanthelPP a6 iaarew Bperationr statel Iduring

rodyct grade switches requiring ch S in reactor
the BRIl YRGS TRRE FOLerBr RN envels et ihsrefore
depi@R D ndbshay bSﬁdi‘(ﬁ:ﬁﬁ?‘)I’heTJidiﬁfﬂE)ngD %Eff%ﬁigﬁ -tsjﬁ‘gpiééggion
notification suppression also handles the suppression
medhpmisrhicoubdi set haddie thd geadepavathes, aadithéreforednodifamations

werg BAGRE cONbRORl R ASORC ey BF P o R Ba onteiet o grade
switdhPAdF §dt LErARICQUWAIRA stdlE. TBRIHhAE sWildh Hhlelik 1MW atched on
capability to further 1 nvestigate
for a certain period of time to depict a process transitional duration. During the
transitional duration, the notifications are suppressed using the existing
mechanism to avoid .flooding operators with nuisance alerts, as they are already
aware of the condition changes, and are already keeping a close watch of the PP.
However, during the transitional duration, AED continues to update PCA model
parameters, and once the PP reaches its new steady state, AED resumes its
notification. Figure 31 shows the added fuzzy network logics for automatic
detection of grade switches and for setting the transitional duration. There are
also product grade switches requiring changes in reactor configuration (from two
reactor mode to three reactor mode and vice versa). This modification of the

AED notification suppression also handles the suppression for this case.



the problemby viewwing a list of prioritized

subprobl ens. This novel nethod provides the operator
wowdoh/1a3ed | down capabilities to the subprobl eP€T/UTI0F007019

enabl es operators to narrow down the search for the

root cause, and assists themin isolating and

di agnosi ng the root cause of the condition so that

conpensatory or corrective actions can be taken sooner

than |l ater. As previously shown in Figure 27, a pareto

chart indicating the residudfs of the deviating

sensors sorted by their deviations is displayed when

r at i : i : \

100SRE" 24 TS bk 5yt &4 ARpLERok BbLh fipNGn e
wapeng tmangles thad ghange kolpriftemexttemsé vellpwt andttenast. The

i,nfarmation to the operator, The sequence of . .
apRlitaB R PapYiges e PReter wibidrl Souar Cimbiise: o fesiber investigate
e3R89 O Q1STor PREKSL Ao RTcAL! TS et methd
provideshbe operator wiithedril akbvarc tapabikities tetheondpirebleps: Thiy

n nmake i nformed deci sions abpuyt course of action.,

enablis ARET oY b BREPPLISYD HhY SeaTGh DT BII0f pats,ugPsaists them
in i50/tingandNaGhSHAL OIS Lable Bf BY ERANBAIso P ompensatory

clicking on an i ndividual bar, a custom plot show nhg
or qdreectivg actions casheutakem dedngrrthan ¢tatenn Asqrrevivashesteovn in

L eated. The oqperaj.or can a | gok gt trends of
Figlife, b1 Eisie Ghar hgientins Herssadeats of G fpviehiBRacosamsorted
by filir dREARGESIs cﬁh?ﬁg@d% afdi€ clibR !?)%Sth%fregliﬁat‘{@eé‘?o drill

and nodel predictions of the sensors in the Paret

dowetn & theofubprgbleens32. Fi gure 34 shows the sane concept,
this tinme applied to the ranking of valve-flow nodels

[006XFM baseshRlicdidn MRS ?éﬁg{cﬁ%agqggggéc}g gﬁitétek%sively to

error. Clicking on the bar in nerates an
preseny infoamagiongbdhe tdparateh e $dupieane of presepeatidr i3rin decreasing

N e N S
concl@Aed! &F tBePoB&S:s Rirr SPES HBvNBRE FBWR E(éa‘i\ﬁ;éﬁl/lké%{&rg so the

usi ng engi neéring relationships such as t
consalsoeperator ican malee irdoimgd decisignst dtowd epsove afwation. Figure 32

e bV R, LB s s b i parcc-
chart. Upon clicking on an individual bar, a custom plot showing the tag trend
versus model prediction for the sensor is created. The operator can also look at
trends of problem sensors together using the "multi-trend view". For instance,
Figure 33 shows the trends of the value and model predictions of the sensors in
the Pareto chart of Figure 32. Figure 34 shows the same concept, this time
applied to the ranking of valve-flow models (VFM) based on the normalized-
projection-deviation error. Clicking on the bar in this case, generates an X-Y
scatter plot that shows the current operation point in the context of the bounds of

normal operation (Figure 35).

[0063] In addition to the PCA models, there are a number of special

concern monitors built using engineering relationships such as the VFM, the



HVs cover the critical equipnent plugging problens in
the Poly8 Cat, the 801 G anule, the 83 1 G anule, and
WO b@7R093%0 hi ng4 Areas. The CM and SC covers t hBCT/US2007/007019

critical controllers and sensors in the Poly8 Sensor
Check, and Pol y4 Sensor Check Areas. Underlying these
nmonitors are fuzzy-logic networks that generate a

single abnornmality signal in each area. Figure 36

shows the drill down for the controller nonitors and
Sensor checks. Figure 37 shbhs the fuzzy |ogic network
for the controller nonitors and Sensor checks. Figure

conﬁ%ll%f‘ RhitormeRT(CND), Ctﬁ%eﬁ%r éﬂ’é%k? S§C Séd&ﬂim%ﬂrﬁtlc models

Figure 39 shows th€ fuzzy logic ’he heuristic
(HNip dhes VIFOES dd vémorsticatsquiphbet imdthaRaly® CaftralWalves. The

HMa oot die sl Ssintenbniierens pafmanp e Palve CAL the 801
GradHfE eS8yt k%’faﬂﬁﬂ:d 'aﬁdggg Fflﬁsqﬂ L ARDRN IR OMORRT 8E ers

conditions due to grade smntc es, and Sonet | nes
the changlespntmltelne ané achgors dntii¢ Bulyﬂ Semsor Clpolglané Poly4 Sensor

er ent ro uct grades. 2. The_deconposition_ of
Cheghy AU 8%3 SPHIPIOTS gE Az nigeiGpeoTk 8 Wt Benerate

a m@eydﬁ%ﬁﬁhbpﬁtgr QP %,%Qe ?ﬁ%&{gs’% %ﬁlﬁvﬁﬂé 4511%8wn for the

usi on I ow Control
contalleemonitoes Bod yenSat checks. Mg 3T shmsws o firzgdogar setwork

for GGt QI monors g SERCREBAG EisER SBOROBS R4l down
for B hélﬁls'a% th8dSNMAEMEET0 sREWs Hite ﬁkﬁg‘ 1%;&! fr'the ﬁeuF Bfc
CA nodel s provide nodel predictio e

moé@asors covered in the nodels.5. The abnormal
devi ati ons of these sensors are sumarized by the 5

[0084E" t S IRAERANSTY, NS adMRaEesSI M &ﬁ%ﬁgbﬂhdﬂ&% 5 PCA

model s 6. The val ve-flow nodels provi power ful way

to monijf 1. °"The modification of existing Abnormal Event Detection (AED)
technology to successfully handle the frequent changes in
operating conditions due to grade switches, and sometimes
changes in the reactor configuration to produce different product

grades.

2. The decomposition of the entire PP operation into 11
operational areas — the Polymerization Reactors, the Dryers, the
Extrusion EX831, the Extrusion EX801, the Poly8 Flow Control
Valves, the Poly8 Catalyst Preparation, Poly8 Sensors, 831

Granules, 801 Granules, and Finishing 4 for supervision .

3. The operational condition of the entire PP is summarized into 11

single alerts

4. The PCA models provide model predictions of the 450+ sensors

covered in the models.



control |oops, which effect control actions and thus

can be the source or by affected by upsets. 7. The
whewwiledse€ nodel s covering the critical equi pmeer/US2007/007019

pl uggi ng problens in the Poly8 Cat, the 801 G anul e,

the 831 Ganul e, and the Finsihing4 Areas add enhanced

focused and early detection capability. 8. The

controller nonitors and the sensor checks add enhanced

focused and early detection capability for key process

vari abl es. 9. Events resul tilAg from speci al

cause/routine operations are suppressed to elimnate

the false bty [ i ' .

Feduct ion THonphael difaftns PPHRsCsHRR, 2 ihnariogd by the

si gni fi can$ hlertsubasedontherSumeff Sdmee FrsirtofthersaPEA models

The PCA nodel i ng approach inherently resol ves the

singl e gen m j (I fgg@lrf? r

Devel op?fentqq{e\en 1%éep %%ﬁ?&gﬁ&kg@@ els lo%ggs[%%@%?r
The appl i cetntorl lbaps,R€hialnefféct,coangl actonnandntites canabelthe
heuristics to detect abno | operation in a PP. The
first step%ol}rﬁ?/BF\Eé( aziﬁ%ﬂt?‘ii’rﬁdlptsl%é'concerned unit for

hi stori cal operational problens. This problem

i dent i f7.calheheutistic nyodaipoovamg the chifical equiipmenoplugging

oodel's | o etsPadn the PgBILCAR e SR SbARRle. fhe B3 TR%ppute,
the specifigq m&@nﬁng AHRds Bud lefhfgedd R BsEP dRY Safl9r
the PP unit are descri bed bel ow. Problem |Identificatidon

[ 0067] Theddteetion capability.t he applicati on devel opnent
is to identify a significant problem which wll

benef i tg prpaeesn@BAEAR dMHifors AhE (RO SR IcheMENAdd enhanced
detection application in general can be applied to two

di f f erent ficasedeandeapyalstestionTéapabilityt for key pyonessiariables.
abnornmal event application that nonitors an entire

9. Events resulting from special cause/routine operations are
suppressed to eliminate the false positives. The enormous
dimensionality reduction from 450+ individual tags to just 12
signals significantly cuts down on the false positive rate. The
PCA modeling approach inherently resolves the single sensor

alarming issue in an elegant manner.

B. Development and Deployment of AED Models for PP

[0065] The application has PCA models, engineering models and heuristics
to detect abnormal operation in a PP. The first steps involve analyzing the
concerned unit for historical operational problems. This problem identification

step is important to define the scope of the application.

[0066] The development of these models is described in general in
Appendix 1. Some of the specific concerns around building these models for the

PP unit are described below.



process area | ooking for any abnormal event. This type
wi || use several hundred nmeasurenents, but does not
wo eguailoss2@ hi storical record of any specific abODUREN7/007019
operations. The application will only detect and |ink
an abnormal event to a portion (tags) of the process.
Di agnosis of the problemrequires the skill of the
operator or engineer. [0068] The second type is
focused on a specific abnornmal operation. This type
will provide a specific diadfosis once the abnormality
is detected. It typically involves only a small nunber

Pré¥leiPPeetGBRisn (5 -20), but requires a historical
data record of the event. These nodel s can be PCA

[0063ked oThsifind e hythespplivationrdedlcbdpraentsis @b idéntifyen
. Val]ve Flow (VF) .npdels nonitoring the main_process
sigifisant, proRleny, gyhigh gl bensitit graesssppsratinns. dheabagemal event

] . r . e . [

det SRR P ap S I Pl b RIS B MSAERE R SR LRDELLGHs of
probpat Ehelfitenis s gamricdersiag evehoappiRasiohahiBMnoANdrs an entire

val ve Olft put; the Heuristic Mddels (HVM are specific
procegsarspilpgking fog any abpormal evinte dihis tyneowilk upe sevarabhundred

i- N4t u i €

moBRRCHIcRS AR 0Bt ot RRRLICIPhRfodichl Bford Bty Sfelfig pnormal
operhatiemns. MHeespplicationndill dhly dastt fid Bhk Maribhormabetéito a

and Sensor, Check (SC). .nonitor the performance of the
portigp(fags) Of thy PERsesdr Digrpsisef the problen rrquiresthentkill of the

oper k'R ldngind@! function, or an instrunment that has a
P hi&g’ on vgrrlléz}ﬁt readi ng. This invention uses the above

el s ip order. to prqvi de extensive coverage. The .
l““EBﬁr at oJFE% peqand ypgith Legusqd ane spraific abpopnal pegration. This

/5 it ¢ di
oPESAMESEACRLRIR NSNS LA, I ABEHANL s e
typivallysnivbiveshmly asmall nhmbes bif evasurdren s €5i-06}, rburesdsires a

. and | ves. [0069] The foll ow ng probl em .
his@izak deiieebieEor Biciheat oESSrBPdel can R C dcbasod orgieple

en BB BRSO VIIGD R, YIS oo
maiaf frocess foor ealves for rbken wbtretatéori ofeuLof-eange bisaration that
are Vﬁwéggqqggt%a[gaisgg lo%rhigt%?i%;lngétiatoyf s%g(s:grrssarggrllc)( theev tel[)xv gorﬁ:;olélvalve
such as upstream/downstream pressure, flow measurement and valve output; the
Heuristic Models (HM) are specific "operating rules-of-thumb" collected from
experienced operators and are constructed in the fuzzy logic network to identify
those circumstances that violate these rules-of-thumb; the Controller Monitoring
(CM) and Sensor Check (SC) monitor the performance of the controller or
sensor to detect a frozen instrument, a controller malfunction, or an instrument
that has a highly variant reading. This invention uses the above models in order
to provide extensive coverage. The operator or the engineer would then rely on
their process knowledge / expertise to accurately diagnose the cause. Typically
most of the events seem to be primarily the result of problems with the

instruments and valves.



i ndi vi dual operator may go for years w thout seeing
the event. As a consequence, he would not know what to
waleoosness2d he event finally occurs. Therefore tPer/us2007/007019
problemidentification should be broad enough that the
operator would be regularly interacting with the
application. [0070] When scoping the problem it is
common to get the wwong inpression fromsite personnel
that there would not be a sufficient nunber of
abnormal events to justify-AA-abnormal event detection
application. In general, an overly |low estinmate of how
[0039]9 quenthy f@llP(W? nlgf)ro%‘f&ﬁtc'ﬁaf'eftft&?étiés%o%@ bE %ngigiewcﬁwhen
because: Abnor events are often not recorded and
selextinigyareabnddmal dviens detebtion paolslensilgficjuentnsbioamdiies(every
3. <%rack d, and anal y norrml events are often

S)maynet JHF“%bfhﬁsﬁ Qb EP ST5aLH an SbReEMaheYsitt sletector.
A‘S?E??:ﬁ%%%%ﬁﬁf“@“%@ﬁ?ﬂ‘ SR S pleo S il
individhaal geperaton ghay gotfoo et WMEOmrseeﬁigthemeee Asa
conB BB TR oL e s B e
The&abfork ke gﬁ%ﬂe fde'hlf'i?ich oﬁ‘gﬁ)ouﬁ% chﬁﬂl; 2 aﬂgﬁ &Q@ﬂ%%ﬂ@htor

process arla es Into a set

woulddepeegidariy watcradbingswith|the elpﬁhcatmrp al Conponents (PC)
whi ch are Iinear conbinations of the original

00701 | abl ®henlde r il
[ pﬂ)cess hgg aoﬁﬂ%ﬁﬁeﬂgggﬁgr%gc%@ﬂﬁ%{e}g %I‘Lﬁ} g
impregsies &ram site repswincl thatibiegemdeltt natfieea SBfﬁcwnt number of

hat nf | ence t ess. . These.di fferent..i ndependent
abngifgl Pecdf o0 paso R AR YRR 5e S APekicalion. Th Geperal,
an d@rl}aidv@ %stlﬁ’fa@f? 8f ﬁo\hafrhé‘ﬁérﬂfé' S5brifal %n{soaﬂfégt?ﬂé EP{?@SS
changes, such feed rate changes, uni ntenti o
OCCdrSsbfmablaﬂces, such as amnbi ent tenperature vari ation.
[0072] Each principal conponent captures a unique

portlon of the process
bnormal events are often not recorded and analyzed. Only those

that cause significant losses are tracked and analyzed.

e Abnormal events are often viewed as part of normal operations

since operators deal with them daily.

Unless there is a regularly repeating abnormal event, the application should
cover a large enough portion of the process to "see" abnormal events on a

regular basis (e.g. more than 5 times each week).

I. PCA Models

[0071] The PCA models are the heart of the PP AED. PCA transforms the
actual process variables into a set of ‘orthogonal’ or independent variables called
Principal Components (PC) which are linear combinations of the original
variables. It has been observed that the underlying process has a number of

degrees of freedom which represent the specific independent effects that



variability caused by these different independent

i nfl uences on the process. The principal conponents
wae@7anese@ct ed i n the order of decreasi ng procBEEUS2007/007019

vari ation. Each subsequent principal conponent

captures a smaller portion of the total process

variability. The nmmjor principal conponents should

represent significant underlying sources of process

vari ation. As an exanpl e, th first principa

conmponent often represents tRE effect of feed rate

changes since this is usually the [argest single

inflaendetheQiropes; G¥fese MareRmt ir{&?%ﬁheﬂtr&f@&@ kh&@twPh 2 process
based on a Princi pal Conponent Analysis, PCA of the

datdpppeapsss wariationr Beacsss sariatign car be dusdelintentionet clsanges,
perations", The proces f bui.l di PCA mpdel s is -
sucli8S FFro 8 changtsar YnEnbonal disBrbanesser g Ayameent
temieelRlie viathl’ i n Appendix 1. The following will
di scuss the special considerations that are necessary

O B S 5 s
varidbilgty dagsed eRpNBREe [dPFdreht TRpRnaES: ffNRNBELoARAR bPocess. The

.developed for PP. The two PCA nodels underlying the
prirpapala-arpperents rare extisetad inhibetavder ofclesreasing prpeeas iveriation.

| ¥8.TGR and Pol.y8 |.CP. These,two PCA
Each AEbetifal Rattialc e PRPoRS Eorilien 9o TRBI RPRP R the total
protés® Reapibdlis. t hThionager FRnciReY Cotapfotihe sshlih@epresent
Recycl e Gas Conpressor because there i's significant

significantagnderlying weurcashek pregess evariatiine £s| 318 erampdEAthe first

. I i th_an initijal t 321 tags, which ..
prisf S8 ooRhOAGH, e reBeAdis §E o Bofed el ina® st s i
ususfipthelhrpbitsiddlel SUureAbf pRIceSy cHaktbekads, which was

then refined to 200 tags. The Dryerd nodel started

hih an~initial .set.qf 76 tags.in t drvers, and.t he
(00fst " Padibdiarki isHasdd b I b Pinhpfiiiehs Aatiglg pea,
of th&@edca¥pdwhidlpéreardhriénPiri dad Mdke] oF "AeriaDspéatiofy'e The
the extrusion 1 area. The EX83 1 nodel narrowed down

pro¢gsgafimilding G Agnodels dpdescribied inxdetait imthexsextion. "Ditveloping
teai.| f the.RPoly JTCR P | s sh in .

PCATHBHAR 85 AEE; 38 pgrhdied. bR ety Wil Bedie oo ppeciat

conbidlerations that are necessary to apply PCA toward creating an abnormal

event detection application for Polymers Process.

PP PCA Model Development

[0074] There are five PCA models developed for PP. The two PCA models
underlying the Poly8 Operation to cover the two reactor configuration modes are
Poly8 TCR and Poly8 ICP. These two PCA models include sensors in the
Catalyst Preparation, the Reactors, the Monomer Gas Recycle system and the
Recycle Gas Compressor because there is significant interaction between these
systems. The Poly8_TCR PCA model started with an initial set of 321 tags,
which was then refined to 155 tags. The Poly8 ICP PCA model started with an
initial set of 414 tags, which was then refined to 200 tags. The Dryer8 model

started with an initial set of 76 tags in the dryers, and the granule areas, which



Dryer8 PCA nodel in Appendix 2C, the EX801 PCA nodel
i n Appendi x 2D, the EX831PCA nodel in Appendi x 2E.

wa biog/1ed3bows ext ensi ve coverage of the overal | P@RPUS2007/007019
operation and early alerts. [0075] The PCA nodel
devel opnent conprises of the follow ng steps: 1) Input
Data and Operati ng Range Sel ection 2) Hi storical data
col l ection and pre-processing 3) Data and Process
Anal ysis 4) Initial nodel crﬁati on .5) Mddel Testing
and Tuning 6) Mdel Depl oyhrent [ 0076] The gener al
principles involved in building PCA nodels are

wasl@feg iTREd 1o 3NRaSH DI EXBON mEaBLaRtkWed RIS D43 to 25

Desi gn" under section "Devel opi ng PCA Mdels for AED'
tags 1o egisuthie extrusiomsk aseae pEhe &3633 It ttodel harrpwiededgwn from 43 to

ffort in del. devel.opnen Sk nce P del
25 G S srv e I GuntiiR 2 R orhs Seils pf hEPOFIERR oA model
is shabih A FSEidix THA NOHERPoRRE TElP PUSA ifod6l in Apisdidix 2B, the
The basic ‘devel opnent strategy is to start with a very
Dryes8 diC Aonetel itheAppendiec2Estie/BXKB01MPCAY snaded tin nhppéndix 2D,

' j Thi,s, requires,.o (VAN w t he nodel
the ESELIREA BOGRL I KbRR 00 ST BE AR ARtelRye coverage of the
oveb&ll PPadgraGon BRdBaHS! albaged on these observations. The
steps are briefly déscribed next. Input Data and

[00TDPEr at i e Radgmasiel developnjad eoinpaises lof the fellawingssps:
in the PCA nodel dictates coverage, we start with a.

conpr ehl?n skt Dath afll Gpdratifi Ratge Sdledifsh concer ned

ar eas. he process of sel ecti ng neasurenents and

vari abl.gs J,8..0utlined i subsection Il "lnput Data and
Goer at iy iiBHCL g collafion 850 pPfteracsssit,

" Devel %:9218 PCA Models for AED' in Appendix 1. Any
measur gta angd Pragess Idwlrsis o be unrel i able or

exhi bit erratic behavi or should be renoved fromthe

l'ist. AQdiniGglamodebsteatioRNt reduction is performed
using an iterative procedure once the initial

5) Model Testing and Tuning
6) Model Deployment

[0076] The general principles involved in building PCA models are
described in the subsection I "Conceptual PCA Model Design" under section
"Developing PCA Models for AED" in Appendix 1 These steps constitute the
primary effort in model development. Since PCA models are data-driven, good
quality and quantity of training data representing normal operations is very
crucial. The basic development strategy is to start with a very rough model, then
to successively improve that model's fidelity. This requires observing how the
model compares to the actual process operations and re-training the model based

on these observations. The steps are briefly described next.
Input Data and Operating Range Selection

[0077] As the list of tags in the PCA model dictates coverage, we start with

a comprehensive list of all the tags in the concerned areas. The process of



PCA nodel is obtained. The specific concern around
i nput data selection for PP is the devel opnent of tag
wo e@w/10s2handl e the two reactor configurati on POTES2007/007019

The tag list for the three - reactor node includes
tags to cover the operation of all three reactors,
while the tag list for the two - reactor node contains
tags for two reactors. The specific concern around
operating range selection for PP is to make sure the
range covers the process crp%Qati ng conditions of all
product grades. Historical Data collection and
Pr.e- B | 29748 ' i ITT 0fnput Data

o R e et

and Wperating Reimel Sulectidit!i sndtatthe settiah tDkewelopBrgR G dodels for
normal operating range Only ip[l]cl ude nor mal eratj

L.
AEIQ}tin AThal Becbus BIsuremels fhatayere ks to Reampfidtts or
record.
exhifiEBapig bebfTioR SRR HiBed iRhEie Ay ddklnal,
medsafeiftapiddagtibhés pedbrhad vdatgars iteratieepracedigrerarpsy the initial
such as Operator | ogs, Operator Change,.Jour

. . a} S 1AI arne
PCAguedel is obtgined.und he SPEFHIGFHRIMEER nny ggraselgction for
tial h | '
PP %%8 Ieds%geo?%%géalﬁa&f taé llf;szc: APHGRAR th? LReGesctt ebAfiguratith modes.

co tion is elaborated uponin ]
TheStapSasttfopihd thre¢ Hrezicost matle Batladestdgsdbiconer thedeperation of all

section "Devel opi ng, PCA Nbdels for AED' |n endi x_ L.
threegsaoiors.vhile theptagdlist for the WyQ rdepeior na%deacéﬁgmiagﬁ .k%r two
eal s td 0 r i ' fIr/PP is to

readfBRo TR sPEGIR oReh po op UL Rl Sl &

malse 85 the riigd coves nhe ptecesy epepithgienmaditions afial@roduct
time points turn out to bearoupd 700, 000+ for each

gragdeyy. In order to nake the data-set nore nanageabl e
while still retaining underlying information, the tag

Histbsical®atdicvlldetion andPoe-Paocesdinget s of tags for data
col l ection and analysis. [0081] Basic statistics such

[Oﬂgg averﬁg%l]pgirr{%{fgﬁ?ﬁ'?ﬂoﬁélaéﬂ%r%ﬂ Qpepdtidy rRffires a training

]cula ed e tags to determ ne the ‘extent of
dat¥ @&t &f hormalndperatonsonThis data set should:

e Span the normal operating range

e Only include normal operating data

[0079] Because it is very rare to have a complete record of the abnormal
event history at a site, historical data can only be used as a starting point for
creating the training data set. Operating records such as Operator logs, Operator
Change Journals, Alarm Journals, Instrument Maintenance records provide a
partial record of the abnormal process history. The process of data collection is
elaborated upon in subsection III "Historical Data collection” under the section
"Developing PCA Models for AED" in Appendix I.

[0080] In the PP case, the historical data spanned 1.5 years of operation to
cover the production of all product grades as well as both summer and winter

seasons. With one-minute averaged data the number of time points turn out to be



contai ned wthin. Also, operating |ogs were exam ned
to renove data contained within wi ndows wth known
wairior/1643ad¢ downs or abnornal operations. Each ceemuszn®007019
measur enent was scrutinized to determ ne
appropriateness for inclusion in the training data
set. Creating Bal anced Training Data Set [0082] Using
the operating | ogs, the historical data is divided
into periods with known abnornmal operations and
periods with no identified-&normal operations. The
data with no identified abnormal operations will be
hehdd LN [, 2P, i
arol JIOROOTT R Sk b 108 & ke o Hateeer MG Wplfheanrc
whiecthillpretainidg undeltying inforthaie, tHheaglisttwisd dnfidétbt into two
set is then divided up and saved by the grade
subrsgts P&é@s fordaty cabectiomand agalysisset i s then anal yzed
for exclusion of periods with known abnormal
[0083¢r at | Basicanatigiinsisads apiavbrape, ntlaihiak iaad sehifrddeviation are
oper at j oni [0083] Once these exclusjons have been
Calﬁlﬁa?aq al] theitags i Aetormingthsl extentyol varigtipn/indfermatiene
. h hic . _ L
colf BT E0sb T Spbdpd AR, BB N B Eoncained
withit wiindows svitlo knowpontiestiutddWing s tabmoimat operatione. EAan
5% 0of the nunmber neasurenents included in the nodel.

¢ R fReRsurepepbwag ﬁsmt'an%ﬁf{ tohetErming R OPHAteRgRHET
incRisicie ot ﬁ%\gg&osr&_i n the process, however this is

not usually l?rlm since this includes all the

different so es of .process disturbances. There are
Cr%%g?aqusﬁfgéfralmﬁaga P8t determining how nany

Ogrienci pal . conponents to include. Also at this stage
[0082L st aVsing the opgsatinglags: themistarinal dataisi diyidadgoiaperods

. . | i -URl to.Mar i ance, d 0084] Th
w3 EOGAAE bR G50 e bt PAAGDBont
opepatidnsti The darwdéth d®idegeificdl abnior il BPErbHSWORY Be tHie

gat,a does, not match the nodel. These tine periods )
prelpipnry Baining datiiet; 505 &8, Wpetating lagsaversrstadied e determine

UL a ' Lf .£hi.S.iS 4 ed. to.be the .
the ‘gglgee B‘éﬁ%g% 'vs'{'l'geélséeac :ﬁéwhgéfgrggg i pi‘(?ducedj. Uﬂ‘{’e HlSEOI'lC&? dapa set is
then divided up and saved by the grade families. Each grade family data set is

then analyzed for exclusion of periods with known abnormal operations and

periods with no identified abnormal operations.

