- 1 - APPLI CATI ON OF ABNORMAL EVENT DETECTI ON ( AED)
TECHNOLOGY TO POLYMERS PROCESS BACKGROUND OF THE

woO MGENMTI3EN [ 0001] The present invention rel at esp¢DUSI87/007019
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),
recycl e gas conpressors, reg%cl e gas recovery system
the dryers, two granul e areas-and two extruders
system |In particular, the present invention rel ates
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normal operati on and autonmatl C generatron ol

notifi cati GOSCIHRNORMOGY TOPAOLAMERS PROCESSOf t he
process. [0002] Pol ypropyl ene process (PP) is one of

BACKGRGUNDOF THE IRVENEOhy used processes for
polyner|2|ng propylene to produce pol ypr opyl ene.
| ene | S t he ternedLate
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etc. The PPis a very conp ex “and ti tlyln egrate
exagple eAMyuiReR iof| mmge opetabioncatad ytie qzatakyat ptapamtmn area (Cat
Pre Eact rs }:yc e as co ressors gas th
PEISHEPT CLRRRr Yol Eas b e sy Sirgas e Siervesustem, the
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process enploys catalysts in th ormo very tin
inventian r,ftle@s it ﬂlétbrmmtmgcwhdn tih¢ peoatsg isededating ffiomnrmal
e.thick and
opelfidn b RlitcPliBRafion et Hetibedions isalfne tiabrmal

porﬁbﬁfdfeh@prg&spunp catalysts into the reactors, thus
makes the catal yst system prone to pluggi ng probl ens.
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. 2) I N seriles n the reactors en thé nbnonérs are
Polypropylgnscis then nscches uﬁmnydlaee materialy ie pooduming (plastlc

proiGaS bR 0 5 it BB, Be e B RS, S0l epBiasr iapie livines
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the reactor jackefs - maintain“the rea
catalpsfisepetgtionamit reasiprse dc«t)enlg ghs compeessors fre¢cye fgas secovery

svs B PR R, e S S g B R, SRESHE LY shows  tpical
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e PP has two distinct reactor configuration nodes -
mlxeﬁeweb sPidoH andareasie form @ yery tlmk aadcpaeﬁes— likx mixgure.
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t he separators where un-reacted nononers are renoved
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steam stripped and the granules are dried off. The dry
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system [ 0003] Due to the conplicated dynam c nature of

the PP, abnormal process operations can easily result
fromvarious root causes that can escalate to serious
probl ens and even cause pl ant shutdowns. These
operations can have significant safety and economc

i nplications ranging fromlost production, equipnent
danage, enV|ronnentaI en1SS|ons |nJur|es and death. A
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- 3 - operating ranges. This notification technol ogy
is difficult to provide tinely alarns while keeping

wo ow7fiedsse positive rate when the key neasur enerit/ESA0DE007019
correlated for conplicated processes such as PP
[ 0005] There are nore than 450 key process
nmeasur enents, which cover the operation of a typica
PP. Under the conventional Distributed Control System
(DCS) system the operator ngst survey this |ist of
sensors and its trends, conpare themwth a nenta
know edge of normal PP operation, and use his/her
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very |arge nunber of sensors in an operating
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process. I n another preferred enbodi men
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nature of the PP due to the frequent c
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i ncl ude the vel opment of npdels for different
propleser and gver €ause plantslundanas Theseopetativhs can hat/e sfgnificant
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safy e HoRE LCARRRY Rl AhE frdm ot TriogneRin ipment

danmgb eheirenhmdl sznmoh@ hirpgried aﬁ@@%ﬁﬁl P B 3015 erihe
perator_ based on changes in the - per a
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nterfaces The PP AED agpl i cation includes a nunber
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nor operation indicates an abnormal condition in a
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eg0007] Figure 1 shows how t he i rmati on 1 nthe online
Thesg slarms a5 iEisericsuyhen kéy\paﬁﬂtmsncamsmontsa(lwmpe:atures
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to afrive a_ sumvar
normal ity/ abnormality of the process ar eas.

[ 0008) Fi gure 2 shows a valve flow plot to the operator
as a sinple x-y plot.



[ 0009] Fi gure 3 shows three-di nensional redundancy

expressed as a PCA nodel. [0010]Figure 4 shows a
waeehemesec di agram of a fuzzy network setup. PCT/US2007/007019

[00111Fi gure 5 shows a schematic diagram of the

overal | process for devel opi ng an abnormal event

application. [0012] Figure 6 shows a schenmatic di agram

of the anatony of a process control cascade.

100131Figure 7 shows a schemati c di agram of the

anatony of a mul tivari abl e -constrai nt controll er

MVCC. [0014] Figure 8 shows a schematic di agram of the
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i tio. 0017] Fi re 11 shows how t he process
corgqj%%ﬁifrgg cég}pliﬁagqql]mc;cggﬁgs such as PP. P

[0005] There are more than 450 key process measurements, which cover the
operation of a typical PP. Under the conventional Distributed Control System
(DCS) system, the operator must survey this list of sensors and its trends,
compare them with a mental knowledge of normal PP operation, and use his/her
skills to discover the potential problems. Due to the very large number of sensors
in an operating PP, abnormalities can be and are easily missed. With the current
DCS based monitoring technology, the only automated detection assistance an
operator has is the DCS alarm system which is based on the alarming of each
sensor when it violates predetermined limits. In any large-scale complex process
such as the PP, this type of notification is clearly a limitation as it often comes in
too late for the operator to act on and mitigate the problem. The present

invention provides a more effective notification to the operator of the PP.

SUMMARY OF THE INVENTION

[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



correlation between the current values of two

measurenents. [0018] Figure 12 shows the probability
wale@rnodsed i on of process data. [0019] Fi gure 13pGhos@E07/007019

illustration of the press statistic. [0020]Figure 14

shows the two-di mensional energy bal ance nodel .

[ 0021] Figure 15 shows a typical stretch of Flow, Valve

Position, and Delta Pressure data with the | ong period

of constant operation. [0022]Figure 16 shows a type 4

fuzzy discrimnator. [0023]FFAmgure 17 shows a fl ow

versus valve paraeto chart. [0024] Figure 18 shows a

ddes ARy U d hing
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modeipps esepparehbdtp the ¢BaGIrFiagtiicy 26ll shitive thé earmetdperdgor
. .0fL the duratipn of event suppression. [0027]Figure 21
integfgsie (e BbABriepaadiongeis eravaber t Bighly integrated
dynBHie pR8&dse ridisS Tk BB IR IES (REL idn d'vh
yrBgie prasss ogng]ﬁFi gurhgﬁg“g’ upAIes et %‘Sr?&g{’afc’%c‘?u"vgé"s
modgle ofnprmed egerationhfor the naveredntrdtst A€ dlse diffetehye blwveen the
[ t i mplified

opeggtﬁcrgﬁtgf {h@[tﬂ% 8435 It@éj Egn}%gl ggeor\gﬁon qui%laten% aln 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.

BRIEF DESCRIPTION OF THE DRAWINGS

[0007] Figure 1 shows how the information in the online system flows
through the various transformations, model calculations, fuzzy Petri nets and
consolidation to arrive at a summary trend which indicates the normality/

abnormality of the process 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.



[ 0030] Fi gure 24 shows the operator display of all the
problem nonitors for the PP operation. [0031] Fi gure 25
wGebonsowsbe fuzzy-1ogi c based conti nuous abnor nedT/U$2007/007019

i ndicator for the Catal yst Plugging problemin the

Pol y8 Operation Area. -6- 100321 Figure 26 shows AED
alerts of the Catal yst Plugging Problemin both the
Poly 8 Operation, and the Poly8 Cat Area abnornality
nmonitors. [0033]Figure 27 shows that conplete drill
down for the Catal yst Pl uggi5n'g problemin the Poly8
Qperation Area along with the supporting evidences.

[0019P34] Figieso 3RowaME KiBYarfhidib of BiMiori41 ddie Cat al yst
Pl'uggi ng problemin the Poly8 Cat Area with | ocation

1008} oy #E07 1E Faet? grerahof ecgnal JERoRsedBling. pr obl em

in the Poly8 Cat Area. [0036]Figure 30 shows Fuzzy
[0013hi c NEgursr ki1 shows dow the process denarhizgednfdisrupt the

corfilfei O bieoh the Ulin?l ol TR Bctfiiéinehidd ™'Y ©

[0018]) Figure 12 shows the probability distribution of process data.

[0019] Figure 13 shows illustration of the press statistic.
[0020] Figure 14 shows the two-dimensional energy balance model.

{0021] Figure 15 shows a typical stretch of Flow, Valve Position, and Delta

Pressure data with the long period of constant operation.

[0022] Figure 16 shows a type 4 fuzzy discriminator.

[0023] Figure 17 shows a flow versus valve paraeto chart.
[0024] Figure 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.



[0037] Figure 31 shows the Fuzzy Logic Network

devel oped for automatic detection of grade sw tches
w@pm7Aos2eet ti ng process transitional durati onPCT/US2007/007019

[0038] Figure 32 shows A Pareto Chart displaying the

residual s of the deviating sensors corresponding to

the Catal yst Plugging Problemhighlighted in Figure

27. [0039] Figure 33 shows the multi-trends for the

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

t he nodel predictions. [0040?Figure 34 shows the

pareto chart ranking the deviating valve flow nodel s

{00[3@@41] Firguir8 28ShoRAVA B 1k s%tﬁh@(fzft&fys?ﬂé%ﬁ‘(ﬁg fP'r:%‘leg%m

- val ve opening versus t gure
bOﬂJwafqlmS Qpetatiogoand tlye Polyk8 Cahfred hbnommatityaneniors.
Sensor validation checks. -7-. [0044]Fi gure 38 shows

0083¢ dri Flguieny shotw tﬂﬁﬁt Betbetk idrilMBORhSfor bROEIITV A8 gei
[ 39?shows gtll(tiwle fuzzy y | ogi c g? thel UI‘IhStOIrC é\gﬁg geing
problem in the Poly8 Operatlon Area along with the supporting evidences.

[0034] Figure 28 shows the drill down for the Catalyst Plugging problem in
the Poly8 Cat Area with location of problem area.

[0035] Figure 29 shows the fuzzy logic network for detection of the
Catalyst Plugging problem in the Poly8 Cat Area.

{0036] Figure 30 shows Fuzzy Logic Network couple with rules developed
for automatic switching of PCA models underlying Poly 8 Operation

[0037] Figure 31 shows 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.



[ 0046] Fi gure 40 shows a Val ve Fl ow Monitor Fuzzy Net.
[0047] Figure 41 shows an exanple of valve out of
waeonvnaizk@bl e range. [0048] Figure 42 shows a speEnUsaod7/007019
statistical program which plots the anpunt of
vari ation nodel ed by each successive PC. [0049] Fi gure
43 shows the Event Suppression display. [0050]Fi gure
44 shows the AED Event Feedback Form DETAI LED
DESCRI PTI ON OF THE PREFERRED EMBCDI MENTS [ 0051] The
present invention is a met hdd to provi de early
notification of abnormal .conditions in sections of the
to ' igdhel ieBho&¥eNt
[00@ ect ?ggu%?ﬁ%(%Hgéo?%g?dﬁ?ﬂg&n%%irﬁg%thi ons i ncl ude
he devel o t. of different nodel or .di.fferen
loo‘iﬁ]oduc;i:lgl"%d showg the, zﬂﬁSﬁﬁ:t & téﬁ/ifhfzgﬂm‘énb?& del s
presented to the operator based on changes in the
[004G)er at iFigurndi@ shownd ValvetfowchvivmitpatatzizyiNet. The
switching of the nodels is in-apparent to the

rat qfj ws bl dxatifd1k iF S al e oSESEC SRESIBIHIE range.
[Oo?ﬁferfgg g?éél' EH%P AEDXaappPI i cat iaon (i)ncl udes a nurrberg

hi Yo t ed ' ' Th
(008hmpar dSELHRIE SPPuRe SURRRY PuiREEE Rr s il o7 e
amO G vaRRRI0H ieRefcd by B&clcaneesdvemMa.s. | f the
I fference between the operation of the unit and the

d
nor mal .aperation indjc n . ditionin a
[0047hc e s FIBHIS héﬁﬁgwsﬁh%%‘ggﬁggugﬁﬁ[é g@%ﬁ@% al condition
) is determ ned and rel evant information i.s presented
[0086] i ci driguye #4 shawsdhe At E vant Fsrdbagk Feun; ve
actions. [0052]1In contrast to alarm ng techni ques that

DETPILER PPRSCRIRTEAON0F THE/PREFERREINEMBOMDIMENTS
indi catton, this nmethod uses fuzzy logic to conbine

tiple.s rfi ' | itd . .
10058} P FpE BP0 i SaRthiE A RonRH BIIBLIE cdlyRokfiBirion of
abrRr AR Eit)hgitibﬂsgnfseaﬁoﬁsi dilﬁthte_'[l?ﬁ’ o ﬂte)bp&)‘hltdr:qsiﬁtl% a modified

presented - - as a_contjnuous signa e .
Abngral Brentidstecting (ARD HghBaReye T iymediBestansdnghuds the
the currept..sin i ng- .
ces LRl SEHLEEL R S0F P PR Tea 818 e gromac
switdlahg Dl Avdele FRbsnted Ty @Rt drerator based ofrchkhgepimthiecmperating
the root cause of a problemfor focused action. This
modppravsdieantes aeadiguaiangstThe switehing piiheinedgels i -gpprent to
wi th adv e I ti
o Py ROGRY 0L 008 e L, SpORGEPimstal) 2 Kimhp
apricatishsyeheles alimbersf highbt Irftegmteddyhanic proeess units. The
oper ator make informed decision and t a‘g caqrr eCta:l[ée .
methad epmparesiBeCusicit aReRf19N; terYapIousiTeR ‘%§ ol pgrmal gperfion )
I ' .
on 58 SAPEREHE IR AR B B i it ot nc
norinhél épvraliys indiciggiafGibpoeikbovnditionenPoprodespeniaf thon the
area (the details of the subprob|e are described .
causgtafithe appogapirsenditionEsdeispiire #ohrele¥antdn fon 1s
prq%%ﬁt{eﬁ%ffﬁ%ien?ﬁfoh@' C()p%Pangfd %%‘lp c(m%nd&ﬁohg. conbi ne

cations rencipal” alysis (PCA),
(00341 ol PaniFasyR R eI X UL 2 PR ROL BEAAY g
proyBE LAk B8 chA AT ez T FRUIGERRS SpPPICHPA0 onfiRe

muleplaiippofivné eoldeacedbhabmurnmditiesdhSeosdribGnt 81 epesational
Check (

CM to monitor releyant sensors. through. the use
pra}iiem gnd estigates it iebrility i gl ipg. ﬁ&i I?;mﬁe?ﬁm s presented

aggregates the evidence and indicates the conbi ned
confidence | evel of a potential problem Therefore,

the network can detect a problemw th higher

confidence at its initial devel oping stages and

provide crucial lead-tinme for the operator to take
conpensatory or corrective actions to avoid serious
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- 9 - [0054] The PP unit is divided into equi pment

groups (referred to as key functional sections or
woeperatisenal sections). These equi pment gr oupsPOEYS19€7/007019

different for different PP units depending on its

design. The procedure for choosing equi pnent groups

whi ch include specific process units of the PP unit is

described in Appendix 1. [0055]In the preferred

enbodi nent, the present invention divides the

Pol ypropyl ene Unit (PP) ope$ati on into the foll ow ng
overall nonitors 1. Overall Polynerizati on

o I ORGPy i i
with@belciriei s(Hpi8 @énﬁbleﬂatmmg)based on/off methods Gk bc Qperator is

Ext r uder | t
proviged with 2 g%&r? ‘;)qll,g?hq(x gwlcorpp atélb\?ﬁg%l&% 1%3}4}@ dtill down to

Moni

th & §) Mabngs) TR 8hoiShadbgsh
© lﬂoé % é(gg? g%&m g\%eer t sg/ 3. S}asnéfgﬁrr Checﬁs % ol y8

demdfBEaled) todfurishthe oﬁbﬁrt&swﬁtﬁcﬂdydmsw sarpingsof $glabnormal

G anules Area Alerts 6. 801 an Area Alert
operation that can be minutes to hours earlier n § the cotvéntionat alarm
system. This early notification lets the operator make informed decision and take
corrective action to avert any escalation or mishaps. This method has been -
successfully applied to the PP. As an example, Figure 27 shows the complete
drill down for the Catalyst Plugging problem in the Poly8 Operation area (the

details of the subproblems are described later).

[0053] The PP AED application uses diverse sources of specific operational
knowledge to combine indications from Principal Component Analysis (PCA),
correlation-based engineering models such as Valve Flow models (VFM),
heuristic models (HM) or specific "operating rules-of-thumb™ collected from
experienced operators that are constructed in the fuzzy logic network, Controller
Monitoring and Sensor Consistency Check (CM) to monitor relevant sensors
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.



7. Finishing 4 Area Alerts [0056] The overall nonitors
carry out "gross nodel checking" to detect any
walenoraegzon in the overall operation and cover BC1/85187/007019
nunber of sensors. The special concern nonitors cover
areas with potentially serious concerns and consi st of
focused nodels for early detection. In addition to al
these nonitors the application provides for severa
practical tools such as those dealing with - 10 -
suppressi on of notification8-generated from
normal /routi ne operational events and elinination of
| se Igp : :
100 ot AT BRSSPl IR R p PR B AR R AR s ey
funéteoml sedtionsadr amerptonalt seotlonh)e ’Ely&eaqmpmeht praupsdasy be

o It e ol 5 e 5T
choB8RG Kyl R 08 O LB o

desdrﬂmd]peAppmdlxnt.erface for the system A detailed
description on operator interface design

[0 55@?2 'r g@ﬁ Md pRFeired RRWYIHRRAE, 'thé %Pé%‘ﬁt mvftadt%n SRRIANAE

ction & Interface De3| er sect

Polymepykmyner{@ml?mbmﬁetwomnmﬂhmfoélo@gg n:emrallh gchlliHls s
for AED' in Appendix 1 section IV, under The interface

consi sfis gﬁ,etdjppag)}ﬂéﬂﬁtidnyog%ﬁt{o%g@c{@? bﬁ}ﬁﬂoﬁ‘}) Ove.

This was devel oped to repres I mpor t ant

abnor nd| [ ons er on_area. Conparing
nmodel n?‘esgl Fgaﬁ) f”é (% gyb gener at es

abnormal indicati ons Fuzzy logic is used to aggregate

abnor mdt OweralbhExbudetloOperdtiont 6861 Qpjesatpombabi [ ity

of a problem Based on specific knowl edge about the

nor mal 40pe¥atdIPRx&LdEACOpeR/IINAEXI®] dpeeheped a fuzzy
| ogi c network to take the i nput from sénsors ‘and nodel

al | uate the probability of a problem
and&l?eés 65%1 §§8§%‘%t‘?1’8“§%%abu ity for the Catal yst
Pl uggi ng problemin the Poly8 Cat area using the
correspo n]gltof'f@ Gonge) Valye M@i@lﬂm& (BolodrContre] Yahes»o.
Figure 26 shows that the Catal yst Plugging Problemis

seen i @. bOatalysiArdal AleBs@Poly8 CanAzed Aoty Cat Area
abnormality nonitors. Figure 27 shows the conplete

drill f ing problemin the
Pol y8 %oégr]%r%"én Cftgt@%resgg%shom the conplete
drill of the at(ﬁi/St pluglng problemin the
Pol y8 ' A ‘EI}"I;QI ocation of the plug.
Fi gure 29 shows the fuzzy logic network with the green
nodes Bnd@BYhaGramulebeAreabXertbl ens t hat conbi ne toget her
to determne the final certainty of the Catal yst
Pl uggi gg Sy Pbrelel Al Aeliy8 Cat Area. The estinated
probabi | |ty of an abnornal condition is shown to the
operat t7ngF con uous trend to indicate the
ondi ti’o %PB%r shown in Figure 26. This
ves the operator a SI gn|f| cant advantage to get an
lﬂﬂ%ler Vi Eﬂvecsfveranlé ntmamrh cafrytavs "gr@sesgdcmhcckmg h@ detect any
dev aﬁﬁ vertlfo ) gch sensor i ndi vi d@ 8’\{ Th
EHERTY ?Py At o 968 aRg et alpiEe nabE: of seRsREs. The
speditiecdiielnt St ToVEr £1RUS HARE oﬁhﬁany%eﬁﬁugbéﬁbaﬂs ARy
event are renote. So, it is can al so” be used as a
congigh gfafocuged miidsls for. eamlryed\etcmorp dolzaldition yo adbessmoOnBors

lem i | 0 rni nd..t he

the etqﬂ)g ‘%&’?’g’ prPV}cﬂeg t%?ég?er%%%%t% Woﬁlé%%r %SF %[ealmg with
reaches 0.9. [0059] This invention conprises five
Princi pl e Conponent Analysis (PCA) nodels to cover the
areas of Cat. Prep., the Reactors including two Loop
Reactors (RX 1 & 2) and a Gas Phase Reactor (RX 3),
the Mononer Gas Recycle System Recycle Gas
Con'pressor the dryers the granul e areas and tvvo

o s e o s ~ A o




- 12 - of special concern nonitors intended to watch

conditions that could escalate into serious events.
wdb@7ojzecti ve is to detect the probl ens earl yponusmo7/007019

that the operator has sufficient lead tine to act.