[0083] Once these exclusions have been made the first rough PCA model is
built for each grade family. Since this is going to be a very rough model the
exact number of principal components to be retained is not important. This
should be no more than 5% of the number measurements included in the model.
The number of PCs should ultimately match the number of degrees of freedom
in the process, however this is not usually known since this includes all the
different sources of process disturbances. There are several standard methods
for determining how many principal components to include. Also at this stage
the statistical approach to variable scaling should be used: scale all variables to

unit variance.



shoul d al so be flagged as tines with known abnor nal
events occurring. These tine periods should be
we@iaasd fromthe training data set and the nmpdEUS2007/007019

rebuilt with the nodified data. The process of

creating bal anced training data sets using data and
process analysis is outlined in Section IV "Data &
Process Anal ysis" under the section "Devel opi ng PCA
Model s for AED' in Appendix 1. Initial Mdel Creation
[0085] The nodel devel opnen22strategy is to start with

a very rough nodel (the consequence of a questionable

i ni S et r . hi.
(008, 1 Pl Baning!darh BELHSAT hOG SEAR! thBpRR S ity
moidaptooidentifie timxlptrioddivhierd thetdmta dossdot matclnthem@ded These

._gat her, bett qual i t, rainin ata. This process is
imAgsEiads ROHI Pe CRBMIRGILTO 66 WHper A abRormRboREY: Whte

\d i e ehect t.he:
T IR, (R eB P (Rl piods
shauwld hisochs fkggedias tignestwith kndwat @noriial @vehtsodburAng. These

tmg H 198 A0y L e R RpRRA D tho HBUHER Atk Sehthemoddl rebuil
withitABY bfodified U a.lnﬁ%e?egr&!ébé gf gx%gg?gﬁﬁi&deﬁ t?%?]lfr[é 859 skfk using

\z
Section V "Mde ation' e sect
data Bad giroptssgnalysid/iedtiintdin SEEion AVA{IPatadf Prbcedsbtinalysis”

Testing .and,luning.[ 0087 he pnitial nodel has
undiE3he SRhiELDepeIoRung BCAMauteln Fol ABD by dpagaiig. o
.ne raining data set. This is done by using the nodel
I“’flai/vh&)?f??ld?r?wlbrocess. Once the nodel indicates a
otential abnormal situation, the engineer should

lﬂﬂgﬁ]/ est | fae maded developmant shratqmyos de stast with & oery Tivgh model

' ' f] 1 h di f.f t siktuat i it
(hEBHRERERIL bl 5 duEGORITE sbiipE ik 58 (e HEF mermplio
gath&nohipd qﬁal_itya_téigm%' 8at@Get!l ThidtatQlis tH WeBSpréve the

normal, and it is a talse indication. [0088] The

mogely seish dytheniised tactontiave te ggthes dicster quality training data. This
profbtS sOBH R I RERURR pab R et ecting

[0086] Once the specific measurements have been selected and the training
data set has been built, the model can be built quickly using standard statistical
tools. An example of such a program showing the percent variance captured by

each principle component is shown in Figure 42.

The model building process is described in Section V "Model Creation"” under

the section "Developing PCA Models for AED" in Appendix 1.

Model Testing and Tuning

[0087] Once the initial model has been cfeated, it needs to be enhanced by
creating a new training data set. This is done by using the model to monitor the
process. Once the model indicates a potential abnormal situation, the engineer
should investigate and classify the process situation. The engineer will find

three different situation, either some special process operation is occurring, an



an abnormal event fromthe variability of the residua

error should not be used. Instead the trigger point
woe®ddod3eo be set enpirically based on experi eneer/ws1007/007019

using the nodel. Section VI "Mdel Testing & Tuni ng"

under the section "Devel opi ng PCA Mddels for AED' in

Appendi x 1 descri bes the Mddel testing and enhancenent

procedure. PCA Model Deploynent [0089] Successf ul

depl oynent of AED on a process unit requires a

conbi nati on of accurate nodéBs, a well designed user

interface and proper trigger points. The detailed

BSR4 a8d SOGE rbscos s B e o e

indfcatioAED" i n Appendi x 1. [0090] Over tine, the
devel oper or site engineer may determne that it is

[0088F essdllye prodespdataewilh Aobhatd@ gauskehs or BbiMal dishébution.
process conditions have changed or the nodel is
Cowreaﬂ)ﬁgths standasdstatistigal methadiof settingbatriggerdfor detecting

an ﬁﬁrﬁirﬂi'«ﬂ% 1;5’1[ ﬁ‘oﬁie{hecw%ﬁéing 8%&1%9%%%%3 V@ﬁ ?ﬂlg% 3%5: used.

rocess | nprove

Insta:laﬂahel adgg&hﬁnhf heghy tofld sut engsifichBy baséd @i:ib@d’p%ﬁeﬂéé Wéth
the same rules of thunb mentioned previously. [0091]
using thempodel. Hectigs Yh rﬂglsxdeba"ééfmg & }'?lnqu aander $he secfians

" e

DEREARE AT B ALV EANLIME IS8 08 i cning

andamhmgcelmmatpﬁddeddaéa fromthat operation shoul d be
renoved. After a mmjor process nodification, the

PC MJH&Q)%%§F8%§2AED nodel may need to be rebuilt

romscratc In addition to the PCA nodel s,
of t
[00BF & sy ccBsthil BRploS TR g aEPr AR & B50r IS SSERTRRIESS (A o
congl:%hﬁ&iﬁ oYUl AR r,rwb{n s gfﬁa%sgﬁyrﬁkﬁagp Fhai)gg%egvn

e engi neering co ionSsuch as

triggaﬂpbimi i) dethiled Goodaduire ef dbpluyling PAOA Middeldsdescribed
the specific "opera

er] or ?ﬁgé E’éﬁ%gﬂp%an&ﬁwg}ﬁﬁngmeermg Modeqs for AED" in
Appendlx 1.

[0090] Over time, the developer or site engineer may determine that it is
necessary to improve one of the models. Either the process conditions have
changed or the model is providing a false indication. In this event, the training
data set could be augmented with additional process data and improved model
coefficients could be obtained. The trigger points can be recalculated using the

same rules of thumb mentioned previously.

[0091] Old data that no longer adequately represents process operations
should be removed from the training data set. If a particular type of operation is
no longer being done, all data from that operation should be removed. After a
major process modification, the training data and AED model may need to be

rebuilt from scratch.



experienced operators (heuristic nodels -HM. 11.
O her PP AED Model s Engi neering Mdel s Devel opnent
wQ 0@93y93The engi neeri ng nodel s conpri se of PCT/US2007/007019
correl ati on-based nodel s focused on specific detection
of abnormal conditions. The detail ed description of
bui | di ng engi neeri ng nodel s can be found under "Sinple
Engi neeri ng Model s for AED' section in Appendix 1.
[ 0094] The engi neering nodel requirenents for the PP
application were det er mi ned2%y perforning an
engi neering eval uation of historical process data and
[009%;][ er Vi usid tccﬂ{ésﬂlg HRAEA Hete gaqﬁh% %I'E special
eci al'l sts. e engi heering éva u on I nc ed areas

conoémcnnlohltoed imtandee to wathveymliticesthas cetlrl ¢RaldteintBRerious
tion. To address the conclusions fromthe

eveR g. imgniemaveeedaveleprd bajednn signris gnainaering correlation

o AR (50, A AR v

SenSen%Bcﬁh&ﬁk,&dtﬁ@bpé&@ﬁﬂ]op@hﬂlfg aviedalf\Bupdsidoliedted from
cqnsﬂeégency nonj tor was derived froma conparison of

expeHencrebeRfietrs (bepustsmedsise¥dr t he pressure drop
across the valve) with a nodel estimate of the flow

II. TO¢tber BPcAEDYMédels checks as the condition of the
control |loops are being directly nonitored in the

Engineefing: Mﬂmlgmdeblogﬁﬁémt e of the flow is obtained
fromhistorical data by fitting coefficientsto the

[0093] ve &hwm@qmng)chéésmm@rm of eomicldtzm-basedamodels

foo RO et P rbitny imor Gl spadons Shedciaivdidfaiiption of

buildéng bR ebﬂnglrﬁédéis 3§n berfoling uMaep "Sfmﬁ'e%%{ﬁhé’ﬁng Models
Several nodel's were al so devel oped for the

for AdHPY sectiasoipsApperdixhii-st ori cal |y exhibited unreliable
performance. The details of the valve flow nodels are

[0094] The engineering model requirements for the PP application were

determined by performing an engineering evaluation of historical process data
and interviews with console operators and equipment specialists. The
engineering evaluation included areas of critical concern and worst case
scenarios for PP operation. To address the conclusions from the engineering
assessment, the following engineering models were developed for the PP AED

application:

e Valve-Flow Models (VFM)
e Controller monitors (CM)
e Sensor Checks (SC)

[0095] The Flow-Valve position consistency monitor was derived from a
comparison of the measured flow (compensated for the pressure drop across the
valve) with a model estimate of the flow. These are powerful checks as the
condition of the control loops are being directly monitored in the process. The

model estimate of the flow is obtained from historical data by fitting coefficients



given in Appendix 3 A [0096] In addition to the

val ve-fl ow nodel m smatch, there is an additional
wa@b@chkod3eo noti fy the operator in the event thaPCHUS2007/007019

control valve is beyond controllable range using

val ue- exceedance. Figure 4 1 shows both the conponents

of the fuzzy network and an exanpl e of

val ue- exceedance is shown in Figure 40 [0097] A

time-varying drift termwas _added to the nodel

estimate to conmpensate for-B8mg term sensor drift. The

operator can also request a reset of the drift term
to thé i ' ' i a

ML Posa St B AL] LT UM NG e P
AEBsappligations 2§rfldwialve positipnaondistéreyr mbdelsnese daveloped.

RO ST e,
modlsiSwdrR' Asd ﬁé{'/é’l‘é‘»ge@ Yot ﬂt;{bv%nttltl)lq 18b54 %k%ﬁs@dﬁll@n d

appl yi ng sinpl e engineering cal cul ati‘ons.
exhiibited hareliMblapedermence. f Thendetdisubfthie onalwf floivemodels are
. standard qf gevi ation (SD) to detect a frozen
gven in 3 Ahe case the measurement experiences
very low SD or a highly variant instrunent when the
[0086hs udsradditiax pethecradee-fluvwg m&ik] rhishertcls aherd Btancaklitional
for CM i ude the accunul ation of the |ength of tine
chelf to AP L SPrralTeadnP Gt HeS 2o NAds e oRdt
con®folRbIE FARR ' tion
A Aol R g
corgpenpits of the fezyaetvhk andenaxaerplawifivahsi-exceedahee is shown
. Iﬁodel éor t he SC was obt ai ned by anal yzing the
n HeUre,39cal data for the relationship between

measur enents. These are powerful checks as the
[0093hdi tA timevarsling doift tesi was added be thremodel estimatediong

directl nitored and co red to the dels. The
corfpugrzate ogflon, LeFen SeA eI UG GPSRLQ)Fom ASgTorRiest A reset of
the QPIE R afleth sdid@r ROENUFRL o OR W IRn Yotdhul bibasiovdive Ras

the subproblemis shown in Figure 36. The coOnponents
beepfchahgedZhip medifinakionrte thedlaw estifEatnrrségiificahlp 98proved the

rob&%ﬁg@s?ﬁc{r{%ﬁw@gga%{o% &E‘Mn Sh online CA e]:[éc%ic;lrloﬁg{)fal%lilnqg

[0098]  The controller monitors (CM) and sensor checks (SC) were derived by
analyzing the historical data and applying simple engineering calculations. The
model for the CM was derived from calculation of the standard of deviation
(SD) to detect a frozen instrument in the case the measurement experiences very
low SD or a highly variant instrument when the measurement experiences high
SD. Other calculations for CM include the accumulation of the length of time
during which the measurement is not meeting and not criss-crossing the setpoint,
and also the accumulation of the deviation between the measurement and the
setpoint to detect the controller malfunction. The model for the SC was obtained
by analyzing the historical data for the relationship between measurements.
These are powerful checks as the condition of the controllers or the sensors are

being directly monitored and compared to the models. The details of the



col l ected from experienced operators. These nodel s
identify those circunstances that violate these
wo moedewte t hunb. An exanple is the nonitoring pET/88207/007019
granul e area process variables to detect potenti al
i ne plugging problenms with the details given in
Appendi x 3 C. The abnormal nonitor with drill down to
the subproblemis shown in Figure 38. The conponents
of the fuzzy network are shgvvn in Figure 39.
Engi neeri ng Model & Heuri st & -Model Depl oynent [ 00100]
The procedure for inplenenting the engi neering nodels
meﬂ&&h@nﬁg&rbﬁtfoﬁ' drk:)gl%r{ # ﬁg&éﬁﬂ% ®. A%e dUW®rmal monitor
onput ati onal nodel s CM and SC) the trigger
Wltb ot dowortorthe |Sflbpmhl@n lwehewnnntlhgutq/:’:@e miheednipanents of the
fu the standard,devi atjon 05 t he nodel residual. For the
Zey RPEQRk At shown ¢déntify specific known types
of behaw or wwthin the unit (e.g. the Poly8 Cat, 801
nu d | 4 "
s e i S i S s s
coluetedrﬁoneckﬁarmnwﬂ@pambml Fhede mbdelsridentifydehioae i n

e 157 W lele B e SRE kBN AHEE i b RRon toring
of $U" Srahfle S¢abrobd Jd?ﬁab‘l’é)setroadéiéctt J%J@Hng%'llrlftlxée gﬁ%?ﬂheproblems

trigger points were appropriate
with elm@dsmly gigee in Appehdid Dy, n@“ HeGloridrdml Sn@mtbrSivtth Ideill down

I f AED! dix 1 d b
to 158 SUPP oL R GDAME: Priehiish. dBBICSpRRRen B RIfEDh BeFvork

are SB&WRIB lqg{lgéjggt ances, the valve/flow di agnosti cs
coul d provide the operator with redundant

notification. Mdel suppression was applied to the
Engialegeing Mol dgowdstic ModePDepladanehe operator with
a single alert to a problemwith a valve/flow pair.C
Addi T [
[OO ot h d'gh??? é&ﬁ:ﬁﬂ%%,g?l[ ]?lq%lgﬁl vari ougee{!lgtl r?%efrgl e Otpgf&em in
AEDonsrfairpy saaightforwabd) Fotlthescanguetionahntialets (reegIVFM CM

é)B rns, Event suyppr GS?I on/ Tags Disabhling.
) the trigger points for notification were initially derived from the

standard deviation of the model residual. For the heuristic models which identify
specific known types of behavior within the unit (e.g. the Poly8 Cat, 801
Granule area, 831 Granule area, and Finishing 4 area operation), the trigger
points for notification were determined from the analysis of historical data in
combination with console operator input. For the first several months of
operation, known AED indications were reviewed with the operator to ensure
that the trigger points were appropriate and modified as necessary. Section
"Deploying PCA Models and Simple Engineering Models for AED" in

Appendix 1 describes details of engineering model deployment.

[00101] Under certain circumstances, the valve/flow diagnostics could
provide the operator with redundant notification. Model suppression was
applied to the valve / flow diagnostics to provide the operator with a single alert

to a problem with a valve/flow pair.



[00103] Under normal operations, the operator executes

several routine actions (e.g., setpoint changes, tags
waie@enossad nt enance, and punp swaps). These nMovECST/THUT007019

produce short-lived high residuals in sone sensors. In

practice if the AED nodels are not already aware of

such changes, the result can be an abnormality signal.

Si nce such notifications are redundant and do not give

new i nformation, this invention has nechanismbuilt-in

to detect their onset and S@Bpress t he event

notifications. To tenporary suppress the event

C. AR A Fditional Tdiszzy net uses the condition checks to
—suppress the specified tags. In other situations, tags

[ CA del val ve fl ow s a fuzzy .nets can be
(003 e o T e 8 SHhqEh el e P S5 Pcriariqis tools are
proVRRA 163295 mAnfHR A EDAhbASs e Rbrido 8 R al éorﬂ:%?x?s.t 0

prevent operators fromforgetting to reactivate. If a

EvétSuiibi RS/ T 58P s iiipen service for an extended
pe

rTod, Tt carmr arso o sabled. In the case of PP
[00103] i neUndar edrin@dlSopepatdoiss; th@ bpéelatsvétetins stverdl@batine
very frequently. There are grade switches within a
actigng \e:&t SGHRRIBL FRARESH. aesundsr MajnicgageadRmBISIVapRAt
Th&%%.lﬂ(%eg &Y ?'08{19@ &?&Jlﬂeﬁﬁg{; %siﬁgglfslilq %E)ﬁ-%e' &%‘so}'sr.] In
i's case, operators can make®l arge setpolnt changes
pratticsifithe WEDmodeBtarg mat hlrgadpsivaed bEEscH eh&iges] theliesult can
PP to a new gperation state. During the transitional

be ap abrormaliy sighalorSingg syuchenpifications aredrdvadant saddanet give

ne SRR, 7 SR R S g R 8PSt and

supprasp s sveormt matficatiem tTo hanpbrary bepsicas theswddm Mesification, a
The nodifjcatiqns include nmechanismto detect the

fuzgnagt ugss the gopdiiaurhedksdngupptess the spreifigditagsh Wrether

sccHIEp S BIE PP Tyl Sl BRI SRR Bl be

temdpoeardliyt disatsled dur specified Bmé peribs I gt thaRah reactivation
. duration, the notifications are suppressed using the
time of 42 hpjirsde Hegd Ehprayeay eperaters depmdoresting te regatiyate. If a

. ! aneiti
s s BRI BEA ey OURNEL 1o ORISR e
disgidednii tHescaserst PP eeutifieopttations madutbgrrly ss#itdidy are done

state, AED resumes its notificatjon. Figure 31 shows
very ﬁréaqpsggy. |’13{jqr§ are grade switches within a product grade family (called

e

flying grade-switch) that do not require changes in reactor configuration. In this
case, operators can make large setpoint changes to some key product-quality
controllers to steer the PP to a new operation state. During the transitional state,
some sensors will experience high residuals and therefore depict abnormal
conditions. Modifications were made to the existing AED notification -
suppression mechanism to handle the grade switches. The modifications
include mechanism to detect the onset of a grade switch and set a grade -switch
state. The grade switch state is then latched on for a certain period of time to
depict a process transitional duration. During the transitional duration, the

notifications are suppressed using the existing mechanism to avoid flooding



network for automatic detection of grade sw tches and

for setting the transitional duration. There are al so
w@e@daed32@r ade swi tches requiring changes in reerUs1007/007019

configuration (fromtwo reactor node to three reactor

node and vice versa). This nodification of the AED

notification suppression also handl es the suppression

for this case. The list of events currently suppressed

is shown in Figure 43. Logging Event Details [00104]

To derive the greatest beneRBts fromsuch a system it

is necessary to train the operators and incorporate

opér%rf@a t&ad -cmea “ifo\gé{réry duﬁm%"i}é@'h%ﬁ?ﬁﬁma ag@%g{g{;%n

rina thority stl rests wt operator t
contimues td upéatad%(DAnapdet paramdtps had bnte tigePPtrbadhes! itndw

AED or mance, and hancene In order, tQ
Ste%‘gx Al %irir_lé TERURES HSMRNECanan, é‘ﬁgw@n%lt f»laowa Hifctuzzy logw

V
oS 84 U@ el PRl AR S5O oo

durationr d'hete exealse produttegde valitches rékiiﬁhbgrmhnges 1rSrelactbr
Cor“he ti,me ED was comm ssioned, several critical_ events

ation (rem R ERCiormess indhicsdereior medeandice versa).
ThiR$hé&iFRalion %ﬁﬁ@mfrﬁftmd% oﬁ%%}fftﬂréﬁld: Qb %aﬁéles the

Al'ternative Sol utions My rrec
suppetssonsfdrahisreseat Ehle digtof ev¢fid t0fkntlf sapp&rssect i sitown in
. r%gg?tl ng probl em has been identified, the devel oper
18y d confirmthat there is not a better way to sol ve
the problem In particular the devel oper shoul d make

LoggincfbvémtDatpilshecks before trying to build an

nor mal _event tﬁt ection appljcation. A Can the problem

[00654ber rra"ﬁeﬁlerw Q&w@&@neﬁt@ﬁ@m swetea Systenh dt s ageessary

| A
o PSSO IE RIS it T B
probmaSirmetﬂle il attieorivygaill Faats withi the fopetmeﬂtcﬂfakbhﬂ)rrectwe

l em a permanent_ solution is often found. This is
actlpﬁé %é%fmg%ggatgrget their input on AED performance and

enhancements. In order to capture AED event details in a systematic manner to
review and provide feedback, the operators were provided with AED Event
Forms. These helped maintain a record of events and help evaluate AED
benefits. Since the time AED was commissioned, several critical events have
been captured and documented for operations personnel. A sample form is

shown in Figure 44.

Alternative Solutions May Be Better -Corrective actions for repeated events

[00105] If a particular repeating problem has been identified, the developer
should confirm that there is not a better way to solve the problem. In particular
the developer should make the following checks before trying to build an

abnormal event detection application.

e Can the problem be permanently fixed? Often a problem exists
because site personnel have not had sufficient time to

investigate and permanently solve the problem. Once the
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prevent the condition from occurring. This is the third best

approach.

Abnormal Event Detection Applications Do Not Replace the Alarm System

[00106]

Whenever a process problem occurs quickly, the alarm system will

identify the problem as quickly as an abnormal event detection application. The

sequence of events (e.g. the order in which measurements become unusual) may

be more useful than the order of the alarms for helping the operator diagnose the

cause. This possibility should be investigated once the application is on-line.

[00107]

However, abnormal event detection applications can give the

operator advanced warning when abnormal events develop slowly (longer than

15 minutes). These applications are sensitive to a change in the pattern of the

process data rather than requiring a large excursion by a single variable.

Consequently alarms can be avoided. If the alarm system has been configured to



[00108] In addition to just detecting the presence of
an abnormal event the AED system al so isolates the
walenwrams2eensors for the operator to investi gaPer/Ukm07/007019
event. This is a crucial advantage considering that
nodern pl ants have thousands of sensors and it is
humanly infeasible to nonitor themall online. The AED
system can thus be thought of as another powerful
addition to the operator toolkit to deal with abnornma
situations efficiently and 8Pfectively. APPENDI X 1
[00109] Events and di sturbances of various nagnitudes
g ' [ - of .
e B n I e Ry HE P RO % A ollinsseion
(not tree pafaty sdarmas)f this appkcation Mayehecablettheeplpee these alarms.
requi red to nmake an unpl anned intervention in the
00 es : I
o o o0 0 Tyt U 0 B DA T Ml Lt e
AEDrsystentalse ismlatas tleendetiaot semlsorpforahe opesator tohimvestigste the

def.i,ned b | ..[0Q110] A t.hod
eveli 185 35 & Friital BOgH o Sooptering teatdhpderdblani Ty thgusends
of sefisdisthd % ¢4 ﬁuﬂan@ﬂﬁ%&ihﬁ%ﬁgﬁft@r Hred alibfffeS§he AED

abnormal operations and e operator 1solate the
systeoe gan timiobe thaught of as anether ipoveerfulefdditien te theooperatdr,

he del s, | o i.nci pl e nponent anal ysis (PCA).
tooliiEosdeel Eich AbpgiaRlsiBiaions chbeRasEnst e diebr-c
nodel s that represent known engi neering rel ationships
and principal conponent analysis (PCA) nodels that
represent normal data patterns that exist within
hi stori cal databases. The results fromthese nmany
nodel cal cul ations are conbined into a small nunber of
sunmary tinme trends that allow the process operator to
easily nonitor whether the process is entering an
abnormal operation. [00111] Figure 1 shows how the
information in the online systemflows through the
various transformati ons, nodel calcul ations, fuzzy
Petri nets and consolidations to arrive at a sumary
trend which indicates the normality / abnormality of
the process areas. The heart of this systemis the
various nodel s




used to nonitor the normality of the process
operations. [00112] The PCA nodels described in this

WO pwenvd3en are i ntended to broadly nonitor conPCTUS287/007019
refining and chem cal processes and to rapidly detect
devel opi ng equi pnent and process problens. The intent
is to provide blanket nonitoring of all the process
equi pnent and process operations under the span of
responsi bility of a particular consol e operator post.
Thi s can invol ve many najoT3¥efining or chem ca
process operating units (e.g. distillation

towers, reactors, conpr PEND;%% exchange trains,

etc.) which have hundr ands of process
10585545 and B iR o et B By
afféc'tﬁ%%ﬁ@b@ss SFer@RBAS eMJsP o'f?l‘ikgtlﬁfer theBE Ef/é’:'itgﬁa?‘lﬁedls rbances are

degradati on.” The process and equi pnent pro
handlestby theypragess contrd] sesteameHameveTihe aperator asnrﬁtquaﬁﬂ to

to the yse qf, models .cited in the . literature i ch
mak?an BRplEGdplare RO I the RIGEEIS ORSTRHRRS PADOYFAEgEooess
conBlo? By §EhPEshdd? aﬁ%}ﬂﬁﬁte H&‘x?che %H@g{‘&resﬁ’ Q@E%P “WQfdehtﬁ@ this
process operations. 0113] To acconplis
situgtipe @s |an@bma¥r@phmldimndﬁthﬁ cande detioedlas mmeahnommil event.
depl oyment includes a nunber of novel extensions

[001 Iﬂ&c]]Ul r edl héthotBRigy &Rpéys@ahuﬁ@ Heen%%ww% dr8hfe %o

chem cal processes including: critéria for
deplayt emilinehiseig afireodelsi pinich amg@é tofdet¢ns ab@armalieperations and

he e Gt oG D ation BR B oolayi o A giperet
embBdifiendl thetrBo8éBldngpli ?&ﬁn @'o% t%a?ys‘{sﬁ(P@Ab O‘These
of prlnC|pIe conponen del s devel 6pi ng nodel s

setsieismadels ase r@plmpmgl afdmth ﬁgnpbl lapdglséhapmpresent known

gl e et R Re@ef o RrRyeRt tituys LpLiiimencls tat
repfeaémmalr&ma ?Qttéﬁﬁtthﬂtu&bi& Withid ARt6REA! datsaks "The results

usi ng fuzzy nets to interpret nodel indices as
fromahess meny model calculations are combined into a small number of

summary time trends that allow the process operator to easily monitor whether

the process is entering an abnormal operation.

[00111] Figure 1 shows how the information in the online system flows
through the various transformations, model calculations, fuzzy Petri nets and
consolidations to arrive at a summary trend which indicates the normality /
abnormality of the process areas. The heart of this system is the various models

used to monitor the normality of the process operations.

[00112]  The PCA models described in this invention are intended to broadly
monitor continuous refining and chemical processes and to rapidly detect
developing equipment and process problems. The intent is to proviae blanket
monitoring of all the process equipment and process operations under the span of
responsibility of a particular console operator post. This can involve many

major refining or chemical process operating units (e.g. distillation towers,



abnormal using fuzzy Petri nets to conbine nmultiple
nodel outputs into a single continuous sunmmary
wo p@aedse@on of normality / abnormality for a pPODES®07/007019
area design of operator interactions with the nodels
and fuzzy Petri nets to reflect operations and
mai nt enance activities[00114] These extensions are
necessary to handle the characteristics of continuous
refining and chem cal plant_operations and the
correspondi ng data char actedPstics so that PCA and
si npl e engi neering nodels can be used effectively.
readtofs RofipreSir O NFe At Q¥ halod REiBINMRNIER WA a Wy ﬁ%ﬁﬁ%ﬂ@ t
many of the Type | and pe Il errors and qui cker
thousends atfi pyasessmaaswements VEn¢ mor{lﬂﬁikf@ﬂs designeskit detect
rovi.de a gener al ck rQund to PCA. For
Pmm?ares SRR APEIER st AnpBrEs 1o Josr Riwasss PERPBOAL W lone
i
e e B S B e Bro R bt e
to hﬁ:mp@slﬁétbbéf@lrﬂmndq J'hds &t ins¢antedst asﬁwrnm(a afBCA maafels cited in
the data

the Yirfugomithns sbisiied 4 deirebnspre iimROTRRNY RIAeFAsypblem
andﬁJoadeeP%Qﬁﬁe?ﬁ' sRREEADOANSH ot the n;g&%ceéso G atibAs.

stati onary- Its nean and varl ance are constant over

The crposs correlatio ri.aQles is
00013, T arSarBhSR AGe iediivent btk B e SRy 3.
dev@[cgﬁﬁéﬁt Al &ﬁ)ll')?ﬁﬁﬁ’inif{cﬁﬁﬂé"sbé B8ntYe? o@"r'xto%l E:Ytensmns re%un'ed for
endent. "4." The covariance matri x of the proces
theiy applibkieen te coptinveerediming agd chenpeali prmesses including:
sem -definite). 5. The data are scal ed "appropriately"”

(the 3tﬁngﬁf&1§f(ﬁlés§éﬁlﬁ‘ﬁkn mk&ﬁi 8P Lof AR FCA%models
unit variance). 6. There e no nconpensat e
process dyritarizand methadﬂjﬁrr(telectmg, analyzing, and transforming

measurement inputs

e developing of multivariate statistical models based on a variation

of principle component models, PCA

» developing models based on simple engineering relationships

restructuring the associated statistical indices

e preprocessing the on-line data to provide exception calculations

and continuous on-line model updating

e using fuzzy Petri nets to interpret model indices as normal or

abnormal

¢ using fuzzy Petri nets to combine multiple model outputs into a
single continuous summary indication of normality / abnormality

for a process area

e design of operator interactions with the models and fuzzy Petri

" nets to reflect operations and maintenance activities



partial conpensation for this being the inclusion of

| ag variables in the nodel) 7. Al variables have sone
walegraaesed cross correlation. 8. The data haveP@r/us2007/007019

mul tivariate normal distribution[00117] Consequently,

in the selection, analysis and transformati on of

i nputs and the subsequent in building the PCA nodel,

vari ous adjustnents are nmade to eval uate and

conpensate for the degree of violation. [00118] Once

these PCA nodels are deploygﬁ on-1ine the nodel

cal cul ations require specific exception processing to

[00TR4]OV € TiHiaSe @;{{eﬁgforﬁfﬁrg E‘x%@s[s‘élg)e {@B’axgcge 308 cHRI AU GRS O f

activities, to disab acting” 1nputs,
continuahd mﬂmhg angehatmicalgdast operatidnaakd dhé edqespdm:ling data

craBERBRIES L v S RLSEES LS
=)
eS0T 6 SIS ROk Bt By or e

Typt:ﬂaindanp@Hsaﬂonsmﬂdmmkmmdn%mmg)fraﬁmmehems t hat
nmust be true during normal operations. These can be as

[00F13P! € Tas Sherde Wil RBY Pf&@lhé % g&@w%@kﬁf@m&ﬁ@m SFor

or ‘as conplex as matertal and “engi neer| bal ances
that| gdeey shitdd sefiep te ststdmatard déxtbedk isdalmay Ec Hecksondy &4 User's

Geuly Bl S ohareti Aretb B Bhrve © (valve 1

position) material flowinto process unit 1= nmateri al
[OOI 16w th‘hedlas;m@:ld%@A te{:lmmqae]tnmghe afoklo‘emwmtatletwﬁe

ator..a ots, such as.the v
assuiRgfiopseik o] ph areXinfafirfo Yome drecds oy e iy Ranerdtéd from
norRAPESktiARSus rfamy 8Ad bhbﬁué&l‘iﬂaxﬂ)’pxbﬁéss@éﬁéfaﬂbﬁ§

Operations outside this ar ea are ‘si gnal ed as abnor mal .
[00122] WL] | e redungi can al so (? chec tant
t hr ougH- aT8F REPESTAT $52H0 SRdPCHh AR Vaﬁ%ﬁ%%"s"?ﬂs an
mul ti di megeéanmk. redundancy ar e:

2. The cross correlation among, variables is linear over the range of

normal process operations
3. Process noise random variables are mutually independent.

4. The covariance matrix of the process variables is not degenerate

(i.e. positive semi-definite).

5. The data are scaled "appropriately"” (the standard statistical

approach being to scale to unit variance).

6. There are no (uncompensated) process dynamics (a standard
partial compensation for this being the inclusion of lag variables

in the model)
7. All variables have some degree of cross correlation.

8. The data have a multivariate normal distribution



pressure 1 = pressure 2 = .... = pressure n nmaterial
flow into process unit 1= material flow out of process
wa@iRoor/149320 .. = material flow into process unitPC[/08083907019

Mul ti di mensi onal checks are represented with "PCA

i ke" nodels. In Figure 3, there are three independent

and redundant neasures, X, X2, and X3. Wenever X3

changes by one, Xl changes by al3 and X2 changes by a2
This set of relationships is expressed as a PCA

nmodel with a single principde-conponent direction, P

This type of nodel is presented to the operator in a

[00TRINEr Cirleb@indy) ihife BERRAORTAMATPAS AR st diP of inputs

di mensi undancy c e gray area sho
andtthe sabssjueht irobwiddingthe RC Anaoddlh eagivun adjpisementspraemide to
oadi ngs of P are diregtly %}Icu ated fromthe ‘
cva ARd coApensRts e the degresiof viglatiopadi ti onal nanner
of determining P fromthe direction of greatest
[00VB3] abiOnde/thef®PLCA mddeds atmdeplbged ohilise tife mbdel calculations

) ocess .operation require exceptio o%pr ations to kee
reqyifg seeqilP SXPeRiion PEOEtinEL04° e theé st A KnpwgRpRtion
andﬁ%ﬁﬁﬁé&n‘&@ AV 1 RB PR %ﬂggfdre‘b‘ld%%ﬁhgm}‘ utﬁbﬁ)nﬂﬁﬁn the

mal nt'enance activitles. anples of &xceptio
opeggter abserns aad eicknopded gegthef proppgatiory af we eveniihnough tve

neters, conpensating for upstream,/ downstream
progessangite @EEaﬁY g‘?:%?’ieoﬁ%%‘iaﬁf‘dﬁ%'ﬁo‘?% ener theRIoretidhiass
retucREd §& gnirﬁ&_process fl ows based on operating nodes

[00125? The PCA nodel s and the engi neering redundancy

cks .are i ne sing fuzzy Petri .nets t ovid
[00f o7 SRscel B mefiet i nlGher vy SRR ehyRlanty Checks
that 41dia8éd 8R l&%v&ﬂ‘@n{iﬁé@ﬁh%&&laﬁbm&ﬁ?s RRAGRES PR PhS
under his control {Figuré 4). [00126] Multiple
norgtahopstatioas. iIhdse ean beasximpleds theckieg phyPcAllyoddandant

meiiiSible, bUSk Se5G0r Lespend. (4 B SNt gprtion and

[00120] The simplest form of redundancy checks are simple 2x2 checks, e.g.

e temperature 1 = temperature 2
e flow 1 = valve characteristic curve 1 (valve 1 position)

e material flow into process unit 1 = material flow out of process w«

3

[00121] These are shown to the operator as simple x-y plots, such as the
valve flow plot in Figure 2. Each plot has an area of normal operations, shown
on this plot by the gray area. Operations outside this area are signaled as

abnormal.

[00122]  Multiple redundancy can also be checked through a single

multidimensional model. Examples of multidimensional redundancy are:

e pressure 1 = pressure 2 = .... = pressure n
e material flow into process unit 1 = material flow out of process

unit 1 = ... = material flow into process unit 2



equi pnent that the process operator handl es. The
sensitivity of the traditional sum of Squared
wee@ditedseon Error, SPE, index is inproved by cPEBRUSI097/007019
subset indices, which only contain the contribution to
the SPE index for the inputswhich cone from designated
portions of the conplete process area covered by the
PCA nodel . Each statistical index fromthe PCA nodels
is fed into a fuzzy Petri net to convert the index
into a zero to one scale, wifch conti nuously indicates
the range from normal operation (value of zero) to
[00R25PT ”Wuﬁ&ﬁ'r?eﬂ(s%hil btfs He &P?ésgn{ego\;vi?tﬁ] "Pea& Nike" models.
redundancy check 1s also converted to a conti nuous
In Fignrea3, thesbarerthede imidpeademtrandsiecdgnélamzneaairss, XbheKe, and

a two different indices_used for these ppdels to
X3 ﬁ’gh%ﬁvsrﬁsﬁmﬁmx OREVKACHBNEFS by Apr AN Sdthanags by axs.

i et . Cati ‘ O C
T b B s ae it P A1) Al il bkl
comspprene doectibe, Br firis &yysk ﬁf]moldet ‘tsldﬂ)ﬂemtérd $0 tiee epénadszﬁima

for PCA npdels. For_checks wt i, sion greater than
maRy supilar Lo ﬁbf;‘%ﬁ%dep ¢4 mélﬁigr @sm & thysudirgasianal
redBAGRICT Bheks QRER tea ShOGS hoBxchiof ol BarlnaRAthE, The
prinaipletcoxhporteat hoatbings oif thancetisactly dadculatedefrondthizyergiseering

fuzzy Petri, net .ijnto.a zero to, one scale that will .
cquaifis. ARb e K5 FAgiiianad mpaRner of getrpRingof fepmdpe diertian of
creAtéd $Ridbiliger 0) to abnormal operation (val ue of one).

[00128] For each process area under the authority of

operataqr, the | i.cabl e set of normal - abnor pal

l"“{‘ﬂ‘g& catdl 8’!‘%?%‘85‘6%?1% gt fig BrOgess ARFTatiB ARAYIre CXBERHM

k g i
opeLibrofiocn MbS: tlafGRMIE atura oyttt BBbp! KAfof frocess
opevtemstansimonnmalt fivild egujpinkst cerges andhasintervngk detivéties.

sunmary. of agll the checks within the process area.
Exwrigsg\gac? 1R PPERRHONS A5%ri de a general background to

fuzzy Petri nets. For that, readers should refer to

Car dos®, epemhg dHinpasPethiesNedwnd AowOretatisew (1)

[00129] The overall process for devel opi ng an abnor nal
event &ppFPRRensAinglor upstream / downstream pressure changes

e recalibration of field measurements

e redirecting process flows based on operating modes

[00125] The PCA models and the engineering redundancy checks are
combined using fuzzy Petri nets to provide the process operator with a
continuous summary indication of the normality of the process operations under

his control (Figure 4).

[00126]  Multiple statistical indices are created from each PCA model so that
the indices correspond to the configuration and hierarchy of the process
equipment that the process operator handles. The sensitivity of the traditional
sum of Squared Prediction Error, SPE, index is improved by creating subset

indices, which only contain the contribution to the SPE index for the inputs



shown in Figure 5. The basic devel opnent strategy is
iterative where the devel oper starts with a rough
wore@el1p93ehen successi vely inproves that nodel ' BCT/US2007/007019
capability based on observing how well the nodel
represents the actual processoperations during both
nopnal operations and abnornmal operations. The nodels

are then restructured and retrai ned based on these

observations. Devel opi ng PCA nodels for Abnormal Event

Detection |. Conceptual PEARO\bdel Design [00130] The

overal |l design goals are to: provide the console :

' | Jd3i bAHSo SR ldémpleRS I.IBE%L:e#area covered by
Whl%ﬁ%@%?moéég@gg@ b%perati ons foé all of the process
the PO ;odetl @achi satigiwahindex fronhthe PGA modelsde fed intaia fizzy

an early detectiqgn of a rapidly devel opi. j.nutes. to
Petrhpet t9) comyissh thg Indee Hito g %?{Pﬁor?{’? S&ﬁﬁﬂ» a%%ﬁ% °§ﬁjflﬂ8?‘1‘§s’}/’
- i 0LV | ' k&Y (PI1RE 88 2eid) t8 aBBbIAAI operation
mdlé;aetg%'ggae{%gg}%%&dgﬂanE%E% cguse of tlgg abnor mal P
(valg¥©fflone).00131] Actual root cause diagnosis is outside

the scope of this invention. The console operator is

ect LGRS §s RIRC&1veREaRb anedimRdus hokinal -

looﬁﬂces?&ﬁhge elzge gncgle%lrza?mt ng. [00132 Havi.ng. a broad
abn@rAsEsdiatopasing fingryr netat Theretare tooatifferensindicss used for

abnormal qperatiqn nonitoring. .For. the oper t4Q. s er
theseamprclsite 1agisaie e s Feagn rp Mg Ahd viagion

outsrei(g% még{) é(raﬂﬁgr%# emflﬁai%ﬁ& $PeLhdsetd ARarisimpdre

ccur °i nor mal ~ oper ati ons
equitRik:itctoithg sofn of theaquappof thenerér abther Hotadingdusapase

i nf t by .th t ikely | gadi .
indigge o B Bod By dip s Yog fismrhsien SFestet fRf b, 505

t Smb ihée t X2
posBIEH RAREP ML HRAER o pObLon, IRTIERREPince e X
relationiship isheillwithin thesestnual ceebope, Hie probbemiis vtlp input 51
Eac%[;&g'l)igtrigxg ];nes';llsgpel ifslc%%QfEartga %@Ot@ecfulzg}tf ﬁéﬁ‘fc’ }xet( s a}fz%% B one

scale that will continuously indicate the range from normal operation (value of

zero) to abnormal operation (value of one).

[00128] For each process area under the authority of the operator, the
applicable set of normal - abnormal indicators is combined into a single normal -
abnormal indicator. This is done by using fuzzy Petri logic to select the worst
case indication of abnormal operation. In this way the operator has a high level
summary of all the checks within the process area. This section will not provide
a general background to fuzzy Petri nets. For that, readers should refer to
Cardoso, et al, Fuzzy Petri Nets: An Overview (1)

[00129]  The overall process for developing an abnormal event application is
shown in Figure 5. The basic development strategy is iterative where the
developer starts with a rough model, then successively improves that model's

capability based on observing how well the model represents the actual process



[00133] There are thousands of process neasurenents

Wi thin the process units under a single console
WwWe@p@rabwed s operating authority. Continuous rePCTURZN07/007019

and chem cal processes exhibit significant tine

dynam cs anong theseneasurenents, which break the

cross correlation anong the data. This requires

di vidi ng the process equi pment into separate PCA

nodel s where the cross correlati on can be maintai ned.

[ 00134] Conceptual nodel dé ﬁgh i s conposed of four

maj or deci sions: Subdividing the process equi pnent

opdratién® AutiRBEIth HOPMAS operalion® hAHPABHNAD o FEALIBRIET Be models
Subdi vi di ng process operating tine periods into

areghem seyrusiurast andyratradesd bagpdi on thesdiobservationPCA nodel s
| denti fying which neasurenents within an equi pnent

Degémmg IPAUA Gnb e elscfoir BH SFmas FivaRY IFetktifach PCA nodel
I dentifying which nmeasurenents within an equi pnent

L gmeg M PcacMédelhagsnf Or suppressing known events
or other exception operations A Process Unit Coverage

[00[1%}351 TRB®VCPI BlicfiBORR! A8 15 O cf eale oroups of

equi prent that w covered by a single PCA nodel.

The speei fprovideatie consélietperatol Vgt a lc@atihii6es Satus (normal vs.
under st andi ng of the process integration /

i nt er act i Gpnogna]) efrproeesshepeatadorhiwfalhofitiie progessaphits under

constrai nt, . | | er he boundary of the PCA nodel
shoul d enchd%'g)gééa%a a“é‘ﬁ‘éﬂﬁ?i cant process interactions

and key,upstream.and .downst re i ndi cations . of . process
changes aﬁ’d E)gl'}d;%t fFhances. 3% %g%]cg?ﬂeo%%ﬁpé%yn%& Ffﬂpégg

are used t(gniflateetoTHoRek) AMeemAl eV aNBRIthH RisRperatdt Adthority
Equi pment groups are defined by including all the

Maj or n&t ¢rbdideHith KRG Eily tAE RSYPrbedrs iafinthticikneeded to
recycles in the sane equi pnment group. If the process

uses a nuldiagrosedbe coctormise aif the abnomoil evrentt he
control |l er nodel wll
[00131] Actual root cause diagnosis is outside the scope of this invention.

The console operator is expected to diagnosis the process problem based on his

process knowledge and training.

[00132] Having a broad process scope is important to the overall success of
abnormal operation monitoring. For the operator to learn the system and
maintain his skills, he needs to regularly use the system. Since specific
abnormal events occur infrequently, abnormal operations monitoring of a small
portion of the process would be infrequently used by the operator, likely leading
the operator to disregard the system when it finally detects an abnormal event.
This broad scope is in contrast to the published modeling goal which is to design
the model based on detecting a specific process problem of significant economic

interest (see Kourti, 2004).

[00133]  There are thousands of process measurements within the process
units under a single console operator's operating authority. Continuous refining

and chemical processes exhibit significant time dynamics among these



explicitly identify the interaction points anong the
process units. Otherwise the interactions need to be
wo dentiodseed t hrough an engi neering anal ysi s of Pe®S2007/007019
process. [ 00138] Process groups should be divided at
apoi nt where there is a mnimal interaction between
the process equi pnent groups. The nopst obvi ous
di vi di ng point occurs when the only interaction cones
through a single pipe containing the feed to the next
downstreamunit. In this cas8the tenperature,
pressure, flow, and conposition of the feed are the
meB&ireRichtd, Whith sk ﬂ%&ﬁgs eoM %f&%ﬁﬂg'tﬂéfaafa. FhRquires
and the pressure I n the imedi ate downstreamunit 1's
dividiegphe progessrequipment iato sépmraesP CAamodgls whers theg opogs.
Tenese pri rga?r%@k nf] uence neasurenents shoul d be
COTTe4R110R £aN; HaiRge- upst r eam and downst r eam equi pnent
group PCA nodels. [00139] Include the influence of the
[0033d1 essConneptnkb] amdel dedipgnis coriposed off fistr majoradedisions:
downst ream equi pnent groups. The process control
appl i caéi @ubdivihg eheaphdicksPe@liphitint itacaudpiiest groups with
bet ween upstream and downstream equi pnment groups. Both
f eedf or warc®ressponding e A padals can exist. Were such
pat hs exist the measurements which drive these paths

need t 0® beSYheividileg Prorcss PRCIAGTEIHBAtPegiasis iBto MOSESss| S
f th .cont rpol Li cat.i i LI, indicate th

i or 1 ht SRR Bl s R BT bR R 8BS 50)

e dy AR g B bR Wi ediifient £80Up

etc.). ThehBGR pEdelignilcdMihpitshandicd FIUAGKoREOCESS
changes (e.g. those which occur over a period of

M nut ese t ddBAIRShg WHIEH HRREAFom ¥kt Glith Rkéh W?hgﬂr?t roup

hours, days or even weeks to have their effec

process, aheukbactasiflagsl fer suppresgingdawiven evibats or olesre

i nfluences_are..i n‘ﬁortf{mt to the normal data patterns,

measur enertSCBEOR RBEEEUOE ot s need to be dynamically

c)%rrgens ed to get their effect tine synchronized with
A.  hEOtEN /ol Gevdaseeasur enent s (see the discussion of
mo%gfmc conpensation). B. Process Operating Mdes

The initial decision is to create groups of equipment that will be
covered by a single PCA model. The specific process units included requires an
understanding of the process integration / interaction. Similar to the design of a
multivariable constraint controller, the boundary of the PCA model should

encompass all significant process interactions and key upstream and downstream

indications of process changes and disturbances.
[00136] The following rules are used to determined these equipment groups:

[00137] Equipment groups are defined by including all the major material
and energy integrations and quick recycles in the same equipment group. If the
process uses a multivariable constraint controller, the controller model will
explicitly identify the interaction points among the process units. Otherwise the

interactions need to be identified through an engineering analysis of the process.



[00141] Process operating nodes are defined as

specific tinme periods where the process behavior is
waegnitbase@nt |y di fferent. Exanpl es of these arBCT/US2007/007019

production of different grades of product (e.g.

pol ynmer production), significant processtransitions

(e.g. startups, shutdowns, feedstock sw tches),

processing of dramatically different feedstock (e.g.

cracki ng naphtha rather than ethane in ol efins

production), or different t%%flguratlons of the

process equi pment (different sets of process units

[001?)%12' NDroceSO&ASdps\Whfd bb eBsided 4P éiﬁf‘ivhgpéff}%% a

s exi st, |t |s i kely that separate PCA nodel s
miniinal infexattion Ib@mtene‘hopadcefs@ eqeazz:hent@mupmp dibatinost obvious

aivifRE popl ochE MieB<6e RplX Firaghion eomesdniRygthp single pipe

conﬁﬁﬂir%b RUREd $6 fhé AEXORAVRItHM TRACIn thiN SasRSAE TBhp&Ature,
must be tested by running new data from each operating

presswie ﬂ%woamh coimpasittal of thesfeed iate the jmahmp snﬂm:ncmstdnythe

Hi st | P P 001 d
dovfiiiF™ BONERE ARPOR AP0 RT PIBIRCU (el imBg g oy Pakeam

unifRMAE PRImAYERRALS ok tHE‘ up¥EEH ethijf?‘xhggﬁ gﬁiﬁgj PResprimary

_ _historical "process probl em of signi onom ¢
lnﬂuﬁmmeaﬁm\mxt,s shbnelddaesmgmd‘edoarhotb thé bpstearmsindbe

zed to id ntlf t approach for attacking

do"f Z‘s%"bf’%ﬁ’lp ﬁé’@g t he devel oper shoul d

make t he foIIovvl checks before trying to build an
[0023%0r ndchudertte et%wtqean‘ tépwomuam:trm’ appdicatings between

bl tly f d? O bl e
upsRedi @ epvRShERR bt & . 18 BaPt Rl fphliSations
proVidéaridigonsl infkheREE PBIKS MetweePhiySirédia a%’inB\ﬁﬁ%teri‘ﬁ %qulpment
the attention of the or 8an| zation is focused on th

groppobBeth f@qﬁemmdezmd frsdbaclopaths caftexistf Jlhere Simhspatbs exist

h .b
the [ iR MRVBRE Yrifs wereolls B0 doBEincydspahnalh pguipment
groufs.| AshBlsis SLIHOprockfiPdorAdl dpplieatibis Wiﬁﬁﬁﬂﬁ:aw‘ﬁle major
problemin the process. This can al so be used t

inteppationstamong phopraness nnidigh a process

[00140] Divide equipment groups wherever there are significant time
dynamics ( e.g. storage tanks, long pipelines etc.). The PCA models primarily
handle quick process changes (e.g. those which occur over a period of minutes to
hours). Influences, which take several hours, days or even weeks to have their
effect on the process, are not suitable for PCA models. Where these influences
are important to the normal data patterns, measurements of these effects need to
be dynamically compensated to get their effect time synchronized with the other

process measurements (see the discussion of dynamic compensation).

B. Process Operating Modes

[00141]  Process operating modes are defined as specific time periods where
the process behavior is significantly different. Examples of these are production

of different grades of product (e.g. polymer production), significant process



control application. This is the second best approach.

3. Can an inferential neasurenent be devel oped which
wowdo/1asasur e t he approach to the abnornmal opepPer/Us1087/007019

Inferential measurenments are usually\ devel oped using

partial |east squares, PLS, nodels which are very

close relatives to PCA abnormal event nodels. O her

common alternatives for devel oping inferential

measurenents include Neural Nets and |inear regression

nodel s. |f the data exists-With can be used to o

reliably neasure the approach to the problem condition

.8 C
G RS SRR P e B b ROARRHES brod et et
dramtwlaﬂylﬂjffewrﬂ:d'eadstbble (dngs erackinganaysintha @ht%lﬁp ﬂharpﬁ?ﬁﬂ@ in
IS IS e

d|t|on om.occurring
OICﬁHF E’&O%‘é%’co p13¥ Frent pen fg&l}rasepﬁ off ﬂP%EE"%&%\ﬂWﬂtS
(diftbredk QB IP 8 Bé’éstﬁrﬁf‘s%gﬂﬁh% nferential nmeasurenents of
n

t hese condi'tions ca Illdy |ntegrateg :nto t he
r k tection npdel s
00487 aBErs sé&%??%@%gﬁné@n@qs. S s Ay that
sepFdt8IPT R Pn&ak1s RAEIN ecdl D4 d%@%ﬁeq"ﬁ“ or enagfl ﬁxgﬁlllsbg)%gftmoé mode.

process measur enents. For
Thq;‘éerwé@t maftlsomededdhe betiend aThie donelopkt shiouldassierahisa

|rratescondar outpts ignals to
speffits BERSHHAAsn Lot dyer SR bSiatinesmbdes o Thigisumption must
be BRIV ELHRIHIAg WeOHdiy 1H8 GRAYRattE R thidu ﬂietrBBdel to
t he process % t hose whi ch appear on hIS
seesﬁnémtaivc&,yorrseu ¥ct any neasurenents used by the
contact engineer to neasure the performance of the

C. PHai8Sieal PRbBEds PRYDIRSL  eam neasur enment of feedrate,
feed tenperature or feed quality

[00143] In order for there to be organizational interest in developing an
abnormal event detection system, there should be an historical process problem
of significant economic impact. However, these significant problems must be
analyzed to identify the best approach for attacking these problems. In
particular, the devqloper should make the following checks before trying to build

an abnormal event detection application:

1. Can the problem be permanently fixed? Often a problem exists because
site personnel have not had sufficient time to investigate and permanently
solve the problem. Once the attention of the organization is focused on the

problem, a permanent solution is often found. This is the best approach.

2.  Can the problem be directly measured? A more reliable way to detect a
problem is to install sensors that can directly measure the problem in the
process. This can also be used to prevent the problem through a process

control application. This is the second best approach.

3. Can an inferential measurement be developed which will measure the

approach to the abnormal operation? Inferential measurements are usually



Sel ect measurenments of downstream conditions which

af fect the process operating area, particularly
w@e@sduses. Sel ect extra redundant measur emenp&I/82007/007019

measurenents that are inportant Sel ect nmeasurenents

that may be needed to cal cul ate non-Ilinear

transformations. Select any external neasurenent of a

di sturbance (e.g. anbient tenperature) Select any

ot her nmeasurenents, which the process experts regard

as inmportant measures of th#lprocess condition [00146]

Fromthis list only include neasurenents whi ch have

L@gv%@bgﬁ‘gsﬁ@%%ﬁgﬁg 'F’ 4188 PLSMROIBRSWhRIIRAYe 9P Elose

atic or probl em performance
Thelatiwasty BORNabhasnal sait shaddlnr Qthergranmon altirsatives for

ratio The neasurenment is cr - | at i th h
e lopitE, o SR aRRECURRS 13 OrSePL R 27 PheE!

zgégrg:gl 1§§ S{ltxgae[lﬁg HetHd '@t a EATor9 il chh B8 iUl it YehasFBheasure

_ “measurement is not tightly controlled

t lQh;él approadh setipeproblenhcaiditiondk)s. chwerBoodingausing delta
ultimate primry of a control higrarch e " .
stiese H1is 638 40670 be 08 1 G O8br SHEHL¥hgR ggandition exists
V%lr%lt' %lsoo&?lﬁgtﬂagg £Or a%@h’d‘ro?%g liSARIR) pleveffibel ddidition from
limts. he measurement do not go ‘across a range of
vajddasringhiTals isthétioisd biest dysproaginl y non-1inear  The
measurenent is not a redundant cal cul ation fromthe

[00134]  Both direct measurements of problem conditions and inferential

measurements of these conditions can be easily integrated into the overall

network of abnormal detection models.

II1. Input Data and Operating Range Selection

[00145]  Within an equipment group, there will be thousands of process

measurements. For the preliminary design:

e Select all cascade secondary controller measurements, and
especially ultimate secondary outputs (signals to field control

valves) on these units

e Select key measurements used by the console operator to monitor

the process (e.g. those which appear on his operating schematics)

e Select any measurements used by the contact engineer to

measure the performance of the process

e Select any upstream measurement of feedrate, feed temperature

or feed quality

e Select measurements of downstream conditions which affect the
process operating area, particularly pressures.
e Select extra redundant measurements for measurements that are

important



measurenents The signals to field control valves are

not saturated for nore than 10% of the tinmeA
waEr@bnedseons for Sel ecting Model |nputs [00147pCTN82087/007019

are two statistical criteria for prioritizing

potential inputs into the PCA Abnormal Detection

Model , Signal to Noise Ratio and Cross- Correl ation.

1) Signal to Noise Test The signal to noise ratio is a

nmeasure of the information content in the input

signal. The signal to noise4tio is calculated as

follows: 1. The raw signal is filtered using an

. . | . 1 | i -
cxponen | Setfd it AL AT B o n

cont i nuousraneformhatgoradd chem cal processes this tine
constant is usually in the range of 30 mnutes to 2

hours. & (Saledtamypaerdal ni@isardaentasf Adtrdanve|(¢.g. mbient

t he exponential filter the equations are: Yn P *

Yn_i +( 1- PtempgratE@onential filter equation Equation 1

P = Exp(-Ts/Tf) Filter constant cal cul ati on Equation 2
wher e:  %n Sehectanyr ether mgaseresgents, whickrthe proeessraxpeds segard

fil d val. | P.th
exponent i S8 it e AHEET O p MY Enditioh: of ¢ e
t Jf ot ilt ti t t 2., A j d .
(o0gT o1 “FEH: s i Sl nbns olngrarnens itigh BavEthh illowing
chdrh&@tikhes:r aw si gnal

e The measurement does not have a history of erratic or problem

performance
e The measurement has a satisfactory signal to noise ratio

e The measurement is cross-correlated with other measurements in

the data set

e The measurement is not saturated for more than 10% of the time

during normal operations.