[ 0060] Under normal operations, the operator executes

several routine actions such as feed rate changes,

set poi nt noves that could produce short-lived high

residuals in some sensors in the PCA nodels. Since

such notifications are redub@ant and do not give new

information, this invention has nmechanismbuilt-in to
supgfésgfbtn 6%@t{ﬁ&ﬂﬁﬂs %erﬁ@rétgﬁ Hf(ﬁ‘ﬁ%lotrn'%l/? fifdd g&fa‘ﬁ%?iahé’éents

art of routine erations, product gradé sw tches
andaerlﬁniimtﬁen\cefrfylsﬁermmmmd due thspedeiatadaaséBparatiomyg. f ast

dynam c process. There are grade switches within a

A. %ﬁ@i‘&{or@h Erakgm |y (called flying grade-switch) that

re changes in reactor configuration). In

erators,can. make | arge, set 0| nt c
100531 S onal HPRBH e HATEES S FHGH GrabpBest Soedytem as it
t t r
profilet thé oBEhARRIA d Bta Bl L ieR Lt B rrbEeds! e difiidts
intended ¢6 givee thepoprrativaoquiek ovendet ofBP opeeatiotissdridiipdidaie the
f| catio ressi on nmechani sm could not handl e
ngﬁé‘ ity 88 &Ff’ﬁﬁ’é’g‘? g ghporRli8%r e nodi fi cations were
made. The nodifications include nechanismto detect
[0088F ondEgunf24 sbcwd ehes optcitonimtersate forghadgsteaniA ditailed

desgrtéf’l{ig? ﬁ’ngﬁﬂf’? %@9 g‘?t% thags %Fgllggitecfgné{s etgg eg%l%gég‘cr%%gde%m subsection
IV 0%k Ritdtactoh & T8fr fAEDEGe ﬁ'h&n&éraé?:%hbho'@é ploying PCA

duration, the notifications are suppressed usrin
modals @ndrﬁgmﬁlc Hiamglmnrtr:g Malels faroABD ginohppendixsi swdtimn Iv,

BT ISP 5 ot i
wa§"@éw‘31‘o $Ed H‘&B?&enmli@tr of %6&9’1’(@%0%@[‘ ﬁ&&lbéﬁ’@ﬁs in each

dur ati‘on, conti nues to update PCA nodel
ompetttmr@teer CompadingwwdeheesBits veitlt Hesstatesofkey s¢rsmly generates

sbnp b5 e e WL el s SRk Pems o
evaﬁfata hafg18 %&ﬁtﬁﬁt}aﬂﬂ afgngl%?ﬁ IBAQGLNEs eﬁé&ﬁé kﬁxb@ﬁ@&ge about

durati on. ere are al product grade sw tches
the neqnak operatibangemch rsecban,twe developgdraafuizay 10gicamtmonk to take

[ ea r node to eac or, nmode .and |ce
the $g 1o sors g fgode R L
I,
proplsag fiane %%3‘92?’3?“??“?%@3?%‘9 e osReelsgd potiem o

iRt atea wsing) th@c@mcmdesg ﬁhaty logimyetvowkashofwroin Figure

s S o DT, LB el PP Bt

8 OpBMRRId At PoI}JRGCHf Abé@abmdlﬂwrﬁsnﬁoﬂs' Smgefe 27 shows the

prioritized Subproblenms. This hovel nethod provid
compieteuﬁm}l glown of the @htabflst thaglm&pmhlbm ingbeffolyd @peratmn

r obl ena S r.at or r ow,down t
axege FRERRe £ Snndd B FORREE RHFHOUBLTbE ﬁ'ﬂémt higefhg problem
in thé pbgts 0t Abéa meaﬂifymmetlaeatmpbfm gh{%‘e 29 shows the
condi'tion so that conpensatory or corre acti1 ons
fuzzyntogie nebkerk withrtbe greemnpdeemdioating thei smlbprqblsm\mm

t di cat i d f
conige ideither P EERE BT e G Tk dih e A D PR ERSE
Progle‘iﬁ’ l.@n%ipmrcem&@d e &dtingdte@ %rbﬂﬁmh%d of ﬁh%ﬁbﬁﬁat 0

rill down to the subprobl ens. 062] The application

uses t he pareto-chart approach qU|te extensively to
present information to the operator. The sequence of
presentation is in decreasing order of individua

devi ation fromnornmal operation. This allows a

succi nct and conci se view of the process narrowed down
to the fEMICYItI0a| bad actors so the consol e oper at or



1. The nodification of existing Abnormal Event
Det ection (AED) technology to successfully handle the
w0 e@quessto changes in operating conditions due POI/USAOB007019
switches, and sonetimes changes in the reactor
configuration to produce different product grades. 2.
The deconposition of the entire PP operation into 11
operational areas - the Polynerization Reactors, the
Dryers, the Extrusion EX831, the Extrusion EX801, the
Pol y8 Fl ow Control Val ves, ~tfihe Pol y8 Cat al yst
Preparation, Poly8 Sensors, 831 Ganules, 801
con@iddy i€showito ﬁ‘lé‘bﬁé}’aﬂﬂg% A inSHESIY DR trertt toﬂ%ica&e the
operational condition of the entire I'S sunmari ze
condition'd pregmregtienalsashoen in Bigure 36. Tids ghvesrttieloperator a
vi ati gns of these sensors are summari zed by the 5

. d :
SIgcANE agvaniaee o erAmspneyiewafdhe health of ghe pracess tigm having

| Ver p ' Eul -

o R Bl 6r KA SRR DAY NS Lt
opcamor ipnceasfimired' t-inegolitscextonsiby colbepesdhinced pfehidsing any

7, The heuristijc m)del%l coverjng the critical
CVeBL ATLERERP ey PRgHilh G2 ASE Rshisadnas f aopaplity-adicatopeWiien the

e - e .

probRBIieY ep s (2 hE RaobIch el Rl SO p Ba i iBEat the
indifatorctonns odd @lempwhtotise prsbabityseashes 6/9ecks add

enhanced focused and early detection capability for

[0059) Pr OPRSSnV&itiGPESSRprides ﬁ‘(fﬁ'ﬁrﬁméiﬁf%%g ntaﬁpghtalarsis (PCA)

speci al cause/routine operations are suppresse
mod¢lisrtd waver theeareas o€ Cab Frepy dbe Reaetndnctoding two Loop

B A e 3 e i
RedyRlS Sy@fé"l?&,tRé’c%lcﬁ@tﬁs @?ﬁg{ﬁ it Likyr@s,gtpﬁgﬁ%ﬁ‘le. areas and two

i'nherently resol ves the ngl € sensor ng 1 ssue
extiudesn sy tegpaincuding ExtroderOBYE hogayant Bxtchsbew BEX8&nireal The

AED Mbdel r PP J0065] The a i cation _has PCA.
COVRIARS %P t%é’ngé%e"é‘l"fiﬁ% %%é?fgnaﬁgew&ﬁeﬂ'm the inferagtiens of the
TR MClnd Dol B 1Sl BAE3ch IS e s
intoogmoanit.o Sahceptheld isrsigniTiviant prtetaAceioni idehe iCfait cRiteipo thesR efictors,
i i ortant..to define the_scope of the lication.
and'[@@élg?ﬁ%éa%%% FeXEcHt 2nd, @%%ﬁ?ﬁﬁ%‘ﬁﬁ?&égg%ﬁf%dﬁeﬁe areas
are 86AMYiALd L& reMB&S ithe ‘:LPon@‘gg?g@lﬁatfdﬁ@ REE PP £AWEER BNt

around buil ding these or the PP unit are

opetating coerditions esing 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



- 16 - Problemldentification [0067] The first step in
the application developnent is to identify a
we@nitégszeant problem which will benefit proceBsr/us2007/007019
operations. The abnormal event detection application
in general can be applied to two different classes of
problem The first is a generic abnormal event
application that nonitors an entire process area
| ooki ng for any abnormal event. This type wll use
several hundred neasurenent $2-but does not require a
hi storical record of any speC|f| c abnornmal operations.
t
of s \'%Slﬁ?@t@gbgﬁplgr%tﬁllt%Q fzxtt e egﬂ t@%?l%e cg)?@éﬁébﬂﬁ&@ ggcgfggés@ia%e into
seribhe epents| Fherakjestivesisttheletddt the protilamsaelyadmwso diat the
eer. .1 Q068 e. second type is focused on a
Ope§?}g55f‘§éug%‘ﬂ8?h}1??26‘d%‘?ﬁiﬁ% This type will provide a
" specific diagnosis once the abnornmality is detected.
[0060] t ypi Ehidey nlonmal vparatiohy, theSJp&hitoﬁ eréaUte9feveral routine
reasur enment but }efgw res a historical data

S
actippg speh gf Wﬂsmé@ @ﬁ@ngeﬁh sspoBdRPYeTdRt seuidaaradise gheit-lived
hlgﬁ 't@é?hﬁal@ '319 ISBRR! éé?ﬂofsoirnrtﬁh ¢t R SHER, §ﬁxcter%%cf@{o\ﬁﬁic§{i8ﬂ’s are
nodel s nonitoring thé nmain proces ow val ves
redlﬁmiam rankledo not gbleatevo mformaﬁbnpﬂnsr ngatiopdisitmechdoiah built-

o G R SRR A S S T
PSS PATIASKE R G LOY SRS P o

very dqet dyniantjc prbessso fFitene ate’ gradlel seeit et sfwithinex pesduen gestle

£ &%ha and ar consgi cted in the fuzzy logic

amply: (f81R lfla&i? §-§Wits a&.dpatmsreaﬂeee eﬂe%s i ISRGk0E

con | '

ortAgRis) o e 4ty S8R B BN Rl some

keyquntinol-tjealityr caodrslars tmsteet et PR t6 mamen opesitionneae, During
r mal function, or,,an instru t that_ has a

ontroll n
the frARRIPL s {aleSOPMERIRGES WHH SXPERISHS BN esisuplscndyBipeefore
depfR4Shdrind1 e()ﬁ!ﬁ'ho}@ %%Véﬁ'&nr%(%gtz \S‘ﬁfﬁ: i’iSﬁa g;@%@lon
operator or the engineer én re on t
megirantses cokhbnbehamdlé the perde ssmt«thesa and lthéxefqredna@ifﬂﬁaons

t he au . T pi ally nost of the events seemto be
werg ?ﬁ‘f{ﬂ%’ difdcafiqnsgnclydgune wmﬁw%eqtﬁa@ POfeiafe grade

sw1ﬁ:‘i‘1daﬂ€f§éfea5 ade -g‘\z'ltch [sgﬂgg]ﬂ_l@%rfag B teI0 RN 1atched on
characteri tlcs shoul e co ere when sel ecting an

for alsnunimperiod of tie¢ trdemint ppoddesatransiticeaplidaration. During the

eve 3..- 4 nonths y pot justify the

tran gl dpcpcicis 4he MR e HOREIC SRRRES G s b e SNisiRe

medMARisA tAkbid Abal TR Wﬂpﬁﬁféﬁﬁc@?fe&seé{?fﬁéy%re alféady
mont hs, an i ndivi ddal” operator may go for ye

awang o e cerditiog ¢haages,emd ardslwadyikeeqirena eloseevatohlof the PP.
not know t . to do onge the event finally occurs.

Howfise ABPRE S tamstions) AHean LD cmtiiss Fo UBdat A model

par£ieiesd) dnldednde e TICfALAEs WO REH ﬁ@at? Sé#(t)? D resumes its
interacting with the application 00 en scopi ng

notlﬁtvetlpnoblfbg\lre 11 slows thmaddesl fyetzy etwaorlo hegicsiforessomatic

fr.om rso neI t there, woul d, hot
d t?&Pﬁ@ﬁ aga heFthae tay Srpsitianal BBWW‘ ahbere are
overI y FTOW est’itangsg%g?ﬁﬁ]ow fr Stefﬁ??aabﬂnor nﬁﬁgsggtﬁgm two

reaciérf mwdetthghprecastoroneds and vmsa) Aﬁhxsrmaﬂlf‘maanha)f the
t d d. Onj hag t hat
AER i Pinparre b soe dAarlEy thh SRER R A Bt

Abnormal events are often viewed as part of norma
operations since operators deal with themdaily.

Unl ess there is a regularly repeating abnormal event,
t he application should cover a |arge enough portion of
the process to "see" abnormal events on a regul ar
basis (e.g. nore than 5 tinmes each week).



| . PCA Mbdels [0071] The PCA nodels are the heart of
the PP AED PCA transforns the actual process vari abl es

w0 mioo/1e3set of ' orthogonal' or independent varp@bUS®07/007019
call ed Principal Components (PC) which are linear
conbi nations of the original variables. It has been
observed that the underlying process has a nunber of
degrees of freedom which represent the specific
i ndependent effects that - 18 - influence the
process. These different i ndpendent effects show up
in the process data as process variation. Process

[OOK@I | at i-ofe 658 abG igliﬁf&rﬁlé(ﬂ%teér# ; oﬁé‘%‘d‘ﬁg?} ﬁ%ﬁgﬁﬁ%ﬁ

feed rate changes, or unin ces
wazsng trijaregies thmtohnage celordromtigroen td 9eua\}v5ammm red) Phé

0 onent capt.ures a unl e pOI‘tI on of the pI‘OCGSS
aplﬁﬂ&nf% iProyige a*erseaewrtwgﬁéir&l fleenssapapHity Jofygther investigate

the! cf)ﬂ)l*éﬁf‘ﬁf %1891&%1&? hﬁ 8r1t1¥$@ a&ﬁg&%&é}ﬂk. PRIRAR hiethod

re extracted t he er 0 easi ng process
provatesahé operaEamW1mm§HmlJmem cypabilitigeto thersubpestblems. This
enagy tures a smaller portion of the total process

[ QRSFROFS T REOWIQW™ SRe Aearph for Bipyant saYse HBdIagsists them
in 15&9153? SRk (ﬁ@ﬁ&flﬁ Xanpc?{ﬁ%%[l%]é’ b?ﬁlé@éﬁcﬁﬁﬁn‘% tﬁﬁp&ﬁﬁﬁensatory

vari ation rst princi
or apurastive wctions ean bepnkee Mmdrlthamﬂdter:t A@fpréemdlsbaslmwn in

Figlir b pirell Goet S0 RaeLho [OAuATRE dik A yietng sansays sorted
by @@ﬁ%ﬁﬂl&lﬁs'di%lﬁgédm Bto@é‘e}xxﬁ 'og\etlhé’?éﬂ p%ném to drill

process, which tes an |r|ca
dovapty tita subptoblehss. pr ocess of bUI | di ng PCA nodel s is
described in detail in the section "Devel opi ng PCA

[ook®pel s ’f&"a;ﬁfﬁfzaticﬁ‘)] HYR R gérelo-cﬁgﬁ {pﬁ# {)Qc\fﬂ gglt@"ek{enswely to

di'scuss the ‘special considerations necessary
presant aqgimlrmaﬁm toaheopecatentThegsegymeaba of peéseatativn is in decreasing

ord S oD aRon Gt rreAl DRFE ARy ) Petal e Wocinct and
con@i%\é(ihé’ﬁecﬁtﬁer r6&ess HAerdwid E SANBYRE Fewdaiday! 'Tan atcﬁﬁs 50 the

ol y8 Operation to cover the two reactor configurati
conﬂobelpeaater Pah yBakkOR farrded®dbyi8ialSPbolit esarseval REdn. F1 gure 32

TR O e G e BB
chaﬁe %lﬁ%%%@ﬁ%ﬁﬁﬂ%d%ﬁ@éﬁ § ch@ﬁfrﬁ ﬁ&gh% é&@ %[&trend

i nteraction between these systens. T
versusdebdel predintioni fdr the semidriisicreated. dfhadﬁemagmanMs@ look at

trenl3 e rRRIEnT e hoaetsr SRS fhe B RRd NiRpent agstance,
Fighfe3n El‘i‘cﬁ\ivé‘ etk irend98r Hﬁgw?’alug BRd %é‘@élﬁﬁ%ﬁ%ﬂoﬁt&{tﬁ@ gerhsors in

wth an initial set of 76 tags int dryers,
the Fargio ICQaIarQﬁbguvaZh F lgu¢934~ shoass tﬂees*amebonmpt; thiS@me

anel 30 P b TR 158 500 MO 3 e w0
projeatibAMRSi A efrbP TCHSkihE o?Ptheasss ih TiBGE Séé?l%rates an X-Y

extrusion 2 area. The details of the Poly
scattergalpt that shows the capsshdpsragion rioiet Mhy&m&)&Mﬂmbehnds of

N di Dryer8 PCA nodel in Appendix 2C,
no g% 3&%5‘#8 “in Appendi x 2D, the EX831PCA nodel
Appendi x 2E This all ows extensive coverage of the

[0063/]er al IIn pAdipur tn thenP@Admedelsy there ares a number of special

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



[ 0075] The PCA nodel devel opnent conprises of the
follow ng steps: 1) Input Data and Qperating Range
welogabgzon 2) Historical data collection and PCT/US2007/007019
pre-processing 3) Data and Process Analysis 4) Initial
nodel creation 5) Mddel Testing and Tuning 6) Mbdel
Depl oynent 00761The general principles involved in
bui | di ng PCA nodel s are described in the subsection I
"Concept ual PCA Moddel Design” under section
"Devel opi ng PCA Mdels for- KEP' in Appendi x 1 These
steps constitute the primary effort in nodel
confléyet mﬁ?iﬂg@'(@?ﬁ?ﬁﬁéﬁgﬁ&ﬁ! chelk§ Sﬁiéz,aa?fa'ﬂ%%urﬁﬁgqnodels
quality and quantity of training datd representing
(HMp el VEMS edvanmitical equipmentcinahe Pote8 ICasito] Valves. The
evel opnent .strategy is to start with a very.rough
T theaiical Gudibent pRegingprehiems i heBabYS Cat, the 801
Grahbehd ¥31 H}hﬁufee 9Ha &ffec' FRRIRMEU 2OV THE C'mcdfﬁld SC covers
conmpares to the actual proces§ operations and
the crtitaladontrodlers endeerdorb ds €k BolyihSamsop ICGlesckatnd Polyd Bensor

bri ef i bed t. | t . Dat d
ChEégS ee&;ﬁas g.,rq gljpé!;@gnygéﬂggé pmr I ?toyban e;(e fuzngll(J)gic net%vo%ﬂs that generate
: 7 ) 07{ 007019 4 - ' :
o AN AABOILAY vy 2B 6 ) dog o

contrbllet npuiitobnbad Seds&peiaks n§Figargyy Sebwes thofilzzyridgic network
the sectjon "Devel opi ng PCA Mydels, for AED' in )
for m&pfém;qﬂq .mwfyorﬁ@géﬁ@w@ﬁpée@ﬁaﬁw@ﬁﬁmﬁtbe gleill down
e X iz . . | -
T L% Sk Hiphic 48002 HERRA 0Bl R
modasluction is perforned using an iterative procedure
once the initial PCA nodel is obtained. The specific

[006HNCer iy §ﬁﬂHH?ryif gg@%d%t?%ésﬁgtﬁ%ﬁé Mvehfibnffchusie! he

devel opnment o I st dl'e the two reactor
o O R i 58k o Sl fon (AED)
all three téﬁﬁﬁﬂ%? to ‘éﬁbée%sﬁgfé? hagib ﬁfegﬁeﬁth%héél‘é@s in

reactor node contains tags two reactors.

speci fi ¢ opecaing eonditidns gleddigrgde swifehesg landtsonmetirnes

PP is to ke sure.the range covers th rocess

oper at i ng C3REET IHihe ERCcarCop ‘@HERHO"@%B‘E&@“CG 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.



Hi storical Data collection and Pre-Processing
[ 0078] Devel opi ng a good nodel of normal operations
WO elynilewso a trai ning data set of normal oper atPONES2007/007019
This data set should: Span the normal operating range
Only include normal operating data [0079] Because it is
very rare to have a conplete record of the abnornmal
event history at a site, historical data can only be
used as a starting point for creating the training
data set. Qperating recordsl8uch as Operator | ogs,
QOper ator Change Journals, Alarm Journals, |nstrunent
Mai nt enanceng 8605 alp&a){h@%éopﬂfe% $ndcS YdlsFhnidifred by the
abnormal process st or e process o

col | ecti ons akertsl Iadmedatne&et&mn ofiSquaps Extorat thel5 PCA models
"H storical Data collection" under the section

"Devel gpin A}‘R)S)@ :
[0080] I'n t%ﬁ%l%?@ﬁ{%@&%@?&\??ga ‘%}%spa i T_n%or
years of ogmsitaililoops,ovhichesfféedieoptroti actibiosnand tl’ﬁiS| can be the
product grades as q{J as Both sunmer and w nter

seasons. WAWcHREDYaffrcted by psels- data t he nunber of

time points turn out to be -21 - around 700, 000+ for
each taf. The bedgsti¢ madaﬂsacwﬁim@tlm— cs:ﬁicamqaipment plugging

" o mat 1 GROUo1Es 3 fps POBEGAL il HEGwaliliae 832 Granuie,
sub-sets ofnd ARSFinSThiAgd awee& 168 ehREn QAR Y 3hd early

[0081] Basi c statistics such as average, max an
st andar d ddstectiompapabdlital cul ated for all the tags to
determ ne the extent of variation/information

cont ai ned Thé BbRroAbSRon?Res ahd Bk $QB8: \eﬁé&csemmced
to renove data contained wthin wndows wth known
uni t shut diosnsedandoady rdetecsparT cipabilsty fieakiey paodéssatagiables.
nmeasurenent was scrutinized to deternine
appr oprg atBp&ss réiﬁﬂtlhg%é&ﬁ's‘ﬁ@cia'ﬂ chil/iddin@! Sl radis are
set. Creating Balanced Training Data Set 100821Usi ng
t he oper atsuppréssgd totehisnimaty thei fawe mwitivdss Tiievandeohous
into peri

c?ismensmnallty 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.



wi th known abnormal operations and periods with no
i dentified abnormal operations. The data with no
wo dentiedzeed abnornmal operations will be the predi/osnaryo7019
training data set. For PP, operating |ogs were studied
to determne the tinme periods when each product grade
is produced. The historical data set is then divided
up and saved by the grade famlies Each grade famly
data set is then anal yzed for exclusion of periods
wi th known abnormal operattdfts and periods with no
i dentified abnormal operations. [0083] Once these
Prtﬁﬁ@hﬂﬁ?é’&ﬁﬁ gnbeen made the first rough PCA nodel is
buirlt for each grade famly. Since this is going to be
[0067yery Theginstmeein theeappivatiofdselopthet ik 16 idedtify a
onents to he retained is not inportant. This

. G, > ret, .
signrificantpreblae. wdHeh prlbengfib proerss mpeasionse Abg rdbmonmsl event

i 1N . er . of PCs..shoul
dertifont BRSO, RHEAL calrBe BPRGL Pl S AlSidRE efhsns of
probleen pThe €ist is Wc dbhotiab eNenht Applivativn AR oREBESan entire
this includes all the different sources of process

progesstarep deeldas fopany ahparmal event. dhisBmeawilkupe seversl hundred

1o I.nci . nt o_ine .
mefFEERT, B8 DO BBt EOEH AR SRR A Bnooma
opevati o Thesaplidagionhoill enlyedetserdindknlk anabhomahl 8o a

t.o unit variance. - 22 - [0084] The training data set
POTHRB (ags) ot Prasisss- hPagnesihet the eoblsmapquisesidie skill of the

j LT ' peri ods where the data does not match
op#ﬂt??%ggg?ﬂ#ﬁ.ese ti me periods should be exanmined to

whet her an abnormal event was oQccurring at the )
[008§fe. ﬂLE% ReCONAstypE g Eerused ion 3 precifig abnerraal eprrgtion. This

P e PR oPOAHe Mgt ncd SRR I by, 1

typatlyl idvbbres oty dethdll nuiibee of hadasurgnéias 45 S20), bl rédsires a
) rm,de{ rebuilt wth the nodified data. The process of

historigal daig 15apichekthersvenhi Hirssanadalscan bsi RigAdeasgdprgimple

eneB L0 ENENSu RUBL ARFE ERPID ol RS o e
maildyslelcsss flowNEdNesd forApkedicsrrtlatiol bt alit-Ob el ge@mahtion that
[ 0085] The nodel devel opnent strategy is to start with

are gopgirycied gredondiistorisal dynsdagapes aspund threlormrara valve
soch QRIS 405 BB IATSi gl e
HeumgiicoModehe(Hbfedre spbcific Iopetdtaig ndesiofahamb!' icoliected from

ather better quality training data. This_process is .
eXPREBRSE: ADERAT AR SeBFTRGiod I the Mz piq peiswrkeddentify

thoded EirSRGStahcEs ﬁﬁ@%’é}lgs Se \ég-oq?tﬁtﬁﬁg)? iy g@o‘ﬂtﬁmgg\lﬁnitoring

training data set een burlt, nod can
(CMyahd SgnsokChecls ($G) atonitiante peaforsiahcabf tleotentrdliter or
examLJA e of 1s{‘uch a program show ng the _percent variance
SENQIHO L BCHA ITOZEm 1RHLTUReeT; 8 copteblge malfunciiggyAr pR instrument
. i - . r ls
thafu 8 ekt FRSo PRI TS HOEOER5S U, ARREThDEULS R rder
to prdeide! opemyvEChvefagel Thé opedtdy of theApigénetnwduld\hesirely on

.Testing,and Tynin 0087] Once the initial del h
theig @éﬂ%%%é%wﬂ?gg? / %%é‘?féis? 150 peCwRtK dirgnspe the cause. Typically
most of the events seem to be primarily the result of problems with the

instruments and valves.



creating a new training data set. This is done by
using the nodel to nonitor the process. Once the nodel
w0 po7ae3es a potential abnormal situation, thePEnygswer607019
shoul d i nvestigate and classify the process situation.
The engineer will find three different situation,
ei ther sone special process operation is occurring, an
-23 - actual abnornmal situation is occurring, or the
process is normal and it is_ a false indication.
[ 00881The process data wilt1Aet have a gaussian or
normal distribution. Consequently, the standard
tisty [ - frd :
OO et 1 e ol kAol chaftdsAiceich 02 bp Rbnsidergd when
selechiagrassatshorinalrevent déeutidn peoblem: Uaddquensitergnidligies (every

ri r.point needs to bhe set enpirically based on
3- %%@%ﬁéhg@wtwuaeﬁh@etqf@m greatasap @bparnypl evgsd getector.
i LG : OB Nalems
Als o RS Berligg bn Rl B € b P v 90 B AR
indivédual mpeaatdr endyago foepears voitiesitrsecingGheMvdat. As a
Depl o negt‘%oqgg{ﬂs ccessful deploynment of AED on a
CONFERTEE, BRYOUEAIAL KBWavbahiA Haonsh the cxentfinally occurs.
: |
T e B Aol S bl AR Bl operator
wolHGAheamgalarly intesatingestithnhie appegticayi ng PCA Model s and
Si npl e Engi neering Model s for AED' in Appendix I.

901 tdAB; | | y
(00O o mi Rg T Rsiring 8 HIEKELENESs mBGPILAN MESHIRY
impres$édrs fromn sHepetrdmnnel ded shereomdild motbehaveffidiamgamber of

t he del is.providi a false indication. In, thi
abngirBAl Svertis 19 jUtHY, AR eihoimal evews deiesiion appieatian in several,

o ] . I
Ry i RiaR B Aok Bty AR YRR affect the process
occbes baxmakeul at ed using the sane rules of thunb

menti oned previously. [00911A d data that no | onger

adequately represents process operations should be
removed f AdMormal eventsiang oflgn a0t secorded andanalyagdaOnly those

type of opgeration is.Rno |l.onger bejng done, all data
from t hat ﬁbaﬁgclag?? e, tﬁ%emtgo e raé?rk\?glﬁ?&/a-‘?? 8pa§'z j or
process nodification, the training data and AED nodel

may nesd Whrvenateuehts dré offenciaived as paZdof nddRfpefations

addition to the PCA nodels, there are a nunber of
speci al  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



concern nonitors intended to watch conditions that

coul d escalate into serious events. These nonitors
wowne/1asyel oped based on sinpl e engi neeri ng copCBUSI0DDID7019

such as the Valve Flow nodels (VFM, the Controller

Monitoring (CM and Sensor Cheek (SC), or the specific

"operating rul es-of-thunb" collected from experienced

operators (heuristic nodels - HW. Il. O her PP AED

Model s Engi neeri ng Mddel s D?velopnent [ 0093] The

engi neering nodel s conprise ¥t correl ati on- based

nodel s focused on specific detection of abnornal

inflGeReH fhieqtdcest) THEE Aifrent fRipeREEA LB ctd Shd @ Wifin the process

engi neering nodel s can be found under "Sinple
datgEagprasess Marintide! Brdosss raiitirecan ba due togptemtionallchanges,

0094] The engi neering.nmodel requirenents fqor the PP
such A e it R DABPES. i HRRBIth B PGS g has Ambient
temPeHtARSVdritigy al uation of historical process data and

interviews wth consol e operators and equi pnent
cialdsts. .The engi neeri eval uati aon i ncl yded eas
(0038 C, "l pripribal {OParDl SrdWaSE 8 HeUHUF Rostipg ofppe process
varfaBfit§lda08ed b9 thddé AFelehE] eh&hGRIehe8 bh%he process. The
engi neering assessnent, the follow ng engineeri ng

prineipid| comporerde ase eptrdctedrint the d?RenBDdgpyriasieg provess variation.

a5 S KRR (Ebbep Al bteSla DEaBL ot iR of the toml
pro€ess iv:‘afrﬁ[ﬁ:ﬁtgn? NI TRE WRGoFeptinefpal ' @BhibHRERAT §1ifild Ofrepresent

. the nmeasured flow (conpensated for the pressure drop
signi@icants unferlyig spundeshof pnoghss earidtioox. eAsfar lexafripdey. the first

prinkFR ool S Rl Pt Eice oty lipmed since this s
usu@npﬂeémr%éﬁ%iﬁ@@%uﬁééb ey chdifgel! OW i s obtained
fromhistorical data by fitting coefficients - 25 -

1007 1,10 48 R, SR8 B o BRIP4 P,

of thé PréoeRs, WohRISEdchRR eﬁpélgbﬁic%!‘ BodR ¢ "B ohRAEopAEbAPE A he
An exanple is shown in Figure 35 for the Mononer Fl ow

prosgss i buiiding C Andedels wedescaibed idaletdibpethef sactivhéd Ddvetoping
t 1,0 ' hi st otical | hi bi t.ed.. liabl e,

pC& Wbl o8 A dn Glrminate b Thr UG e Pifl isiBias 1 Spcial

conglidéeftidn? thapgRdhecedsdty th APPBI P A2 Alddtehing A8 abnormal

val ve-fl ow nodel m smatch, there is an additional
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



check to notify the operator in the event that a
control valve is beyond controll abl e range using

wo adoneewxceedance. Figure 41 shows both the coPEDUSIWE007019
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 node
estimate to conpensate for long termsensor drift. The
operator can al so request a_ ,reset of the drift term
after a sensor recalibratioh?or when a manual bypass
val ve has been changed. This nodification to the fl ow

wasSfen RifRiedSlodsT fté}%ﬁmﬁh}é Emm\«ﬁed&lhﬁaﬁ@&eatdtﬁﬁﬁ_fgﬁ% 43 to 25

i mpl ementation wihin an online detection al gori

tagd @og@lerthe extiusionl 1 erearohh¢ 2683 10Modehdarewsdrdaime dkem 43 to
SC ived.b | yzi the hpstopical d

25 Gty SRLeL ARG Adirrng eans o BieP o TR dICA model

is shetvrl i APpetRfix GeA| VaRE Pof8 T8Pc P IRBd&Y id Mppendix 2B, the

standard ‘of deviation (SD)" to detect a frozen
Dryiend BGAemodelnint Mdppersdixt2(g, theaE¥i8OePCAcrpeiel énspendix 2D,

SD gr, a hjghly,.varianf, . nstrunment when the
the YRR ofil f el ¥ s Tl Slieutivariospiee of the
ovebAll PPNenatiot nd REr19GAeyl ation of the length of tine
during ‘which the neasurenent is not neeting and not

[00%5] ss- dlesBCAgmade] developntent gnthpaisss of bize falbamingasteps
of the deviation between the neasurenment and the
set poi nf t&ﬁﬁem@é ahaew&_aﬁﬁ%kia%ger@léa{tﬁil on. The
nodel for the SC was obtai ned by anal yzing the
hi storigal,data for  the,.relationshi p between
meas ur eerionpl et CAURCHER pafl BrGBIRESSDE e
condition of the controllers or the sensors are being
di rect 13) niPataandeBraneds dovalesied to the nodel s. The
details of the - 26 - neasurenent correlation are

gi ven i4) Appgildinsdal &eatibe abnormal nonitor with drill
down to the subproblemis shown in Figure 36. The

conponent f A work are shown in Figure
37. [0 9]51\/%(115:i Egﬁt{l#ééxgﬁﬁ%ﬂn s (HM are specific
"operating rul es-of -thunb” collected from experienced
oper at &)s%\’fﬂﬁ’é 60§ dentify those circunstances
that violate these rul es-of-thunb. An exanple is the
[00T®i t orTtiRg g¥neBAll imviples aivaAved OfLSbuikihpaP(®s eodels are
detect potential |ine pluggi ngi I%;obl ens With the .
desgrdbed |in t&P\ﬁé‘f‘i’Sﬁﬁl% Berfdprcepten & ModelnBes i yger section

o mit b q b N ) : .
DYtdhiflE BEATRRMAL 50 AR 3p5S o 118 sy, Slifitute the
prithayueffoi%in modehdevelognidnteSinke HROAI siodelsMngediata-driven, good

epl oyment [ 00100] The procedure for inplenmenting the
quaﬁeﬁgméeﬂpﬁ@ﬂ%@@ | Gaipng dptapepresentipg | yormal operations is very

. ¢ .
crudial YHEpAG R Shophitt sHAGH R o3 SYEEY Tobfh Snodel, then
to swetessivaly iialprpve ehatvemdel'o fideliey.s tRtisl 2equidey bBééroinhghow the
ége nodel residual. For the heuristic nodels which
moqglgampares R g pelurhBiReess ppsrasions @ndvedraipingthe medel based

i . a, 831
on %Egghaf)gerg?%é&% %ilg%?cg{ﬁ %‘g% %gé;r}%e?e% ion), the
trigger points for notification were determ ned from
Inpug Dafaand OpegatingRapge Selestion i n conbi nation with
consol e operator input. For the first several nonths
[0037] operdat thenlistlofaans AEthd PCAcabidohdictates coestagesaewtdrb with
the operatqr t nsure that the trigger points were
acyp P?‘é(?glséﬁ’gaﬁldg‘r?ft?%%ma CIRONES reas, o { g process of
"Depl oyi ng PCA Mddel s and Si npl e Engi neering Mdels
for AED' in Appendix 1 describes details of
engi neeri ng nodel depl oynent. [00101] Under certain
ci rcunst ances, the val ve/fl ow di agnostics coul d
provi de the operator wi th redundant notification.
Model suppression was applied to the valve / flow

e a o o o o o,



C. AED Additional Tools [001021In order to facilitate
snooth daily AED operation, various tools are provided
wo oohebgs20mai nt ai n AED nodel s and acconmodat e re@i/UsS2007/007019

concerns. Event suppression/Tags D sabling
[ 00103] Under normal operations, the operator executes
several routine actions (e.g., setpoint changes, tags
under mai ntenance, and punp swaps). These noves coul d
produce short-lived high residuals in sone sensors. In
practice if' the AED nodel-2Gire not already aware of
such changes, the result can be an abnormality signal.
i.nce such i f [ n Tyfa
e e e S R e R e
and Op&iBtiRg Rdnpei Sclectiat" widbrabppection Pevelopitig PCA Models for
notifications. To tenporary suppress the e

vept )
AEbin Sapsridon] . ARUERASWEMES atECEJRIYR 51 P& MEERiakls or
{ . i fii . ‘§it s t
exhib{PBERTS bhAFGOP SYLYS soved frofl ik taddidRal | 2Be
medsGPRAEAY iddclbs adpedofaed spRmy 4n #tdrdtivesprpeedurgsonderthe initial

nost cases, a reactivation time of 12 hours is used.to
PCAmagdeltis obtainedr s The SREEBIcyRINGERy af(d"&‘g'é%‘t# éakae%e?ff%% for

A SR et SERE T ' hfBGRAion modes.
S L R S
The QB FoPRRY thiéONfeaciuradude igclades tgsttolvesenthe oprration of all

very frequently. There are grade swt

| € ches within a W
thregrredciors,gvhide theiag) list fertheive Ao F%Ri% CORLRID fags, fgr two
Q_NOfy L egui. eSroufd" i irPfor BHis to

reaqlfr T B B R e R A e e
mak®ssethe kaiePtOwkis the prodesy operiting dardtions ef ek prodiect

PP to a new operation state. During the transitional
gradesat e, some sensors w || experience high residuals and

t herefore depict abnormal conditions. Modifications
His¢6Fieal'Pata colledGorandk Prg-Pabbessdhg f i cat i on -

suppressi on nechanismto handl e the grade sw tches.

nodiEl ' bBg! ' a trainin

(0078 oGP AEPLELE b ORI TRINEM:A BpefuRTHChulogn rafning
datd Bet 6f Actenslvdpetiticisat Thissddthset dhatuddred on for a

certain period of tinme to depict a process

transitional ' ' transitional
dur ati on, %ﬁgqﬁé?lrokﬁ%gg?ﬁg{%ﬁ%{gﬁgﬁppr essed using the
exi stin ' t [ fratelell] - 28 - operators
Wi th nu?sg@gqgizgﬁes&r%a\?@%gr% H‘%r%&%g the transitional
atiofn, AED caontinye t
oo 241 2B ABR 98 Shd B, 4A98. ¢ BRI ord of the abnormal
evett HiGtord\l 4 efe Ristorical ndvth fdamabniynbe Risgdras 8 ktaiogspoint for

the fuzzy |ogic network for autonmmtic det(sct i on 1of o
cregtingdhe Wrainingsdain get. SPperatingrgoends such s Pperier logs, Operator
dur atd on. .Ther, r R | -ah id
OB BiGed S, TEOPUSpP AR S ERS orcs provice 5
partaR¢b&irdnOtithet bridiee preasssdiistorgcThagrucess ofedata)collection is

This nodification of the AED notification suppr eqssggn .
elahbrased aponein suhsestipn AHs Siistorigpl Patascellgationt jnder dhe section

w0f event ug kent | e LSqshown in Figure 43.
Deyelorig E¢&Mﬁ£§lﬁ¥?§%oﬁ§%¥gﬁ%‘§p?ve t he great est

benefits fromsuch a system_ it is nec ary to.train.
0080 opedatls EP aee: the ShHoRSREIAtASPRERSL] o LHTS A GPEFAION to

dai ' . i gl ' j inte
oy mif RS HLOE F prodhctifaidfas hAR A ilRUieEbid ipter
sedsonk MAGER aAé-niMugeavéraged detypthe romBED femegrainisdermaut to be

enhancenents. In order to capture AED event details in

a systematic manner to review and provi de feedback,

the operators were provided with AED Event Forns.

These hel ped maintain a record of events and hel p

eval uate AED benefits. Since the time AED was

conmi ssi oned, several critical events have been

captured and docunented for operations personnel. A

o Y Al «



should confirmthat there is not a better way to sol ve
the problem In particular the devel oper shoul d nmake

wo b@7Awiskowi ng checks before trying to build apCcT/US2007/007019
abnornmal event detection application. Can the problem
be permanently fixed? Oten a problem exists because
site personnel have not had sufficient tine to
i nvestigate and permanently solve the problem Once
the -29 - attention of the organization is focused on
the problem a permanent seRitdion is often found. This
is the best approach. Can the problembe directly

reliapl f e a.problemis
oA GEERAC 6 TR O B P oAl e
while atillartdinidghenderbdag snfolhiasiob thedtagdidtavars@ididéd up into two
prevent the problemthrough a process control
subsysis P& sagsolor dafig sollectiancandbamalysisest approach. Can an
i nferential nmeasurenment be devel oped which w il

[00B82hsur eBhbie stqtistiedciich s hRerapleNaiififtha®BAd atdndard deviation are
y close relatives to

Infere ti,afl:lla measurenents_are ver _rel at ]
calosplated s alkAhedggnto Apigamine e e¥ientdof varistoinfamation
rel i e . roach to,the .
corf NS HAEL 4100 b\ IEARUAE L ARREORE b Oyl Bomtained
withireesmdeys wikh knoan dieshii@ouse briabndeiabopsratiohe Each
n the condition exists but also as the base for a.
Cﬂ“ggffﬂtﬁ SReagypement Wap sepitinizadktor detpeminsnappropriatengss for

inc%%ﬁ{%e{}&tr%{%gﬁgkgta]tg%ﬁ third best approach. Abnor nal

ent tec pl1cations Do Not Replace the Alarm
System [[00106] Whenever a process problem occurs
Crefifing Balanged Jirgining DataSe§ | | i dentify the probl em as
ui ckly as an abnormal event detection application.

[00%% seqHemedhgropsyatinglags, the historinad datd s disidsd into periods

. . . ful, th
TR TBR SRS I, RS BRA
opetiath@mn SThe ldatLatitheno it fiRdHnirinal BpeRRidnd Wigl be the
.nvestigated once the application is on-Iline.

prefinnngy) {ainins datasato Fea P Pe vparating logsivoercatpdied 4e idotesmine

the G 8640t AhelPEfR R ARa % HELER, BRI Bl sev i
ther dpVideatupoaisd Savedentie! grdde FOmAli &) ARPeh bradeRrliff 880 et is

of the process data rather than requiring a |arge
then apalyzed fop gxelusiongieperigdsawith knoyyi abuemealyoperations and

perfodfs \pgh %%gfdgiéﬁﬁ_eh%ghggg?{e% épeﬁégé em has been

configure oper ator when the
cess _noves away froma small operating regi on (not
[0of3] ¢

e sdPBEY thasgeyslusians kavedmancaede therbiystiseugh PCA anodel is
01850 ARRERRS b AL LRI 296hPcdf mocet
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.



AED system al so isol ates the deviant sensors for the

operator to investigate the event. This is a crucial
w@enoanosge considering that nodem pl ants have pdDUSANTS7019

of sensors and it is humanly infeasible to nonitor

themall online. The AED system can thus be thought of

as anot her powerful addition to the operator tool kit

to deal with abnormal situations efficiently and

effectively. -31 - APPENDI X 1 [00109] Events and

di sturbances of various magR2tudes are constantly

af fecting process operations. Mist of the tine these

nts [ r . .

R A
mofdekie identifiptiaenperiodd whesnthieatnta dotdhaopnrdels the model. These

operatio enever the process control system cannot

timg petiods éﬂi’um;h%i ezamigediasressehetignan ahpopaal geentiyas

bbb g .
o B B, T 2 4 e P BB il pesiogs
shosyd alsm Heafl ageerhasltwsdsopithl khower elatcenan dveatsde@uening. These
. on-1j Hg, se{i of npdel's, whjch are used to detect .
timgneriods shopld be eyrwdsd droreithe trainippeiata st ansoihsireodelaebuilt
T e bRt B ool M R B SR wsing
datT hed preetss analysislel sutlined dwSposen IV "IDatah& Froptss Analysis"”
el s that, represent 0 gi.neering, rel atignshi ps

““‘f?? ghfb?‘?%t% Jﬁe @%m&%é&%ﬁ% forAEN 'gwaepemﬁﬁah-

.represent_normal data patterns that exist within
Imﬂ?gm‘?@épr%ﬂﬂ%ases. The results fromthese many

nmodel calculations are conbined into a sr]al | nunber of
[008§hrar yThe¢ model devslopheant sirategytindo stast wdth aperyatanghtmodel

(g BSbsetuPREL P ARt RSy BRSAER sl B0 S M et o
gathétf OhigH qdlity trdilhOddth REt. SYRIsQIAt §OMenhlNedu8hniph6ve the
various transformations, nodel calculations, fuzzy

mogek whigle isthendisedriosiontiane o gather bettey quatityatraimimgadgta. This
' indicates the norpality / abnormality of
pro%sgqgf%@éeaggdgﬂgg _eﬁggeﬂgaﬁaﬁsga‘%t? I's systemis the

various_nodel s used to nonitor the normality of the

[008¢bc es Onprtha spaeific prasazpmms bare bode sslegtsskanidobe training

1S, J.qventd o re i d Q.,.proadly nonitor .
cort B B B, RS bRuPERRA BB g ssica
toolsa Pirte yardplecst stBVLpfpirae sBOWiRERAE g@f&n@ RafigfAse captured by

roblems. The intent is to _provide bl anket nonitoring
eacgﬂ)rmcnplﬁr?@rmmgss shewp iR Figeredtbr ocess operati ons

under the span of responsibility of a particular
Themoglel buildiieapraicegoitdesdtibad baBettiv® W EMBIRY OF8atidn” under
refini rglg or, chem cal 1\/ri)r ocess operating units (e.g.
the geglion [RevelopingBLA Madgls fOfr@E& olsAppeagixeksor s,
heat exchange trains, etc.) which have hundreds to
ModebTestiflg a0fd Mumdegs nmeasurenments. The nonitoring is
desi gned to detect problens which develop on a m nutes
[008%] hourGn¢e tiesinddial, medeldpadsed droatednit Heedsto be enhanced by

er f ormance, degr.adation, ., The process, and equi pnent
crediing,f g HBUNRE dARRte: d i ISG 1Y Baingdhe maAdeldo mepitor the
I . Q Y I .
Propss, R iR bk P o pBtentiyl pERGEDE Ghlchfon) o ibincer
shouhpimviestigateramdedasgifyothiegeesd simationerTle engihesmwill Gind

ortlon of the process operations. L. .
thre% Jltf%erent mtua‘aon?elther some special process operation is occurring, an




[00113] To acconplish this objective, the nmethod for

PCA nodel devel opnent and depl oynent includes a nunber
w@toomawsbo ext ensi ons required for their appli ce¢T/US2000007019

conti nuous refining and chem cal processes incl uding:

criteria for establishing the equi pnment scope of the

PCA nodels criteria and nethods for selecting,

anal yzi ng, and transform ng neasurenment inputs

devel oping of nultivariate statistical nodels based on

a variation of principle codponent nodels, PCA

devel opi ng nodel s based on sinple engi neering
actiidllBhbARANARNGERL JUhihOor 18 S808! 8l 8hd 3 s G¥alse

i ndi ces preprocessing th i'ne data to pro
indisatiept i on cal cul ati ons and contlnuous on-|i ne nodel

updating wusing fuzzy Petri nets to interpret node

[0088]i cesTlaspruvesaiiaarwibnot h@le a gausiart UE Avriial distritiitfon.
to conbine nultiple nodel outputs into a single

Conssauentipibestandarg statistical methast ohenttingithe trigger for detecting

on ARSI B, TS b9l PRSI Bg voct

Insteatlthe tngimr;ﬁilhﬂﬂéec&ﬂd el epijsiriegllnbhabed bh@Xperiesdé with
00114] These extensions are necessary to handle the

using, épl Sectoncf] Miedehdissting & Trning "amiles ibersection
"Dééjh ara mger | s?‘l’@? glssgi%? r‘{"ﬁﬁ" o H%%% %%s‘éﬂé?sng’eer Mogel testing

andnertehsemient peooddack.ef f ectivel y. These extensions
provi de the advantage of preventing nmany of the Type

pC! %duﬁfé{}&xﬁ{ernqrs and qui cker indications of

nor mal [00115] This section will not provide
ener round to P For that, readers should
[0ofaye, S Cgeg%éﬁe%mypm ggﬁ@@ma REOGESS VRAIASAHITES 30

col 5 10548 R B SORBIET 0P Wi,

triggtapomits. die detailed procedure of deploying PCA model is descrlbed

under "Deploying PCA Models and Simple Engineering Models for AED" in
Appendix 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.



assunptions all of which are violated to sone degree

by the data generated from normal continuous refining
w@pm7abmse cal pl ant process operations: 1. Thep@r/us®mss007019

is stationary-its nean and vari ance are constant over

time. 2. The cross correl ation anong variables is

i near over the range of normal process operations 3.