* The measurement is not tightly controlled to a fixed setpoint,
which rarely changes (the ultimate primary of a control

hierarchy).

e The measurement does not have long stretches of "Bad Value"

operation or saturated against transmitter limits.

e The measurement does not go across a range of values, which is

known to be highly non-linear

» The measurement is not a redundant calculation from the raw

measurements

e The signals to field control valves are not saturated for more than
10% of the time



Rn = Xn - Yn Equation 33. The signal to noise ratio is
the ratio of the standard deviation of the filtered
W@ 2@nahosdd vi ded by the standard devi ati on of tP€T/US2007/007019
residual signal s/ N=s vy / s REquation 4 [00148] It
is preferable to have all inputs exhibit a S/ N which
is greater than a predeterm ned m ni nrum such as 4.
Those inputs with S/N1less than this m ni nrum need
i ndi vi dual exam nation to determ ne whether they
shoul d be included in the miel [00149] The data set
used to calculate the S/N should exclude any | ong

A. PEVa062tiGhs FESehectind PIdRETApLAN Since that will
cause the estimate for the nol se content to be

00455 S1 TREM 4RO stllistil ARl b BHibANAES PobhldERbuts into
The cross correlation is a neasure of the of nat1 on

therR@AndbhnoymahPetaypion Madal, SignalbeNcise Ratiwoand ICabsen
between any two signals is calculated as: 1. Calculate

Comglattiq-yvar i ance, Sk, between each input pair, i and k
Sik N S (XL*X - (S X * (X Equation 5 N(N-1) 2.

1) CSignalapeNoise Eestr el ati on coefficient for each pair of
inputs fromthe covariance: CG k = Sik/(Sii*Skk)1/2
Equati o ' : ' :
I'ag t hats Stk i holtdtafiodt 8 iy bf i HBER Ao Boffknt in

thennplgt siglhk first circunstance occurs when there is no
significant correl ati on between a particul ar input and
the resthekiddit tb ABWe @fibas ealculdied a836ilolvaput . there

must be at |east one other input in the data set with
1. O o3ty 8 d Ry Rttt el suiek Pt A ppprrucimate

SayBamidtind Sdm¥tamidivdlan: ©Ragat LA SREA. | ¥dr continuous
i ncl uded tw ce, often through sone cal cul ati on, which

heefiningiandechemicabipracessesithistimeicopstanp i wsuallysin the range of
B0 Rl £ b3 QR I poBR RS Er ferts et @ ar e nbor the

exponential filter the equations are:

Y,=P* Y, ,+(1-P) * X, Exponential filter equation Equation 1
P = Exp(-T¢/Ty) Filter constant calculation Equation 2
where:

Yi the current filtered value

Yot the previous filtered value

Xa the current raw value

P the exponential filter constant

Ts the sample time of the measurement

Ts the filter time constant

2. A residual signal is created by subtracting the filtered signal from the raw
signal

Rn = Xn = Yn Equation 3



whet her both inputs should be included in the nodel.

If the inputs are physically independent but |ogically
woedanased (i.e., two i ndependent thernocoupl eBCHIS2007/007019

i ndependent |y neasuring the same process tenperature)

then both these inputs should be included in the

nodel . [00153] If two inputs are transformations of

each other (i.e., tenperature and pressure conpensated

tenperature) the preference is to include the

measurement that the operat8ft-is famliar with, unless
“there is a significantly inproved cross correl ation

e

e e B A e S el M8 fn S i Wtred

csignall divideml s the stahdaidnddwiatdon oBthd cesidud] wigenl &

Handl i ng Saturated Vari abl es [00154] Refining and

chemi c cesses often run agai nst hard and soffiquation 4

chgﬁ?gﬁﬁfgﬁYesulting in saturated val ues and "Bao?1

Val ues” for the nodel inputs. Conmpn constraints are:

' runent transmiter high and | .fa anal yzer
(00 AR TR BRI IS B S b AR08 B fber than
a predeteprRAES fnifRALAN sudh B UC @R iAPhvithi STN Fess tiRHihSs
. .can fall into several categories Wth regard to
mirnggrum 3e£d individual exguiinatiepta determingivhethartthey should be
. re-processi the inputs, both for nodel building and
mcg’g?dt’ﬂgﬁ%ﬁ!q(fege use of these nodels. [00155] For

standard anal og instrunents (e.g., 4-20 mllianp

[004QLk r cFhedataset vped & eglculaselthead e shewld ecdude dayx longe

perl SR S8R s B BT B o

con€eltne Gel exitevdivBlyt aeed.i el d has been broken[ 00156] Wen
ei ther of these conditions occur, the process control

S . figured on an i ndividual
) n%gé%:gﬁgﬁ%lggggi@gﬁqo ei ther assign a special code to

the val ue for that neasurenent to indicate that the
[00%2%k ur ebhseross carmlatioppis femeasurefithe iefarmation tedygndancy the

o8y 81 U5y L A FRASHO ST OO R M o

pr ocef»s . . ..
1. "Calculate the co-variance, S;;, between each input pair, i and k

Sk =N* 3 (X; *X) - (X X;) * (Z Xi) Equation 5
N*(N-1)
2. Calculate the correlation coefficient for each pair of inputs from the co-
variance:
CCi = S/(Sii*Si)*? Equation 6

[00151] There are two circumstances, which flag that an input should not be
included in the model. The first circumstance occurs when there is no
significant correlation between a particular input and the rest of the input data
set. For each input, there must be at least one other input in the data set with a

significant correlation coefficient, such as 0.4.



control system Wen the "last good val ue" option has
been configured, this can |lead to erroneous

w@adocabske ons that are difficult to detect andPerTE2d2007019
Typically when the "Bad Val ue" code is propagated
t hrough the system all cal cul ati ons whi ch depend on
the bad neasurenent will be flagged bad as well.
[ 00157] Regardl ess of the option configured on the
process control system those tinme periods, which
i ncl ude Bad Val ues shoul d né® be included in training
or test data sets. The devel oper needs to identify

[00’1@2? h opht QBchiRh cRe8fhstRE ioQH{lFsdwilgxé Elli\s'e?ﬁmg (iﬁéétf ig?ormation

control system and then configure ta ter
haskesn(dicaiglentathdacludeidaivies, o fRadthvaligie somiearal ¢ulation, which
on-.li.ne | npl ntation, inputs nust pbe pre-processed,
has g Ayt En e oy Byt 2B5S dh s iSRRG eIl egoethcients
dreARS @b sRaripldMK o] i ' i
nes SR/ eSO, 005) BB ORRAI AR A, Mlfine
whether bothriziputs BhouMdbeincludedeint theshodelt ilfeh@aipusiare physically

T T T
indep&hdontBEhehfinsn éﬁrﬁg%%ce%gtt%nﬂg%/agﬁrﬁ Q&%’l‘gbg{eﬂ; fgﬁé?? zthuts

condi tion (as opposed to
shaudd branehudediimitlhe madelnum init of the transmitter
range - covered in the Bad Value section). This
[00a53F es SIficlin Eh@sﬂa&at?a&‘fb“ﬂﬁaﬁ&is SLYLPOthes Eﬁ‘&,nﬁémcperature and
Portions of the process are normally iInactive except
pregsire connenisateddemperaire)ohgiprefemencd isrtodneahyledhe measurement
essure reli.ef.flow to the flare syste Ti me peri ods
tha RSP 3 Eminaithoneiets thede & & ¥ fvent Jubepsd cross
corfationl 88t Ebh S B F ihd¥ethBskRBd eM B! ArfiPiHeqR4Rb At &atiet. Then
settl{;g up data filters. For the on-line
thejong| with therhigher itessecavelatipn shewlkehbs inmleded.i gger
events for automatic suppression of selected nodel

3) snmﬂtﬂ?,mg&ﬂ@n@mgmumhr%ﬁmsem I's designed to
drive the process agai nst process operating limts,

[007S8] eXRBAiRing A EheAREE ptddBsids often run against hard and soft

constraints resulting in saturated values and "Bad Values" for the model inputs.

Common constraints are: instrument transmitter high and low ranges, analyzer
ranges, maximum and minimum control valve positions, and process control
application output limits. Inputs can fall into several categories with regard to
saturation which require special handling when pre-processing the inputs, both

for model building and for the on-line use of these models.

[00155] For standard analog instruments (e.g., 4-20 milliamp electronic

transmitters), bad values can occur because of two separate reasons:

e The actual process condition is outside the range of the field

transmitter

e The connection with the field has been broken



These constraints typically fall into two categories:

- those, which are occasionally saturated and those,
wokiochosee normal |y saturated. Those inputs, WCTOSENB007019

normal |y saturated, should be excluded fromthe nodel.

Those inputs, which are only occasionally saturated

(for exanple less than 10% of the tine) can be

i ncluded in the nodel however, they should be scal ed

based on the time periods when they are not saturated:

B. Input from Process Contrdi6 -Applications [00160] The

process control applications have a very significant

fhgCt ' .
OGRE"" | Aot RS, RonLHE oL She pRELASIAEES! system
couldheadnirdigursd singam fridiwidubl nreasineatkm bakizato ¢ithee mesignian

the caontro]lled vapiaples is primarily noise except for
Spfﬂlfﬁs%’ ripdhe valne %Ertﬁ%@emﬁmﬁé%%%@%@ thatkthsgpgagyrement
is aBhA VAaIak oo o ﬁ%mtam f?%QQit ggo?it VHIRBRFEhE Indddfird &5 T ese

has intentionally noved t operati ng point by
valohamgllthek pyopsag e timosghoiftmnyncal calatioas ipet formeidron the process

cordfihafers HBehdRy st end Valbel pplondire seeacanined, tis can
leaBltd riegllﬁ%e%ag Caldlifonal QY aiffibyieto bBidk8ndiekbllie. Typically

The normal operations o efrnery an
whpn dbeSBed Valeelisode iy propagateld|throvgh thesydidhealdshalculations

t s of, control ,structures: the classical control
whichLichrnd ¢ i hag qui%sg{ﬁf%eré)miﬂ‘ae Fiaged bad ascecil

mul tivariable constraint controllers, MVCC (shown in
[008i5G1r e RegarilesSedftbeiapgiommbalfigurediba the procasscaérol system,

thofp BBt Bt oietpe iz Sah Valinscponld Bof B jndBRee i training
or 8Ni4talsehl r'he WeGelopbr ﬁ@éds%qgexgﬁ'?ﬂ/ ngvggcfﬂ ?ﬁ{ioﬂ rhgg beekS:

Al t hough there are ny potenti puts f.rom
corfigired nn dipp praeiss eontrohgystem and then configure data filters for

excluding samples, which are Bad Values. For the on-line implementation,
inputs must be pre-processed so that Bad Values are flagged as missing values,

regardless of which option had been selected on the process control system.

[00158] Those inputs, which are normally Bad Value for extensive time

periods should be excluded from the model.

[00159] Constrained variables are ones where the measurement is at some
limit, and this measurement matches an actual process condition (as opposed to

- where the value has defaulted to the maximum or minimum limit of the
transmitter range - covered in the Bad Value section). This process situation can

occur for several reasons:

¢ Portions of the process are normally inactive except under
special override conditions, for example pressure relief flow to
the flare system. Time periods where these override conditions

are active should be excluded from the training and validation



only ones that are candidates for the nodel are the

raw process neasurenents (the "PVs" in this figure )
wa@ae@7tibes2d i nal output to the field valve. [001B31/US2007/007019

Al though it is a very inportant neasurenent, the PV of

the ultimate primary of the cascade control structure

is a poor candidate for inclusion in the nodel. This

nmeasur enent usually has very |limted novenent since

the objective of the control structure is to keep this

measur enent at the set poi nt 47TFhere can be novement in

the PV of the ultimate primary if its setpoint is

changed bifatd Sty sdths Yip! data BilieBdUEBE thel B8-18R  ifhplementation

patterns from occasional primary setpoint noves \Ib)l Iﬁn

usual | y néheseawerside eventsrire prigger ¢verith fort awtbmiabg suppression

dat aset for. the del, to characterize the data

pattern. [H6¢% Eerzg@é’gﬁg%tag?tl?sni s difficulty in

characterizing the data pattern resulting from changes

i n t he %Setl}iPrROCESS ¢amdral|system is gedigned to driwa théyprocess

oper at or this setpoint .opve, it is likely to . .
cause a s:%% Fggcl)n es§§ Ergggxg lftﬂltfhgors%wleﬁﬁﬁé?%&pec limits.
predi cti oTHeike @bnsttkihts typiaalyofall ingo RE&ategories: - those,
Consequent |y, any change in the setpoint of the

ultimate prhigheye f)gc%imm spiurated ppdshogep which preonprmally
event SUPRLEIRAN Tl}o\é\gﬁﬁfﬂt‘g{ ﬁ%&]‘ﬁ}% g&é@%@é}f Qa ﬂlc"a%gd,asrlllould be

ultimate prinmary’ se

suppr essi efchldedi fomitht nfoded"FhoS@idpits, SRR drk Dnly
effect fromthe SPE cal cul ati on. [00165] Shoul d the

devel oper ocfatigaelly peturayed (fariaxample desscthpni 1986 pf the me)
th del i : ld b | ed based
those br 1 S BepCRARHGRIE n HofteRrr iy SfioPRlts silea

changed t base@bachetintperidds Whihehey aceast dadsiapaded
close to the vale of the new setpoint (for exanple

B. WdpitfranyProctECoR ol A picitighange thus if the

setpoint change is from10 to 11, when the PV reaches
5) L00166] Therge al so be neasurenent.s. that_ are
1003000 Fh B ost Fpeiral P {eelonS Pavs Pey gy L FicREs Togen the
corfitiGh 3rioire 0 ihd ?if&:@&@ dital Int@iBMapf the U timte
Primary, for exanple redundant "t her nbcoupl es | ocated

near af e%eer\?z{ryz{tl%n of controlled variables is significantly reduced so
that movement in the controlled variables is primarily noise
except for those brief time periods when the process has been hit
with a significant process disturbance or the operator has
intentionally moved the operating point by changing key

setpoints.

e The normal variation in the controlled variables is transferred by
the control system to the manipulated variables (ultimately the

signals sent to the control valves in the field).

[00161] The normal operations of refinery and chemical processes are

usually controlled by two different types of control structures: the classical



measurenent used as a PV for an Utimate Primary.
These redundant neasurenents should be treated in the
w0 dentiosad manner that is chosen for the PV of Peh®S2007/007019
Utimate Primary. [00167] Cascade structures can have
setpoint limts on each secondary and can have out put
limts on the signal to the field control valve. It is
i mportant to check the status of these potentially
constrai ned operations to see whether the neasurenent
associated with a setpoint-H&s been operated in a
constrai ned manner or whether the signal to the field
cont@)] @sdafes %Mqaaiigafmdand?ak%@gé @t BffGvariable
constrai ned operations should not be used. 2)
conSgaaytdonirollegs | MMGEi(slpowbdeFigmmuTs from Ml tivari ate
Constraint Controllers, MVCC [00168] Figure 7 shows a
1) | $leeha MO PIRAAS TroAI A RhdBRBMIGRELON. Which Ts a

very conmon control structure refining and

0 i C . . . " j . .

0ORBE[ A BEPRIRSH o AR TEatSgR 8 el appticaion

whivhnis auarly e muaronadunerol stisturé fstiedfining andecheasical rosesses.
setpoi nts of regul atory control |oops) wll change

Althgngh Hhete axe sAnyspotental miodehupty Bim puthhar appheation, the
onlg fonmes th&tSare | R%lrt]éél\ﬁééh@ %({r?lpl) :&\Soé E%@fba&g RFQ?(%%E’ hfeasifements

rocess state atte € process
(thoPBVa! imthiadegure ) andaha finab obiputtts thd fiekbvalivel t s can
be either W limts or CVIlimts and are determ ned by

002B3F¥t CARBbuBRGt ¥ ZPry i ki i
[ pro]gess opelrlgt es agvg‘f slthvﬁm) beéaégﬁ%’f’éﬁ@é%E%‘F@gﬁ‘mmm
primarywE theheascade cohtrel stingctatd veepooncamtidatelfat nolusion in the

e nunber of material, bal ances, controlled. Sq if _an

moflglect hisdneasuppienspsually harivery| limpued meyemart siner Biss
obj¥ktite QPt&O@Jrﬁgggséxﬁﬁg\?{éﬁt% gi- 8?%% ﬁ?igzlaeac}iﬁr rgﬁ Rithk setpint.

predict the e st urbances o
Tharheaprizcmeyeareht do thEePVat fth adtitiats prinoay iflits setpodamntcie s

chay B e B Lo o, et icahd Boms bt ES S ey
set;%)c}ﬁﬁ% ililr%riex%tg I%i't'l‘l %ﬁé&%&@?@lﬁsg?fé@%&ﬁ?ﬂ@?r il ehePRAMERY 896iset for
the model to characterize the data pattern.

[00164] Because of this difficulty in characterizing the data pattern resulting
from changes in the setpoint of the ultimate primary, when the operator makes
this setpoint move, it is likely to cause a significant increase in the sum of
squared prediction error, SPE, index of the model. Consequently, any change in
the setpoint of the ultimate primary is a candidate trigger for a "known event
suppression”. Whenever the operator changes an ultimate primary setpoint, the
"known event suppression” logic will automatically remove its effect from the

SPE calculation.

[00165] Should the developer include the PV of the ultimate primary into the
model, this measurement should be scaled based on those brief time periods

during which the operator has changed the setpoint and until the process has



its operating limt by the MVCC. As discussed in the

Constrai ned Vari abl es section, raw vari ables that are
wa@onstiogened nore than 10% of the tinme are pooPCT/US2007/007019

candi dates for inclusion in the PCA nodel. Normally

unconstrai ned vari abl es shoul d be handl ed per the

Constrai ned Variabl es section discussion. [00170] If

an unconstrainedW is a setpoint to a regul atory

control |oop, the setpoint should not be included,

i nstead the measurenment of ~tfat regul atory contro

| oop should be included. The signal to the field valve

0,

mopESMIET0 BEHAPPIe SATHEQOMT: SRGHRE FIBG 052 of the new
setpaintcharegaithusl if éhepstpoind chatdgeis frons bdubd d1 bwhieﬂ(Ihel tal

i.n tgi del. C. Redundant Measurenents [00172] The
reaghescb@3%ont rol syst em dat abases can have a

signi ficant redundancy anong the candidate inputs into
[001h6] PCAThemtainay @i by peeashrenechts daatcare ivery pirgsglyadorrelated

(For FRAHB R EAsPlssy m 2 BoFe R e FBPCN A gho B i Ultimate
Pru%%?ﬂﬂ i%ﬁ'té?(ﬁ l& ?é&hﬁd&ﬁt H I a?ﬂ%’ IBW%H eﬁggtgﬁ\lﬁgfature

ype of redundancy I's "calcu I onal
memcmenawssda as arBV doeambiltieraie Pcimhary. GHMerredundnm new

e AR SR o TRl S TR 6% B e v

of tRBASHIRAR Y $thary 00173] As a general rule, both the raw
nmeasur enent and an input which is calculated fromthat

| t b | uded th el. T
(00fB7E, R icturRS opg Rk RetReti iRt i S opecpfdary and
CRDW@C PlintiBPén Eﬁ@s@ﬁ%ﬁ@ H“?élétc%htl‘o? vHPv%t If 87hlgRfant to

e exception to this rule is when the raw
chechﬁhc status of ﬂeasnmdhmtmllycmnsyranm@mepmtmds to sex dhether the

rove . the correlation str re of the data for the

me?ﬁgﬁs&neﬂiﬁ HS%%%%@ BB A SR ORI Ed e ConAinesh
{ t

el PR O EPEl 1 BN SRH T SOHARTRRY Dot

durprg)thege isgnsiraigsdvapleratznnsoshould not be used.

2) Selecting / Calculating Model Inputs from Multivariable Constraint
Controllers, MVCC

[00168]) Figure 7 shows a typical MVCC process control application, which
is a very common control structure for refining and chemical processes. An
MVCC uses a dynamic mathematical model to predict how changes in
manipulated variables, MVs, (usually valve positions or setpoints of regulatory
control loops) will change control variables, CVs (the dependent temperatures,
pressures, compositions and flows which measure the process state). An MVCC
attempts to push the process operation against operating limits. These limits can
be either MV limits or CV limits and are determined by an external optimizer.
'The number of limits that the process operates against will be equal to the
number of MVs the controller is allowed to manipulate minus the number of

material balances controlled. So if an MVCC has 12 MVs, 30 CVs and 2 levels



information in the nodel. As a general rule, raw
nmeasur enents, which are physically redundant, should
wheoornedseded i n the nodel. When there are a | ap@BUS2007/007019
nunber of physically redundant neasurenents, these
measur enents nust be specially scaled so as to prevent
them from overwhel m ng the sel ection of principle
conmponents (see the section on variable scaling). A
common process exanple occurs fromthe |arge nunber of
t her mocoupl es that are placé@-in reactors to catch
reactor runaways. [00175] When mning a very |arge
theﬁr]rlgsaﬁu re ms% ?@ﬁ%@aﬁrﬁﬁaaagc%?‘%é sl- corr {g[ ation g%gfg{“ﬁo&% edict
the ezt ofimeastradiead alisturtnees oauths prédesandeasnpansans for these
Lrs with very high crosscorrel ation (for exanple
loaiab%}%ﬂ?a@@fs @FRRW% aﬁég?quW? ’é‘l“l‘?bl@%aﬁ:raﬂed to classify
each pair as either physically redundant or
[00269) ul aMhetiztr or mod ciumasiaMV driCV ibiasgard caldi@aedor inclusion in

the S/ FEpHEHERePES O she PEEeRESOLEB BRbMRY 05 (aiia hekd against
its Yttt Hrk R BYHEMTLE NS dincustBE P ! CHRLERhe R Al es
section,malw ypsables tiptrae genstisinad ehere thian di9% pdhhs tiedd are poor
canfffeds i RhE A 330, el Sioninins oot
shohepd ataﬁdr&ag%&grﬁé %@Maﬁ{eﬂt?mtqﬁgfe?tﬁ?eﬂén dfsc@sdsnd

i ndi cati1on e quality o ormation 1 n the
all norpal operating nod

t 00178]. | ncl [
W"mﬁf 3 ‘gt@gg%%l?l% 4 $IPPBILY 2 regef#t%raemtfﬁdoop, the
set}{HﬁQ@s}f@Md By %e%élﬁﬁé&%sf&ﬁrtﬁk %b%r%%ﬂf’&f‘ﬁﬁ? r({;%,ggt%?y

e patterns, I ch characterize the operating
contnod lee shewd Heyinchuledo e sighebto thenficld vadve frenathaig

re R APRLIRD SpeRaTn oabeldPe. <1 Pong abnormml

operating data is included in the training data, the

[00 | iflan unconstrained Mbtis|a sigasktoad fietdrualvegersitiomgiben it
ag lr)1orm1l oper at i ons Consequent |y, when the nodel is
should be included in the model.

C. Redundant Measurements

[00172]) The process control system databases can have a significant
redundancy among the candidate inputs into the PCA model. One type of
redundancy is "physical redundancy", where there are multiple sensors (such as
thermocouples) located in close physical proximity to each other within the
process equipment. The other type of redundancy is "calculational redundancy”,
where raw sensors are mathematically combined into new variables (e.g.
pressure compensated temperatures or mass flows calculated from volumetric

flow measurements).

[00173] As a general rule, both the raw measurement and an input which is
calculated from that measurement should not be included in the model. The

general preference is to include the version of the measurement that the process



| ater conpared to an abnornmal operation, it may not

detect the abnormality operations. [00180] History
w@b@aliab3be as simlar as possible to the data BSEUSI007/007019

the o n line system The online systemw | be

provi ding spot values at a frequency fast enough to

detect the abnormal event. For continuous refining and

chem cal operations this sanpling frequency will be

around one mnute. Wthin the [imtations of the data

hi storian, the training data@lshould be as equival ent

to onem nute spot val ues as possible. [00181] The

] ] . . . ]

O o b WS LB SRR, Bhic 1t fhef b By inputs
musBbemmithemnatichldy ttanyfarmedeimmelet ho sraptowetheaorredation sfructure

of it Trictsampdar Iny et oee ertransiormed VeapleshaRId be

i PRAS | G jn the trainin

mcgg%ea set @{’%%lg’ nllrc'C ?{Jé g{rfl% F{/‘klrﬁnﬁsﬁgﬁkgnﬁ Ee model | °
Lo T R T -
infbRha SRk B fn%ﬂei.sﬁﬂ%s% eriBhAe, GATPhRa S thdn?td \hich are

Many historical databa3es use data conpression to
physieally pesiundent sbpulgebe enplidedrimtie modet. hWhtat there are a large

nuntBePbF HRFLRRNY reliniiabt Bidasiiteriaits, tese Presstianents mpssioe
specAIPEQIIEE bo b o PAGRES MR IPORLWrwhREn i #RafGiUb £

be t'urned off and the spot val ues of the data
pringipleoeompanetrtis {s¢e thedectiosouvariahde soaling)shregmmon process

e e B SIS B B et

readios k@ bhRh réfétol B@hwhyd) the shortest data average
avai l able. 2) Length of Data Hi story

[00175] When mining a very large database, the developer can identify the
redundant measurements by doing a cross-correlation calculation among all of
the candidate inputs. Those measurement pairs with a very high cross-
correlation (for example above .95) should be individually examined to classify

each pair as either physically redundant or calculationally redundant.

III. Historical Data Collection

[00176] A significant effort in the development lies in creating a good
training data set, which is known to contain all modes of normal process

operations. This data set should:

[00177] Span the normal operating range: Datasets, which span small parts
of the operating range, are composed mostly of noise. The range of the data
compared to the range of the data during steady state operations is a good

indication of the quality of the information in the dataset.

[00178] Include all normal operating modes (including seasonal mode

variations). Each operating mode may have different correlation structures.



[00183] For the nodel to properly represent the nornal
process patterns, the training data set needs to have

wexanmpbeso of all the nornmal operating nodes, nBCTEE2007/007019
operati ng changes and changes and normal m nor
di sturbances that the process experiences. This is
acconpli shed by using data fromover a | ong period of
process operations (e.g. 9 - 18 nonths). In
particul ar, the differences anong seasonal operations
(spring, summer, fall and v\/isﬁt‘er) can be very
significant with refinery and chem cal processes.

Unle39 18 patvains] Whith EHGA6tetBInS bgs;a@ﬂ@ﬁneﬁe,dﬁ%a@h%ea%y the
yet available (e.g. after a turnaround or other

modelg théseammodeled wpetating inwdes fwillhappean es sbnexpualpoperadions.
In these cases the nodel would start with a short

[00070] | al On8} irRlude Rbrhdo S adinkYda: Itffs ro?Ria] bperating
training dataset is expanded as further data is

datg & insduded irthettrainingidata, tanedehwill migtakenly model these

nmodel s are. stahilize e. g. the nodel efficients .
aboEi SpRETipRs AR no-fRL hirionsnCoPSHui e b e model is
latefNeompaREd téafi Ebhbedhl 6pématiod0#8Rhy hBE d¥Rtt fiESabnormality

operating journals for this fime period should al so be
opegaliorsst ed. This will be used to designate operating

time periods as abnormal, or operating in sone special

[000BOE t hEtsioBedll bRUsPiRlile 3 Pds9IBlé Ve the hidl @d in the on-
dataset. In particular, inportant historical abnornmal

lineapestars: E4e opling systerewiflihenprovidingispgt valneaat adeequesicy fast

del s, k_of £
encf@B15 deitesile aPRoFnd Nenrof S arfintiy & s
ope@ﬁt@oﬂiwthiilhﬁh'_'?ﬁhg gebquent evill BOhrdUnACRRSERAI®. Within the

. historian. storization of these values should
limjtations af gre/dagadiisionian; the tsaining datarshoupd be @sequbjalent to one-

mi“@?%%@‘% g&y%?{@g%ﬁ?&ﬂS?] Ad d data that no’'l onger

% he current process operations
shoul d be renoved fromthe training data set. After a

[00481br pFerstsatesydpr Heta sdlectionds te atam withdalongorerping
hist'S?Q %ﬁsm in&6d r&?g«? 6f b%ghﬁfs t]:)rl%mmonths), then try to remove those

time periods with obvious or documented abnormal events. By using such a

long time period,

e the smaller abnormal events will not appear with sufficient

strength in the training data set to significantly influence the

model parameters

e most operating modes should have occurred and will be

represented in the data.
A. Historical Data Collection Issues
1) Data Compression

[00182]  Many historical databases use data compression to minimize the
storage requirements for the data. Unfortunately, this practice can disrupt the

correlation structure of the data. At the beginning of the project the data



scratch. If a particular type of operation is no

| onger being done, all data fromthat operation should
wheowaoseed fromthe training data set. [00188PCT/US2007/007019

Operating | ogs should be used to identify when the

process was run under different operating nodes. These

different nobdes may require separate nodels. Were the

nodel is intended to cover several operating nodes,

t he nunber of sanples in the trai ni ng dat aset from

each operating nodel should SBe approxi mately

equi valent. 6) Sanpling Rate [00189] The devel oper

con?PyRusidndFthE UakP48E Shotlbd RirRtd BECSRPtelPoR VERIADAHE data

site's process historian, preferably getting one
histerizgte Fpadimodtlssbould be biaglt usingatncanapreassdedata h?Ehenever

wi,th the |l east anou

posAF a o R ABSL GG nothe Yo ey 28a i gty data
avaNﬁBl%U RHRRES wWhitPthdShoReal Hity AVRRY SWilibge.(anal yzers

and l'ab sanpl es) have a much sl ower sanple frequency

t th S neasurenents, ranging fromtens of
2) nﬁﬁﬂg@% ﬁ?agﬁ%w ONY, order to include these
s in,the nodel conti nuous esti mate of
[0of§3E %%m@%@mﬂeﬁt Iy FrRaRn B BrEah BrTses Batierns, the
tratﬁh%‘&&a%cﬁﬁ@é’ﬁ% o v IEQB?HP%E ABrinh Bp owggés,

ity estimate. Thi ssa node structure
normeé aipethtargjclwxges addtohanpes And hormabhminad dtsttilfb'aﬁces that the
ua

i est t.hen bec he in to the PCA
ProfgFetx egaenﬁ)'% RS ggeompl g?%hm&ggamrﬁ?m@ﬂa long period
t
of froEER! opRAtidR! . £IYL ISR phirRiad B GHRdbh¥esdmong

historica s di eterm he.
seasoral wpicoatiofs (apringaimomeey fall aigl dadntar)ceam be seryt significant

The trafe of using large quantities of
Wl‘ﬂggte{s? ““\ﬂ/?i;}'oct?éﬁensate to sone degree the
nodel blas caused by abnormal operating in the
[00184] ni riiprdetimes eheseTlongmtrtdhesofldatd aenmof mcaviaﬁable (e.g.

data that predates.the start of. the, pr ct nust be
after g raIgupy oF Ol TERRIFaAE reconfiglrelian pF e piRessnPayiamend.
In the&d Sideg tﬁ@hﬁﬁﬁi would start with a short initial set of training data (e.g.

6 weeks) then the training dataset is expanded as further data is collected and the

model updated monthly until the models are stabilized (e.g. the model

coefficients don't change with the addition of new data)

3) Amncillary Historical Data

[00185] The various operating journals for this time period should also be
collected. This will be used to designate operating time periods as abnormal, or
operating in some special mode that needs to be excluded from the training
dataset. In particular, important historical abnormal events can be selected from

these logs to act as test cases for the models.



shoul d be replaced wth a dataset, which contains high

gual ity annotations of the process conditions, which
we@ewanowa i ng the project life. [00192] The noREt/US2007/007019

devel opnent strategy is to start with an initia

"rough" nodel (the consequence of a questionable

training data set) then use the nodel to trigger the

gathering of a high quality training data set. As the

nodel is used to nonitor the process, annotations and

data will be gathered on noPfhal oper ations, speci al

oper ati ons, and abnormal operations. Anytinme the node

4) TLAER A FeeiieE MéastRehidiOitbr@n abnormal event is
m ssed by the nodel, the cause "and duration of the

0026 i Ofeh F?ﬁﬁt@'anldncér{l{oﬁ%%?ﬁééﬁ@ P25kt RiktddiSed in the plant

s ab to nonitor ocess operation can
probess data histodaredHistotipation of thesg vahies. shbhid irdadealiaiely begin at
t hen ed to inmprove the nodel, which is then used to
the st Pﬁaéfi’ré’]"g‘ﬁt her better quality training data. This
process is repeated until the nodel is satisfactory.
5) JOpebatingodesssAnal ysis A Initial Rough Data
Anal ysis [00193] Using the operating | ogs and

[00a83]ri ni OBl ddre thatoe® fsnder \propédlp rEmBsents ik EatrefiSprochss
hi storical data is divided 1nto, periods wth

opSEadoRTHIdbE reprad foam tadraieingsiaia wet hARgT a major process
molkiggér]]cxitiflo If g—% g%%gé%%taoaﬁﬁf BEILRRsdel Pﬁ}ﬁl@éﬁfg l{)@ réblilt from

operati ons w rai ning

scrateha I aparti ldddjpeNsfopaationiany lengitbeieg dent Oalbdata from
exam ned ove{d its history to see whether 1t is a
that aperaignsheyld b eernpyed fican the waining dgtasssir enent s

whi ch shoul d be excluded are: Those with many | ong
[00288] 0dOpératingHogs shidiald béahserl to ilentisy which thefyotessdvas run
erjods of tine pegged to thejr transnitter high or
un es\ﬁli%ﬁm sperptingamoggs.c A hespdifferent modes aaprading sopgrate

molEisC G\thxts §%o&€li is t}nﬁern%ehitg Wojvéér §%}£l°$ﬂe?gtiﬁg nrl&f‘és[ the

set poi nt
number of samples in the training dataset from each operating model should be

approximately equivalent.
6) Sampling Rate

[00189] The developer should gather several months of process data using
the site's process historian, preferably getting one minute spot values. If this is
not available, the highest resolution data, with the least amount of averaging

should be used.

7) Infrequently Sampled Measurements

[00190) Quality measurements (analyzers and lab samples) have a much
slower sample frequency than other process measurements, ranging from tens of
minutes to daily. In order to include these measurements in the model a
continuous estimate of these quality measurements needs to be constructed.

Figure 8 shows the online calculation of a continuous quality estimate. This



Those that continuously show very large variability
relative to their operating range Those that show

wo 2aoz1@9300 no cross correlation with any ot herPCT/US2007/007019
measurenents in the data set Those with poor signal
to noise ratios [00195] Wil e exam ning the data,
those tine periods where neasurenents are briefly
i ndicating "Bad Value" or are briefly pegged to their
transmtter high or lowlimts should al so be
excl uded. [00196] Once t hese7excl usi ons have been nade
the first rough PCA nodel should be built. Since this

sam& e Strh b8 sRoNRY Ve ERUELH &Elﬂ?%pﬁ&?toeﬂﬁq{isf&{&? Ha%f. This

princi pal conponents to be retained is not iInportant.

quafity estiiviake them beddmgedhtheanpuhints thoP Qi eadelber
measurenents i ncluded in the nodel. The nunber of PCs

8) SHAScY Tilddch®d Bata Mirtafille nunber of degrees of

freedomin the process, however this is not usually

[001D9)N SSRGS B %ei;}nSiJGgﬁ.% aBhbrh Bl ftﬁ? Leah Qi"léfsﬁﬁ‘icgl data
process di sturbances. There are sevéral ’standar
is diffidutio deterndizteer Theimgusiomofapnprmat opedatingndzaa ean bias the

to ipclude. Alsp at this stage the statistjcal .,
mogely Dl ey i uive 10sd avagiGes of hiskerical st il compansate
to ¢ 30 hE ¥ RS LAGSS by brlolpia) Eéedive | SRRk AR data
sett Abeugbdeithsltdirei mistraioal dethethat pradaesst theystart of the project

ri ods re.the data does not _mat t.he. nodel, These
muf e RardSE i Sritee g Rl &5@ %&'{ﬁwng&s ataset
- r - o »
ShoRBO B P8 aBE 1 RaBSA AR ety dlhions of e

prosbssud ahdatiens, behifchagppad dasingithe projethliknown abnor mal
events occurring. These tine periods should be

o035 Ut MY iy S T 08 L v
model(tke consisjuehcalof ar quedstiGpablattranmng] d4ia 881) then nise #hé nopdel
to tAREPHR SRR or R Sith S utity t3fhiag Hats Set’ AL S Model is used
to monitor the process, annotations and data will be gathered on normal
operations, special operations, and abnormal operations. Anytime the model
flags an abnormal operation or an abnormal event is missed by the model, the
cause and duration of the event is annotated. In this way feedback on the
model's ability to monitor the process operation can be incorporated in the
training data. This data is then used to improve the model, which is then used to
continue to gather better quality training data. This process is repeated uﬁtil the

model is satisfactory.

1V. Data & Process Analysis
A. Initial Rough Data Analysis

[00193] Using the operating logs and examining the process key

performance indicators, the historical data is divided into periods with known



foll owi ng: Renobvi ng docunented events. It is very rare

to have a conplete record of the abnornal event
whe@vao9s2@t a site. However, significant operapCTgs2007/007019

probl enms shoul d be docunented in operating records

such as operator |ogs, operator change journals, alarm

journals, and instrunment maintenance records. These

are only providing a partial record of the abnornal

event history. Renoving tinme periods where

keyper f or mance indicators, “RPls, are abnormal. Such

nmeasurenents as feed rates, product rates, product

. ; 9 |

ab pr oggzg)?egfgg)rr%ti on1 nlig‘idl Shggg %ﬁ?? ﬁsﬁgglr%}r(l%?éﬁt‘ %gte ar eS' The
data preith hoddentified abnotmalGperatibnewiliibedhe draiving dvts set.

limted set of neasurenents will usually give a clear
[00194] Cal NS SdcHRlca98enRint HRBG fPbe Qﬁﬁl'iﬁ’ﬁécpaﬁr fts HidtGrydo see

shows a histogramof a KPI. Since the operating goa
whether ithiss1 ¢dididatetfor tleextrainimg data sehe Messuatmengtspwhiohdshould

wher Cihi s KPI is low are |ikely abnormal operations.,
be@f‘gl}gg Aftalities are often the easiest KPIs to

anal yze since the optimunoperation is against a

speci f i eatTtmselwith mandlonggyerivds dfahmeseIBdd Valhied

normal feed rate variations. C. Conpensating for Noise

[ 00199] ® B hseswithenamelongf periadsof tomelpeggied o their transmitter

frequency ,cont ent olf t he measurenment signal which does

not cont aihﬁgﬁ?éilﬂw %S mati on about the process.

Noi se can be caused by specific process conditions

such aset idigskawhich showoreog Sitthnvariability (ekadpt these, which are

turbul ence. in the |eyel. I se can be caused by

el ectri caﬁlghr'i]é’u%?“atﬁ‘gl!‘?‘i 'ﬁ%‘\%gi}'eﬁe,tp%lp i ficant process

variability perhaps caused by process disturbances is

useful ?nf tthégcmmwm thavs vepe large variabiliyrelative to

[00200] T are two_ primary noi se types encountered
in refini Egéﬁﬁé’eﬁf’n‘g}ﬁ Eagllgepr ocess neasurenents:
nmeasur ene s%istges and_exponentially carrel ated

cont i nubu at ShQvy ligle, et pe GEeRs cgsTedationwith gny esher
j unps by qﬂe%%gggqglmeldgiag&tamunt for a short

nunber of sanples before returning to a

e Those with poor signal to noise ratios

[00195] While examining the data, those time periods where measurements
are briefly indicating "Bad Value" or are briefly pegged to their transmitter high

or low limits should also be excluded.

[00196] Once these exclusions have been made the first rough PCA model
should be built. Since this is going to be a very rough model the exact number
of principal components to be retained is not important. This will typically be
around 5% of the number measurements included in the model. The number of
PCs should ultimately match the number of degrees of freedom in the process,
however this is not usually known since this includes all the different sources of

process disturbances. There are several standard methods for determining how



val ue near its previous value. Noise spikes are
renmoved using a traditional spike rejection filter
wa@eoh/1ee82¢ he Union filter. [00201] The anount BET/NS08B007019
in the signal can be quantified by a neasure known as
the signal to noise ratio (see Figure 10). This is
defined as the ratio of the anount of signa
variability due to process variation to the anount of
signal variability due to hl%h frequency noi se. A
val ue below four is a typicd/~value for indicating
that the S|gnal has substantial noise, and can harm
ma y%rfﬁ% 1'cd cgr?efrfté V& ifehade. [8@@%&%%?? e Eﬁﬁstlcal approach
devel oper ounters a sigha signrfi cant
to Yeriabde skmltrrg stekdd drecusefl: s¢aleallcbariabdas td wnio wdﬁancwé.
preference these are: Fix the signal by renoving the
fce_of n0|se (the best answer) Renove / .
|nﬂ?€ oF%e through filtering techniques Equation 7
Exclude the S|gnal fromthe nodel [00203J Typlcally
f Si 5 ]
(00197) 7 906 Ealhihd 08 sHoBid b3 e i RolEh HiS bublifery
moldel mnlenaﬂy mmpenbdsawhbr@ml ddtadopaast hidttle thesmeldeBSThese
an expon L filter. The eq atlons for the
timg [EEiods s SP C? ¢ espmined togee whether ap gbnopmal gyent was

o SHRES Al RIS oy

should nsotbe flaggedds maiexavith kanvri ﬂmm@lle@eﬁts‘ oddueriagd. These

val u nis e current_ raw val ye I s the exponential

Umﬁnef’&f sshRul C{aE? exclyded tﬂﬁnﬁﬁﬂ@m&ﬁa%ﬁeﬁw e model rebuilt
wit § %1 dhfais the filter time constant [00204]
gna S Wwth very poor signal to noise ratios (for

exanpl e | ess than . .
Removing Outliers and Periods of Abnormal Operations

[00198] Eliminating obvious abnormal events will be done through the

following:

Removing documented events. It is very rare to have a complete record of the
abnormal event history at a site. However, sighiﬁcant operating problems should
be documented in operating records such as operator logs, operator change
journals, alarm journals, and instrument maintenance records. These are only

providing a partial record of the abnormal event history.

Removing time periods where key performance indicators, KPIs, are abnormal.
Such measurements as feed rates, product rates, product quality are common key
performance indicators. Each process operation may have additional KPIs that
are specific to the unit. Careful examination of this limited set of measurements
will usually give a clear indication of periods of abnormal operations. Figure 9
shows a histogram of a KPI. Since the operating goal for this KPI is to maximize
it, the operating periods where this KPI is low are likely abnormal operations.

Process qualities are often the easiest KPIs to analyze since the optimum



2) may not be sufficiently inproved by filtering
techniques to be directly included in the nodel. If

wo b@7itoged i s regarded as inportant, the scal i pgr/os200h@7019
vari abl e should be set to de-sensitize the nodel by
significantly increasing the size of the scaling
factor (typically by a factor in the range of 2 - 10).
D. Transforned Vari abl es [00205] Transforned vari abl es
shoul d be included in the nng for two different
reasons. [00206] First, base “on an engi neering
anal ysis of the specific eqU|pnent and process

opethieoh 5 AgainkiW¥PedifBatio BALit hh@thd gnafehésﬁéiﬁﬁ% RNk
be transtornmed ‘and included in th Since one of

feed mateasgiatipnisons of PCA is that the variables in the
nodel are linearly correlated, significant process or

C. edei tiHfdr Nefyel ties will break down this
correlation structure and show up as a devi ation from

(00381 (B 291 e rpreBrine Sn e highiRe ufr ey Spadond ofne

me&dtﬁ*@ﬁlfeﬁf srgnal hiciRabbsiot &x{tﬁﬁﬁugeth AifbAnsich hbb@tt then
colums Log of conposition in high purity

progdesst i INpiseican bereaused by sperifémprrioeds tendgigioas sneh as two-phase

Mo R RS Hiig e o TpeRetes s JEkaly Ot raB Bkrcguea by
ele&h@ﬁgﬁlc{&%{l%l eGe0eL, sié]ﬁfi@@ﬂtﬁ)&&@é‘é‘ \@efr%’cﬁﬁﬁf @’éﬁb&;ﬁr@used

whi ch have occurred histori cal 'y, shoul d al so
by pragebn disturbapaeeissusehidl infovmatioreand m@dmcs lhwﬁlnqzredrout
the process neasurenents. For exanple, the
[00260Rt | OThdYemarbaiveaaimbBR6ise ¢l pes sHRuntEredan defifRg Al
is relatively linear until the flooding point is
cheyigahprpcesnhaeaswrenaits ampasuemeat spikes and caponentially

corfREH il RLAL LY SRR St Dl il Gultbs by an
unrBASSTRBIE 1286 anfstht el & shERUHUINBE GRS befSre3BRIARIZ to a

exanpl e, catalyst flow problens can often be seen in
valuggear its previous value. Noise spikes are removed using a traditional spike

rejection filter such as the Union filter.

[00201] The amount of noise in the signal can be quantified by a measure
known as the signal to noise ratio (see Figure 10). This is defined as the ratio of
the amount of signal variability due to process variation to the amount of signal
variability due to high frequency noise. A value below four is a typical value for
indicating that the signal has substantial noise, and can harm the model's

effectiveness.

[00202] Whenever the developer encounters a signal with significant noise,

he needs to make one of three choices. In order of preference, these are:

e Fix the signal by removing the source of the noise (the best

answer)

e Remove / minimize the noise through filtering techniques



delta pressures in the transfer line. So instead of

i ncl udi ng the absol ute pressure neasurenents in the
wore@el1posehe delta pressures shoul d be cal cul at BA/aRIN7/007019

i ncluded. E. Dynamic Transformations [00209] Figure 11

shows how t he process dynam cs can disrupt the

correl ati on between the current values of two

nmeasurenents. During the transition tinme one value is

constantly changing while the other is not, so there

is no correlation between TR&-current val ues duri ng

the transition. However these two neasurenents can be

br ought e baslelidé fhd iBRaIHOR@THEALT on by transforming
a

t he | eadi ng vari abl e"usi ng ynam c transfer

(OUBUSES Oy S Sy S SR R T .

expoaentihlly icoreldted coatihtudus ho6ide cay b vedidved With a traditional low
d?_ta. V(s) e "QS Y(s Equation 9 T s + 1Y - raw data
passfiltersugh asancGxnonrntiadl falien The equations dps thmexmonential filter
aredeadtime S - Laplace Transform paranmeter [00210] This
technique is only needed when there is a significant
d WAL 5 rathophet ween vari s used in the .
rmy%el .ICUSSYSEFFI(?J?N ))/éa 1-%/5‘% n% fﬁl\%f TE9UBHOP e qui r Fguation 8
this treatnment. This will be true for those
i FiepdiernTs\Far i abl es skidter gonstenpoaleutatiom ch ar €quation 9
often changed in large steps by the operator and for
t heYhisatberaawsmt Siltned akwee si gni fi cantly upstream of

t heqmi n,process | ts,bej ng nodel ed. F. Renoving
Avel agt é?fgﬂ%ﬁtﬂl rﬁ@"f‘h’é’?ll] Cont i nuous refining

andxe hkefieClrrdili¥66Sege ar e constantly bei ng

P is the exponential filter constant

A

—

Tsis the sample time of the measurement

Tris the filter time constant

[00204] Signals with very poor signal to noise ratios (for example less than
2) may not be sufficiently improved by filtering techniques to be directly
included in the model. Ifthe input is regarded as important, the scaling of the
variable should be set to de-sensitize the model by significantly increasing the

size of the scaling factor (typically by a factor in the range of 2 - 10).

D. Transformed Variables

[00205] Transformed variables should be included in the model for two

different reasons.

[00206] First, based on an engineering analysis of the specific equipment and
process chemistry, known non-linearities in the process should be transformed
and included in the model. Since one of the assumptions of PCA is that the
variables in the model are linearly correlated, significant process or equipment
non-linearities will break down this correlation structure and show up as a

deviation from the model.- This will affect the usable range of the model.



noved from one operating point to another. These can

be intentional, where the where the operator or an
W@pao7gBad i on program nakes changes to a key sSeCPOSIODF(07019

or they can be due to slow process changes such as

heat exchanger fouling or catal yst deactivation.

Consequently, the raw data is not stationary. These

oper ating point changes need to be renoved to create a

stationary dataset. O herw se these changes

erroneously appear as abnor A8l events. [00212] The

process neasurenents are transforned to deviation

[00267] 2P/ BRimPRY IR ANKhS A for Bk A0 ANGHAUS apger at i ng

poi'nt. This transformation to renove the average

operating jnt i s required. when creating PCA nodel s
for abrfor %%‘-@‘v'@néeé &atae in gistillption ¢alugese by

subtracting the exponentially filtered val ue (see
Equat i ohs I®gafcanpesitier po dgh parity ditdlatioguat i ons) of
a nmeasurenent fromits raw value and using this

di f f er encPréssutdreompendated tenperdiie iEasurgm@it on 10 X1
- measurenent transformed to renove operating point
changess Xsid@tledhipeld aw measurenent X fi i e d -
exponentially filtered raw neasurenent [00213] The

ti me constiow tbomltechpostipo(Eigurel2)f i [ ter should b e
about the sane size as the najor tinme constant of the

processe ®eactiod ritetd cxPoOALAIA] tendperi®ud Bhazdri NUt es
wi |l be adequate. The consequence o f [

this
sf {0 i ' t nodel e
(003687 NhPthe dath fethm RS Stk BIdSs, Wich iy ERR bRl
histbfiealipyiligil @ ulvodlgeeanalmid todiiddriand [HIW fifkse pRoBIeHRY show up
to accurately performthis transform the data should

in the pERaeRs mMeRsHICMends s Foplcsampdetbaaylatiashipdieivesn tower delta

=) ' e or f.aster., .This
preqiirs b3 SRR (Bl M NG Bl BB bBly 1 ke, when
the deRa piessand wild ingéase Oxsonedialgl Sipee ddwepfldadimg i9Picked up
this transfornati on has been cal cul ated, the dataseéet

by the brealaipthis lingageerrelatian: bod deliaprasmargetsl feedwatsethonld be
inc]];xgén%n%gs_eg’noth&p é)({‘aﬁl‘ql)l}é, ic{l]taﬁ}bs? W %?oglfem?’soda%ogftér(l) bg cs)éec:)rg) Pn the
delta pressures in the transfer line. So instead of including the absolute pressure
measurements in the model, the delta pressures should be calculated and

included.

E. Dynamic Transformations

[00209] Figure 11 shows how the process dynamics can disrupt the
correlation between the current values of two measurements. During the
transition time one value is constantly changing while the other is not, so there is
no correlation between the current values during the transition. However these
two measurements can be brought back into time synchronization by
transforming the leading variable using a dynamic transfer function. Usually a
first order with deadtime dynamic model (shown in Equation 9 in the Laplace

transform format) is sufficient to time synchronize the data.



V. Model Creation [00215] Once the specific

nmeasur enents have been selected and the training data
wa@edo7hes2been built, the nodel can be built quPCkIU$2007/007019

usi ng standard tools. A Scaling Mdel Inputs [00216]

The performance of PCA nodels is dependent on the

scaling of the inputs. The traditional approach to

scaling is to divide each input by its standard

deviation, , within the training data set. Xi Xi / s

Equation 11 [00217] For inbé?"sets that contain a

| arge nunber of nearly identical neasurenents (such as

mul f,i pl e tempsr. re neasurenments of fixed Equation 9
cat a¢53§t r@aet—eﬁ@gds) this approach is nodified toq
further di WiYE k he measurement by the square root of
the nunber of nearly identical neasurenents. For
redundant watgvgdataps Xi- Xi/ ( * sqrt(N) ) Equation
12 Where N_= nunber of inputs in redundant data group
[00218] Th&e timesynchsppizedsataaches can be

I nappropri gt e.: %?gw enents from conti nuous
refining a%fj ct: eémcca processes. Because the process

i s usual | yowhtadinerol |l ed at specified operating
points, the data distribution is a conbination of data
from st eadP slaplacepaasfosispanamatet a from " di st ur bed”
and operating point change operations. These data w ||

[0023¥F OVEhivteEhmique §¢ snBaAcediAWAEL Bisrefis aBigi€icant dynamic
preponderance of steady state operation data.

Th
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varidB183 §@¢h RS SEPSHRS wHile afL ettt ¢hahged Th legdsepd byrtht loperator
degree of vartability that occurs during normnal

and fodbemeassrempatscukichrarg significapdy apswgapaiihe apginguecess

.nof .on th gree of variability that occurs during
um&%ﬁ?%ﬂgegﬁeady state operations. For normally

F. Removing Average Operating Point

[00211] Continuous refining and chemical processes are constantly being
moved from one operating point to another. These can be intentional, where the
where the operator or an optimization program makes changes to a key setpoints,
or they can be due to slow process changes such as heat exchanger fouling or

* catalyst deactivation. Consequently, the raw data is not stationary. These
operating point changes need to be removed to create a stationary dataset.

Otherwise these changes erroneously appear as abnormal events.

[00212] The process measurements are transformed to deviation variables:
deviation from a moving average operating point. This transformation to remove
the average operating point is required when creating PCA models for abnormal
event detection. This is done by subtracting the exponentially filtered value (see
Equations 8 and 9 for exponential filter equations) of a measurement from its

raw value and using this difference in the model.



unconstrai ned variables, there are two different ways

of determning the scaling factor. [00220] First is to
WO dentiodsgo ti me peri ods where the process was nBCT/US2007/007019

runni ng at steady state, but was al so not experiencing

a significant abnormal event. A limted nunber of

nmeasurenents act as the key indicators of steady state

operations. These are typically the process key

performance indicators and usually include the process

feed rate, the product prodé@tlon rates and the

product quality. These key neasures are used to

segnemnt -tQie_operations into periods of normal st ation 10
state operations, nornally disturbed operati ons a d
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mitGHE O BAHEE LBEP WL e G CRHEI R e 0, PRI JoF 88
meétﬁﬁ"gm%ﬁt{ &%ﬁfp rqgtfgfzeﬁtﬁ'&iﬁiae Qtﬁlg %ra#gfg}ﬁj atfgfn has

Princi pal nponen transtorns
beepraaimdatodathabihmset istresanpslet tofget ddepetadentore anamigeable
are |inear

called Principal, onents,
nurgBenrampig. BPically B metAaee P3P SEa0n snewlas)
V. Model Creation

{00215] Once the specific measurements have been selected and the training
data set has been built, the model can be built quickly using standard tools.

A. Scaling Model Inputs

[00216] The performance of PCA models is dependent on the scaling of the

inputs. The traditional approach to scaling is to divide each input by its standard

deviation, O, within the training data set.

X'=X;/C; ' Equation 11

[00217] For input sets that contain a large number of nearly identical

measurements (such as multiple temperature measurements of fixed catalyst



PO=AU* Xi +Ai 2*X2 + Ai 3* X3+ . . Equation
[ 00224] The process will have a nunber of degrees of
wo e@edaaspo whi ch represent the specific i ndepenBenus2007/007019
effects that influence the process. These different
i ndependent effects show up in the process data as
process variation. Process variation can be due to
i ntenti onal changes, such as feed rate changes, or
uni ntentional disturbances, such as anbi ent
tenperature variation. [00ZZ25]" Each principa
conponent nodels a part of the process variability
reaudoisiestish yhik ppeostl fsaheaifidddeRemes Aivideithe 8RGRar&hent by the
the process. The principal conponents are extracted In
sqyaye rapt etthegmmberief neardy ideniicnl micaourenmentbe data set,
W th each subsequent principal conponent nodeling |Iess
and | ot redundeat gatcgemipar i abi lity. Significant
princi pal conponents represent a significant source of
prggsgg(@gr&ﬁhhgn, for exanple the first princi pafEquation 12
conponent usually represents the effect of feed rate
changes since this is usually the source of the
| ar gedYheredN ssBuBthes 9F dnputs ir sedunsenh tatat grougevel oper
must deci de when the process variation nodel ed by the

[00218)ci pThesotraditiiiiad apprda@heetan BRiRSSTopriate for measurements
i ndependent source qof process variation. [00226] The

J pro
frogy gpMERIQUSrehining 48H dhemiealquoresses.nh Besansethe progbss is usually

f linal ‘| t en.th roups of

el PR ep TR S Rubg ) A8 S DB 8O0 47 5 e
combirmatiopadf datarfesraniteady stargGieraides Sid dpeebRD" &SMEBed” and

The prinmary cause of the process variation nodeled b
ope¢rapgs poInifehange; ererationsokhess data wiidl kavisf svesiesmsll standard

. i o [ S i re call.ed | padi.ngs). ...
oo 0 MOPlept oo el U el e SR
PCragrideldall ber exdessivety Senstdrs 10 $iHADES niGdctaRAd&ViGHbA in the

PC. Soneone with a good understandi ng of the process

ProgreuMgaareaids+ o | ook at the group of vari abl es,
which are the major contributors to a PC and assign a

(004N ( For continuous keffingany chomi¢altproGssas, thorseahng should
are extracted.fromthe data,. the coefficients

be JRAeE o T R i ity Wiod oS clbipieciaril papress! on

dishgbagcasustad feh @Y peratitie! pditt Marfgesindt on the degree of variability

that occurs during continuous steady state operations. For normally

unconstrained variables, there are two different ways of determining the scaling

factor.