Process noi se random vari ables are nutually

i ndependent. 4. The covariance matrix of the process

vari ables is not degenerat€24i.e positive

sem -definite). 5. The data are scal ed "appropriatel y"

e st IS r ' scale 1
004277 S Aot e CANnoBRRY BREE oREh SRS Reta?
conPERCEdRitdymmdmied(td wirkhdvnditadd that ceelpaRaRié ditofsefious

this being the inclusion of |lag variables in the .
eveRige el hesg mopitors v ergilevel opgdebasgdeonisignie epgingepipg correlation

[ T i vari ate.nor
suc 5, S0 Ny BORE B Y OB SAGLCR and
Senset €httlo (SCHalthsispecifid "toppaing FElks-of-tRimbn RéliecRatrom
t he supsequent in building the PCA nodel, various

expadfRead epriatoss Eheittio models ubiM)-and conpensate for
the degree of violation. [00118] Once these PCA nodel s

II. aDehe&cPPAED Modélse t he nodel cal cul ations require
speci fic exception processing to renove the effect of

En%m@mnggqroaugapeaa@pmﬂ enance activities, to disable
ailed or "bad acting"” inputs, to allow the operator

[009%)s er v haehginkaring sugiels empriop af oitetatizin-basedvantels

oAy R A Gt RS R iiono
build@dl 68 iH%@riﬁ% 15888 be fhand YRBLL SIS ENgiAb&hE Models

redundancy checks
for AED" section in Appendix 1.

[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



that are based on known engi neering rel ationshi ps that
must be true during normal operations. These can be as
wermphes2as checki ng physically redundant neasurEnes087/007019
or as conplex as material and engi neering bal ances.
[001201The sinplest form of redundancy checks are
sinple 2x2 checks, e.g. tenperature 1 = tenperature 2
flow 1 = valve characteristic curve 1 (valve 1
position) material flowinto process unit 1 =
material flow out of proces35md, [00121] These are
shown to the operator as sinple x-y plots, such as the
to tM@WVAR/d E@WeRlg@htibR (géhs%[&i Ry bf@ﬁﬂeﬂiﬁéag'@ﬁﬁ?ﬁb&f??lrﬂhe PP
nor mal operat’ions, 'shown on thi's plot by e gra
AEBX appliQtiona 20 dhewivalws pesitibhsonsstermtyemsigisavad desreloped.
abnornmal. [00122] Mul ti redundancy can al so be
An example ig %‘@I‘Pkl%‘?rﬁ@%efe%h?' PRRMET BiRw Yalyey Several
mo&XBR RIS dBWbpe FENGINGN dontiy ‘i@élfs?’wﬂ&r hisfrfeatly’ ©
1 = pressure 2 = = pressure n materia ow I nto
exhibitexbenraliable performaerd. alhé dewilsuif the valwcfiow modélslare
. =- terial _flowinto process unit 2 - 35 -
BVERD A% Ji%ensi onal checks are represented with

"PCA |ike" nodels. In Figure 3, there are three
[0096H e pdnadditiantd thedwahdeflowneasde] esismdtch, XBeresis din@riditional
never. X3 changes, by one, X1 changes by an_and X2
chegkgﬂ geLify {hepperpferdndie eyent hag g; condil ffé}/‘f%lsé’ﬁypéésed
ADIRLE A arERAR i I hihefesitlell i B
condi rection, P. H%\?/s teyr§§ eggbﬁcoegglgﬁeoﬁ%@%ggﬁgiget he
comypancats of thre fuzzpmeewosk and an example off vahot-8@%edaned & shown
. FAS Wlé the two di mensi onal redundancy checks the gray
In X1LRLe THows the area of normal operations. The

princi ple conponent |oadings of P are directly
[0093] cullatisk-Vaxying deifeteginnwes added tuithe mode] estimate tbhe

tradifipnal nner of termning P fromthe direction
comgdtpte, {3 dpng s brier ri GADApHED TR 2lee Boqusst 6 5035t of
the bt RIrACSRS £R&GISAL rOhITLEAHbA Or $MEEPS hfhual bypass valve has

been changed. This modification to the flow estimator significantly improved the

robustness for implementation within an online detection algorithm.

[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



operations to keep these rel ati onshi ps accurate over
the normal range of process operations and nor nal

wo e@bdosei pnent changes and mai nt enance act i vPET/8$2007/007019
Exanpl es of exception operations are: opening of
bypass val ves around flow neters conpensating for
upstream / downstream pressure changes recalibration
of field nmeasurenents redirecting process flows based
on operating nodes [00125] The PCA nodels and the
engi neeri ng redundancy chetk@-are conbi ned usi ng fuzzy
Petri nets to provide the process operator with a

me £ hBHOSSTSINBR! afe it RL Agﬁe&flixti‘P. NqTHERIHnoYmal ndditor
process operations under his control (Figure 4).
with deilbddwnltoithe subpmbieniis showndndiigusr 26.c Thatcetgorents of the
fu each PCA nodel so. that tgﬁ i ndi ces correspond to the
ZEHREMERRRATE SHOMIWF SIS 2y of the process equi pent
that the process operator handl es. The sensitivity of
t it d f, ] e i I 1o fS "
(00 ox P& BBt U (Y B R EC  6pt S pbTh Rl ot
collenteyl fromt eperidneed @peratbrst | Dinedeambels S@entifycvosé or t he
. inputs 2007/ 109320PCT/ US2007/ 007019 - 36, - which .
CIfCeHﬁSéafﬁeé a%gaog?%tt eFegaes-ehthwnby K exapPla is the eeuitoring
Piiigte $
o B K IR Fb) TP etect el Iyt P Pibloms
with tinv dethails lpgvem dle A ppehdixa3 £er T Hetabaroentd ahanitoshwvith drill down
cont.i nugusl y i ndi Cat%ﬁ the range from normal operation

to the, spbproffemds showy mdigred 8.0 ABe sormprnepts okthsriugay petwork

aregg@g,gﬁllliqggrggg!_undancy check is also converted to a
conti nuousS normal - abnormal indication using fuzzy

nets. There are two different indices used for these

Enginderingt Moduli& 3 endbnio Moadel DepIlbsinént on fromthe
nodel and devi ati on outside the operating range (shown

Fi-gur | At . kval ent .y
00900F 91 13 prodEaE HARATL e UL o Vi
AEBGisdaily suaightforaarCPontitatmpimationbbaiciel (. VFM, CM

di nension greater than_ two, it is_possible to 1dentify
andvﬁﬁfﬂm trigiger peants fpr potidpstiomwerg ipitialy derived from the
- | - . .
starfisd Aok B GPBR 1o iRhidyn. e thl HltsAE Rk which igencity
specigrski®vn sypeywebéledidywithin thezayit Rapl the®oly8rCat, 801
ne scale that will .continuously indicate the

(0 t
Grapulfgaresy 41 (nule eigerand Binighiak doatse opgrjon)e the trigger
poif0F HBLi ARRGLAWAR detdhtfic® ¥ Hhe 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.



[ 00128] For each process area under the authority of
the operator, the applicable set of normal - abnornal

wo pa7ae3er s i s conbined into a single normal -PEboSI0EO07019
indicator. This is done by using fuzzy Petri logic to
sel ect the worst case indication of abnornmal
operation. In this way the operator has a high | evel
summary of all the checks within the process area.
This section will not provide a general background to
fuzzy Petri nets. For that;2feaders should refer to
Cardoso, et al, Fuzzy Petri Nets: An Overview (1)

C. AQ@ig‘Qid'Eﬁgnquf@h; process for devel opi ng an abnor nal
—WﬁT—Tp‘H‘EEﬂ—GTr‘ls shown in Fi gure 5. The basic

el o tra s iterat re the develo
(00862 PV frt 16 SiHiraiR smooth shily ALDLSharation; Y pdeols are
pro{/ﬁféﬁ tH‘Heﬁl) nRifBREAEDMo8Es %ﬂd%ceﬁﬁﬁéﬂét@%é"ﬂ%%%hks.

he nodel” represents the actual process -

Evé}ﬂesfu 3 rggﬁoﬂwm&m“pprrml operations and abnor nal

BT at e then restructured and

[00103) ai Ménddrasaehdloger@icns) BRCopEhtd dkec RS VBLH] Foitite
nodel s for Abnormal Event Detection L Conceptual PCA

actigpg 6¢-2DSSIRMNT CArErs THES dndenmaigienroee, Gos BUEP SWapSs).

e e

prattie: fihe %Duﬁbﬂélslﬂi*é fbt Birsadpawatd ofswadH Elﬁdrige‘i the result can
provide himwth an early detection of a

be apanamalgy cignalt e%n@eswgt} 16 HUISTREE Te h@mé)anmanﬁudoknot give
neh 0By s BRI BE Al ] R g5

suppfest hiee avaamaificatists. TORhyddrasy pr%@@t’he?@‘klﬁﬁ notification, a
di agnosi s i s outside the scope of is invention. The

fuzgy, pelorses dhe canditignschsgks ¢o supprsss ﬂaﬁgmlﬁe@ tagspriscatber

s 3R STRETTBE Rt FGEBE BB R AN Pl e
temipogardl z&h@dﬁled o€ specifitd Qﬂ?ﬁ@ﬁaﬁbd@ PE{ #{dsP BadBNh k@ddtN@tion
For the operator to learn the systemand nmaintain his

timg |IPshourﬁé inagadta nrefvegnomrapora ﬁ@m rf@r@}gngm rgictiyete. If a
tag BBEBLLA ForABUCA Film SURLS FSCGH i RUES BUATN, ¥ caB RS B

rons nonitorirng O por

dlsaﬂﬂﬁt.e}ﬁrsthmdsé JEPP B(f)lﬁﬁw&péﬂaﬁoﬁ§ gstoldyct fixdeReFiedhek are done
i kely | eading the operator to disregard the system

veryfequentlyi ddierg age geadesvakches sithia a praduct gmesfamlb:aﬂcalled
ﬂyl\rj\ig %Eﬁde%-gwjtltghg ﬁ{gtrcﬂ)s{l%ttr%ﬁég cﬂggéess Heka (il.eé tr@%agz&%n In this

esign ed on e ec
case,ngmiréﬂocs pawatke lprgbspoidi chhgges tocdnie Rep poddict-quality
tl erest (see Kourti, 2004).
contr lers to steer the PP to a'new opération 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



[00133] There are thousands of process neasurenents

Wi thin the process units under a single console
we@pmratwed s operating authority. Continuous rePCTIUSTINT/O07019

and chem cal processes exhibit significant tine

dynam cs anong these - 38 - neasurenents, which break

the cross correl ation anong the data. This requires

di vidi ng the process equi pment into separate PCA

nodel s where the cross correl ati on can be maintai ned.

[ 00134] Concept ual nodel desk§n i s conposed of four

maj or deci sions: Subdividing the process equi pnent

[ S 0 i ]

opeifiofh S Al HocHIgHRY TPy HEARR S o ioRa Btk fon, ABD
conpinaee s uppae NCAgnoddieparaaniuens] agd ﬁhéé thiecPP re4dhesttichay

| denti fyi whi ch peasurenents w.thin an equi pnent .
Steag%oﬂﬁtesﬁﬁsae?ﬁgn%&ﬁ gekificatign. | higure 3 loshows thedazay degic

i f yi i £ t S R ' t ‘s

nokOBkor HBfheHE el dRAPUE IR SR o ¥e Sl TR transitional
durationt Athereareflsd prodper gratio swvitdhefrapdriag dhahgépireraagmr
.n%00135 Thfe initial decisionis to createc%rou s, of
configur it Iromv Qrqactofemods dp diregyreactsr Mg Vig§Harsa)-

. » q
Thil MoBPRalion DEMOATE nobifl SrloR Sl fRiscl MR Bapdlbe e o,
supPressicar fardhisheaseesThe list ofievieiitt cuaehdblsappanséd & sHown in
.controller, the boundary of the PCA nodel should
Figureddmass al | significant process interactions and key

upstream and downstream i ndi cati ons of process changes
LoggidgdiwéntrDeatailss. [ 00136] The fol l owi ng rul es are used

to deterni ned these e%ui pment_ groups: [00137] Equj pnent
[004P4Lips ol @ deeiveibe ensatesichansitity fram suelea fustem, thisaigogssary
o DGR L T I B SO DB

processs Sirmierthe ¢hinal hatharity stilerestywiihlthe bperder torakle corrective
explicitly identify the interaction points anong the
actigps,cib ssipppRtant torged theis dopytcon AELY perfosmanpeandt o be

enh%ﬁgiléélys?ﬂl bdP4d Qaﬁﬂu@ N BES P Y AiRM S %s?émgﬁg 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



- 39 - [00138] Process groups should be divided at a

point where there is a mninmal interaction between the
w@emcees2@equi pnment groups. The nost obvi ous di RCTUSTY07/007019

poi nt occurs when the only interaction conmes through a

single pipe containing the feed to the next downstream

unit. In this case the tenperature, pressure, flow,

and conposition of the feed are the primary influences

on the downstream equi pnent group and the pressure in

t he i mmedi ate downstream unﬂ?-i s the primary influence

on the upstream equi pnent group. These primary

i nfluence ; ‘ ' i e

upst r oo AngTaenIEie DrE ol Ty KAGkLAGH e pRdbRal ¥

[ 00139] I nglernhanthesdlatibrdnofteqaffoind. [Ihis Bsthed@t aFproach.

appl i cati ons between upstream and downstream equi pnent

groups.e T TROSDD ' QRS | da:

addi ti onalr@?lgfl uencé&gge{gr%gﬁpmgﬂg%%ﬂggf ré%%i;%g@mble way to

downst r eardeteptiappmobiemrie tp snstdd stnfore thasrcanrdireatly measure

f eedback t hs n exjst. \Wer uch paths exist the

measur erreﬁ'ﬁg p\’f\?}‘?@ﬁ’ H}Jfl\?eprpﬁgﬁse e‘ﬁg’lsﬁé‘ﬂr?@%fdg? gsgd to prevent the

i ncl uded ighoBRIK GRS OEBRro P iiHINLSN O FTHIE % the

process control applications wll 1 ndicate the mjor

i nt er act i ;iesondrbast appropelocess units. [00140] Di vi de

equi pnent groups wherever there are significant tine

dynam as (Can gn isfeperatipd rheadazementnbe depelbpee svisitk will

The PCA nodels primarily handl e qui ck process changes

(e.g. thodJdecaire thoapprioaghde the ponommploipenttion®t dnfasential

hours). |1 ' S I ,

even' neckdnpREREn e Vhcy BERCIBHRNRS (GPCA otHBfpgPbvent

not suitahhedéler IPH daidedxists Widel chh ®gised ftd Welialle measure
are inportant to the nornal_ data patterns, . .
neasur emeri§ approachde the peebleny eerditiony(e-giyowsr fepding using
conpensate ' f f L r onl i

t he ot her %rlgggaerggsturg aghisecﬁaepntﬁgh(bse elg’%fi ﬁé%’?é’ glpség%ﬁ%%n the

dynam ¢ caupdittai exitls bt albb as essSbieefortal dtttPdl@pplication to
[00141] Process operating nodes are defined as specific
time peri dd§veidne conditippliens opansinigor This is the third best

si gni ficant 1f ferent. Exanples of these are
productionrh&)g%()%':}{“ferent grades of product (e.g.

pol ymer production), significant process - 40 -
Abnorgal Event Degection Appligations e NefBeplacedbectlarm System

SW tChSﬁL’ processing of dramatically different .
[003Q4]dst JWRenevey a progess Prpbiemmaeury aeikkly. thealasmhsyrssernwill

) £ . . fi . Cof,

iderflfG'ehE prBUBHLE Ltk 81 R PbPERR! o TOR dsR B Blicliop, The

sequidtitei oTventdRIg bV eder ich@hRchSinghhdrearts BE&AE uifsual) may
nodes exist, it is |likely that separate PCA nodel s

be mpre usedalithey the oa@emfapécﬁlmzs Eudrelpigigghe @pﬁm@r dipgnose the
. T . . qal . .
candle sl R0E 68 RFRARE st Bl b Chamulcdfiondp on-tine.

could cover sinmlar operating nodes. This assunption
100198t pdlewsyerdabyormamieat detoctianapplisatienat pamgiiedheng

opeFREPadHRUE W AE S BARh dthotflil bledts BASERB 0% (BGLEY 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



C. Historical Process Problens [001431ln order for
there to be organi zational interest in devel oping an
w@bmonombo event detection system there shoul dpdBEUS2007/007019
hi storical process problemof significant econon c
i npact. However, these significant problens nust be
analyzed to identify the best approach for attacking
these problens. In particular, the devel oper should
make the foll owi ng checks before trying to build an
abnormal event detection app¥ication: 1. Can the
probl em be permanently fixed? Oten a problemexists
i I fiG 1:
e L e PR o Y Al B s ShHIE o bl fE réion
(not tree aafaty blamy)f thih eppligaiinzatayde atde toceslade thest agarms.
problem a permanent solution is often found. This is
be : : . 1.e |
(00N or e RREORES jut defRoks e B AT B0 M n Al cvent the
AEDosyistshalso selatos the datiantesendorsefor ithie opesitoetd ineestigate the

l.emin the ocess. Thi,s c¢an al so be used to
evefl. AR e £ RENGIRLBTGIRTASH SRRMdernS B aodenimlants have thousands

of seARbris Gl iP5 mlfagly ﬁ:féé“s%l%%%gn%f{he?& B1Q4 ke, %PF%ED
f I eve h W

an I nferential nmedsurenent be vel oped whi c
systepasan thiusbe dppraht off as another pomanrfidl addidomto tredoperator

nf erenti al asurenents, are _usual.l .

tooligP) e DT ROBDECT RGP0k §ThGenLy poR A tkstiYebsi ng
partial |east squares, PLS, nodels which are very
close relatives to PCA abnormal event nodels. O her
common alternatives for developing inferentia
measurenents include Neural Nets and |inear regression
nodels. If the data exists which can be used to
reliably neasure the approach to the problem condition
(e.g. tower flooding using delta pressure), this can
then be used to not only detect when the condition
exi sts but also as the base for a control application
to prevent the condition fromoccurring. This is the
third best approach. [00144] Both direct measurenents
of problemconditions and inferential neasurenents of
these conditions can be easily integrated into the
overall network of abnormal detection nodels. |LInput
Dat a and Operating Range Sel ection [00145]Wthin an
equi pnent group, there will be thousands of process
measurenents. For the prelimnary design: Select al
cascade secondary control |l er neasurenents, and:
especially ultimte secondary outputs (signals to
field control valves) on these units

—




Sel ect key neasurenents used by the consol e operator

to nonitor the process (e.g. those which appear on his
we@pmwratipg schematics) Sel ect any nmeasur enment BCT/ESIH0ODY07019

t he contact engineer to neasure the performance of the

process Sel ect any upstream neasurenent of feedrate,

feed tenperature or feed quality Select neasurenents

of downstream conditions which affect the process

operating area, particularly pressures. Select extra

redundant neasurenents for- #easurenents that are

inportant - 42 - Select neasurenents that may be

needed to cal cul ate no@PEWIXr;ansf ornmati ons.

Sel ect any external e a di sturbance (e.g.
t | ect an er asurenent s
(0offY. " ey S ¥ ilmnces o kapis REniBOFs SH CHRRSTH S
affe!éim?']ﬁo@éé% aﬁ@ﬁ‘éj' M E%é@eﬁﬁ@% Eﬂzrﬁs lan@tdi®Bt¥ances are

i nclfude nea emants oW ng
handlea aye ther pmqess conffhbsym uHemever,dthe opeeatoh aslteqaured to

hi st f t bl em per f The
malih 34 BibieanediaErscuton B deumPols opmntoRs MiDEvsrhe process
contdf syResEATIRA adke u ﬁal‘fd:lé @ﬁérgl'@&sg‘”e{fgmo K08 rdeﬁne thlS

neasurenents in t a set e neasur enent
situgtion as adbinormab lopetdumm diiPthefcavke defined ds ramrajnmm Event.
oper ati ons.