[00220]  First is to identify time periods where the process was not running at
steady state, but was also not experiencing a significant abnormal event. A
limited number of measurements act as the key indicators of steady state
operations. These are typically the process key performance indicators and
usually include the process feed rate, the product production rates and the
product quality. These key measures are used to segment the operations into
periods of normal steady state operations, normally disturbed operations, and

abnormal operations. The standard deviation from the time periods of normally



primarily noise. [00227] The traditional statistical

nmet hod for determ ning when the PC is just nodeling
wmeiosa043g0 t o i dentify when the process vari at i BOT/D8200Y007019

nodel ed with each new PC becones constant. This is

nmeasured by the PRESS statistic, which plots the

anount of variation nodel ed by each successive PC

(Figure 13). Unfortunately this test is often

anbi guous for PCA nodel s devel oped on refining and

chem cal processes. VL Mod&l®4Test | ng & Tuni ng [ 00228]

The process data will not have a gaussi an or nor nal

distlirbed bpbidiihs HrOVRRAUESSOY st HLARIBE ek iRt | cal

nmet hod of setting the Trigger for detecting an
meagnements.event at 3 standard deviations of the error
v residual should not beused. Instead the trigger point

0022eyls tAanhge i b I ' i
[ usiﬁg tan megﬁt_l@é[rg%%ﬂgg]eh Y e ﬁﬁ@ﬁlﬂhﬁéﬂlﬁﬁfngggg %F%%Qbased on

. | > Initrally the tr
disgibed gppeatioas is to ubathabntiretriningdate seoas folbews. The scaling

ignal.ed at a.ra accept.abl e .to,the,.site.engi neer,
facfdsdif 1 yihroRingted L FIRR afieny as eistpli g Sutside of 3
stafl@drdrdevigsbridyirbAPHicedh. FOE eDRRpIS 0oL 75 d>ﬁhfecam§1 BRould lie,
.training data set (this is also referred to as t he Q
withir3 istandard deviasiopyobd the mdant drgl thaTBP 9% ofthe slatreshaandd lie,

-thaj, re normal events will.not get_.nissed but
with{4 ot rd 32 7iafons S 1Bt e THY oS de@nigingibeveen
99.790aRe HODIRFrdMARE hORPEA aldMairt HfprbRirthhdbn T8Pgle fdard
been created, it needs to be enhanced by creating a
devigijpn phthg tdjsabed'sdata imthe data sptnSebFigaient2.t he nodel
to nonitor the process. Once the nodel indicates a

[00RQRENt | RinaBY NI RleaSidenddnt 98 ofteh @ of@hiRar (s discussion on
i nvestigate and classify the gocess situation. The

saturialgdheasiabies) onlythosetinee prridds wherestheoeriabies is wh¢dnstrained

B AR 5 PG SRS g b B

normal and it is a false indication.
B. Selecting the Number of Principal Components

[00223] PCA transforms the actual process variables into a set of
independent variables called Principal Components, PC, which are linear

combinations of the original variables (Equation 13).
PCi=Ai 1 *Xi+Ap*X+A 3 X3+... Equation 13

[00224] The process will have a number of degrees of freedom, which
represent the specific independent effects that influence the process. These
different independent effects show up in the process data as process variation.
Process variation can be due to intentional changes, such as feed rate changes, or

unintentional disturbances, such as ambient temperature variation.

[00225] Each principal component models a part of the process variability
caused by these different independent influences on the process. The principal
components are extracted in the direction of decreasing variation in the data set,

with each subsequent principal component modeling less and less of the process



[00231] The new training data set is nmade up of data
from speci al operations and normal operations. The
WG 202/189320 yses as were done to create the initpPel/urRmdBbH07019

need to be performed on the data, and the nodel
re-calculated. Wth this new nodel the trigger |ever
will still be set enpirically, but now with better
annotated data, this trigger point can be tuned so as
to only give an indication when a true abnormal event
has occurred. Sinple Engi meey 1 ng Model s for Abnor nal
Event Detection [00232] The physics, chem stry, and

vari@?ih’fn S§Alifdas }?ﬁnélﬁ)af &@mﬁbﬁ&ﬁt%%eﬁﬁ:’ébﬂm Bignd#Sca!soudse of

NSETti on tiple simlar measurenents creates

processvhrhtion) foir exanpie thff ﬁrﬁ@nmn@wqmpwmt dgvally represents
contlnuoua refinin

the GaRRRIARE) 716 RNEL G LPEF Cualh e o o e ReRss!

t
proﬁgﬁﬂ{;ﬁgé?; h%ﬁ@g&ﬁ&ﬁg rrﬁhg a&%lm %sgtgeggﬁa' whefl thé prsoess
variagbamodelbd py the princigrhl tconpeorfapitsmd holrgrsrdprasenistan

equi val ent esti mates of, a rocess condition. This
indeperdgnipsourse OFf Pracess VREAt ‘8 engi neering redundancy

nodel . |. Two Di nensi onal eri ng Redundanc
(0034 qmwermgsamrqaﬁb "o Safsree e FRBr BHEbREAE,

prln_gl%ad cogglgornegxﬁ.]i 1Ssgc?_>ns$é¢ é: SM 9 of ?/él\}lgbl%g L@vﬁi&ﬁaﬂé')tﬁé
prm{la@(ébﬁtnbufdrb te ﬂﬁdplbna@al cdmppﬁeat nxn ldmges r}lalﬁqgmnngnrmg

15 = error filtered bias ,= filtered bj
senss!. aEheguinearyrcatse Rf the BrRresY uAEiation meele gd BYg'l Pédééief)“ﬁed
Nor mal operating ran Xmn < x, < Xng

by lgeking pode caekhgicatss Vi, of 815 riginal Na?al%if\gég”?“f‘béﬂ%%“ed
The "operator b! as" te is updat e{j ggenever tk}él are the
loadipasht SRosreeqaicirads.KBichate relafyshlacee Ty eepitudg,

S5t SEE BB SrbL oM I ooty o
the pB&¢exk @hould be able to look at the group of variables, which are the major
contributors to a PC and assign a name (e.g. feed rate effect) to that PC. As
more and more PCs are extracted from the data, the coefficients become more
equal in size. At this point the variation being modeled by a particular PC is

primarily noise.

[00227] The traditional statistical method for determining when the PC is just
modeling noise is to identify when the process variation being modeled with
each new PC becomes constant. This is measured by the PRESS statistic, which
plots the amount of variation modeled by each successive PC (Figure 13).
Unfortunately this test is often ambiguous for PCA models developed on

refining and chemical processes.
V1. Model Testing & Tuning

[00228] The process data will not have a gaussian or normal distribution.
Consequently, the standard statistical method of setting the trigger for detecting

an abnormal event at 3 standard deviations of the error residual should not be



bias termis updated so that Equation 14 is exactly

satisfied (error ,=0) [00235] The "filtered bias" term
waepeaties2€ont i nuously to account for persi st eneCT/US2007/007019

unnmeasur ed process changes that bias the engi neering

redundancy nodel. The convergence factor, "N', is set

to elimnate any persistent change after a user

specified tine period, usually on the ti me scal e of

days. [00236] The "normal operating range" and the

"normal model deviation" aré&eternined fromthe

historical data for the engineering redundancy nodel .

40 PSR S A5T0 SE W B () i

withepsdngl¥ne modalhe x axis |ocation. [00237] Any two
di nensi onal equation can be represented in this

[o0z297er . IAHRAYItAb thebaNe6s! SHO BK séﬁkéma%sabg%ﬁh%ﬂ@&&ﬂs

anal yzer readings Versus ac anal yzer readi ngs,
woplthbe signaled ot # eate asteptablegiorthe bitesinpinear, typically 5 or 6 times

each AL TR S Sl Bel B ok ine st SRBcSiaMstis: or the raining
datﬂrs@@ftﬁis 1el156 befefted th@s FhOW é&ﬁfﬁéﬂé ?’e Bl\%‘bté&ﬁsm) This

Model [00239] A particularly val uabl e engi neet’
lewbmw a0 cﬂ;xatrmaba m@mai@vfemskuanUgemussedmmfanse alarms will

m:)del Ls graphically shown in Figure 2.
""%pr? ESNCERESST- thi's model is: Flow + filtered
bi as + operator bias = Cv (VP) (Delta Pressure /
A. DEmbanping ¢he Mpdeker ence ) Equation 17 where: Fl ow
measured flow through a control valve Delta Pressure =

[002'30]5 est OmRaIHE ?xﬁtlblpﬁltordgﬁﬁbspf)@é? Urdated ?{ Hé&ﬁttorﬁ‘eaéﬂ{a%@ed by
downstream pressure Delta Pressure réf er ence averag
cre@idng a rRve ssumiagdlata sef. rhinds dope batisimg the model to momtor the
process. Once the model indicates a potential abnormal situation, the engmeer
should investigate and classify the process situation. The engineer will find
three different situations, either some special process operation is occurring, an
actual abnormal situation is occurring, or the process is normal and it is a false

indication.

[00231] The new training data set is made up of data from special operations
and normal operations. The same analyses as were done to create the initial
model need to be performed on the data, and the model re-calculated. With this
new model the trigger lever will still be set empirically, but now with better
annotated data, this trigger point can be tuned so as to only give an indication

when a true abnormal event has occurred.
Simple Engineering Models for Abnormal Event Detection

[00232] The physics, chemistry, and mechanical design of the process
equipment as well as the insertion of multiple similar measurements creates a
substantial amount of redundancy in the data from continuous refining and

chemical processes. This redundancy is called physical redundancy when



a : nodel paranmeter fitted to historical data Cv:

val ve characteristic curve determned enpirically from
whe@vaodse@l data VP: signal to the control valReT/(8mD7/007019

the actual control valve position) The objectives of

this nodel are to: Detecting sticking / stuck contro

valves Detecting frozen / failed flow neasurenents

Det ecting control val ve operation where the contro

system | oses control of the ow [ 00240] This

particul ar arrangenent of the Tlow versus val ve

equation is chosen for human factors reasons: the x-y

idepltiohl nicativenseritai®prdsent, Bhd chRfulatiSndl te@BRIARS when the
easi |y, understood by the operators. It is inportant

phygealgglhempicalnes megbarics! relationsheys aes uyedatogestfonm independent

Wi i t 4 to be..easi nder st ood. b
bul iYL ex BBy ot Bkt fo BB bl SBFSHEmpERY Boatted an
englasefing peddttPinclyGdddd]l Because of the |ong periods of
steady state operation experienced by continuous
rgfe{snbng and chem cal processes, a long historical
L | dvge Dimensional Epgineering Redundanicy dModgly et
sufficient data to span the operation of the control

[00233Ye. Fhinisahd SimpPoss fant ¥PtAmode] 8h8 it s tﬁlecgesnfric form:

Val ve Position, and Delta Pressure data with the | ong

PEF(10)s- G{x POnsilRfdd BRS| #\dpBatorf Beasl+ eflor$t €P | S kQuation 14
isolate the brief tine periods where there is sone

o i cant L at e ali Thi
SRy BESLEAD 8GOS P raE AR phion 15
t aken ?r'om various periods in history. [00242] Oten,

ei filtered bies PpdilteradbRisgs sUNe roniBigs, g punp di schagggation 16
or the Downstream Pressure is not available. In those

CBBeEoRVgBhES FAdolBBUICHTAN becones a fixed model
p arreaﬁer in the nodel. If both pressures are m ssing
t%ﬁ“* OPSTALIRTRANESE e tFMMTIXTEHE pressure ef f ect

| Norhfal TRsked]-delv@a2ds] Tb@n%é"éﬂ?org hagagt eTthihl Grfody Ve

can be either fit with a l[inear valve
[00234] 'The "operator bias" term is updated whenever the operator

determines that there has been some field event (e.g. opening a bypass flow)
which requires the model to be shifted. On the operator's command, the operator

bias term is updated so that Equation 14 is exactly satisfied (error;=0)

[00235] The "filtered bias" term updates continuously to account for
persistent unmeasured process changes that bias the engineering redundancy
model. The convergence factor, "N", is set to eliminate any persistent change

after a user specified time period, usually on the time scale of days.

[00236] The "normal operating range" and the "normal model deviation" are
determined from the historical data for the engineering redundancy model. In
most cases the max_error value is a single value; however this can also be a

vector of values that is dependent on the x axis location.

100237}  Any two dimensional equation can be represented in this manner.

Material balances, energy balances, estimated analyzer readings versus actual



curve, with a quadratic valve curve or with a
pi ecewi se |inear function. The piecew se |inear
wo mvetiooe i s the nost flexible and will fit angct/osrmD07019
val ve characteristic curve. [00244] The theoretical
value for "a" is 1/2 if the neasurenents are taken
directly across the valve. Rarely are the neasurenents
positioned there, "a" becones an enpirically
determ ned paraneter to accg%r;t for the actual
positioning of the pressure’freasurenents. [00245]
Oten there will be very few periods of tinme with
ana%rei- L dBRSs, B presdst! dutvel, @86 UF xurd N shoviea twoldimensional
ta PreSsure ‘during the normal periods of operation
enecgnbalanteise t he nodel -fitting program To overcomne
this, the nodelis developed in two phases, first where,
[00238el | Aslatcasein puhit the Aol versns aahve pesition madel is explained
. DeltaJPressure variation is used to fit the nodel.
in graater de@ilor essure dependent paraneters ("a" and
per haps the m ssing upstream or downstream pressure)
A. arhe Flyadvaisus haalve Rusitioe®™odehed, and the nodel is
re-devel oped with the |arger dataset. C. Fuzzy-net
ess) ind¥eatBhndyymodel is the flow
[OOF%gfcat}i\S%éﬂ f‘gggg\gﬁa\lgiﬁ%%tn fﬂaérf:f/l two- di rrens}iyon.al .
vergwgvalee piosijiorechoddhnThiswede] isigrepbically shawminEiguee 2. The
of abnormality, the normal operating range" and the
PamﬁBPﬁ&PnﬁtSﬁéf“%déf?HS\’t’ison". The "normal nodel deviation"
is based on a nornalized index: the error / max error.
This is fedFiowo a type 4 fuzzy fateredibianatapergter fipss Cv (VP)
10) . 5.1 ick th#® transition from normal
(Dgsékﬁréegg?r%?\g?%l;w_%mg nt‘%?“r’}‘ieff"‘“(e alue of 1) in a standard
way by using the normalized index. [00247] The "npgWation 17
operating range" index is the valve position distance
fromthe normal region. It typically represents the
Wh@ff‘e'rati ng region of the valve where a change in valve

BOS: | RRa¥hrel fIG% Whiough 4 béiitrsl wilveéo change in the
flow v through the val've. Once again the devel oper can

URelta Rressppe =4clbsestymensyeed HPFHEGASR PFESSEBYer both the
upper and | owealo%gs Sm%fasuErQS d%%&n@?ljeaﬁpﬁfe%ﬁ&g

Delta Pressurereference : average Delta_Pressure during normal operation

a : model parameter fitted to historical data
Cv: valve characteristic curve determined empirically from historical data

VP: signal to the control valve (not the actual control valve position)
The objectives of this model are to:

e Detecting sticking / stuck control valves
e Detecting frozen / failed flow measurements

e Detecting control valve operation where the control system loses

control of the flow

[00240] This particular arrangement of the flow versus valve equation is

chosen for human factors reasons: the x-y plot of the equation in this form is the



range and the transition fromnormal to abnormal
operation. D. Gouping Miultiple Flow / Valve Model s
WO 002483200 conmon way of groupi ng Fl ow / Val vePomustos7/007019

which is favored by the operators is to put all of

these nodels into a single fuzzy network so that the
trend indicator wll tell themthat all of their

critical flow controllers are working. In that case,

t he nodel indications into the fuzzy netvvork (Figure

4) will contain the ' norma't %peratl ng range" and the
"normal nodel deviation" indication for each of the

onelhe¥ ¢aliyadRA&bsd b }r‘tﬁegm‘épéjcoi‘! 14t iS 9 thgnf {3 any of these

di scrim hator resul Wor st

modeldithattthoy bp Gomngkd \h ¢he svayowiich sqnosniﬂ(&lyltg jbe dasily
r Qu tpget her, another operator favored way to | ook
undgfs(%?ﬁﬁ?g’ygtﬁgﬁ’ﬂ?e{a@?shrough a Pareto chart of the flow /
valves (Figure 17). In this chart, the top 10 abnor nal
B. \Revelopimg thity Fiow ozirsys ¥alee PeditioooMaeda nost abnor nal
on the left to the | east abnormal on the right. Each
[OOM]et 0 Bevauat of thekong peaicdcolschdx statdopearating experienced by
degree o var tion of the nodel abnormality
COHFIHHPB%F‘? q@wep@hpwﬁmfap long, bisterigal mﬁorﬁ glite 2

N

valvmr Fﬂgdrg 15 Ehewspetygtical smd:]ml ofiEkiw] Wabst Positionpampd Dielta

for "Val ve 18 siml ar gure 2 to dlagﬂlostethe )
Pregsug dar W&hﬁ e eng Peods R FBPStPBb%PefF‘POﬂ- e first step is to
ol et shoplicBese g PR gk At O T
opetatm, Iaslshbwm) dEhisishodkl/ bt dpsdntiredsuith perdods gfinormal

di prensi on i neeri ng yedyndancy check. Exanples of
OPCFﬁHQrfFﬁkﬁﬁr%‘?rgﬁ’&rlor“édl?ﬁ%%d?q‘é?@ry pressure 1 pressure

: pressure n material flowinto process unit

[00242r}at er@ﬁbnfélﬂwrmhm Up‘stqeann @xssaune (often a pum:p disichargd) or the

flowi nng rocess unit 2‘él gﬁ; Becau
DovwRsiEerBAbrissea 15 geaay siakier by thoseirases R ——
becBAfl aHgﬂékl hfodep ﬁfufaxﬁét%iﬂ irgtﬁeomaa@p eTISE0LR préQusauethlsking

t he nodel at nmust be

set t
then it is impossible to include the pressure effect in the model.

[00243] The valve characteristic curve can be either fit with a linear valve
curve, with a quadratic valve curve or with a piecewise linear function. The
piecewise linear function is the most flexible and will fit any form of valve

characteristic curve.

[00244] The theoretical value for "a" is 1/2 if the measurements are taken
directly across the valve. Rarely are the measurements positioned there. "a"
becomes an empirically determined parameter to account for the actual

positioning of the pressure measurements.

[00245] Often there will be very few periods of time with variations in the
Delta_Pressure. The noise in the Delta_Pressure during the normal periods of

operation can confuse the model-fitting program. To overcome this, the model



first developed is: Fi(y ) =aid@ (x\) + filtered

bias ;+ operator biasi + error! , Fy ,) = an& (x i)
wae-2d071bseed bi as2 ; + operator bias2 + error2 >PENUF2007/007019

= apCn (x filtered biasn, i+ operator biasp + errorn

-t Equation 18 [00252] These nodels are devel oped in

the identical manner that the two di nensiona

engi neeri ng redundancy nodel s were devel oped. [00253]

This set of nultidinensional_checks are now converted

into "PCA |ike" models. Thrd9conversion relies on the

interpretation of a principleconmponent in a PCA node

is deveRpEAAa!twef plfdtes NGRPSARLE, s?ﬁél???ta@@t Wlﬁcl?’ :bgg}gﬁént ins

where the principl’e conponent coefficiénts I ngs
periagisrafdoetta t Pressureparintionds usbd g ditithe mulele Thenahe prsssure

due to this. in ndent effect. In Figure 3, there are
depRAgR PHABIHIL S SHOPPEARR R DRERSEEaN) or dowhsigam
preéx%remqﬁﬂé‘d aﬁe@ﬁ@&e&tgﬁnﬁ% g]édlthg s Pééd@!l'el@Bgd with

changes by a2. This set o ati1onships |
the dongerdatasetis a singl e princi ple conponent nodel , P,
with coefficients in unseal ed engineering units as:

C. Prabzylnet PtoléssiAs 68 Frowaydilfls 3l 2{1?% ezallig% Qﬁéﬁ:ﬂions

Thi s "'engi neering unit version of t

[Oﬂ[ﬁggggrsiﬁg with &n ma%gﬁng%aﬁrg?g%nﬁr &gg{egﬁﬁ%%@g]a@%él, there

Draw ng anal ogies to _ _
are topoapéaires b aboorneality pthef ‘andraidd dperatdgeiangeandithe "normal

o G R B e i
the PRk FrhAe drfdt0erhit e rSF A6 4 t‘ggg'fhlgg? %@%ﬂﬁfa‘t@e@?igﬁm 16).

Xsca.c =nornal operating ra ron 2 X
The developeaf caropicklthe pranaitiongfrdat aoshal (valhialof zetd)torabhosmal

(va%%é{{] f)ogr{xeaggt)imégdd wg]y %yplgslirrl]é tt?é nglprggl?éédn%drégp 9e

[00247] The "normal operating range" index is the valve position distance
from the normal region. It typically represents the operating region of the valve
where a change in valve position will result in little or no change in the flow
_through the valve. Once again the developer can use the type 4 fuzzy
discriminator to cover both the upper and lower ends of the normal operating

range and the transition from normal to abnormal operation.

D. Grouping Multiple Flow / Valve Models

[00248] A common way of grouping Flow / Valve models which is favored
by the operators is to put all of these models into a single fuzzy network so that
the trend indicator will tell them that all of their critical flow controllers are
working. In that case, the model indications into the fuzzy network (Figure 4)
will contain the "normal operating range” and the "normal model deviation"
indication for each of the flow/valve models. The trend will contain the

discriminator result from the worst model indication.



(explicitly defining the "nmean" as the m d point of

the normal operating range) X = (X - Xmd ) / Xscale
wEomatipooe 22 (st andard PCA scal i ng once nean apdI/BESENB007019

determ ned) Then the Pl |oadings for Xj are: br (a, /

Xi-Sca,e) / ( 1 (ak / Xk.sca,e)2 )1L Equation 23(the

requi renent that the | oading vector be nornalized)

This transforns Pto P = bl *XI b2 * X2 + + bn *XN

Equation 24 F "standard deviation” = b + b2 + + bn

Equation 25 [00256] Wth t & tonversion, the

mul ti di mensi onal engi neering redundancy nodel can now

[002=19) andNeklenaicognrhBa equgifantkyBeAs g&d&ﬁiféd%%eﬁ%, anoth%r

cal cul ation, exception handling, operator display an
operata fayereshwapdpllogk aytincgronni sl thramgh SiRapete chart of the flow /

BT e —
arrShl Bo8h Gt kBt AbadrniABH Ao th8$edsPhbAYNASY on the right.

Provide a way to elimnate false indications from
Eaglp Rargtathas algnukama refeeance baxr indiciding theydegnee bfwuariation of the

| _im;mdications that the. operator., ha S
ol ST By 3l <sPRuhallnay s Btrich Zbficpash indijeure 17
shaWeltlat "Walvea0uie SRkt sntiAly MisHMB3HRmaATHOK R tRatWRY é)thers
to di sable bad acting nodels until they can be retune
arepplbbehpying weymadlyp cFimbaperatar woulibhextlinvestigatng plot for "Valve
10" B3 o Ur%g 3% ?ii%%rr-l%ﬁ rtﬁﬁ %rgﬁblltegnn wtiéfxp the t?c];w control loop.

suppr essi of.

II. Multidimensional Engineering Redundancy Models

[00250] Once the dimensionality gets larger than 2, a single "PCA like"
model is developed to handle a high dimension engineering rédundancy check.

Examples of multidimensional redundancy are:

e pressure 1 = pressure 2 = ... = pressure n

e material flow into process unit 1 = material flow out of process

unit 1 = ... = material flow into process unit 2

[00251] Because of measurement calibration errors, these equations will each
require coefficients to compensate. Consequently, the model set that must be

first developed is:

Fi(y 1) = a1Gy (x;) + filtered bias;, ; + operator bias, + error, ;

Fa(y ) = a,G> (x;) + filtered bias, ; + operator bias, + €ITory, ;

Fo(y i) = a,Gy (x;) + filtered bias,, ; + operator bias, + error, ;
Eguation 18

[00252] These models are developed in the identical manner that the two

dimensional engineering redundancy models were developed.

[00253] This set of multidimensional checks are now converted into "PCA

like" models. This conversion relies on the interpretation of a principle



automatically triggered by an external, neasurable

event and suppression which is initiated by the
we@p@rabweo The | ogi c behind these two types of PCT/US2007/007019

suppression is shown in Figures 18 and 19. Although

t hese di agrans show t he suppression occurring on a

fuzzified nodel index, suppression can occur on a

parti cul armeasurenent, on a particular nodel index, on

an entire nodel, or on a conhination of nodels wthin

the process area. [00259] FJ?'Dperator initiated

suppression, there are two tiners, which determ ne

cor%‘iﬁ&‘ibrft he aMEA’ 8DAPBs hnO¥Q of a%ﬁd&#&ﬁfdﬁn\f %'ffécg ] tﬁ@? ocess

e suppressed infornmation has returned to and renmains
where thhermeiphel cosnporent bpsitficienisallemtingrrephisent thegpropoetional

from - 30 mnutes, The secqnd tjnmer Wwll reactiyate
change 1t i, mesutRpReis g R, thisdgdrRrnalsst sftegh dpifiguse Suthere are

thréStidepBsidh dnliscaahiRht Mbabifes, TY E,;x?!e ax‘(@?&% §v{rgéneb9f X3

tinmer are either equivalent to t ngt e
chapges hy emes Xlockangeisfly §;8andbX2xHaoges byas. Thiesst dfar ge

relgpRHIIR b SRBLERE] B A e BTGP E CMBRAIT R0ddoR el
cocHtRntAn Rk POSSIALSinS ghp@ Let change, a sudden

nmeasur enent change, or a digital signal. This signal

i Sy C ert i n a timng signal, shown in Figus
Tﬁ}? s%t%}/ln{?’?ggs%a%(gl is created fromthe trigger sil‘gq%ﬂion 19
usd % the follow ng equations: Yn= P * Yn_i+(1-P) * Xn
EXS% Ehesall filter equation Equation 26 P = .
%%-Tsﬁ#f) Fi.l ter constant cal cul ati on Equation 27_Zn

[002 - Tysengingeringunit verien phtheomodsl san 6 cogveried to a

Sta%{r}nla ; ﬁ%GﬁéltfoHﬂa;t?F?QHé{ngPe of the trigger signal

_ e previous tered value of the trigger signal
on38s) 1 SRR odbis 3 el s8Rl B amversion
factdrh ¥6 e SGhtHsids XNertdBh&d dhPholl8 SFRASELE FEYe. For

example, using 30 around the mean to define the normal operating range, the

scaled variables are defined as:
Xiscate = X normal operating range / 60 Equation 20
(99.7% of normal operating data should fall within 3 o of the mean)

Xmid =X mid point of operating range Equation 21
(explicitly defining the "mean" as the mid point of the normal operating

range)

X' =(X-Xmnia)/ Xare . Equation 22

(standard PCA scaling once mean and o are determined)

Then the P' loadings for X are:

b= (@i Xiseate) / ( T | (au/ Xicseate)® ) Equation 23



Tf the filter time constant [00261] As long as the
timng signal is above a threshold (shown as .05 in
wo-2@anes32®), the event remains suppressed. ThePCT/US2007/007019
devel oper sets the I ength of thesuppression by
changing the filter time constant, Tf . Although a
sinple tinmer could also be used for this function,
this timng signal will account for trigger signals of
different sizes, creating I9 ger suppressions for
| arge changes and shorter suppressions for smaller
changes. [00262] Figure 21 shows the event suppression
3{!]46 touirneémitat tedpadis wetof Bahbimgliped)def i ned sets
of inputs in the PCA nodel. The set of inputs to be
Thig ¢ HQ%WF? suppressed is determ ned fromthe

on-|i ne nodel performnce. V\hgnever t he PCA node .
giResbah X Inttibedt X3+t 1t *t hénSpeNat or does not vvé‘}ﬂ“‘ttb"“ 24

see, this indication can be traced to a small nunber
of P'i"stindartlidéviatinn! bt +dash t ©® t*hetIsum of Error Efination 25
i ndex. To suppress these individual contributions, the

[009@3%“' afhiaNhes cotN&rsidif e hifulfiBHhénstonAerpdhderivis rddindancy
.e Equation 29 W- the’'contribution weight for input_i
moflabearahow tegharidled usingdhe standagd MGA istructireder eplsulagion,

of .error uared frominput J.[00263] Wien a trigger
EXCEPHRR h&eéﬁﬁg’ O?W‘?{Q?o‘infﬁpfg’&uﬂqdowu%?té% 's are set to zero

for each of the inputs that are to be suppressed. \Wen
Depluyding B@Atwodels and Simpde drigineexingMede i Abpppmal

' iis gradually returned to a value of 1. Il. PCA

wei ght
EveptiRetesii¥hposi ti on [00264] Although the PCA nmodel is

buil't using_a_broad _process equipnent scope, the nodel

L i@I?Qfé&o'éaﬁdﬂg“g@@’rESSPES“PRFSSSQ&bupi ngs that better
mat ch the operators' view of ' the p‘rstptfess and can

[00257] ov eSupressies lpgig isyregpired £or thedellowng: apnor nal
event. [00265] Referring again to Equation 29, we can
create §evEBHIdeH WHBS tFElininate fislse iglioapomgfrom measurable

unusual events

e Provide a way to clear abnormal indications that the operator has

investigated

e Provide a way to temporarily disable models or measurements

for maintenance

e Provide a way to disable bad acting models until they can be

retuned

e Provide a way to permanently disable bad acting instruments.