[00110] A methodology and system has been developed to create and to

deploy on-line, sets of models, which are used to detect abnormal operations and
help the operator isolate the location of the root cause. In a preferred
embodiment, the models employ principle component analysis (PCA). These
sets of models are composed of both simple models that represent known
engineering relationships and principal component analysis (PCA) models that
represent normal data patterns that exist within historical databases. The results
from these many 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,



The neasurenent is not tightly controlled to a fixed

setpoint, which rarely changes (the ultimate primry
w@tooviesed r ol hierarchy). The nmeasurenment doeBCTIU$2007/007019

have | ong stretches of "Bad Val ue" operation or

saturated against transmtter limts. The neasurenent

does not go across a range of values, which is known

to be highly non-linear The measurenment is not a

redundant cal cul ation fromthe raw neasurenents The

signals to field control vaP?%es are not saturated for

nore than 10% of the tinme -43 - A Evaluations for

read?®tS €bhiiiFeddR€! hdaf RUERal SOA4iRL T&%fwﬂfcﬁ HatRe hu:rdreds to

stafistical criteria foroprioritiZing potential iInputs
thousands tdfpreGssAbeasureinebest. €Ehé nronitatialg isSlegipied o drecte

profbhEniich 5545 Bk b rchiioeny o pSse s ong
terrh PePlofRiahes de (ﬁ'ﬂﬁ) Thk éb?%]dsé ﬁ}fengg?oaegﬁaao h6 need

noise ratio | at e e raw
to bei sgmaiﬂadsbéﬁomlmmﬁ Tl]lnq; mgmamqusoueﬂtd we ¢f PCaAr mwidels éited in

the HF&fite Thich ob¢ SRuFnBEs AEGTS 2 PuFre g RATET RRF s problem
and%qz%%»%ﬁs%nﬁaa §mfan€19 BANSH 8find eﬁro%éééaé éfah he range

m nutes to our s. ass tﬁrs can
| t t t
l‘"’? usegﬁélg%&@m%h is opjeciies e %c&i‘%r%éﬁ WOde) | s
devBIph e HRdUEID lg?ll'r%enP m‘clE?f&(a b} BrhnbSE1 EARALRAS required for

cal cul ati onEqu
their application to continuous refining and chemical processes including:

e criteria for establishing the equipment scope of the PCA models
criteria and methods for selecting, 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



where: the current filtered val ue Yn-1the previous
filtered value X the current raw val ue the exponenti al

wo pdovee93emnst ant the sanple tine of theCT/US2007/007019
nmeasurenent 1.1the filter time constant 2. A residual
signal is created by subtracting the filtered signal
fromthe raw signal Equation 3 -44 - 3. The signal to
noise ratio is the ratio of the standard devi ation of
the filtered signal divided by the standard devi ation
of the residual signal S /-N3ay/ aREquation 4
[00148]1t is preferable to have all inputs exhibit a

whi . ; . N
0S4, T 3078t B0 SR FEFLRIINRE il s of
continwousrefindrgl ahd cheidcal plentoperationsnand thketemraspunding data

whet her the I d be included in the del
chagagterisbicyse tﬁ%ﬁfﬁ&%@ﬂtﬁ%@&ﬁ@&%ﬁ@w&@wﬁ agbesuag o

d . ' - At i

cTEIGUETRY RGN R0 LA O BrRAL lhy ori
Type drangTypollbarerscesisquieksr indigrions of abnormal events.
[00115] This section will not provide a general background to PCA. For
that, readers should refer to a standard textbook such as E. Jackson's "4 User's

Guide to Principal Component Analysis" (2)

[00116] The classical PCA technique makes the following statistical
assumptions all of which are violated to some degree by the data generated from

normal continuous refining and chemical plant process operations:

1. The process is stationary—its mean and variance are constant

over time.

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



2) Cross Correlation Test [00150] The cross correl ation
is a nmeasure of the information redundancy the input
wa2doa/1@st0 The cross correl ati on between any tpoOI/US2007/007019
signals is calculated as: 1. Calcul ate the
co-variance, Sik, between each input pair, i and k
E(Xi ,L)SaLfliC Equation 5 N*(N-1) 2. Calculate the
correlation coefficient for each pair of inputs from
t he covariance: cciR = sil Asii*skk)u2Equation 6
[ 00151] There are two circumstances, which flag that an
i nput shoul d not be included in the nodel . The first
cu e
[00£L 1 O RRERARRIA O SACESh PaliylE hdRirhilrion of joputs
andtthe subgedfuettinebsiddingfhe PEAModElyvaribhe aéjm‘tménﬂsetrafmade to
L-last one other input in the data set with a
evalyjaie,apd eampeewﬁefpatheoﬂeg;rsemve@léﬁpn such as 0.4. -45

- 1001521The second circumnmstance occurs when the same
[0011fjut  iOvicerthese BCAasodede ard deplogied bﬁl-lil}t‘) tHenmbddechlculations
tw ce, ﬁften t hr ough sonme cal cul at ggghas a
requir¢ sREIHE exAeRtion P@cesm tPﬁSHtOVEat F§ fﬁ%P AMVE; Qperation

andéﬂé@?érﬁatn'cg BePflds! i aﬁﬁ%ﬁléﬁﬁed%e'bgaﬁ %rg‘gfléa %ﬁs\?\ﬁe%’lﬁ%vy the

ndivid exam nati on rm-ne

opetribhobsarue anﬁ Iaekhdxlvlbaigmgﬂelpieﬂagmcghef ?méebmi tlhfomghathe
i nputs are physic y In pen nt _but | ogica
Progess @ﬁ&atﬁtautqmetwal XuEe st latipRs ok rgece%Sehas

gﬁﬁ 4y neasuring the same process tenperature)
re these |nputs shoul d be included in the

i RN L .

thatl £8RR5&1 Bh %oWheetE’%ﬁE&ﬁﬁg ?@lah%n&l‘ﬁ b@ﬁétqﬂﬁsttﬁ? e durm

measur enent that the operator Pamtiar wit unl e
noriat pperasioas s ildyes¢ cambelag smlpﬂ@asedhcml«mg physrcallytremmdant
bet ween one of these neasurQelnents and t he rest of the

Me3gHIEaghts, e complanes materialnndpngiagering balances.
correl ation should be incl uded.
[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«

[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



3) ldentifying & Handling Saturated Vari abl es

[ 00154] Refi ni ng and chem cal processes often run
wagarnes2dhard and soft constraints resulting iPCT/US2007/007019

saturated val ues and "Bad Val ues" for the node

I nputs. Common constraints are: instrument transmtter

hi gh and | ow ranges, anal yzer ranges, nmaxi num and

m ni mum control val ve positions, and process control

application output limts. Inputs can fall into

several categories with regdfd to saturation which

requi re special handling when preprocessing the

i ts, : { ) di 4 h 3]
(004231 NRBLDnLSliqTRl Chobil o8 RBrARieith T AN Fmodes.
In Figster 3inthatesareahee indlepBndéntl dndnqedahésritrmsasures, X1, X2, and

smtt bad val ues _can occur becausge of two

t S).,
X3.s dpagngver Séa% es byhene,cX | ghapgesclay aisciie aness by az.
: i fi.el r  LEer . .
g UL IR RO BbrL e A AR o st principe
conpiishieh6 dikketion, P h@hintygeetmodeniii pressiged €6 tie opd@tor in a
rocess control systemcould be configured on an

i GERoE (S ecgpliina madl. s SE B reitiona
redt?chc ch%eﬁi %ﬁe{)ﬁfatﬂrear%a sHEwisGhe L&Y oﬁ%ﬁdﬁ?ﬁt&éﬁ% The

te t e nmeasurenent 1's a
prinvipletconmp drieat leadings ofl Puatk ulireetlyt dadcutereulenethic. enpiiseting
val ues wi_l I then. propagate throughqut any cal cul atigns
equagtpRs, AaLdn ghe Fﬁaﬂg}%@ saes of [dstergyiningd Tigra the direction of

gre"t’eé’tss‘ar%?ﬂtiy‘.’al ue" option has been configured, this can
ead to erroneous calculations that are difficult to

ect .and .excl ude,. Typically when the "Bad Val ue",
00 54", QARCIeBStienPb A PIHRESTgRIaHpn spfuire exception
Lt . : .
P A8 AP Rt SRS Bl O (e AOHEAIEfec U1 rocess
opevgsidnsrancdondringal rfezl d eouipraept deeees aadtmsintanaice mctivitiese
B ti ggri ods, which include Bad Val ues should not be
X ?@F% GXETPHALPPSIAHOBF af¥st data sets. The devel oper
needs to identify which option has been configured in
t he pr ecespemingtofdypags valveandolu®looonictgsr e dat a
filters for excluding sanples, which are Bad Val ues.
For the ofPmpgesiting g}femsateamﬁ dovipsirearmpsessoae changes

pre- pr ocesseg Q. t ha{. B@ﬂ Val ues are flagged as

mi ssi ng vEcaBkratiQrLat HEllmegsurgments opt i on had been

sel ect gd . r hose

i nput sfa. vﬁa é%egp g %?én%l ?@E@ggiﬁgﬁtgf’ oart{n%?%g)%gve
o0} B SR A 5l e ehecs ae
confBiASY LS Yuzky PRYri HREFto 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



l[imt, and this neasurenent matches an actual process

condltlon (as opposed to where the value has defaul ted
WO goovhesepaxi mum or mininumlimt of the transnpdt/€82007/007019

range - covered in the Bad Val ue section). This

process situation can occur for several reasons:

Portions of the process are normally inactive except

under special override conditions, for exanple

pressure relief flowto the flare system Tine periods

where these override condrBons are active should be

excl uded fromthe training and validation - 47 - data .
el ls! 1 088sd aré& covered b
Whlﬁ%ﬂ% t S Mcpg&gbgedrsré eéé"\?gﬂf et} Y

s are trigger
the mmmdép IE aetitstatidtioal mdepr froni the RfEAgebéclseal% edindp a fuzzy

statistics The process contr ol §y em | des ed lt 0
Petripette qanvepthe dadexn Jp fszerpis QBSSCa Fe §°P ?‘és Y

X I t
o B T o i
(Vam@@gs,hepal |y saturated and those, which are normally

saturated. Those inputs, which are nornmally saturated,
ul d f mgﬁivertzh%e dopRiudus WAL -
[00% ﬁ%@%?é@%ﬂ%ﬁ% Ié)%l%glé:l%?gte (for exanple | ess than
abné;Q%IQTndi&aenohlum) Garyheets TEherdedte itwotdiffenad dndicesmsed for

el chout e el hascd o0 Lhg I R PR DB
outsﬁ\gg ][ﬂecg]{yl rﬁﬂﬁg [rglqnéefﬁ@h-g% 8{1??% PPN RRPAtdRIdraNS

rcant e on the correl ati on
equﬁlallétﬁttbrtﬁe @flmt dS\Ethlersqueﬁsoﬂﬂtemrrdmarphﬂtq Idgteéhng Tryguare

Sl s Wt i ey 3 VR
pos%ﬁlé){ ﬁ%%@/ wWIRER ﬁuﬁﬁ%@% é]ﬂbléxﬁoslﬁ Fighf 3 lif%e fRIX8ds2

process been t wwth a Si ?nl f| cant
relafioAskEipSis dtitlt withianthe mmﬁenwpmm the lbmé;) ¢mtie neithoingut X1.

Eacn@r%evﬁ@w&fe@g&?%% .ré%ﬁggﬁgé R e dnrey Pl Geh B ReeR B one
sca\e atﬁpts %ﬁfg‘ gS{iu %ﬁoﬁ:ﬁ he%'ﬁﬁ%? RdrR nbRfalB Eéﬂ%ﬁbﬂt@dlue of

e signals sent to the control
zerd/Plovatndrihal bpef&tﬁhﬂ)vahie@ﬂﬂﬁﬂc})‘l’he normal operations of
refinery and chem cal processes are usually controll ed

[00?¥8L CIQ(}J éa%&gﬂﬁcés)ép(ﬁ'éa ahdePie flthstityust theesperatde, the

control cascades (shown in Figure 6
ph@dbtehsa:t wfhermat e abnomnhali indidagdnisds combined into a single normal -

abn%?rrr]ltaE ?lllclhgerlt%r %IS is cfone IugmlgI %rz;;? Per 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



1) Selecting nodel inputs fromcascade structures

[00162] Figure 6 shows a typical "cascade" process
waeonvnaiz2appl i cation, which is a very common cea/U$1007/007019

structure for refining and chem cal processes.

Al t hough there are many potential nodel inputs from

such an application, the only ones that are candi dates

for the nodel are the raw process neasurenents (the

"PVs" in this figure ) and the final output to the

field val ve. [00163]Althougﬁ7rt is a very inportant

nmeasurenent, the PV of the ultimate prinmary of the
ope&iafi6a¢lBuSiABHoTth ndlinHEbpatibAs anBABhoFRALLAALEHhS The models

inclusion I'n the nodel. This neasurenent Uusually has
are\they restriateredranderetrained basedtdrethelsg ebsewatiohst he

control structure is to keep this neasurenent at the

De$6lopoh @ P.C AR08 esH0r Wb AOMATE Riven? DétgefionOf the
ultimate primary if its setpoint is changed but this

I UeWAlckpi PO RISADestbR data patterns from

occasi onal primary setpornt. .noves wll usually not

mo&gggl Suﬁé%&/‘éﬂﬁ{ g%éﬁlgt%g t&f ai ni ng dataset for the

to charac ata pattern. [00164] Because
of thi sedigrbiiiel th¥ coRsslBapReAter wWath'd cbifindehstals! @oPmal vs.
resulting fromchanges in the setpoint of the ultimte
primary, ebhaermab ofupeessropeaitidens firsalkef hei processveyits under
it is Iikeill.%/ Lo gause a significant increase in the
sum of sqUi? QRCTFRE AWRFYE r or  SPE, i ndex of the

del. Co t.| . h in th t pai t.h
Ut mar BFPRE P with Al gty Hetechop alia Tagrdly deysiging
event Supghffigiedo hoWhgNdREmbhevaRSKAhRT his A ARuthority

ultimate primary setpoint, the "known event

suppr es&i QRovidediifn With! oty tREREY GRbbeks iR IRMEt ded t
ef f ect frgjr?n t he SPE cal cu?ati ony(b?OOlgSl] Shoul d t %e eato
devel oper diagrasdghe heotRdusé of ke abhommdleevent.nary i nt o
the nodel, this nmeasurenment should be scal ed based on

[004Bdke bAitifal rootecamse iddaodis isrgtside the sbepOpL s fifvdndion.

changed the sefpoint and yntil the process has -.49 .
The 0%3338 OpeERler {Soewet'%épéﬂagn@% acepphprohlemrgsed on his

e Y 9 the new setpoint change thus if
protﬁ%qgie%gd%tg a@ﬁgﬁ%{%ﬁ{gs from1l0 to 11, when the PV

L hes 10, 95 00166] There may. al so be neasurenents
(00132 o Hay E'EW(}"*W&P&% Emperiant odhemverall sueeass of
| 3 ! . cqptici . ¢
abrigPal oBerdi BoBlb e T2k the LB Biatomtd Rahl' e a{stiom a8
maintaiatted skidly, ha needptr edgularlyrass tiesgnému ssidcaspeciyY
n Utinmate i mary. ese redundant measurenents

for . P T
abnogmal §vERS ASgUF BFedicty. o HAPSHBERT moRaering of a small
rBAYINhE Prod i Wiafbelil ' | ' i
PO [ 00167] Ca%g%a e str uc})teulr grse Hggfﬁ(fﬂg\g/ggg ke/{{g%?ér?te raft?rrﬁlikse l}c’) }]eadlng
the epetator toditacgarditbe 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



can have output Iimts on the signal to the field
control valve. It is inportant to check the status of
wo bseogod ential |y constrai ned operations to SBEI/US2007/007019
whet her the measurenent associated with a setpoint has
been operated in a constrai ned manner or whether the
signal to the field valve has been constrai ned. Date
during these constrai ned operations should not be
used. 2) Selecting / Calculating Mdel |nputs front
Ml tivariabl e Constraint CodBrollers, MCC
1001681Fi gure 7 shows a typical MCC process control
. r .
e, Rl SB e oK LU ERIRY ik 1 A8t Al e
divillingthe proddss eguipaéntintesepapaterRCAcnodely wherghs cirdss
m:}ni_ ul ated vari aples, Ms, (usually val ve positions
corglatign ¢an hesmamtagd) at ory control ioops) will change
control variables, CVs (the dependent tenperatures,
[00484d} sur €Esncepmpbsicdebdesignds Edmposed of fouemajoralechidons:
process state). An MVCC attenpts to push the process
oper at i ®n Sagalividin®@ RS FrlocBSs éduTphtfent TSR uipiichs gfctips with
be either W limts or CVIlimts and are determ ned by
an ext er n&orsppadingrPCAtsodelsber of limits that the
process operates against will be equal to the nunber
of Mvs theSuhstividing prodess apérahiag time peniods lintosprecasss
t he nunmber_of material bal.ance ont rol | ed. if an
WGC has PR Sipdtsoing FEbEPY FeAGgod B en the
process. Wl be.operat.ed against 10 li.mts. An MVCC
Wi Ll al %o 19rnafige HHCE mestiraments Ythig an suipment group
di st ur bangasuRNbé BEsiphACATS iAPHsG8ACATRL A hofelt hese
| oad di sturbances (known as feedforward vari abl es,
FF) . [ 0P1GBLMBSIhE wifth Rfasir N BKinGY LouiBnfAPgroup
candi date for i'nclTusion in the PCA nodel depends on
t he per ceshayll adt asifiagstfonsuppessing\kricsvin eVenta gaiotisdr
its operatingﬁ#initg@x.the MVCC. As discussed in the
Const r ai nEFBIPRBPEEYOBEt i on, raw variables that are
génstrai ned nore than 10% of the tine are poor
ForesstliRitiGpvenaReysi on in the PCA nodel . Nornally
unconstrai ned vari abl es shoul d be handl ed per the
00833kt ol he dnitial degision is de cremte greenssef eanipeat it Mvilkbe
rai j [ ntro
coVBEPB7 o GhBREREK dndaBl, THOEBInG Br e BRI BE R fss an
undeestandisngeof thefprobeds inkguatdé/ intecuetioal diathrababit design of a

anl uagid. The signal to the field val ve fromthat
muitgsiable Fonsteaint epntroliss. theobpundary efghe PEeh maede! should

7o ! : . o fi
encpEest eblsiERiaRp BRdaR Difratitohs sRa kel IsrBnfodd Bbtmstreann
indioatiehs of pr&echsrthangedviasd disewbansed. 00172] The process
control system databases can have a significant
nd ' ' S ] the. . ;
(00336064 PR R EATNRAE dfihel Thikd Sfifiene groups:
ndapcy:, where there are I tiple sensors (such as.
(0033 mochaPme Ese L AEETes et al) mméuqryne@rml
an@&?é)‘g?fzkifégr%zbh& Brl %zc@cr r%lﬁ'9§flés 7z, Vhé)?&?é gg%%%%}‘!ﬁfoup. If the

type 0 dundancy i's "caltcul ati ona
. provgssruses amsittnerizble censtetihtomitralid, vhee cotitiroldet model wily

ariables. (e, g. pressure conpensated tenperafur or .
xR ML) Eaf aPrtn RN ORE £R¢ BraqeBgnts. Gtheriwise the
intdFRESOHLABI B be identified through an engineering analysis of the process.

A.



[00173] As a general rule, both the raw nmeasurenent and

an input which is calculated fromthat neasurenent
wG bmohaszpot be included in the nodel. The genep@i/us2007/007019

preference is to include the version of the

nmeasurenent that the process -51 - operator is nost

famliar with. The exception to this rule is when the

raw i nputs nust be mathematically transforned in order

to inmprove the correlation structure of the data for

the nodel . In that case the3?ransforned variable

shoul d be included in the nodel but not the raw

ur v » .

O PR S SO b B HESUP N Wbt o
minimat irdemudion. bdiwean ghapradess ayripmeant groapnr diemest obvious

. Which are physically redundant, should be included in
dividis RO B HAER e OBRLRSPefign CRISIPCHER A e PiR
confRARBARRIB8 85 W SHBR BowhdiRSth Uﬁfﬁ?’ ?hgfrln?s][‘éa%e e terBferature,

specially scaled so as to preven rom
pressuee, Vihaw mamd) cotmposiiacof the feéd pré ticd plimacy ipoardes on the

see the section on var,iable scaljng).. A conmo
doiiiRatL SR RRATE E5onn Aad Ao RasIEd i e IRIRERAIG fownstream

unif BEhEPERYRY SR fhRAES %h%@h@\%@&lﬁ%&hﬁ%ﬂ:ﬁf rdup. CPA&R primary

reactor runaways. [001751When m a very-large
influencthmeasurehends skdwlddre inaludedanthdtly théepsteeam cadt

measurenents by doin crosg-correlation cal cul ation
dovﬁﬁ&?ﬁ"ﬁ?ﬂ“’@fn? egreﬁﬂgﬁcg%t‘%"(?‘ﬁﬁut s. Those neasurenent

pairs wwth a very high cross-correlation (for exanple
[008Uve JoBludeltbaliglvenderafithe gruatdsy coxam! mpplicatiohnbetiegn

oS bR haRe B! ERERGSPls Lot soptcasions
pro¥idie! uefiti Oial iR ERE Lp&thS Detw N ip t2h tanld i dWstream equipment
devel opnent lies in creating a good training data set,

groypd. cBoths feeddorwand ayshfeadbacll paths ¢es exfiistndVhate probageaths exist
operations. Thi ata,set shoul d: 0177] Span th .
the fRELEHeniEs RKE driirgbeafiis aesd tabednchidi s hafh cquipment
growsy. t Anﬁfysﬁsh@f ARPRICENAC IR ppRCEL SRIRIA SAITXRAL thé Rijor
noi se. The range of the data Conpared to the range of

interandiotataanoing thyputoeasiynids.at e operations is a good
i ndication of the quality of the information in the

[001p0]as etDAVERDA B riere oHEn sl her Ve FBherRRBL A b DRERS e

(including seasonal node variations). Each operating
dyngdes freg. baragdilerks émg pipetiseneicoh TheRCAumedels 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



- 52 - Unless the patterns, which characterize the

operating node, are captured by the nodel, these
wamvodedsed operating nodes will appear as abnop@mEUS2007/007019

operations. [00179] Only include normal operating data:

| fstrong abnormal operating data is included in the

training data, the nodel will m stakenly nodel these

abnormal operations as normal operations.

Consequently, when the nodel is later conpared to an

abnormal operation, it may-d8t- detect the abnormality

operations. [00180]Hi story should be as simlar as

j t i = lne t The

ol B S Rakilfe PLBINRES folasBa: Shitchlrf pRSHSTE o
drafnatigaHy differstt feedutgbk (@ gdgﬁaelﬁing_t ﬂikﬁal}‘ﬁh@ oaterl tlﬁm%tﬁane in

or continuqQus refining apd chem cal operations this
OICESWF‘P‘?}&IHDSq%H fergnt POIAZURHORY Ob RS PTAREESSAVIDINIY
(di%f@l%nlt E%Wrgf?ésscﬁni{%nﬂ?ﬁ t_h| storian, the training

ata sho e as equiva 10 one-m nute spot val ues
00?22 0SS| Ie.ﬁOOlSlrg_EI)‘he strategy for data collection
100142} o SWhete thesh SiptibifantRRaraing gradesieist, {ts dikiely thag

sephfifie PN En&del® WARN e tbg)sejt%\{éﬁ%%{s}or éalaﬁ'}n%jro\f okgﬁa%tié}g mode.

renove those tinme perio VI OUS or docu
Thafaveermbdelsareeded Bye bsiteg Fhe developagshiduid astimedhat a
pear_Wwith

t I | er, abno | events will not ap \ .
spebilfe PERHDACT PRRst cPY STRUSE PRFTHAG males.oFhis assumption must
be tekdi gy ' t . t t

A e e e oeh DREE AL B Spet[iR modet to
seeibfrhebenesdoiractihe data. A Historical Data Collection

| ssues 1) Data Conpression [00182] Many histori cal

C. JHiBARAE PratetM Aoy €5Si on to mnim ze the storage
requi renents for the data. Unfortunately, this

ti ' { [k ion structure of.the

OORASE " 55 A% fshutl o BEoF Rt Pt et et

abnoomp! essitaetaltidiheystahatirnse shbald bk ehisiones prbtesatoblem
t he .spot val ues .of the data historized. Final nodels

of sigrificantreamonnic ipnach Hawswen dhesssignificank prehlems must be
isgls |
anafRRg GentbiARA KN TOOMALAEE REIRSRIS T

partitudax, éb¢ dda¢lapay shawjd eyl thabfotlowing 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



2) Length of Data History [00183] For the nodel to
properly represent the normal process patterns, the

wo p@rnogsgy dat a set needs to have exanpl es of abdT/Us®07/007019
nor mal operating nodes, normal operating changes and
changes and normal m nor disturbances that the process
experiences. This is acconplished by using data from
over a long period of process operations (e.g. 9 - 18
nonths). In particular, the differences anong seasonal
operations (spring, sumers4¥all and winter) can be
very significant wwth refinery and chem cal processes.

e
sirelatife€ P Cresbndingalr atend madfels. hOtherommssonligmetivys for
In these cases the nodel woul d st ré\lvvi t sho i

i developinginferentiah measyrements paclyde Neyra ?1)%“(‘?1‘%41 1pRYF
training d t vk §..€ . P

i T, 1 TEREDISs A CHELApE ety By messure
meRe hpivach 36 @i biotsiem( eorglitivhdego tever flobding wsing delta
don't change with the addition o{ new

d 3)
Apsessuzely thip sen thembe msed tp 09188 RN eRdifiopgxists.

journal s for Lol o | b8l $EnPfhe condition from
C u|t 8 gstoe%. tﬁ?fplagé \?\/Ioﬂt % @Egﬂﬁg ég&tl(?%g}ésﬁglz‘] gt en op ee rcaotni ng

t iggeuReid. OTRisas thd deikrdbest aypropeliat i ng i n some speci al
node that needs to be excluded fromthe training

[00934 pS etBothdiRdyt trhédtueémehisIsf prablerhicohditiorsl arabimdereatial
events can be selected fromthese | ogs tqQ . act as teslt]

meguements of thesprpardisions cagbe. cagjly igtagrefed dpiaihe; vera
Ve repent History 1 O ten setpoint d
netggﬁlgggpgg?ngkﬂt%ﬁ?gﬁ%r} glg)no%‘hi st oriszeg : n fh:npl ant

process data historian. H storjization of these val ues
IL sholnpnt PatainndOperating RangeBelecpp of the proj ect.
5) Operating Mbdes [00187] A d data_ _that no | qng

r
[00d4Sper | Wittep esuniamens xon; shereprdkbe dhousands 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



operations should be renoved fromthe training data

set. After a mmjor process nodification, the training
wal2adoa/1am3eh PCA nodel may need to be rebuilt fromT/US2007/007019

scratch. If a particular type of operation is no

| onger being done, all data fromthat operation should

be renoved fromthe training data set.

[ 00188] Operating | ogs should be used to identify when

the process was run under different operating nodes.

These different nodes may réduire separate nodels.

Where the nodel is intended to cover several operating

nodes, {h 1.D tihe Ini taset ..
from ea{:h%oepera %%Sgrﬁoggg @%Bhféé{ %en%e[)(%fl g)?in%lla Ff Hon-linear
equi val entiran@fornadtidris)g Rate [ 00189] The devel oper )
shoul d gather several nonths of process data using the
site's @r Sebss dysd:aehil medsafanadt of D@ishirbanéd fe.g. ambient
m nute spot values. If this is not available, the

hi ghest rde@pgratere)data, with the | east amount of

aver agi ng shoul d be used. 7) Infrequently Sanpl ed

Measur etrededeqteoyonthen niaasyreneendsirwhisht the (panedsgzperts regard

and |ab s | es), have a nmuch. sl ower sanpl.e.frequenc
t han ot he%gg‘?‘é’é)é%"‘é‘ ﬁ%%agm%sn%t?ng’prpcéq? icnﬂsg’dftf%?n ? ens gf
inutes.to daily. In order to include these .
(00 T48Y - Shisie 2 st cly el ibe biksiirentios WSch fave thy following
chdrh@sfs@iel i ty nmeasurenents needs to be constructed.

Figure 8 shows the online cal culation of a continuous
quality estimate. This - 55 - same_ podel strucgture

shoul d” be TNeIBEIISMEN 955 Bat have abitest of exrafic @5 pgoblem

This qual iyl ILnpt e then becones the input into the
PCA nodel Ip )SISO%?QEF Triggered Data Annotation

[00191] &x Fm%%uﬂéﬁféﬁé fgy 'a%éﬁa%ﬁ%%ﬁz{l igg 31oi§é]xeatio

qual ity of historica ata i eterm ne.

The inc} uq‘h%%ggsﬁjéﬂ%fnm R B e %l@q ?)ﬁ{ér ?%u&‘&%ents in
nodel . The strategy of using large quantitlies o

hi st ori caltheldata ssitl | conpensate to sone degree the

nodel bias caused by abnornmal operating in the

trai ni ng ddeamsadureiiehit A6 sdpwiakdd foraftord 8ia@r 1P8lof the time
data that predates the start of the project nust be

regar ded WhrReepalioperalionse jts quality. The initial

trai ning dataset should_be replaced with a dataset,

whi ch contiieiaeasyrmeanifis Rt thehiby sentspdedto aHixedrsstpaint,
Gt e . ; o
[00102) Tne B KFLECRBe b Beificfly BB sracclpprly ¢ 1

an initiahié

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



nodel (the consequence of a questionable training data

set) then use the nodel to trigger the gathering of a
whe@hiegead ity training data set. As the nodel PGI/US®O7/007019

to nmonitor the process, annotations and data will be

gat hered on normal operations, special operations, and

abnormal operations. Anytine the nodel flags an

abnornmal operation or an abnormal event is mssed by

t he nodel, the cause and duration of the event is

annotated. In this way f eeddfdck on the nodel's ability

to nonitor the process operation can be incorporated

Al Evfai‘ﬁattléﬁ‘éfﬁlnSeQ%h iﬂ{yd%nﬁ fitd S then used to

i mprove the nodel st en used to continue to
[ .

[o(ﬁabgat e’?ﬁ%{}eﬁrle%eét%g‘ifﬁ cpl4tsa I sfa %ﬁ%&lgﬁ{ﬁ &Etg?léhims into
theFl?@Ae&bnénnhlyEe&zcﬁonl MiodeRISigealgb Nbitsa Ranid yisd €ross-
C Eq%g%@]sw ng the operating | ogs and exam ning the

o key performance indicators, the historical

data is divided into periods with known - 56 -
1) aBigualetb NoedKéseans and periods with no identified

abnormal operations. The data with no identified

abnor e

[00194] ThEREIA kOB ralio 1F a a8 P HirHBIAAAEA content in
thennpuhsxgnalry to see whether it is a candidate for the

training data set. Measurenents which should be

excl Ude@hé%ﬁgnal T@ﬁ%\;f\sde"i‘aha 15@9136&299@ ab %o é@gé of tine as

"Bad Val ue" = Those many ong perl ods of tinme
1 ARt b B 1 oot STk sprae
WA Amas fnde &iﬂs't%t%‘i&é?éﬁﬁ@ thet éf‘ﬂier x%%&@' 15 ontmuous

Those that continuously show very | ar ge vari a
r i¢fining andcchemical prosesseisribisrtimgeonstaot & !hs*.taﬂlys:hdhc range of

el PR b2 FRSE, Ot Jo8as Alteed o b tsesr G aserghafor the
t expSiicttial #lteP$he 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
R, =X,-Y, Equation 3



[ 00195] Whi | e exam ning the data, those tinme periods
where neasurenents are briefly indicating "Bad Val ue"
w@eooanesbr i ef |y pegged to their transmtter hiptr/os2000067019
limts should al so be excluded. [00196] Once t hese
excl usi ons have been made the first rough PCA nodel
shoul d be built. Since this is going to be a very
rough nodel the exact nunber of principal conponents
to be retained is not inportant. This will typically
be around 5% of the nunber-ftasurenments included in
" the nodel. The nunber of PCs should ultinmately match
3. UPRe E%IIIHFLO RbisE3EHi6 95 1R ralo" G MBhdhddlf RURGRSRCof the filtered
however this 1s not usually Known since this 1nc ides
adignaldivitieid ey thd standardedevihtign of dssradidialsigutes.
There are several standard nethods for determ ning how
- 57, - princi pal conponents to include. A sEdiation 4
tiﬁ’gqéfgg/;&“he statistical approach to variable i
scaling should be used: scale all variables to unit

i anGge. Xr .= - xav . _aEquat i,Q 001971The
t00Y 88§ 2P is;ifefErable i BAEA inise SR n SO & Ereater than
a piRdBterMined iARARM, sAch 484t iTHosel iABuRSWItREYNMRES thdn s
. . data does not match the nodel. These tine periods
mingmys deed indisiidusd ¢xaminatéomiredétermine wiatirarghee skould be
. lvvgs QC urrirE% at the tinme. If this is judged to be the
included m the madelse tine periods should al so be flagged

as tinmes with known abnornal events occurring. These
[00149 peFhedatasebused wecalgulatgite $MOshobld exchids myy tanga

S the del rebuilt wth the nodjfied. dat . .
e e b AR era i sitoedhal wi Rpfiss thi gt dpo fie noise
coni&ﬁl@%]e%,dceggiaéjymgréggvi ous abnormal events will be

done through the follow ng: Renovi ng docunented

eMment Se It Jis Vv rare to have a conplete record of
2 t‘;‘gongbggfﬁg?ﬁgggt Sthi story at a site. However,

significant operating problens should be docunmented in

bﬁ&r at iy ¢res carelation isa measuresf the dgeformasioatredundancy the

: j ) | arm.journal s, and instrunent ]

inp AR Sel HHE B, RrOE BB o) b SRS Gplovlated as:
partial record of the abnormal event history. Renoving

1. {Galsulate thrieo-wpeaBCR.Sioratveeneaek inpittinait, dasd kKf | s,
are abnormal . Such nmeasurenments as feed rates, product
rates, kT 21K i Wkey per f or mancEquation 5
i ndi cators. Each Di*¢ble¥s operati on nay have additi onal
KPI's that are specific to the unit. Careftil

2. Ralcula¢ tlencafrelabion ddeffitiedt fateaeh patasfiimgp@fionvitd co-
usugally give a clear indication of periods of abnornal
of¥RCPons. Figure 9 shows a histogramof a KR . Since
t he operating gQah for this KPI is to maximze it, the
ofdriatT m/berteds where this KPl is |ow are |i keBguation 6
abnormal operations. Process qualities are often the

[00E3H] estTh¢Pt ard bvaralcynstaioescwhich flpgithatmn 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.



-58 - operation is against a specification limt and
they are |l ess sensitive to normal feed rate
woanratszons. C. Conpensating for Noi se [ 00199] Ryr/u81088007019
we are referring to the high frequency content of the
measur enent signal which does not contain useful
i nformati on about the process. Noi se can be caused by
speci fic process conditions such as two-phase flow
across an orifice plate or turbulence in the |evel.
Noi se can be caused by el ectddical inductance. However,
significant process variability, perhaps caused by
ess g
O e Tt Pesonsr oGS St Thah B Lfe BB bfation
hamhﬁ@e(acymentedbc)annhmeddwwe reeftennthngughn someasal @dhtion, which

A TRl BEPYEEST Ah o SHE ThRlGud kﬁ?graerf%%coefﬁcwnts
nem%&r@)& r;lﬁ?aéigogve 6.@9?1 ﬁé%g ?ﬂdlbﬂﬁﬁ ?#)atlon to determine

unr easonab anou
whsﬂwp beth hyfuts showlidibenineinded ia thalmeddle af thé ﬁm@r@m@p@yswally

kes_ar nmoved using a traditional
mdsm%nft g%éiceglsﬁﬁy Frdwidast G abve adensndent fiergiocouples are
lnd[ﬁant | fll ed by a %reas?ﬁ}gé ﬁ%‘%/\%gsgs ﬁfe Si ztﬁ?}p{)gﬁl th’ese mputs
Shquédbcll(l*siede@ug@n@nt@el This is defined as the ratl o of
the amount of signal variability due to process
[oonss]h at i FawloOinphies wsf%néﬁ&%f é’eﬁ‘:‘H St} (e, Qe“gpérglfure and
hi g frequency noi se. A value below four 1s a’ typica
pressiira sompenisalgiddamipegatube)t the pee feir e 1sh.asnsluuklstthe1 hiedsurement
armthe del's effectiyene
thafﬁ’d’z‘ti%]‘ éﬁ%g‘”’éPnt‘?’feWHE %‘quﬁ?eﬂleé%mmg@ﬂ capt gﬂalromdtqtoss
corfd1giibh beAPderOhS B tﬁ&eqﬁ%rérﬂeﬁﬁk.ﬁn&’@l% rbt 5%@%&%56:‘[ Then

choi ces. In order of preference, ese are:
the Singryith Bye highsvi iongsst ¢rgrelotion shodldt beimdidel. (t he best
answer) Renove / mnimze the noise through filtering

3) RIHIFHES & Haliling BhthHHRaVErabaral from the nodel

[00154] Refining and chemical processes 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



[ 00203] Typically for signals with signal to noise
rati os between 2 and 4, the exponentially correl ated

W@ onriomsous noi se can be renoved with a tradi tPoneb2000067019
pass filter such as an exponential filter. The
equations for the exponential filter are: p *
yri-i+(1-p) *Exponential filter equation P =
Exp(-TstroFilter constant calculation Y is the
current filtered value yn-1 is the previous filtered -
value Xl is the current rafbvalue P'is the
exponential filter constant Ts is the sanple tine of

0018 oS SHAERc e 08 D DTy e
codd gjeaioriﬁguted R aratndiwsld(xﬁbmeamaﬁ‘ﬂieelt lbasis tohdthe? hssipi a

not be suffici y jnproved by filtering techniques
specipl k?é’%SltP ¢ |V9ie Yehar faRidneAsurRRicRb tendipatethat thegneasugement

s CBUVEAS R 08 260 00 S AR, s
valsegwiiflithemprgpagate dasugbomﬂwy&tazleuhhohh @esibaineﬂg)n the process
cor{g?o Epg/rg t%m%tll l;%q P]égqaggoadc \tlecl)lqlel gpgugg l{a%r{)%%n(gon%lg_urélc? )thxs can
lead to erroneous calculations that are difficult to detect and exclude. Typically
when the "Bad Value" code is propagated through the system, all calculations

which depend on the bad measurement will be flagged bad as well.

[00157] Regardless of the option configured on the process control system,
those time periods, which include Bad Values should not be included in training
or test data sets. The developer needs to identify which option has been
configured in the process control system and then configure data ﬁilters 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



[ 00205] Transformed vari abl es should be included in the
nodel for two different reasons. [00206] First, based
wo@oanospgi neering anal ysis of the specific eqeipueb7/007019
and process chem stry, known non-linearities in the
process should be transfornmed and included in the
nodel . Since one of the assunptions of PCAis that the
vari ables in the nodel are linearly correl ated,
significant process or equipnent non-linearities wll
break down this correlation4étructure and show up as a
deviation fromthe nodel. This wll affect the usable

range of 4he sQds settiﬁ% g? data 8Py 1@13‘{1@ &?—lé\fg eiﬁﬁ{lélﬁegtation

known non-1linear “"trans ms are: Reflux to

in distil thesecverrtleementslag tiggeroewenss foraautomabicgppression
purity distil]atipon Pressure conpensated tenperature
measur eme Selﬁcgeég?‘logﬁ{ﬁt%‘%ql?f Flow to val've position
(Figure 2) Reaction rate to exponential tenperature
change ®100kgg)resesmepntrdl syslgmis demigmedtedyve thbpraesss

T TR P——

the proceghelB}oHSARR! tFpidally RNGHR Bwolddfegories: - those,
rel ati onship between tower délta pressure and feedrate

i s rel at i Wighareeeeasignally saterat¢d and tlgogso wiich gre normally

reached, the. delta pressucre will ingrease

exponent i %@tegl r;@}_eosf &&us’f ngb“g} 1] ’?%mb"?cl!?k é%u{?ﬁe%phould be
the break ekBhidedSrémnBamsdyl! Thadd RiputdRictelrt dnly
pressure and feed rate should be incCluded. As another

exanpl e, ©acagignally pawrated bfasmxample d¢sscthand 036 of thartime)

he del i,n_th fer line Sp i d
o1 et acR BT el o e BB el b B e
nodel , t haskad ba the Hafeb@sodshaHEA they 8R) kol b@dieand

i ncl uded.
B. Input from Process Control Applications

[00160] The process control applications have a very significant effect on the

correlation structure of the process data. In particular:

e The variation 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



E. Dynam c Transformati ons 100209] Fi gure 11 shows how

the process dynam cs can disrupt the correlation
whedoneas2d he current val ues of two measur ement BCT/Ds20DTIqN7019

the transition tine one value is constantly changi ng

while the other is not, so there is no correlation

bet ween the current values during the transition.

However these two neasurements can be brought back

into tine synchronization by transformng the |eading

variabl e using a dynamc tr48sfer flirtation. Usually

a first order with deadti ne dynam c nodel (shown in

conﬁq}l %tak&ﬁleg (5RowiSn lﬁgﬁ&%} ér{cﬁﬁx%f b ﬁéyeﬁ?h'g}%iﬁanable

ficient to time synchroni ze t e da
corﬁﬁéﬁﬁb@ﬁﬁ%ﬁéﬁﬁilMW'(ﬁWﬂlﬂH@dre—ﬂY' (s) = e G5
Y(s)Equation 9 Ts + 1Y - raw data Y - tine

1) Ssaebf.ﬁglxﬁséegﬁhﬂl@ﬁom éa%csflgggag]&,f.g deadtime S -

Lapl ace Transform par anet er I's technique is

[009@& at | gﬁg%M%%&s@éﬁ % R SRl %&8@6{}% ﬂ'gi'}}gphcatlon

etween v | es used

whidhualal wergrdoyniron%ontrol keruvairt #6t afiniagundeheitital processes.
{’ tment. This will be true for those independent
Althengh Hrers age manyspafentish medelinnuts fom speloan enphieatipn, the

onlkh%:hgﬁ tiR4tGhe. cg}ﬂdicﬁ?esoﬁ? LR ﬁ{ @1 9.d ﬂ* 1{ pfg‘ac%§y hfXE M etnents

are Si ups ream o e mal n process
(thatPVs" ethig ﬁgm}el) add tEe finahouipig té\des figkl Wleeat i ng
Poi nt

[00163] Although it is a very important measurement, the PV of the ultimate
primary of the cascade control structure is a poor candidate for inclusion in the
model. This measurement usually has very limited movement since the
objective of the control structure is to keep this measurement at the setpoint.
There can be movement in the PV of the ultimate primary if its setpoint is
changed but this usually is infrequent. The data patterns from occasional primary
setpoint moves will usually not have sufficient power in the training dataset 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



[ 00211] Conti nuous refining and chem cal processes are
constantly being noved fromone operating point to
w@apdrhes2o These can be intentional, where the mBEUS200N@7019
operator or an optim zation program nmakes changes to a
key setpoints, or they can be due to sl ow process
changes such as heat exchanger fouling or catalyst
deactivation. Consequently, the raw data is not
stationary. These operating Boint changes need to be
removed to create a stationdPy dataset. Ot herw se
t hese changes erroneously appear as abnornal events.
4,0
mo e Lt VAR SR RSy LB b ARAV RISt L the new
setpyint ehange thusif theldutpoint ahafge (¥66r-beN10 ¢ 1 ¢/hentthe PV
ver operating point is required when creating PCA
’eaaﬁﬁbﬁgsﬁbr abnormal event detection. This is done by
subtracting the exponentially filtered val ue (see
[00EGGRt | OFker® rany absd be meaporeendrits thdtiare eeresiwan glyrrrelated

a neasurenent fromjts raw val ue_and usin%thls .
(forgxgmap afet thap -Yrperurelatiog coetficient)with the PV of the Ultimate

Prishbbfor BRHAPIO Pedibhdint fheﬁf‘b%ldgﬁggiflbcﬁ&a '?I%%F E:Egl\?\llpg&ture

rerfove operating pol nt change ori gi
meapaemeatrastd X5 bR dor an Efinte Primhdry. fThdserredundast

neasur enent 213] The.tinme constant for the
MeSHIBMERES 0&8&%@%@&! thegdenysh mppeeistiap isghoseg for the PV
of thBUBhAE BrifBreonstant of the process. Oten a tine
constant of ardund 40 mnutes wll be adequate. The
equence of this transformation is.that the inpuyts
(00887} 1 ERscaE guabhie® S BaTE PeiRar: I AR sacbaeohdary and
candRRAPt LiffitPERARSS ghaINS thB§id18 Lol oRVERRIR is important to
[002TA11 errorm

operating point. n order to accurately p
chetkitbe statms b6 these poterditlly cdmsidaihdrbopantions tb s¢e whether the

sanpl e frequency that matches the on-line system |
me °BY 8rIPH'A et SR asThes YRIrpIcAdBiA ¢onsirained
marl GSvhBther e @%@laﬁﬁi leSFeliVal 3 hls BEAP E&ﬂ{ﬁﬁﬁed.oDate

cover one year of operating data. Once this
duringathef e constraime apebeoomscdlondd abtte uséd dat aset is

resanpled to get clown to a nore manageabl e nunber of

2) S9dRLBAg /tamcﬁg%dliu Moaaﬂﬂ%kggig{n dﬁ@éﬁﬂariéblé%@?%mm

sanples.” V. M eatl on t he speci

n€antradhanst MWEE been sel ected and the training data

set has been built, the nodel can be built quickly
[00168hg K iznda7dhboal stypical 3AMCA prdbess| contgl 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



[ 00216] The performance of PCA nodels is dependent on

the scaling of the inputs. The traditional approach to
weembiong20 s to divide each input by its standapdr/us2007/007019

deviation, a, within the training data set. --= X, /

a; Equation 11 -63 - reactor beds) this approach is

nodi fied to further divide the neasurenent by the

square root of the nunber of nearly identical

nmeasurenents. For redundant data groups Xi' X1/*

sqrt(N) )Equation 12 Wiere- 80= number of inputs in

redundant data group 1002181These traditi onal

theRBRY §§vﬁﬁrbeb§pér%ﬁgfg9ﬁ‘iétal enlufn@fs Reaviy € eRRS afswn:dlct

contT nuous refini'ng an em cal processes. Beca
the eftecpof aeensuresl loadalisdtyrbwaices oarthe piroess azhdsqmeﬁpénsacé for these

erating ints ata djistribution is a
loafgg i 18?"”&%?%???% Aryerhwriablgs.d Hher at i ons and
data from "di sturbed" and operating point change
[00162) at | BihetheFheramt datey MV lortGVes a\@dd]ceﬁﬂﬁdidate&bﬁﬁdﬂﬁﬁon in

o B S St 5 e i
its @ﬁ%@?ﬁe \Iﬁfﬂf §'I\I1'V‘(ﬁ3.tﬂ mdfﬁ%(gﬁ?%gﬂ?aﬁﬁr%ﬁgﬂ Y fildfes

process neasurenents I 'AUOUS
sectier,i ravngadables tieatiara opstoaiasd esoret thean 408 ofighs tiad srelioor

I T A T
shoﬁﬁiaﬂg RdndRl 2 thd Eo‘i&?ﬁaﬁfedo{faﬁgﬁfe@ %b{:ﬁ%ﬂn gfsjo}ﬁ%srlf;ﬁp urs

urlng conti‘nuous steady state operati
riables, there a

[00870¥ or i orsiaen MY T4 o PRIRS & TPBRIkaRt Gnirol loop, the
set ﬂo@%{atﬁﬂ ot beInd1Bdbg: exﬂts’cé‘aﬁ tht ek R85 SPHRErddifatory

process was not runni
control loop should be mcluded The signal to the field valve from that

regulatory control loop should also be included.