[00258] There are two types of suppression. Suppression which is
automatically triggered by an external, measurable event and suppression which
is initiated by the operator. The logic behind these two types of suppression is
shown in Figures 18 and 19. Although these diagrams show the suppression

occurring on a fuzzified model index, suppression can occur on a particular

1



E,2= Y 1 i We Equation 30[00266] Usually these
groupi ngs are based around snall er sub-units of
weouwposad (e.g. reboiler section of a tower),POT/US2087/007019

sub- groupi ngs, which are relevant to the function of

the equi pnment (e.g. product quality). [00267] Since

each contributor, e, is always adding to the sum of

error square based on process noi se, the size of the

i ndex due to noise increases linearly with the nunber

of inputs contributing to-tMe- i ndex. Wth fewer

contributors to the sumof error square cal cul ati on,

| gnal .t ' | ' lodel, RIAVLd,

meap R B o O B o e e v s
comb®@fsH of odets within theaproeess amah pri nci pl e conponent

can be subdivided to match the equi pnent groupi ngs and
[00289]i Nd@%r dpatRaeiittibedtsippridstdd, ithere e itwdeimers which

créated for each subgroup. p - v,/ K Eguatjon 31 2 a
determin®wvhen thg suppsspion isver] Qo Ggﬂlel‘ﬁf’é%l?ﬁ hiicsunpspssed

. ~these indices a s ' i

 infolRAT Op RS IE PR B S indfipirsplal ot S LAPAL Pilucs for
this et dYceBoR D5- Bosathuess. t Thé sequaid tinrawdd reactivae tthet

data. [ 00270] These new indices are interpreted for t

: e
abnopuabewmticheekaepartiesscell Whathes it hassetuymgd iadpe F—*@R“apstate-
model .is hangdl et 1h8 rth8iopakator
Tyl ottty B AR e SR AR DRSS A STHhE fSrator'
workWhiff(886NQr h&iuROEa iveeie farganiint fier seanigpetmanent suppression.
contributors to the largest P in the T2 cal cul ati on.

- [ RRR] ' iGn,| Wiid | ArThi
1003481, OIS AR BRATRS! o bt Fopaan Tois
can¥e &€ bpaatéretpoidethaige, anuiden sseabunembnnchangenoteldigital

This can cause nmultiple indjcatigns to the.o

. { .
sigwdheThin siggal FRRIesicd nfRa HIE SeRtl FRUYDAS HgHEAD. This
timls’nl'lgn%igflaleirsrc%atég Y dné '&qgéer signal using the following equations:

Y,=P * Y, +(1-P) * X, Exponential filter equation Equation 26
P = Exp(-TJ/Tp Filter constant calculation Equation 27
Z,=Xn-Yn Timing signal calculation Equation 28
where:

Y. the current filtered value of the trigger signal
Y, the previous filtered value of the trigger signal
X, the current value of the trigger signal

Zy, the timing signal shown in Figure 20

P the exponential filter constant

Ts the sample time of the measurement

Ts the filter time constant

[00261]  As long as the timing signal is above a threshold (shown as .05 in
Figure 20), the event remains suppressed. The developer sets the length of the



[00272] To avoid this issue, any input, which appears

in multiple PCA nodels, is assigned one of those PCA
woeeel1ssas its primary nodel. The contri buti onP@EUSIIN7/007019

in Equation 29 for the primary PCA nodel wll remain

at one while for the non-primary PCA nodels, it is set

to zero. FV. Qperator Interaction & Interface Design

[00273] The primary objectives of the operator

interface are to: Provide conti nuous indication of

the normality of the mgjor 3’ tess areas under the

authority of the operator Provide rapid ( 1 or 2

supprossios biycditangidy tHeatiitentifne ddidtd de | Wlﬂﬂ)ﬂlﬁ‘iﬁdeﬁglmeple timer

i_nformation rovide the operator w cont
coyldialsp heased for this favtion, tiHs gimme2dgaalowi] hovouridor trigger

ti.ves ar ressed in the primry
sigfiff AU FRoRIBaRSt Sibp Poootaforiated shanges and
shoptérupplésaam forzmalRechang®l is a normality trend as
is shown in Figure 4. This trend represents the nodel

O ) B S b s ampresin
dishblisg Eﬁéﬂeﬂﬁ‘dﬂ SBITBE Inpdits Il BROSCANRWAEI. nTﬁQ Qefd ¥s {obe

flex) bl e and deci ded i ndi scussions with the operators.
autpmaticaHysuppressed is deterainndefrom thenas linemoda pmﬁrm’lairce

ld tak t
e B B 1Bl
seel this Gadicytidn tcadtbeara®dud dm8BH Funlb @SS 1hHRﬁ§uﬂch§Ht1qﬁutmns to

ui dance to the operator as to when he is expected

theiSipa ofdinrenSawirerindie. Tosnppeesssbese intdivigenl omthbma,ons the
n will turn yell ow and
cal%/\l/}qgtlg{l P?S(ralrlll By, % S §F?% ?%@OYVFhe the green
tri Ie vvlllzturnred The triangle al so has the
fdﬁc?i fLiwae; it will take the operator to the difsgHasjon 29

associated with the nodel giving the nost abnor nal
|wd+-¢h¢ contrifidaiwkight fohimp0d Ghoinsally Bgialr@dgl or it
rt of .an_equi Pment group (e.g. all contral
v%tl \Fgg)conéféb%%% tythenang of eFror sguatadefram input éat e a
Pareto chart. For a
[00263] When a trigger event occurs, the contribution weights are set to zero

for each of the inputs that are to be suppressed. When these inputs are to be

reactivated, the contribution weight is gradually returned to a value of 1.

II. PCA Model Decomposition

[00264] Although the PCA model is built using a broad process equipment
scope, the model indices can be segregated into groupings that better match the

operators' view of the process and can improve the sensitivity of the index to an

abnormal event.
[00265] Referring again to Equation 29, we can create several Sum of Error
Square groupings:

E = Zf—_-lwie? | Equation 30

= 2
E;’ = Z{lewie,—
[ ]

L4
[ 4



PCA nodel, of the dozen |argest contributors to the
nodel index, this will indicate the nost abnormal (on
wo b@7hefse) to the | east abnormal (on the rightpClssznt/go7019
t he key abnormal event indicators will be anpong the
first 2 or 3 neasurenents. The Pareto chart includes a
red box around each bar to provide the operator with a
reference as to how unusual the nmeasurenent can be
before it is regarded as an jndication of abnormality.
[00276] For PCA nodel s, opéﬁ@ibrs are provided with a
trend Pareto, which nmatches the order in the bar chart
Paéetg. Wth the trend Pareto, each plot has two
treﬁds,zkhkvﬁéﬁual nmeasurenent (in cyan) and an
estimate fromthe PCA nodel of what that neasurenents

[00d6s)| d Lausllpelesd éroﬁ}bﬁfgstaﬁ}é besaPSrdiRidgthalléMsilAnits of
[.00277] For valve / flow nodels, the detail under the

eqippmmeng (G2 rebnilersection of priewsr) palare peliveyvenpingsywhiah are
it . hj | of £ h t
reld3t b e ARGlorPoPtne Llutfibfil & £ fodbBPaBBRAR T Tho.

R, ST SR, o SRR B A LEOALS
squar® basEoa ipPoedss UG, theSRE Jffife MBIV 1d AORe (RE4SHs

. Operator suppression is done at the Pareto chart |evel
lingarlys wiithcthiernpmber efiinputs tentributingesbhd irdoh  With fewer

. BlLBLI PHY [ . U 'S. Pateni Docunents 5, 859, 964
comtbyRsS 3G ovneh o ron igpire AR IEHLREIRDy HuoiedT o e ity for
therifdéx ig iBpfaied, atking khd RillexRhORERSpARAOL ith AbABANA P dnts.

detection of wafer fabrication processes” , 949,678

25
99 . .. "NMethaod for.Nonitoring Miltivari.at.
1003681 oo 105 iskltaBlnongl' SPH prilointh Honiihe Yon e pfifed to
matutedcagmipmest Ffmsmng§aﬁwaﬁﬁmm AdlogSIP RN Y Hotelling T index
anal ysis and cl assification and regreéssion trees"”
cargbagrpaterds for aychsubgredubr amhanya, et al, "Method and
apparatus for nonitoring

Py .= Zf:l bl,ixi Equation 31

Piw= TF, b, %,
Pre= 2 biX;
Paa= 3h by X,
P2 p= Zz,'c=l b, ;X;
Poe=27 & bz’,-x ;
T82 = Zfil P i?a

Ty = Zﬁ] Pi?b

20y p2
T= 2P

[00269] The thresholds for these indices are calculated by running the
testing data through the models and setting the sensitivity of the thresholds based

on their performance on the test data.



a process by enploying principal conponent anal ysis"

6,466,877 10/1 5/02 Chen, et al, "Paper web breakage
wee@diledse®n using principal conponents anal ysi BCEHIS2007/007019

classification and 6,521, 080 2/ 18/ 03 Bal asubr amhanya,

et al, "Method and apparatus for nonitoring a process

fry enpl oyi ng principal coni pgnent analysis" 7 6,564,1

19 5/13/03 Vaculik, et al, "Multivariate Statistica

Model Based System for ann}ﬁrlng the Operation of a

Conti nuous Caster and P s | n in Breakouts"

8 6,636,842 10/ 21/ 03 Zanbrano, et al, "System and

[00 Jh 0d-1§ @k OR! fuRkddsnie MitchRdtst forahe PpeRRSS inithd ﬂdénﬁgal

cess trajectories"” //. Literature 1. Cardospo,
marﬂier dhat Fummyal REA mindekis: bamdird r Dazsip chars based on the original

imputs i Sy ok teclapa et RBERIORCR thedim §Flros Ak

anthe kﬁ'ggst. tri ﬂé)réf'éthezlar% &g It5RNthe 52 caléuleiioh. s Cui de
nci pa nponent Analysis ", John Wley & Sons,

1 3. Kourti . rocess Anal ysis and Abnorrml
IIL @Y%PPBH‘&)?%HPBH?EH om Theory to Pr acti ce" I EEE

Control Systenms Magazine, Cct. 2002 . 10 - 4.
[00x¥d] W Ihplustwrlbapwrmmsemabﬁ% ch&h 8@ itheat %lbmteractlons

Statistical Pr Cont r,0l .
atteshipe he St R earoBRRororyh BisGHkAsY 7R GG Badse multiple
mdf}ﬁL ibffo tHd é%aﬂ!ﬁﬁﬁheﬂ_ these %lbﬂ)ﬁﬁs v tiad ﬁla@‘@ﬂ ¢daitaibutor$ to the
ohn Wl ey i

$ons, 1989 6. ovo0so, ‘et al.
sumi Bf eres sqizaed iGdexonet ri cs", | EEE Tr ans on

I nstrunentati on and Measurenent, Vol. 41, No. 2, April
[00%9?fys Pl;b %g&a thi2 REARRENDINSuS Phicheippehrsonpaiigie PCA
del s
models, is assigned one of those PCA models as its primary model. The
contribution weight in Equation 29 for the primary PCA model will remain at

one while for the non-primary PCA models, it is set to zero.
IV. Operator Interaction & Interface Design
[00273] The primary objectives of the operator interface are to:

e Provide a continuous indication of the normality of the major

process areas under the authority of the operator

e Provide rapid (1 or 2 mouse clicks) navigation to the underlying

model information

e Provide the operator with control over which models are enabled.
Figure 22 shows how these design objectives are expressed in the

~ primary interfaces used by the operator.

[00274]  The final output from a fuzzy Petri net is a normality trend as is
shown in Figure 4. This trend represents the model index that indicates the
greatest likelihood of abnormality as defined in the fuzzy discriminate function.

The number of trends shown in the summary is flexible and decided in



APPENDI X 2A The POLY8 TCRPCA Model : 10 Pri nci pal
Conponents (PC) Wth Sensor Description and

waEegrneseo ng Units PC Tag Description Eng. Uni PCPRLS2007/007019
Co- Cat al yst Fl ow LB/HR RX1 COOL H20O DELTA T DEGF C3=
Feed to Reactors KLB/HR RX LOOPS PRODUCTI ON CNTL
KLB/ HR Co- Catal yst Flow LB/HR P2 C3 Punp outl et tenp.
DEG- C3 Supply LIQ QUT TEMP DEGF Pre-RX1 Punmp C3=
FLUSH DEGF RX1 BDL HDR TEMP_DEGF Recycl e Towed GAS OUT
TEMP DEGF P3 RX1 BTM TEMPLE®®3 DEGF RX1 BTM TEMP LEG 2
DEGF RX1 BTM TEMPLEG 4 DEGF RX1 BTM TEMP LEG 1 DEGF

o8 R OSSO

opegatdi SCHElp #gh@ When ghéy Shiidd Dakeraiton, leyalloBdineuypRETly set
at a-IF?(@]I%%B% p%/%?chgzg Il;igggyﬁ%v | F@E%T@q-ggia%e%] 8 %d ﬁe%rg l}é%Fs)cﬁovide
guidance to the operator as to when he is expected to take action. When the
trend crosses the yellow line, the green triangle in Figure 4 will turn yellow and
when the trend crosses the red line, the green triangle will turn red. The triangle
also has the function that it will take the operator to the display associated with

the model giving the most abnormal indication.

[00275] If the model is a PCA model or it is part of an equipment group (e.g.
all control valves), selecting the green triangle will create a Pareto chart. For a
PCA model, of the dozen largest contributors to the model index, this will
indicate the most abnormal (on the left) to the least abnormal (on the right)
Usually the key abnormal event indicators will be among the first 2 or 3
measurements. The Pareto chart includes a red box around each bar to provide
the operator with a reference as to how unusual the measurement can be before it

is regarded as an indication of abnormality.

[00276] For PCA models, operators are provided with a trend Pareto, which
matches the order in the bar chart Pareto. With the trend Pareto, each plot has
two trends, the actual measurement (in cyan) and an estimate from the PCA
model of what that measurements should have been if everything was normal (in

tan).

[00277] For valve / flow models, the detail under the Pareto will be the two
dimensional flow versus valve position model plot. From this plot the operator

can apply the operator bias to the model.

[00278] If there is no equipment gréuping, selecting the green triangle will
take the operator right to the worst two-dimensional model under the summary
trend.



Pre- RX1 REACTOR PRESSURE PSI G RX1 PRESSURE LEG 4 PSI G
RX2 SLURRY DENSI TY LB/ CF P6 Cat Punp Stroke CTRL PCT
w@2007F03W CTRL LB/ HR CAT FLOW CTRL LB/ HR LOW RENZES1487/007019
TO RX1 LB/HR LOWRANGE H2 TO RX2 PCT P7 Propane
Concentration in C3= Feed MOLPCT Recylce Gas H2
Concentrati on MOLPPM LON RANGE H2 TO RX1 LB/ HR
HYDROGEN TO RX1 LB/ HR Recycle gas flow Control Valve
PCTP8 Recycl e Conpressor STAGE 1 DI SCHRG DEGF Recycl e
Conpressor STAGE 3 DI SCHRG b des Recycl e Conpressor
STACGE 1 DI SCHRG PSI G Recycl e Conpressor STAGE 2
0027SLHRO i i
Ly o o R A R TG i the B el ey P ecting
the jop\afif bagpndrmentPeESDRS| G Dust Col | ect or BTMS TEMP
DEGF Recycl e Toweri REFLUX CONTROL KLB/HR P10 Recycl e
Tower| FEED FRM D- 8122 PSI G Dust Col | ector BTMS TEMP
DEG- Recycle GAS OQUT TEMP DEGF Recycl e Conpressor
STAGE 1 DI SCHRG DEGF



Recycl e Conpressor MOTOR AMPS AMPAPPENDI X 2 B: The

POLY8 | CP PCA Model : 12 Principal Conponents Wth
w@ensano3escri ption and Engineering Units PC Tegr/us2007/007019

Description Eng. Unit P 1 Co-Catalyst flow LB/ HR

Monomer (C3=) TO RX1 Cool er KLB/HR RX1 JKT H20 QUTLET

DEGF Pre-RX1 JKT H20O I NLET DEGF Catal yst flow LB/ HR P2

RX3 Gas Conpressor MOTOR AMPS AMP RX3 TOP PRESS PSI G

Rx3 Cool er PURGE TO RX3 PSI G RX3 TOP PRESS PSI G N2

Suppy

PRESS PSI G P3 C3= Suppfy Tenp DEGF C3 Punp

outlet tenp. DEGF Recycle Toweri GAS OQUT TEMP DEGF
Pre-RX1 C3= FLUSH %CﬁlﬁngR;@g\aJTLET TEMP CTL PCT

P4 C3

Punp outl et tenp. = ply Tenp DEG-

U.S. BaeidDoPuimients— FLUSH DEG- Pre-RX1 LOAER TEMP 1 DEG-
RX1 BDL HDR TEMP DEG-F P5 Over head Drum VAPOR TO BDL

5,859,964

PSI-G--RX2--PRESSURE- - QR - CTRL- PSL.G e cemeemcemecceimeenmmee e e e me e

1/12/99  Wang, et al, "System and method for performing real time data
acquisition, process modeling and fault detection of wafer
fabrication processes"

4/9/02 Balasubramhanya, et al, "Method and apparatus for monitoring
a process by employing principal component analysis"
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Pre- RX1 REACTOR PRESSURE PSI G RX1 PRESSURE LEG 4 PSI G
Pre-RX1 CHI LLED H2O M U PCT P6 Recycle Tower2 TRAY 12
WA BNP1BBBF Recycl e Tower2 TO RX3 Gas Conpr essoPCRIURI0BIR007019
Recycl e Conpressor STAGE 3 DI SCHRG PSI G Recycl e Tower 2
TRAY 23 TEMP DEGF Recycl e Tower2 PRESSURE CONTRCL PSI G
P7 RX3 Cool er H2O QUT TEMP DEGF Recycl e Tower2 OVHD
VAPTEMP DEGF C3=' Feed to RX3 KLB/HR RX3 Cool er CHI LLED
H20 FLOW PCT Recycle Tower2 OVHD C2 MOLPCTP8 C3= Suppy
Press PSIG RX1 Punp C3= SEA! FLUSH KLB/ HR Rx1 & 2 OVHD
Drum C3= Level PCT Rx1 & 2 OVHD Drum C3= Level Backup
PCT RX2 Punmp C3= SEALM P9 Recycl e Tower2
VENT FLOW KLB/ HR Recy NT FLOW CONTROL PCT
RX3 OVHD H2PWAdiphl Z8niiidh dndvAlEySisOVvdels? BTM
TEMPLEG 4 DEGF P10 TIVL.TE EG 4 DEG-F RX2 BTM
TEMPLEG 3 DEGF RX2 BTK=F= A DEGF RX2 BTM TEWMP

LEGHe P@fYS_TCR PCA Model: 10 Principal Components (PC)

With Sensor Description and Engineering Units

PC Tag Description Eng. Unit
P1 Co-Catalyst Flow LB/HR
RX1 COOL H20 DELTAT DEGF
C3= Feed to Reactors KLB/HR
RX LOOPS PRODUCTION CNTL KLB/HR
Co-Catalyst Flow LB/HR
P2 C3 Pump outlet temp. DEGF
C3 Supply LIQ OUT TEMP DEGF
Pre-RX1 Pump C3=FLUSH DEGF
RX1 BDL HDR TEMP DEGF
Recycle Tower1 GAS OUT TEMP DEGF
P3 RX1 BTM TEMPLEG 3 DEGF
RX1 BTM TEMP LEG 2 DEGF
RX1 BTM TEMPLEG 4 DEGF
RX1 BTM TEMP LEG 1 DEGF
RX2 BTM TEMPLEG 3 DEGF
P4  Steam Drum BOOT LEVEL PCT
Recycle Tower! BTMS TEMP DEGF
Recycle Compressor STAGE 3 DISCHRG PSIG
Rx1 & 2 OVHD Drum C3= Level Backup PCT
Rx1 & 2 OVHD Drum C3= Level PCT
P5 Overhead Drum VAPOR TO BDL PSIG
RX2 PRESSURE OVRD CTRL PSIG
Pre-RX1 REACTOR PRESSURE PSIG
RX1 PRESSURE LEG 4 PSIG
RX2 SLURRY DENSITY LLB/CF
P6 Cat Pump Stroke CTRL PCT
CAT FLOW CTRL LB/HR
CAT FLOW CTRL LB/HR
LOW RANGE H2 TO RX1 LB/HR
LOW RANGE H2 TO RX2 PCT
P7 Propane Concentration in C3= Feed MOLPCT
Recylce Gas H2 Concentration MOLPPM
LOW RANGE H2 TO RX1 LB/HR"
HYDROGEN TO RX1 LB/HR

Recycle gas flow Control Valve - PCT



RX2 SLURRY DENSI TY LB/ CF P11 C3= Suppy Pressure PSIG

Recycl e GAS QUT TEMP DEGF C3= Suppy Pressure control
w@30G1E820 Fl ow t 0 the Reactors PCT G anul e OUTPdTENR2007/007019

DEGF P12 Recycle Toweri BOTTOM LEVEL PCT Granul e OUT

TEMP DEGF Recycle GAS QUT TEMP DEGF Stri pper Steam

Press PSI G Recycle Toweri REFLUX CONTROL

KLB/ HRAPPENDI X 2 C The Dryers8 PCA Model Wth Sensor

Descri ption, Engineering Units Tag DescriptSon Eng.

Unit Dryer PRESSURE PSI G N2 8mr 1 To Dryer DEGF N2 In 2

To Dryer DEG- Dryer Vapor Qutlet TEMP DEGF DR MOTOR

dYer Pl Copse o)A B R 66

Dryer efaopupnesor, STAGE § HISEHREG FLOMIEGRCT
Dryer %Eyt% CopfedsdrBSTAGE 1 DISCHRG PSIG
Recycle Compressor STAGE 2 DISCHRG PSIG
Recycle Compressor STAGE 2 DISCHRG DEGF
P9  Recycle GAS OUT TEMP DEGF
Recycle Towert BOTTOM LEVEL PCT
STEAM PRESS PSIG
Dust Collector BTMS TEMP DEGF
Recycle Tower! REFLUX CONTROL - KLB/HR
P10 Recycle Tower1 FEED FRM D-8122 PSIG
Dust Collector BTMS TEMP DEGF
Recycle GAS OUT TEMP DEGF
Recycle Compressor STAGE 1 DISCHRG DEGF

Recycle Compressor MOTOR AMPS AMP



Dryer

Dry N2 FLOW CTL PCT Dryer
Di scharge Fl ow to Fuel

Dry N2 FLOWCTL LB/ HR
Gas System KLB/ HR Cal cul at ed
woeyenoGe@nul e Fl ow PCT Accum Drum 1 LEVEL CQut port/uRL597/007019

Accum Drum 1 LEVEL PCT Accum Drum 2 LEVEL PCT Dryer

STEAM PRESSURE PSI G Dryer
Col | ect or

DELTA PRESS | NH2O N2 Filter

PRESSURE CONTROL PSI G Dust
DELTA PRESS PSI

Conpr essor SUCTI ON PRESSURE PSI G Transfer System

SUCTI ON PRESSURE PSI G Tr ans
PSI G Dryer
C- 8754 DI SCHARGE PRESS PSI G Dryer

FUEL GAS HDR PSI & Dryer

Mbt or i

r System DI SCHARGE PRESS
Pressure PSI G
SPEED RPM

Dryer Mtor2 SPEED RPYppp&DBORIEMS TEMP DEGF C- 8754
DI SCHRG TEMP DEGF Dryer G anul e DI SCHRG TEMP DEGF -

Dryer TIRARQIERSENCPIFCA Model: GRAGINED Do MPRReBEG
D- 8757 TO FURh@5diRs Bﬁﬁé?&’.ﬁ{\i@hgin&rﬂgmﬁtsa%l PCA

Model
PC
P1

P2

P3

P4

P5

P6

P7

Tag Description
Co-Catalyst flow

Monomer (C3=) TO RX1 Cooler

RX1 JKT H20 OUTLET

Pre-RX1 JKT H20 INLET

Catalyst flow

RX3 Gas Compressor MOTOR AMPS
RX3 TOP PRESS

Rx3 Cooler PURGE TO RX3

RX3 TOP PRESS

N2 Suppy PRESS

C3= Supply Temp

C3 Pump outlet temp.

Recycle Towert GAS OUT TEMP
Pre-RX1 C3= FLUSH

Recycle C3= OUTLET TEMP CTL

C3 Pump outlet temp.

C3= Supply Temp

Pre-Rx1 Pump C3= FLUSH

Pre-RX1 LOWER TEMP 1

RX1 BDL HDR TEMP

Overhead Drum VAPOR TO BDL

RX2 PRESSURE OVRD CTRL
Pre-RX1 REACTOR PRESSURE
RX1 PRESSURE LEG 4

Pre-RX1 CHILLED H20 M/U

Recycle Tower2 TRAY 12 TEMP
Recycle Tower2 TO RX3 Gas Compressor
Recycle Compressor STAGE 3 DISCHRG
Recycle Tower2 TRAY 23 TEMP
Recycle Tower2 PRESSURE CONTROL
RX3 Cooler H20 OUT TEMP

Recycle Tower2 OVHD VAPTEMP
C3=Feed to RX3

RX3 Cooler CHILLED H20 FLOW
Recycle Tower2 OVHD C2=

Eng. Unit
LB/HR

KLB/HR
DEGF
DEGF
LB/HR
AMP
PSIG
PSIG
PSIG
PSIG
DEGF
DEGF
DEGF
DEGF
PCT
DEGF
DEGF
DEGF
DEGF
DEGF
PSIG
PSIG
PSIG
PSIG
PCT
DEGF
KLB/HR
PSIG
DEGF
PSIG
DEGF
DEGF
KLB/HR
PCT
MOLPCT



Wth Sensor Description, Engineering Units Taq
Description Eng. Unit EX MAIN MOTOR PONER KW EX
WERIOZATI3ZER KW5 KW EX Feed LB/ HR EX N2 | NJ FLONTCZUR20PTI07019
EX N2 I NJ FLOW CTL SCFH EX HEAD PRESSURE PSI G EX DI E
HOUSE PRESSURE PSI G EX BARREL 2 COOL CTRL DEGF EX
BARREL 3 COCOL CTRL PCT EX BARREL 3 COOL CTRL DEGF EX
BARREL 4 COCL CTRL PCT EX BARREL 4 COOL CTRL DEGF EX
BARREL 5 COOL CTRL DEGF EX BARREL 6 COOL CTRL DEGF EX
BARREL 7 COOL CTRL PCT EX"BARREL 7 COOL CTRL DEGF EX
BARREL 8 COCOL CTRL DEGF EX ZONE 8 MELT TMP DEGF EX

121%58 Y ONE 8 TEMP DEG- EX SLI DE BRsYG:
DEGH 1 WW%E&%EW EX DI E PLATEKT_@/ﬁR
Rx1 & 2 OVHD Drum C3= Level PCT
Rx1 & 2 OVHD Drum C3= Level Backup PCT
RX2 Pump C3= SEAL FLUSH KLB/HR
P9 Recycle Tower2 VENT FLOW KLB/HR
Recycle Tower2 VENT FLOW CONTROL PCT
RX3 OVHD H2 MOLPCT
RX2 BTM TEMPLEG 3 DEGF
RX2 BTM TEMPLEG 4 DEGF
P10 RX2 BTM TEMPLEG 4 DEGF
RX2 BTM TEMPLEG 3 DEGF
RX2 BTM TEMP LEG 2 DEGF
RX2 BTM TEMP LEG 1 DEGF
RX2 SLURRY DENSITY LB/CF
P11 C3= Suppy Pressure PSIG
Recycle GAS OUT TEMP DEGF
C3= Suppy Pressure control PSIG
C3= Flow to the Reactors PCT
Granule OUT TEMP DEGF
P12 Recycle Tower1 BOTTOM LEVEL PCT
Granule OUT TEMP DEGF
Recycle GAS OUT TEMP DEGF
Stripper Steam Press PSIG

Recycle Tower1t REFLUX CONTROL KLB/HR



EX PEL H20 TEMP CTL DEGFAPPENDI X 2 E The EX831 PCA
Model Wth Sensor Description, Engineering Units Taq
w@e®aenogee on Ena. Unit EX MAIN MOTOR PONER KW BXXI/US2007/007019