[00171] If an unconstrained MV is a signal to a field valve position, then it

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



steady state, but was al so not experiencing a

significant abnormal event. A limted nunber of
woreasueseent s act as the key indicators of steedyusioat/en7o19

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 neasures are used to

segnent the operations int ocﬁoeri ods of normal steady

state operations, nornally-dilsturbed operations, and

abnormal operations. The standard deviation fromthe

: o ! | ) i . ]
OPosel B0 o MU nite kofion 8 BLINERS PREATE 8RS inpus
musths mahematcally @2Asfobmed inesrdat to tmpapreoiheltoktelation structure

of GEis4E for the o) aghihease Ihe A oo yorahla bbb
incllﬁédoi‘Pﬁhe-FHS%%l t'd&géllgé‘f&@&n&ﬁﬂr&ﬁeﬁppr oxi mated by

ooking at t ata distriburon outside of 3 standard

viatigns .fromthe nean. For, exanple, 99.7%of the .
(007}, 1 BV sics By asy drpar 9P don BB SO alidation

. f . 9 0 i i i
infGRAMAN GRonoi) A¥aorch AR Fad Bidhtnchiniilih afe
physatalbsrdseindent shoultbbaintlededBtifer modeheWheanthesnac large

T M R T IE R,
f
s IO bt o TSSOy St BTSN,

prin¢ipte pempouentaiiseecthersectianicabyariatie soalims)t rAicoatinon process

houl d b d.far cal culati t he standard devi ation
exapapls OReUFH OB US laEeq Humber oBthasmlosauplis keI BESd Bt

reabior§ € BACh FRARBP B Sva _223] PCA transforns the actual
process variables Intd a set of independent variabl es
I

ed i nci pal Conponents, PC, ich are |lineay )
100335 PO Bing Aoy ra e datgiiten e ey Heneh onideafify the
redtindd®: medsurent@nts by dfiah b%s@bn%lgﬁgﬁ&@%#mrﬁgﬁ5ﬁg all of
wi || have a nunber” of degrees of freedom I C
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.



represent the specific independent effects that
i nfl uence the process. These different independent
webdogaos2chow up in the process data as procesBCT/US2007/007019
variation. Process variation can be due to intentiona
changes, such as feed rate changes, or unintentiona
di sturbances, such as anbient tenperature variation.
[ 00225] Each princi pal conponent nodels a part of the
process variability caused by these different
i ndependent influences on TR “process. The principa
components are extracted in the direction of
UnKS§ HR2pAtEmY AvhiH &{hrh&ehae tﬂ@bgﬁ% e MbHE, £2GH tured by the
subsequent princi pal conponent eltng | ess ang ess
mod¢l, thesepmmedaled Wpetahigy 182 OFHTITPISAN 8T ABNFINE opdibtions.
variability. Significant principal conponents

[oowor esenhy rygm%wy ﬁéﬁ@&ﬁop%@uhﬁg da. fo%%% db@fo&ﬁia'l 8Perating

for exanp the first princi nponent usual l'y
data @M\@dﬂdslmhe tesfifing daiﬁ fh@anodalt mlt haag:ksnly modet these

abn IR?H‘% ual %otng%stsl}%ur CEQ@F’@;‘}&%SL@{ est ce cttt&%n ael is
lateP rc%ﬁﬂﬁﬁeﬂ% bAtabABrARASh&ALIBN, Ithﬁay hbf aeﬁe{ tHeCIBM ARy

no | onger represents an |ndepen ent source of process
opevations.i on. [ 00226] The engi neering approach to

sel ecting the correct number of principal conponents
[00480] O SHBgo Wl Be gfsqumzapfaswskz%bé 85 the\ b es@t8n thE on-

primary contributors to the principal conponent no
lind mgemi Hk enlingisyisten will derprevidihg spet walugs obadeeqiency fast

Ry T e
ope\‘@tﬁcbr@d@sz(rﬁﬁh&% f&fcﬁzeﬁéﬂl hoigh lﬁ@é‘x‘i‘ilﬂﬁsc)ne MARe. Within the

coefficients ich are relatively large in magnitude,
hmetﬂ@omh ef thyj data distoriabuther tsainingdgtarshioold be aPequiSaentrte one-
mi od underséﬁndl ng of the process should be

%?3"? BSia%Pofsﬂ €group of variables, which are the

tor contributors to a PC and assign a nane (e.qg.
[0048%H r afke %tﬁ“@glf Yor datareatleption s torstact with along A@rating

e.cqeffi c 0 nor e
his B LRSI 1B hgE; b ot 1618 RtEY; BeRBEfyrembve those
timepasiods with abPitukicidcduni¥até® aBhoiBal dventi 39 -using such a
[00227] The traditional statistical nethod f

long gimee periPAdg when the PC is just nodel ing n0| se is to
identify when the process variation being nodeled wth
each nemv ﬂ@ freaBersbrmmnst] avientsWils ndsapmans withl shifidibmt
PRESS st at | t| | ch J ot he aerunt of variation
model ed bt lg gm aantly influence the
Unf or t unat,glde) fasmgt%i@t |s often anbl guous for PCA
nmodel s devel oped on refining and chem cal processes.
VI Model ol OBkt oTiidides shONAABNENSe RhRESH™ Hatl Be
wi Il not have gaussian or nornal distribution.

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



Consequently, the standard statistical nethod of

setting the trigger for detecting an abnormal event at
w@2mvamd2r d devi ations of the error residual shoUuskonno07019

be - 66 - used. Instead the trigger point needs to be

set enpirically based on experience with using the

nodel . [00229]Initially the trigger |evel should be

set so that abnormal events would be signaled at a

rate acceptable to the site _engineer, typically 5 or 6

ti mes each day. This can be33et er mi ned by | ooki ng at

the SP]E" statistic for the training data set (this is

con%&gsibﬁfcﬁ’"tﬁsgﬁfa%alﬁé shRAdRBeShhéd b tHeSoP¥alles of the data

statistic). I'S eve(‘lml s set so that real abnor r?aq
histevizad s Rindllmnd¢lsgbbuld be bdilbusingaimengrassesl dith whotever
overwhel mthe site .engi.neer. A. _Enhancing the Mdel
PosPHiD 5 OyHerREe vlupS A T dis USRI IISBnEY gk thp ORly data
SR (o i ning data
ava?é?@%}hli&stﬁﬂ doneeggmg%ﬁgﬁta#gg%e%\ﬂgb%ni tor the
0Cess. e_the nodel indicates a potential abnornmal
2) FSJLFEE Bﬁ,gqagﬁﬁ‘émyneer shoul d i nvestigate and
sify the process sityation. The engineer will find
0ofR3ES' Horbe é'i’ﬁ"?éit_? PAPPER refiesiitring ippmah pEpegss patterns, the
: [
traiRlREERA SPRE s Bhav® AaRIE} RRal i AEHHAI iR hodes
norirtal iopeeativg dmniges andichanged 0@ Adimhhbminoy disairbangestthhsthe
set is nade up_of .data frﬁgil%ggci al operations and )
ProfeisRiPerisares: i bhis 1s precwR Y ypsg gata{Eens Qisae lopg period
dnidtdalor =
of FREANIBiGl 3 6la TRIShoRter LORRA AR BBt Bupone
seasdmal opeggEms|(sprng véurhmet | fall dirl wédteengin be abtyysighificant
,tﬂow W th better, a{mot ated data, this trigger point can
with gefinerypnd chetnicgl Bricgs$isye an i ndi cation when a true
abnormal event has occurred. Sinple Engineering Mdels
[00184] AbrSometimEs éintseDohgstictuhes @F2138 ddeengthyetiavajlable (e.g.
chem st ri/l, and nechanj cal desi of .t he B{ocess .
after  fuprasnind or pehqr significant Froopfieyration ofithe prosess sayigpent).
In r eguﬁgdf% ll%r(l)‘El {é Ee Sactl gta??g'?n&gyo%% b@ﬁgf‘?&gfﬁtlr%lam%gata (e.g.
6 wehks)i thah the traBdng slatabbt & exgandddas uithex datadd cplystedaind the

mo&gld&pnd%%g(f }/novr\{%'?lr)]' uﬁtil%e 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.



i dentical nmeasurenents are present, and cal cul ationa
redundancy when the physical, chem cal, or nechanica
wo edoatosps hi ps are used to perform i ndependent pdrIUS2007/007019
equi val ent estimates of a process condition. This
class of nodel is called an engi neering redundancy
nodel . |. Two Di nensi onal Engi neering Redundancy
Model s [00233] This is the sinplest formof the nodel
and it has the generic form F(y i) = @ gx i) +
filtered bias i + operator'@ﬁas + errorlEquation 14
raw bias = F(y - { Gx j) + filtered biasl + operator

4) gLﬁék_}of@iiééiﬁ@M u%eﬁ{é{gtfﬂfg'tbﬁfred bias = filtered

las j + N*raw bras 1../Equati‘'on 16 N - convergence

100388151 Q18G5 SRR B PRIt

<erro
pro¢esdata historiff)HBAGrTreti SropL thiso vahiedsShould imiedigtdRt Bekin at
V\hene%zﬁ{gthe operator determ nes that there has been
the starbof fha Rrogiint (e. g. opening a bypass flow) which
requi res the nodel to be shifted. On the operator's

5) cOperatingtMedeper ator bias termis updated so that
Equation 14 is exactly satisfied (error i= 0)

[001 80P 35]Oliedathithiie tbriied prop &l re{ESRS 116 BlirrBRHIOMDIcYss
to .aCCOUI’]t for persi stent unnmeasured process changes

opergtaensshenld ke remgived diomghe drainigeriafa sold e fterpanajor process

rge ; "Ny pi t I M nate. any..
mofBTERERRACIfh by Ao RCA e B BV e Rt g
scratshallf ¥ partidulsr typerofSedration idiay sondd@biddd dbge, 4108AR! from
operat.ing range" and the "normal nodel deviation" are
thatjeperatipn showekdobg raseovied fiom the traiting tata sdie
engi neering redundancy nodel. In nost cases the

[00188] er rOperatingdos showlid i @seddolidentifahen th8ipSo&R was run
alsp be a vector of values that is dependent on the Xx
undey differsag ppejating modes. These different modes may require separate
models. Where the model is intended to cover several operating modes, the
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



[00237] Any two di nensi onal equation can be represented

in this manner. Material bal ances, energy bal ances,
we@sdormeisedd anal yzer readi ngs versus actual  WPCT/US2007/007019

2007/ 109320PCT/ US2007/ 007019 - 68 - anal yzer readings,

conpressor curves, etc. Figure 14 shows a two

di nensi onal energy bal ance. [00238] As a case in point

the flow versus val ve position nodel is explained in

greater detail. A The Flow versus Val ve Position

Model (00239] A particularly 59al uabl e engi neering

redundancy nodel is the flow versus val ve position

san‘i@ﬂﬂdel JiiSup® gﬁ&ul‘d%egéx%ﬁfh'dcfﬁ{d %ﬁ)}ﬁ%ﬁ’% ﬁh@: }Fkt%‘{c%l dat ta. This

The particular formof this nod ow filtere
quabity sstimapethenoredunass theGQup@tviRto (RePCA Ricekdure /
Delta_Pressurea Equation 17 where: Flow neasured fl ow

8) My Trasdepdd Difta WainRation

[00191] Except for very obvious abnormalities, the quality of historical data
is difficult to determine. The inclusion of abnormal operating data can bias the
model. The strategy of using large quantities of historical data will compensate
to some degree the model bias caused by abnormal operating in the training data
set. The model built from historical data that predates the start of the project
must be regarded with suspicion as to its quality. The initial training dataset
should be replaced with a dataset, which contains high quality annotations of the

process conditions, which occur during the project life.

[00192] The model development strategy is to start with an initial "rough"
model (the consequence of a questionable training data set) then use the model
to trigger the gathering of a high quality training data set. As the 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 until 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



Delta_ Pressure = cl osest neasured upstream pressure -

cl osest neasured downstream pressure
wdedovaoBeessur er ef ennee : average Del t a_Pr essurEr/uszonnen7o19

normal operation a: nodel paraneter fitted to

hi storical data Cv: valve characteristic curve

determ ned enpirically fromhistorical data VP: signal

to the control valve (not the actual control valve

position) The objectives of this nodel are to:

Detecting sticking / stuck-&6mtrol valves Detecting

frozen / failed flow neasurenents Detecting control

abn‘b"i‘lnt\é%E gﬁ?ﬁ%ﬂtsggl% (ﬁcllst Wih QR{‘itd'éﬁ{lf Ted HoRBHnaP S?exo%?i?)%xﬁ.g The

of S particu arrangenen
daté ivath neiderttified ubnennalt dpenaticncwild e the trainimenddtaséior s
reasons: the x-y plot of the equation in this formis

[00208] - K8w eé&ﬁﬂ%ﬁﬁreﬁﬂﬁﬂt ln¥ 4deses EQ?;%t lﬁéﬂséoﬁrn ts Plstory to see

operators I'S I nportant or any o
whethar ittilk elycamhdateetbg ek frainihe damysenhMéasusermonats whichl should
to.b asi |y understood by the operators. B.
be %@B&%‘g% the Fl ow versus Val ve Position Mdel
[ 00241] Because of the long periods of steady state
oper at i ©n Ehasernwith eeghydlong periods of time as "Bad Value"

e Those with many long periods of time pegged to their transmitter

high or low limits

e Those, which show very little variability (except those, which are

tightly controlled to their setpoints)

e Those that continuously show very large variability relative to

their operating range

¢ Those that show little or no cross correlation with any other

measurements in the data set
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



conti nuous refining and chem cal processes, a |ong
historical record (1 to 2 years) nay be required to
w@edo780i300 ci ent data to span the operation of Pd&EUS2007/007019
control valve. Figure 15 shows a typical stretch of
FIl ow, Val ve Position, and Delta Pressure data wth the
| ong periods of constant operation. The first step is
to isolate the brief time periods where there is sone
significant variation in the operation, as shown. This
shoul d be then m xed with péfi-ods of normal operation
taken fromvarious periods in history. [00242] Oten,
. e .
mally PRl o AT LA AR R S AR Bpproach
to voambie sdrding swuld beasedr scwe allberinbiss @ dhix edriapetel
paraneter in the nodel. If both pressures are m ssing
thep it is inppossible to include the pressure eff .
i <t id*hodfete) /[ ©0243] The val ve characteristic cur@g&atmn 7
can be either fit with a |inear valve curve, with a

r at ' | ecewn LJear .-
[o0FYFEY 2 otic ilntfe i Serdhalld Ro® W RGPS Rgh IS Hrelipinary
motlektol ideatifintinvg périddd wasse therdatedoeahventheti 68 wiodsl.i These
. curve. [00244%The theoretical value for "a" is 1/2 if
time periods sheuldhbe sxaminedilosseegvhether gnabngsmal peentavase.

- -1 he Wi d,.t ~a" .
oceltfife b AClls, FRRARL R ROUL Q8 eiThese fifhe periqds
sholid alsbébeaflbgdd potiidsonith gnoivil dtsndrhef Svefits occurring. These

measurenent s, 0024Sedten there will be ver

. [ 2 | few .
timg perigds sheuld he expladed fromithe trainingidata sy and theanedelaebuilt
. ' ' e Delta_Pressure during the nornal
‘”‘%2‘5‘? %g%(ﬁgfaolagg'ati on can confuse the nodel -fitting
program To overcone this, the nodel - 70 - is
B. jBemaying Outlicys anthPesiodsiafAbppemal Openationsat aset |
whi ch only contains periods of Deltapressure variation
[00198seElimifating bbvivnd@bnominehetdits pritissaidenalthivongle the
paraneters ("a" and perhaps the m ssing upstream or
follg%(iR&t r eam pressure) are fixed at the val ues
determ ned, and the nodel is re-developed with the
Remaviygy deatmeaeed eBentsudt is vaty Rronehsvag coinpléewevsrdsofthe
Val v Abngr mal ity Indications [[00246}As with any

abnORALPHEHSIBIAY % AdH e BlovYRy oF ettty opstréing pieblems should
b A RSASHLER ABRAL SR ol 00 Tl O 0

range” a
Jjourrads |alaten jatinals, and ibstswaienhmaimenands feedrdy) dEhesetdie only
error / max . error. This is fed intp a type 4 fuzzy
proa}céleg ArRartplrecord of the alno @VGEQ&S&H% can pick the
transition fromnormal (value of zero) to abnornal
Rerovingetink ey iady vehetedeypratfovawarne ingidagotsh K RYey amd abmesimal.
Lndex. [00247] The ' nor nmal erating range” li,ndex IS
Su%ewr gme'%%%:%? S, RrQditct 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



fromthe normal region. It typically represents the
operating region of the valve where a change in val ve
w@omrnowe Wil 1 result in little or no change iPCt/082007/007019

fl ow through the valve. Once again the devel oper can

use the type 4 fuzzy discrimnator to cover both the
upper and | ower ends of the normal operating range and
the transition fromnornmal to abnormal operation. LE
Grouping Miultiple Flow / Valve Mddels [00248] A common
way of grouping Flow / Val vé®model s which is favored

by the operators is to put all of these nodels into a

opetatishh g AN @@ﬁa&ﬁkaﬁs&a fikat aﬁ@ﬁ}égg @%@lew&n%ﬁw ofidrmal

tell themthat of thelir criti owcontro lers
feedm@emiautms In that case, the nodel indications into
the fuzzy network (Fi gure 4) will contain the "nornal

C. 008hibd A tid i Nafid the "normal nodel deviation”
i ndi cati on for each of the fI ovv/ val ve nodels. The

contain t dis na result fromt
(0oL hoisihng el relfring 54 E Righdled i contSihnihe
me@squem@ﬁﬂslgwpevm&a Gbeélﬁ&dcdrﬁﬂﬁxt Riful AFLhSioP BES R 1Rk
favored way ook at this group I1's through a Pareto

proceéssr tNofsetdaa lfd caused \byl spesifidprpeess ¢anditions shcls ag hao*.phase

ol B SRR B A R e Bt
ele@bioal iRuchihdeh H6ivehEr, sl‘%@ﬁﬂcfrﬁﬁﬁb@eé&a&arﬂbﬁﬁtyh Prith ps caused

ref erence box |nd|cat|ng degree of variation
by presespdistuchisnoesis| usefuli mﬁmxmatuunamm should nait tiei filtered out.
normal . The chart in Figure 17 shows that "Valve 10"

[00R60F UbsTiadttiadt twoGHirmbAenbide tf,l%sr@z{coh%rea tin t&@hinkhd

ot hers are all behaving nornma The operator woul d
chemigal progess n@as@rem@tmmemuremanv epikos and ekpenentinlly

e e A
umé@ﬂﬁﬂaﬁl)[ Qﬁgé%@ﬁﬁ ﬁ)f‘& sHbBRThINE30 £ Sainles Befcie Qgﬁlrﬁﬁﬁglo a

2, a single nodel is devel oped to hand
valpg gbaromtmm;/ilms mlglcn é\équsm gpiked anclzerogvedhesing raditions] spike

ndancy are: pressure 1
re}eﬁ?’@ﬁ?ﬂ}&?%‘ ‘S‘Fﬁ%‘ gﬂﬁ ‘material flowinto process

unit 1 = material flow out of process unit 1 = =
[00281kr i aFhe pmunhp6npisedadbe signal can bo2pentiSied hyea ufeasure

b
ko 3 S Rhal R aetsf ok errdadts LR SErE T B RBE adihg pavio of
the GhfouiR Qﬂ"s: SRl VabRabiliySdud® frotéds vi¥RlPRAhe Smdurt bfsignal

ai@ (x1) + filtered biasi, + operator bias' + errori,
varipiljty-dugtphigh frequencymeisei Asvalue belaw imr istsi eypical value for

mdﬁ:a{xg%%hat': th(eys1 %mﬂ l'%ag su{)xtg.ntlai ng)i%é ezng égﬁc’ harm e T %fe?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



[ 002521These nodel s are devel oped in the identica

manner that the two di nensi onal engi neering redundancy
wordeha3wer e devel oped. [00253] This set of PCT/US2007/007019

mul ti di mensi onal checks are now converted into "PCA

i ke" nodels. This conversion relies on the

interpretation of a principle - 72 - conponent in a

PCA nodel as a nodel of an independent effect on the

process where the principle_conmponent coefficients

(1 oadi ngs) represent the pTéﬁortionaI change in the

nmeasurenents due to this independent effect. In Figure

3, th is redundant neasures,
S o€ ainibde 6 SACANRRLARE ROd

anges by one, X1 changes

I . i NI t of .relationshi
(002U3F, LA LSRR sichlH Yo Eelssriotfol RIMEHEP 58 4. the
exponthitisldy totrelatod Sohtinth\aLabicd can Heegidved WithtatraditioRal low

= al X1 + a2 X 2 + a3X3Equation 19 Were a3= 1 ]
pas$ fidtes sp¢h jas agrRypeaeniiglfilten. (Checgaiasionsffor the exphwientiahfilter
be converted to a standard PCA nodel format as
follows: [00255]Draw ng. anal ogi es to standard

St 1.4 & qala , the conversi,on fact.ors for_each.