PELLETI ZER KW5 KW Ex Total Feed LB/HR EX N2 I NJ FLOW

CTL PCT EX N2 INJ FLOW CTL SCFH EX HEAD PRESSURE PSI G

EX DI E HOUSE PRESSURE PSI G EX BARREL 2 COOL CTRL DEGF

EX BARREL 3 COOL CTRL PCT EX BARREL 3 COOL CTRL DEGF

EX BARREL 4 COCOL CTRL PCT EX_BARREL 4 COOL CTRL DEG-

EX BARREL 5 COOL CTRL DEGF BX"BARREL 6 COOL CTRL DEGF

EX BARREL 7 COOL CTRL PCT EX BARREL 7 COOL CTRL DEGF

EX BARREL 8 COOL CTRL LpPrNpIXANe 8 MELT TMP DEG- EX
ZONE 8 TEMP DEG- EX ZONE 8 TEMP DEGF EX SLI DE PLATE

TEMP DEGF EX DI E HQyRpFfRsRRER Model

With Sensor Description, Engineering Units

Taq Description Eng. Unit
Dryer PRESSURE PSIG
N2 In 1 To Dryer DEGF
N2 In 2 To Dryer DEGF
Dryer Vapor Outlet TEMP DEGF
DR MOTOR AMPS AMP
MA-8751 MOTOR AMPS AMP
Dryer STEAM FLOW PCT
Dryer STEAM FLOW LB/HR
Dryer STM FLOW CONTROL PCT
Dryer STM FLOW CONTROL LB/HR
Dryer WET N2 FLOW CTL PCT
Dryer WET N2 FLOW CTL LB/HR
Dryer Dry N2 FLOW CTL PCT
Dryer Dry N2 FLOW CTL LB/HR
Discharge Flow to Fue!l Gas System KLB/HR
Calculated Dryer Granule Flow PCT
Accum Drum 1 LEVEL Output PCT
Accum Drum 1 LEVEL PCT
Accum Drum 2 LEVEL PCT
Dryer STEAM PRESSURE PSIG
Dryer PRESSURE CONTROL PSIG
Dust Collector DELTA PRESS INH20
N2 Filter DELTA PRESS PSI
Compressor SUCTION PRESSURE PSIG
Transfer System SUCTION PRESSURE PSIG
Transfer System DISCHARGE PRESS PSIG
Dryer FUEL GAS HDR PSIG
Dryer Pressure PSIG
C-8754 DISCHARGE PRESS PSIG
Dryer Motor1 SPEED RPM
Dryer Motor2 SPEED RPM
Dryer BOTTOMS TEMP DEGF
C-8754 DISCHRG TEMP DEGF
Dryer Granule DISCHRG TEMP DEGF
Dryer GRANULESTEMP DEGF
Dryer GRANULES OUT TEMP DEGF

D-8757 TO FUEL GAS HDR DEGF



EX DI E PLATETEMP DEGF EX DI E MELT TEMP DEGF EX PEL H20
TEMP CTL DEGFAPPENDI X 3 ENG NEERI NG MODELS / HEURI STI C
wOREL®320 Val ve- Fl ow- Model s There are a t ot al POf/UH07/007019
val ve nodel s devel oped for the AED PP application. All
the val ve nodel s have bi as-updating inplenented. The

flowis conpensated for the Delta Pressure in this
manner: Conpensated Flow = FL / (DP/ StdDP)La, where
FL= Actual Flow, DP = Upstream Pressure - Downstream
Pressure, StdDP = Standard $tta Pressure, a are
paraneters. A plot is then -nade between the Esti nated
Conpensat ed Fl ow and t{eppaiypk 2@@npensated Fl ow to
check the nodel consiStency (XY plot). The foll ow ng

is the list of thehe n%.lgieq@ %QA"‘ME’@@N s. The order of

the variables in t ow are thus: (OP, FL,
UpPDnP, St dDPith SeBsernBlyscriptien EnginepringsUgith Bound A

Pre-Rx1 C3= Fegg tibn 0- 43 Preghitunp C3= SEAL
FLUSH 213 0.2 SHETO Pre- TDOWN 166
1.75 0.9 RXT LYY

& 0.19 RXLgunp C3= SEAL
FLUSH 186 O. 0. Feed 165 0. 1 LOW RANGE

H2 TO RX1 18 .GH RANGE HZ.ciO RX1 181 2. 85
0.9 RX2 @:F%ﬁi QU

152 0.35 0. 2]EX HEAD PRESSURE PSIG
EX DIE HOUSE PRESSURE PSIG
EX BARREL 2 COOL CTRL DEGF
EX BARREL 3 COOL CTRL PCT
EX BARREL 3 COOL CTRL DEGF
EX BARREL 4 COOL CTRL - PCT
EX BARREL 4 COOL CTRL DEGF
EX BARREL 5 COOL CTRL DEGF
EX BARREL 6 COOL CTRL DEGF
EX BARREL 7 COOL CTRL PCT
EX BARREL 7 COOL CTRL DEGF
EX BARREL 8 COOL CTRL DEGF
EX ZONE 8 MELT TMP DEGF
EX ZONE 8 TEMP DEGF
EX ZONE 8 TEMP DEGF
EX SLIDE PLATE TEMP DEGF
EX DIE HOUSE TEMP DEGF
EX DIE PLATE TEMP DEGF
EX DIE MELT TEMP DEGF

EX PEL H20 TEMP CTL DEGF



LOW RANGE H2 TO RX2 166 0.63 0.9 H GH RANGE H2 TO RX2

150 3.5 0.23 Overhead Drum Vent 122 525 0.1 Over head
weam@820 MakeUp 157 480 0.46 Additive Fl ow 40BCT/UFH07/007019

0.2 C3= Flow To Pre-RX1 Heat Exchanger 1 340 2 0.9RX3

C3=Feed 120 1 0. 16 RX3C2=Feed 450 1.2 0.47 RX3 H2 Feed

Low 500 0.55 0.42 RX3 H2 Feed High 480 1.8 0.17 B.

Controller Mnitor (CM & Sensor Check (SC) Monitors:

The CM and SC cover the critjcal controllers and

sensors in the Poly Sensor ~&etk, and Pol y4 Sensor

Check Areas. The CM detects frozen instrunent, highly

variant instrument, or ApPFRNPINED #ral function when any
of the bel ow viol ates € ru rmts: 1. Standard
Devi ation 2. The aofuglﬁggg?ﬁ,@)f\ ey €Ngth of time
during which the neasurenent 'iS not neeting and not
cri ss-crossi ngVith&erser Peseripton, EnginepringHpitst i on of t he
devi ati on between the neasurenent and the setpoint.

The SC checks the relationship between sensors for
violation of the correlation rule limts. The CM and

SC noni t ors. 3 Di sl q{y’s.nt ed for t he_ bg! og_ ,‘%,fi tical
i nstrunents: E f Monit et em?9
Cr oss- corr el & g’ R tenperatu for
consi stency EREFGLLETIZER KWS KW

Ex Total Feed LB/HR

EX N2 INJ FLOW CTL PCT

EX N2 INJ FLOW CTL SCFH

EX HEAD PRESSURE PSIG

EX DIE HOUSE PRESSURE PSIG

EX BARREL 2 COOL CTRL DEGF

EX BARREL 3 COOL CTRL PCT

EX BARREL 3 COOL CTRL DEGF

EX BARREL 4 COOL CTRL PCT

EX BARREL 4 COOL CTRL DEGF

EX BARREL 5 COOL CTRL DEGF

EX BARREL 6 COOL CTRL DEGF

EX BARREL 7 COOL CTRL PCT

EX BARREL 7 COOL CTRL DEGF

EX BARREL 8 COOL CTRL DEGF

EX ZONE 8 MELT TMP DEGF

EX ZONE 8 TEMP DEGF

EX ZONE 8 TEMP DEGF

EX SLIDE PLATE TEMP DEGF

EX DIE HOUSE TEMP DEGF

EX DIE PLATE TEMP DEGF

EX DIE MELT TEMP DEGF

EX PEL H20 TEMP CTL DEGF



C Concentration Cross-correl ati on between reactor anps

and concentration for inbalance RX1 Slurry Punp check
weas/169€20 Sl urry Punp Anps Hi gh standard devi ap¢DnS1007/007019

excessi ve fluctuation check RX1 Slurry Density Low

standard deviation for frozen val ue check ,

Concentration Cross-correl ati on between reactor anps

and concentration for inbalance RX2 Slurry Punp check

Amps RX2 Slurry Punp Anps High standard deviation for

excessive fluctuation check® Slurry Density Low

standard deviation for frozen val ue check RX3

Exchanger Foul i ng Chegh d]‘% X ftion of linmtsLevel
I nstrunent 1 Low stan eviation for frozen val ue

checkENGINEERINGMODETS 3 HEGRISIIC MODEIS

frozen value check Level T'nstrument 2 Controller

A. {75% JV Jefd/t Put check Level Instrument 3 Low
st an eviation for frozen val ue check Level

Thek-é‘%l-é H'TB{HI of 2@ 0hNR! helels' foe ?ew e A %r P&?ﬁcahon All

Level Instrunment 4 Low standar
the valveemokletkhaes blastustatingemplémEnktd. THeeflofwr Bzeompdhsated for

tput check C. Heuristic Mbdel Monitors: There
the@?‘:ztaf%?gs‘ffgdpi Biaidel nmonitors focusing on the
detection of catal yst plugging problens in the
Compentayed Flowa FRJI(FP/&tdDP)aadwheree pl uggi ng probl ens
in the granule areas (801 G anule, 831 Ganule, and

FLFIA¢t8h1 PIGwWATSE)= UbitreRR Predsate hngwsxfstreaﬁiopeéssure StdDP =
focuses on the detection of catalyst pl uggi ng prob

StandardhPeliat Bregserearae ard pacdsetersigAnplthisr t nfagl| bwwegn the
Estm?at'eg %oﬁ’mp\élngatg& “low and the Actual Compensated Flow to check the

model consistency (X-Y plot). The following is the list of the 12 valve flow
models. The order of the variables in the models below are thus: (OP, FL, UpP-
DnP, StdDP, a, Bound).

Description StdDp Bound . A
Pre-Rx1 C3= Feed 140 0.35 0.43
Pre-RX1 Pump C3= SEAL FLUSH 213 0.21 0.1
C3= FLSH TO Pre-Rx1 LETDOWN 166 1.75 0.9
RX1 C3=Feed 152 24 0.19
RX1 Pump C3= SEAL FLUSH 186 0.52 0.26
RX1 C2=Feed 165 60 0.1
LOW RANGE H2 TO RX1 183 0.41 0.9
HIGH RANGE H2 TO RX1 181 2.85 0.9
RX2 C3=Feed 130 7.5 09
RX2 Pump C3= SEAL FLUSH 162 0.35 0.21
LOW RANGE H2 TO RX2 166 0.63 0.9
HIGH RANGE H2 TO RX2 150 - 3.5 0.23
Overhead Drum Vent 122 525 0.1
Overhead Drum C3= MakelUp 157 480 0.46
Additive Flow 400 1.75 0.2

C3= Flow To Pre-RX1 Heat Exchanger
1 340 2 0.9



rule limts: 1. The Cat Line upstream pressure 2. The
Cat Cylinder switching; 3. The Cat Line downstream
w@e@sauseo 4. The Co-catal yst and Catal yst fl owBCBUSZNB007019
Cat System Flush flow. 6. Pre-RXl tenperature The 801
G anul e, 831 G anule and Finishing 4 Area heuristic
nodel s focus on the detection of plugging problens in
the three subjected granul e areas by checki ng whet her
the follow ng variables in each area violate the rule
limts: 1. Weight Feeder SB%%US 2. Feed flow 3.
Bl ender Speed 4. Wi ght Feeder notors 5. Pressure
fluctuatesCLAIMS: 1. A nethod for abnormal event
rxsesgedeion (AED) for Pol ymereoProcess conprising: (a6
rRxEEIEpasd Ng onli ne neasurenedss fromthe pProcess uni 047
RrRx% A2 ®geSELowf nodel s for norrmo operati oR.86f the 0.42
RXS AR IFesPaREi Ng process units480(b) determ.ding if th&17
current operation differs from expected norma
B. Cpitrallep Monitory (M) i& denaoe CGhieek(SE)Manibersan

ondi t i [
Thetol e e Eovsa8 Laite o FUFERES sl senso i inApS R S Sensor
Che%f( ana PRRRY SBhs&OGJHécﬂd AbedsD THECROldetats ﬁBlzen ésstruraent,
performng corrective action to return the unjt to
hlghigrvmaiang pestament, or controller malfunction when any 0? the fJe low

violates the rule limits:

1. Standard Deviation

2. The accumulation of the length of time during which the

measurement is not meeting and not criss-crossing the setpoint

3. The accumulation of the deviation between the measurement and

the setpoint.

The SC checks the relationship between sensors for violation of the correlation

rule limits.
The CM and SC monitors are implemented for the below critical instruments:

Instrument Type of Monitoring
Pre RX1 Temp1 s .
Pre RX1 Temp2 Cross-correlafion between two temperatures for consistency check
RX 1 Concentration

Cross-correlation between reactor amps and concentration for imbalance
RX1 Slurry Pump

check
Amps
RX1 Slurry Pump
Amps High standard deviation for excessive fluctuation check
RX1 Slurry Density Low standard deviation for frozen value check

RX 2 Concentration

Cross-correlation between reactor amps and concentration for imbalance
RX2 Slurry Pump

check
Amps
RX2 Slurry Pump
Amps High standard deviation for excessive fluctuation check
RX2 Sturry Density Low standard deviation for frozen value check

RX3 Exchanger
Fouling Checks for violation of limits



2. The nmethod of claim1l wherein said set of nodels
correspond to equi pnent groups and operating nodes,
woee@7meded for each group which may include oneCDUSI007/@7019
operating node. 3. The nethod of claim1 wherein said
set of nodels correspond to equi pnment groups and
process operating nodes, one nodel for each group and
each node. 4. The nethod of claim2 wherein said
equi pnent groups include all nmajor material and energy
interactions in the sane gr‘ng‘. 5. The nethod of claim
4 wherein said equi pnent groups include quick recycles
Leél Indremantie  gr owpstafidard B&idtieh e dogdh valudidhed wher ei n
Lesalilrdtrambnt®  moced Stamdard@évichibn @p @b28nivas chadd ude
Lepe! ilmstrugpkst 2¢ orpoceitiedTRdel BV dnd Dhpun@iebod of claim 6
Lewtidrstrumeste  Of Lavostehdardevittionedr frofdnalue@hsckd Ncl udes
Legel fistrementrsy  nodehtelie@ozdiPV aed Doghundheck ai m 1 wherei n
Legalinstrgmentaf  noldsy standarddevivtibn @ip vznivauefcheckeach
Lepel bstramentrdi t | Gomgidliérdrozen PY iand Dplpat cBeaponent s nodel ,

' ' del heuri sti del. 9. Th
C. Blantiico Pt ol NoRitig: ) n sai d model of normal °
iy . said model of normal
ThE@AR A BEIHSRC I SEBSHAR JacuRinee bFy el ifteri b, catalyst

pluggiighpsstilags Mndak scatalyshenehi (Pol s MR 4hd fifle pligsing problems
met hod of claim9 wherein said Polyners Process areas

in the greuds peasd@ 0l BrrmileiH Grnvilaaind Finishingdrarea) .
The nethod of claim 1l wherein said process units are
TheliRolg8dCantirueieicanodsh ifoaaet | i sheidetdigidnoby dakalyst plugging
12. The nmethod of claim 11 wherein

Oﬁf‘gg €SS, system L / . .
pr dn dhe catalvst fsea By divskingewhethes the Jollowingwvarigblesfviolate

rul@liﬂii{?;ll wherei n the nine operational sections

The Cat Line upstream pressure
The Cat Cylinder switching;

The Cat Line downstream pressure
The Co-catalyst and Catalyst flows
The Cat System Flush flow.
Pre-RX1 temperature

AN U o A

The 801 Granule, 831 Granule and Finishing 4 Area heuristic models focus
on the detection of plugging problems in the three subjected granule areas by

checking whether the following variables in each area violate the rule limits:

Weight Feeder speeds
Feed flow

Blender Speed
Weight Feeder motors

wok W

Pressure fluctuates



conprises of nine operation sections - the catal yst

preparation area (Cat Prep), reactors (RX), recycle
W@2a®7aa3pr essors, recycle gas recovery system Pehes2007/007019

dryers, two granule areas and two extruders system

14. The nmethod of claim9 wherein each of the

abnormal ity nonitors generates a continuous signa

i ndicating the probability of an abnormal condition in

the area. 15. The nethod of claim9 wherein said

nmodel s include process varir&les val ues neasured by

sensors. 16. The nethod of claim9 wherein said
CLRmvIS! pl e components of nodels for different process

units include sone process variabl e val ues neasured by

the same Isensomefhod foreabiiial eoéntcdeédtick3(ABE)efoR Polymers
sai d nodel further identifies the consistency or

Procgps, icogMEisinghet ween tags around a specific unit,
catal yst, reactors, dryers, recycle area, and '
val ves/ f | ows(a)t ocomphsing @nding medsim‘elhéﬁ@kﬂémhie[))rbbéss units

relatjon g‘% attern. 18. The method of claim1l )
to *Wéﬁéju fﬁoé SFOEBa’éTla‘f RRErAEPN O ke FeEESRAHRE PEPERSS Nits)

calculations to elimnate fal se positives on speci al

cause oper at {lOnsdetéfninihg ifrtichadrait opepatio:? dififies dtem

p%‘ageéﬁeter i ni ng%sai d node] Cpeagi ns with a rqugh_nodel

CXAFLENYIN AR ISRLF et i mdigae the prrseass of B @bRompakl

coﬁd?tiSﬁtiH%:PrB%&%% i@l ity training data, and inprove the
d and (c

nodel , repeating step (b) to further inprove

t he nodel . Zg: The. net htglg of claim 19 wherein said
training dat )i RIS heqreress APeaaios o determineihse

und¥rlyiRg cREKEEE S BBndPhAL c%x]dit' iy ﬁfé b &Rs2
vvhe)Ir e[gn sai d nodel inclcu es l(}r gl}ls o?ﬁ%ﬁ%rgﬁrgg%ggégngz

The net hod o{d cl ai rfn 2 1 wherein said transforged .

vari abl es )~ performing corrective action to return the unit to normal

operation.

2.  The method of claim 1 wherein said set of models correspond
to equipment groups and operating modes, one model for each group which may

include one or more operating mode.

3. The method of claim 1 wherein said set of models correspond
to equipment groups and process operating modes, one model for each group

and each mode.

4.  The method of claim 2 wherein said equipment groups

include all major material and energy interactions in the same group.

5. The method of claim 4 wherein said equipment groups

include quick recycles in the same group.

6. The method of claim 5 wherein said set of models of normal

operations include principle component models.



include reflux to feed ratio in distillation columms,
| og of conposition in high purity distillation
wW@e@3a0320 conpensat ed t enper at ure measur enment , PCT/US2007/007019
sidestreamyield, flowto valve position, and reaction
rate to exp (tenperature). 23. The nodel of claim 19
wherein sonme pairs of neasurenents for two vari abl es
are brought into tinme synchronization by one of the
vari abl es using a dynam c transfer function. 24. The
nodel of claim 20 wherein vg i"abl es of process
measurenments that are affected by operating point
changes 7n PTRE&8&thEAVTMAIAE h&efPIUSBHIER of normal
devi atjon variables by subtracting the nmoving
opesgtéoryynchidesmnginearingimoidets. ai m 20 wherein sai d nodel
is corrected for noise. 26. The nethod of claim25
wher ei n gai dTHBedthb8 oF RIAiff | S9hdbéird §dla%6t aﬁnﬂfdels s of normal
el i m nating noi sy neasurenents of vari abl es. .
0pemim§mb¢a progesEOuRih i eitlertshBrineinde Celmmmem$ na)del or an

engffioriit T, AR FstEamdfEl CCal'ea {0 the expect ec

normal range of that variable. 29. The nethod of claim

4 where 2. 1i%he metb%@ifﬂéalmi/wmctmmdam@ﬂtmﬁwm@

t a di spl a for _the
operith 55} Ey PG Bl i GOSRR A a8 Bl PleisBmpetiats
anal;sw(le@am Qﬁmldtmﬂbmglﬁeémg fdidl$) rbraieudishtc Qﬁ&!l‘éls

| evel s of detail to aid in the |nvest|gat|on of

event. 3tg Thfe MRINGA oPloidihd Dikiell S PG PIEEs arcas

of principle conponéents osens

are deetﬁlfrﬂp@sedﬁﬁxﬁtom‘lextdiﬁalﬂ’fdrmalﬂ&@n@ﬁi‘f@@ﬂent becoms about
equal in size. 32. The nethod of claim4 wherein said

Principle e riabl es
or ovi de d y on? ﬂﬁééﬁ?r% ggfjékag%xe 1 Q}&l’?&‘gm satd process units are divided

into operational sections of the Polymer Process system.

12. The method of claim 11 wherein there are nine operational

sections.

13. The method of claim 11 wherein the nihe operational sections
comprises of nine operation sections - the catalyst preparation area (Cat Prep),
reactors (RX), recycle gas compressors, recycle gas recovery system, the dryers,

two granule areas and two extruders system.

14. The method of claim 9 wherein each of the abnormality
monitors generates a continuous signal indicating the probability of an abnormal

condition in the area.

15. The method of claim 9 wherein said models include process

variables values measured by sensors.

16. The method of claim 9 wherein said principle components of
models for different process units include some process variable values

measured by the same sensor.



33. The nodel of claim 32 wherein sonme neasurenent

pairs are tinme synchronized to one of the variables
waigiongos2@dynanmi c filter. 34. The nodel of clai PeBRS2007/007019

wherein the process neasurenent variables affected by

operating point changes in the process operations are

converted to deviation variables.35. The nethod of

cl ai m 32 wherein the nunber of principle conponents is

sel ected by the magnitude of total process variation

represented by successive " onents. 36. A systemfor

abnormal event detection (AED) for sone of the

Pol yier s r ogesS setidd 61 SRR SeAefin saR) mbdee furtier identifies
model s for the process units describing operatjons of

the thsigiency o5 refatipsshipthetwech tagsaarownil @spestfic anis cptalyst,
the current operation differs.fromexpecte I
reachoisy f1Y6s rggpgig ages, ARd;v &{eéfq%\gs,ptloelgghcgie %?{r] géﬂ? breakdown
int@ifg}%{;@ﬁ%ﬁg Wei@n in the process unit, (c) a display
I ch 1 ndi

tes the underlying cause of an abnornal
conditiop in_the Pol rs.process unit..37. tem
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a heuristic nodel. 38. The system
causé opémation8/ wherein a PP is partitioned into three

operational sections with a Principle Conponents nodel
for each;gecth@metRSd of BRIMYS WHBrein (@) detdrifinidpedatd model

said Principle ConEonent s include process variabl es
beginwithedrduglomoidetbassdsen anestionablgpdatay ()sysins prigirough
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modeijo e AT SRR ot (Lo LRt Biuel, and (©
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20. The method of claim 19 wherein said training data includes

historical data for the model of the processing unit.

21. The method of claim 20 wherein said model includes

transformed variables.

22. The method of claim 21 wherein said transformed variables
include reflux to feed ratio in distillation columns, log of composition in high
purity distillation, pressure compensated temperature measurement, sidestream

yield, flow to valve position, and reaction rate to exp (temperature).

23. The model of claim 19 wherein some pairs of measurements
for two variables are brought into time synchronization by one of the variables

using a dynamic transfer function.

24. The model of claim 20 wherein variables of process
measurements that are affected by operating point changes in process operations

are converted to deviation variables by subtracting the moving average.



41. The system of claim 37 wherein: (a) deriving said

nodel begins with obtaining an initial nodel based
waip@r/1opsest i onabl e data, (b) use of said initipetT/DeTeT/007019

to refine the data and i nprove the nodel, and (c)

iteratively repeating step (b) to inprove the

nodel . 42. The systemof claim4 1 wherein said

training data set includes historical data of the

processing unit for nodel devel opment. 43. The system

of claim 42 wherein said m&8l- i ncl udes transforned

vari ables. 44. The system of claim 43 wherein said

transforagd YREnithea difiitt!o0 aldrihn {84 'R iRBAELd for

flowin distillation colums, log of conposition an
noisezer head pressure in distillation colums, pressure

conpensated tenperature neasurenents, flow to val ve

posi ti onpgn ' i .

b essur o2oas R e RIS ey SATRG A Gl i corracted by
filtendag or eliminatpeg neisyrmeasurementcdf variatdds.t o one of the

vari abl es using a dynamc filter. 46. The system of

cl ai m 422pherRé mdth8d RFRIAAS 2 IRARYERT MR IMYANIrBRIRR of a

affected by operating point changes in the process
variphée are sadecar e converted to deviation variabl es. 47.

The system of claim42 wherein the neasurenents of a

vari abl e28r eThe Mé&tHod f laitrP2 TRARIreind@RirhEAGRE MRt #48 scaled

The system of claim47 wherein the nmeasurenents are
to the grpectey normabrangs efithapvatiableange of that vari abl e.

49. The system of claim 42 wherein the nunber of

princi pl 29.cOTRe Afdthed iof chAhPS Watkrb % iR MBABHNHAS, Rlonitors
ocess_variation represented by successive

total pr : g i
am@@ﬁ’fiéﬂ%ﬁt@m@md, Tendated; raskedfangl displayedifor tienoperator.
pol ynmer process is a polyolefin process.
30. The method of claim 9 where the operator is presented with

diagnostic information at different levels of detail to aid in the investigation of

the event.

31. The method of claim 20 wherein the number of principle
components is chosen such that coefficients of the principle component become

about equal in size.

32. The method of claim 4 wherein said Principle Components

include process variables provided by online measurements.

33. The model of claim 32 wherein some measurement pairs are

time synchronized to one of the variables using a dynamic filter.

34. The model of claim 32 wherein the process measurement
variables affected by operating point changes in the process operations are

converted to deviation variables.



51. The nethod of claimb50 wherein said polyolefin

process is a pol yethylene or pol ypropyl ene process or
w@2@ammse@t i on t hereof. 52. The system of cl ai mMP@BUS2007/007019

wherei n said polyner process is a polyolefin process.

53. The system of claim52 wherein said polyol efm

process is a pol yethyl ene or pol ypropyl ene process or

a conbi nation thereof. 54. The system of claim 36

wherein said set of nodels include the automatic

detection of grade switches23grade transitiona

duration and the automati c suppression of nodel s

during t 8BansThé idthol Wrallaipd 32 SPherE e RIRBEObS flifikiPle

36 wherein said systemincludes the automatic
comppneris ifsaéctod by the magieitede 66totahprosyss eaniatiorctaprasented
erein said set of nodels include different nodels

36 wh
by PUFCCIPHE SPBIROYRE-| y of grades.

36. A system for abnormal event detection (AED) for some of the

Polymers Process units comprised of:

(a) aset of models for the process units describing

operations of the process units,

(b) adisplay which indicates if the current operation differs
from expected normal operations so as to indicate the

presence of an abnormal condition in the process unit,

(c) adisplay which indicates the underlying cause of an

abnormal condition in the Polymers process unit.

37. The system of claim 36 wherein said model for each process
unit is either a Principle Components model or an engineering model or a

heuristic model.

38. The system of claim 37 wherein a PP is partitioned into three

operational sections with a Principle Components model for each section.

39. The system of claim 38 wherein said Principle Components

include process variables provided by online measurements.

40. The system of claim 38 wherein said model further comprises
suppressing model calculates to eliminate operator induced notifications and

false positives.

41. The system of claim 37 wherein: (a) deriving said model
begins with obtaining an initial model based upon questionable data, (b) use of
said initial model to refine the data and improve the model, and (¢) iteratively

repeating step (b) to improve the model.
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42. The system of claim 41 wherein said training data set

includes historical data of the processing unit for model development.

43. The system of claim 42 wherein said model includes

transformed variables.

44. The system of claim 43 wherein said transformed variables
include reflux to total product flow in distillation columns, log of composition
and overhead pressure in distillation columns, pressure compensated temperature
measurements, flow to valve position and bed differential temperature and

pressure.

45. The system of claim 42 wherein some measurement pairs are

time synchronized to one of the variables using a dynamic filter.

46. The system of claim 42 wherein the process measurement
variables affected by operating point changes in the process operations are

converted to deviation variables.

47. The system of claim 42 wherein the measurements of a

variable are scaled prior to model identification.

48. The system of claim 47 wherein the measurements are scaled

by the expected normal range of that variable.

49. The system of claim 42 wherein the number of principle
components is selected by the magnitude of total process variation represented

by successive components.

50. The method of claim 1 wherein said polymer process is a

polyolefin process.

51. The method of claim 50 wherein said polyolefin process is a

polyethylene or polypropylene process or 2 combination thereof.
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52. The system of claim 36 wherein said polymer process is a

polyolefin process.

53. The system of claim 52 wherein said polyolefin process is a

polyethylene or polypropylene process or a combination thereof.

54. The system of claim 36 wherein said set of models include
the automatic detection of grade switches, grade transitional duration and the

automatic suppression of models during transitional duration.

55. The system of claim 36 wherein said system includes the

automatic switching of on-line models.

56. The system of claim 36 wherein said set of models include

different models for different family of grades.