G Tend ot HEETES b RS G BIRS AetOper ot | Agpuation 8
range. For exanple, using 3a around the nean to define

t He Mdtrn(-Tdler at i ng r dfidfier constant aaledlatin abl es Eapmtion 9
defined as: Xscale = X normal operating range /

60. Blisahewurant (d@rddvaluenor mal operating data shoul d

fal nfhd tlilnler}:)rgvi%)ugfﬁltergd va urg:)

are

X" is the current raw value
P is the exponential filter constant
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.



Xmd = X md point of operating rangeEquation 21
(explicitly defining the "nmean" as the md point of

wo b@®7neeml operating range) = (X - Xmid) / XepEjusdobnen7019
22 (standard PCA scaling once nean and a are
determ ned) Then the P loadings for Xi are: (ai
Xi-stale)V/ 1 (ak /Xk-seale)2 5112Equation 23 - 73 -
(the requirenment that the | oading vector be
normal i zed) This transforns P to 131=b1*X1+b2* X2+
+13. *XNEquati on 24 13' "staf@ard deviation" = bl+ b2 +
+ bnEquation 25 [00256]Wth this conversion, the

tidi j ' [ : . can now
M e S RS R S S

cal cul atign, exception_handl|ing, operator display and
i nt er act | Seflundg)fsgd ﬁ@l@@dmd%t@naﬁﬂium| e
Engi neeri ng Model s for Abnornmal Event Detection I.
per at o &g ofrmomnp@siton iShigh pesippdistillation
[ 00257] Suppression logic is required for the
f ol | owiengPressure compensated temperature measurement

e Sidestream yield

e Flow to valve position (Figure 2)

e Reaction rate to exponential temperature change

[00208] Second, the data from process problems, which have occurred
historically, should also be examined to understand how these problems show up
in the process measurements. For example, the relationship between tower delta
pressure and feedrate is relatively linear until the flooding point is reached, when
the delta pressure will increase exponentially. Since tower flooding is picked up
by the break in this linear correlation, both delta pressure and feed rate should be
included. As another example, catalyst flow problems can often be seen in 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.



Provide a way to elimnate fal se indications from

nmeasur abl e unusual events Provide a way to clear
wa@bmonembo i ndi cati ons that the operator has  PCT/US2007/007019

investigated Provide a way to tenporarily disable

nodel s or neasurenents for mai ntenance Provide a way

to disable bad acting nodels until they can be retuned

Provide a way to permanently disable bad acting

i nstruments. [00258] There are two types of

suppressi on. Suppression mhpgﬁ is automatically

triggered by an external, neasurable event and

suppr essi on e is initiated by the operator. ation 9
Ios}ij )b—ehﬁ-nd—t—ég&é two types of suppression is s;ﬂgivi\lm

in FiguresTi®tdnd 19. Although these di agrans show the
suppression occurring on a fuzzified nodel i ndex,
suppressi oy CaRy dgaur on a particular - 74 -
measurenent, on a particul ar nodel index, on an entire
nmodel , or &h-amosEnchaenizgadsiatarpdel s within the

process ar %a'-{ihgeogoi?s]tfr&r operator initiated

suppr essi on, reare two tinmers, which determ ne
when the sgppgesiip® 1S over. One tiner verifies that
the suppressed information has returned to and remains
i n the nor Sat Leplace Trapgfosml parameder for this tiner are
from15 - 30 m nutes. The second tinmer will reactivate

[00210] 2bNPh{EkCEYQAE if BRBKnedRANWHES Hiterefis whedtiicant dyrRsnic
returned to the normal "state. Typical values for this

sepaiatam belavesint vesiablepunsed) iarthetmodele Usually iondy 1t376 of the

vartibi 1ok fhisfubitchi Pl Cad Rl Tor Blosd i ber SR

varib18§sSePRY Sapbitits whidEaroRth ehhlﬁ%agﬁf lakge stegslibiyatle operator
This can be an operator setpoint change, a sudden

andhfrgbe eneasurernantgovhish ase gignifigandy gpsireamiighs magig process
s c.onverh d,intoatimng signal, shown in Figure 20.

unitg being;mp glegi gnal is created fromthe trigger signal
using the follow ng equations: Yn = P * Yn.1+(1-P) *

F. XRempomgnAverage OperatingdieiviEquati on 26 P =
Exp(-Ts/ Tf)Filter constant cal cul ati onEquati on 27

[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.



= X, - YnTimng signal cal cul ati onEquati on 28 where:

Ynthe current filtered value of the trigger signal
wo'mol/10d3e0 previous filtered val ue of the tri ggeeT/E8DA07019

Xnt he current value of the trigger signal Znthe timng

signal shown in Figure 20 the exponential filter

constant Tsthe sanple tine of the neasurenent 1.1the

filter time constant - 75 - suppression by changi ng
the filter time constant, 'if. Although a sinple tinmer
coul d al so be used for this%unction, this tining
signal wll account for trigger signals of different

sixesx crgat|ng | onger suppressions for |arge chemg.%- 0
and shorte"?l cguppressi ons for smaller changes. on 1

00R621Fi '
operat pireSlim e SRR NS URREEY UInEelS

i nplit-soniginghsaw®ieasudahentThe set of inputs to be

t ti | d, .S, det ' f th
on- rre - SaneleRPRY FRERLS RESUEREH: hon mde
; pae! ; ‘ . .

(00FL4PS, PFind R Bt (08 ind B FRFR #lieh SRl Bs il he same
sizeofis itredingjatttirneQihistand of Kignprdcess. hO i tndE drtad@farund

i ndex. To suppress these individual contributions, the
40 mingigs Avilldee adequate. Thacensequangerafdhisdsanséprmaaiion Bpthat the
_ C . s : : L oht
o BESIALeY poad AT LLOR LA oF e
fromhthe shavinl ®verage sgeratiag goimm i nput |

[00214] In order to accurately perform this transform, the data should be
gathered at the sample frequency that matches the on-line system, often every
minute or faster. This will result in collecting 525,600 samples for each
measurement to cover one year of operating data. Once this transformation has
been calculated, the dataset is resampled to get down to a more manageable

number of samples, typically in the range of 30,000 to 50,000 samples.

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



[ 002631When a trigger event occurs, the contribution

wei ghts are set to zero for each of the inputs that
w@r@7hmsbe suppressed. When these inputs are tBCDES2007/007019

reactivated, the contribution weight is gradually

returned to a value of 1. IL PCA Mddel Deconposition

[ 002641Al t hough the PCA nodel is built using a broad

process equi pnent scope, the nodel indices can be

segregated i nto groupings tégé better match the

operators' view of the procéss™and can inprove the

sensitivity of the index to an abnormal event.

reabf AL RENIS abpPeactORi o8 T ddeRut hRr dRid¥8hé RkLlRAhént by the
several Sumof Error Square groupings: 22 - zair4 w ei

squate oot of thg numbex aPneatly identichboResiresneitby t hese
groupi ngs are based around snall er sub-units of
For redundant data groups

Xi' =X/ (O;* sqri(N) ) Equation 12

Where N = number of inputs in redundant data group

[00218] These traditional approaches can be inappropriate for measurements
from continuous refining and chemical processes. Because the process is usually
well controlled at specified operating points, the data distribution is a
combination of data from steady state operations and data from "disturbed" and
operating point change operations. These data will have overly small standard
deviations from the preponderance of steady state operation data. The resulting
PCA model will be excessively sensitive to small to moderate deviations in the

process measurements.

[00219]  For continuous refining and chemical processes, the scaling should
be based on the degree of variability that occurs during normal process
disturbances or during operating point changes not 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



equi pnent (e.g. reboiler section of a tower), or are
sub- groupi ngs, which are relevant to the function of
wo be7eauepnent (e.g. product quality). [00267]&iTUS2007/007019

each contributor, c, is always adding to the sum of

error square based on process noise, the size of the

i ndex due to noise increases linearly with the nunber

of inputs contributing to the index. Wth fewer
contributors to the sumof error square cal cul ation,

the signal to noise ratio f&*the index is I mpr oved,
meki ng the i ndex nore responsive to abnormal events.

distu?Be® Bpbratidns ipFblRfes sca‘?r’i‘x%hfaEfdr%i' P&t o tRonent

can be subdivided to match the equi pment groupings and
measuremgass. anal ogous to the Hotelling T2 index can be
v created for each subgroup. E b 1,it PIS=b -x 1.1 1,1

[OOE%M]:kr EAglx_gzﬂenE’%nﬁb-@r@r%aQﬁ tH %%gf’ &'tlé%alﬁ!lléhng%g c%ling based on
dlS{lmb@iS gpm@om i thubelthd entirelespingdite sst as folbavs.uThtadaling
facP(X' neI gp%arommated by looking at the data distribuion outside of 3
standard deviations from the mean. For example, 99.7% of the data should lie,
within 3 standard deviations of the mean and that 99.99% of the data should lie,
within 4 standard deviations of the mean. The span of data values between
99.7% and 99.99% from the mean can act as an approximation for the standard

deviation of the "disturbed" data in the data set. See Figure 12.

[00222] Finally, if a measurement is often constrained (see the discussion on
saturated variables) only those time periods where the variable is unconstrained

should be used for calculating the standard deviation used as the scaling factor.

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



testing data through the nodels and setting the

sensitivity of the threshol ds based on their
w@arnfaeasmnce on the test data. WO PCT/US2007/007019

2007/ 109320PCT/ US2007/ 007019 - 77 - [00270] These new

indices are interpreted for the operator in the

i dentical manner that a normal PCA nodel is handl ed

Pareto charts based on the original inputs are shown

for the largest contributors to the sumof error

square index, and the Iargésst' contributors to the

|argest P in the T2 calculation. Ill. Overlapping PCA

. S . i i el -
v B S AACH Bt g BPER e by Ry sl or
proc@@%ﬂﬂﬁ?ﬁéﬁ,dfdﬂekbir?pld: thee firsd girincipalsomaponsat dsually repiesents
i ndi cations to the operat .Wh h [
the SR 0y SBEL L8 el FUBEC. L IRELT Y Rl
prod O RTF138, X0l i ey bk S oM gt
variaee hsodded by the iprimcipaicoeiporiEnts nohongdyuepmsenksi aght

. _in Equation 29 for the primary PCA nodel will remain
independemt sauree of progese VABAUBR) mary PCA nodel's, it is set

to zero. |IV. Operator Interactjon & Interf '
[00226]27 3[Theesngineauing eppreach j@ sclepting ghe 5&%3&8@%:%3} af

. interface are tq: i ' iiadi '
pink TSR ooy 0P Mo 40054 EOUAMI, S icthe
prin??&?(ttﬁfsd)tﬁbuﬂfrs u? ﬁld)pt&ﬂa'tbﬁt coﬁgonFMm higer (halor exginoereg
navi gation to the ' ' '
sense: GThelprivmary e 06 HIPTOSEOHEHBROB RIGEIFH K niiadh ddehtitied
are enabl ed. Figqure 22 shows hqw these design.
by lobling #iibs caeBlieepiedsmdof e ARSH NaRgDIcs (Bhich gee called

used by the operator. ] ] .
loadings). Those coefficients, which are relatively large in magnitude, are the

major contributors to a particular PC. Someone with a good understanding of
the process should 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



[00274] The final output froma fuzzy Petri net is a

normality trend as is shown in Figure 4. This trend
wo epreesot S t he nodel index that indicates thep@r/esioesto7019

i kelihood of abnormality as defined in the fuzzy

di scri m nate function. The nunber of trends shown in

the summary is flexible and decided in - 78 -

di scussions with the operators. On this trend are two

reference lines for the operator to help signal when

they shoul d take action, a';ﬁ@l‘l ow |l ine typically set

at a value of 0.6 and ared |line typically set at a

| . . . , t he .

s LA e igB L BeInL HRD &Y L A ok fenperience
withfusing blee toostedl cr osses the yellow line, the green

triangle in Figure 4 will turn yell ow and when the
oo2zend c i ' ’ ' | &4
O eqARRS thORIEGH bUAShobE bsEe T Hid BBALAPHL fvans
wowld be sigmaledat @ pgeacoepthblet toethdisitpl emgimas ptyipi¢alll Svok 16 times

cachfish e ofhberithuemingd byHBAK sl ths, SiEx statipi fordhe drpining
dat8 @bt QAR é]£&kﬁ¥eﬁ‘éd%o Ialélnlle @&Bﬁeﬁ%}s@m{@ﬁMoﬁ' s‘%{f_:lgértnsg This

the green triangle créate a Pareto chart®
levelda sebde thatoeal alenatord mveatsgeil novgeirminstd bait falsé Bkarms will
nmm)vdel iFdqul this will indicate the nost abnormal (on
(YT VUEI ThE SftREDRINEEN abnormal (on the right) Usual Iy
t he key abnormal event indicators will be anong the
A. f Endranzing tBe Meadek enents. The Pareto chart includes a
red box around each bar to provide the operator with a
re : r;
O o Do Ine BulRtiJOEHA blcHFeBRT, PR (T dfhanced by
crefiing AGicvo trafagriattebat, Tiieindons bansing the Medelid Moaitor the
trend_Paret o, 0%’ich,matches the order in the bar chart
Pmﬁg%tfavcv?hm {dicgfepanotential abmopmal skuatiqrudhe engineer

shoblE I Vestieife S KBS RERASFER siipic P Tbe Bl with fina

threshdidfarehbsicudiizms, efthensenye bpevjalmocosy opdrafion i addurring, an
t,1[3130 77 F%,rl valve [ flow nodels, the detail under the

ac @51"8]% FITPBUPIE PP Eet CEsOl RREFRl @nddt isen false

indR@giohi on nodel plot. Fromthis plot the operator can
apply the operator bias to the nodel. [00278]If there

[OOﬁ}fot gﬁﬂei‘, ngln%ﬁggrﬁj gﬁixtg.%’eb fﬁellnl% E:itq%goﬁt,\ggtgt ;oen% gpgéiia??)glereattions
andt NEImEH] "%)b?hﬁ&%l . TREShmE %ﬁﬁﬁyskg‘ Qs Wﬁf&ﬁettﬁe%gate the Imtial
ar et 0

1002791C0perat or suppressionn is done at the
mod¢lanaed tovies pesfossedonithg 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



the on/off button beneath each bar. WO

2007/ 109320PCT/ US2007/ 007019 - 80 - BI BLI OGRAPHY L
wahd@716aeent Docunments 1 5,859,964 1112/ 99 VAnNeGCT/€52081/007019

"System and nethod for perforning real time data

acqui sition, process nodeling and fault detection of

waf er fabrication processes" 2 5,949,678 9/7/99Wl d,

et al, "Method for Monitoring Miltivariable Processes”

3 6,522,978 2/ 18/ 02Chen, eté%j, "Paper web breakage

predi ction using principal “cdnponents anal ysis and

classification and regression trees" 4 6, 368,975

idefitigaD2 cBalrasdii @ ahapiedentS bnd calculaidind ré‘ﬂﬁln@éiﬁ'r%fr WheiS the

fqor nonitoring a process by enploying principa .
phygedlopbemicalapyBieshamical red®] @RhipOArE5ise? toiperforet independent

) redi ctiop..using.principal 6.,
but SRR ey RS e PSR colnga: Tis" st of BlogBhisseadied an
engippexigg vedumlandthb@él. ng conponents anal ysi s and
classification and regression trees" a process by
eq,t pl ai.ng_p_rincipal conponent analysis" 7 6,564,119
L 5Ays Dimensipnad Epgineering Redundaack Modelsst i cal  Mbdel
Based System for Mnitoring the Operation of a _
[00238) i NUTHE isaké Simpledt Fhe6T tHiGmble] 47¢ A hAf thk FRALAL F8rm:

Br eakout s"

F(y ) = G(x;) + filtered bias; + operator bias + error; Equation 14
raw bias; =F(y;) - { G(x;} + filtered bias; + operator bias } Equation 15
= error;

filtered bias ;= filtered bias;; + N *raw bias ;; Equation 16

N - convergence factor ( e.g. .0001 )

Normal operating range: xmin < X < xmax

Normal model deviation: -(max_error) < error < (max_error)
[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
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A. -"Bhe Flow versus Valve Position Model

[00239] A particularly valuable engineering redundancy model is the flow
versus valve position model. This model is graphically shown in Figure 2. The

particular form of this model is:

Flow + filtered bias + operator bias = Cv (VP)
(Delta_Pressure / Delta_Pressuréreference) a

Equation 17

where:

Flow: measured flow through a control valve
Delta_Pressure = closest measured upstream pressure -

closest measured downstream pressure
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
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one most easily understood by the operators. It is important for any of these
models that they be arranged in the way which is most likely to be easily

understood by the operators.

B. Developing the Flow versus Valve Position Model

[00241] Because of the long periods of steady state operation experienced by
continuous refining and chemical processes, a long historical record (1 to 2
years) may be required to get sufficient data to span the operation of the control
valve. Figure 15 shows a typical stretch of Flow, Valve Position, and Delta
Pressure data with the long periods of constant operation. The first step is to
isolate the brief time periods where there is some significant variation in the
operation, as shown. This should be then mixed with periods of normal

operation taken from various periods in history.

[00242] Often, either the Upstream_Pressure (often a pump discharge) or the
Downstream_Pressure is not available. In those cases the missing measurement
becomes a fixed model parameter in the model. If both pressures are missing

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
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is developed in two phases, first where a small dataset, which only contains
periods of Delta_Pressure variation is used to fit the model. Then the pressure
dependent parameters ("a" and perhaps the missing upstream or downstream
pressure) are fixed at the values determined, and the model is re-developed with

the larger dataset.

C. Fuzzy-net Processing of Flow versus Valve Abnormality Indications

[00246] As with any two-dimensional engineering redundancy model, there
are two measures of abnormality, the "normal operating range" and the "normal
model deviation”. The "normal model deviation" is based on a normalized index:
the error / max_error. This is fed into a type 4 fuzzy discriminator (Figure 16).
The developer can pick the transition from normal (value of zero) to abnormal

(value of 1) in a standard way by using the normalized index.

[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.
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[00249] When a common equipment type is grouped together, another
operator favored way to look at this group is through a Pareto chart of the flow /
valves (Figure 17). In this chart, the top 10 abnormal valves are dynamically
arranged from the most abnormal on the left to the least abnormal on the right.
Each Pareto bar also has a reference box indicating the degree of variation of the
model abnormality indication that is within normal. The chart in Figure 17
shows that "Valve 10" is substantially outside the normal box but that the others
are all behaving normally. The operator would next investigate a plot for "Valve

10" similar to Figure 2 to diagnose the problem with the flow control loop.
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 i) = a1G;y (x;) + filtered bias; ; + operator bias, + errory, ;

F2(y i) = a,G; (x;) + filtered bias, ; + operator bias, + etror;, ;

Fo(y i) = a,Gy (x;) + filtered bias,, ; + operator bias, + error, ;

Equation 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
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component in a PCA model as a model of an independent effect on the process
where the principle component coefficients (loadings) represent the proportional
change in the measurements due to this independent effect. In Figure 3, there are
three independent and redundant measures, X1, X2, and X3. Whenever X3
changes by one, X1 changes by a, and X2 changes by a,. This set of
relationships is expressed as a single principle component model, P, with

coefficients in unscaled engineering units as:
P=ajy X1 +az X2 +a3X3 Equation 19
Where az=1

[00254] This engineering unit version of the model can be converted to a

standard PCA model format as follows:

[00255] Drawing analogies to standard statistical concepts, the conversion

factors for each dimension, X, can be based on the normal operating range. 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
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(the requirement that the loading vector be normalized)

This transforms P to
'=b;*X1+by* X2+ eee +h,*XN Equation 24
P' "standard deviation" =b;+b,+ eee +b, Equation 25

[00256] With this conversion, the multidimensional engineering redundancy
model can now be handled using the standard PCA structure for calculation,

exception handling, operator display and interaction.

Deploying PCA models and Simple Engineering Models for Abnormal

Event Detection
I. Operator and Known Event Suppression

[00257] Suppression logic is required for the following:

e Provide a way to eliminate false indications from 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
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measurement, on a particular model index, on an entire model, or on a

combination of models within the process area.

[00259] For operator initiated suppression, there are two timers, which
determine when the suppression is over. One timer verifies that the suppressed
~ information has returned to and remains in the normal state. Typical values for
this timer are from 15 - 30 minutes. The second timer will reactivate the
abnormal event check, regardless of whether it has returned to the normal state.
Typical values for this timer are either equivalent to the length of the operator's

work shift (8 to 12 hours) or a very large time for semi-permanent suppression.

[00260] For event based ‘suppression, a measurable trigger is required. This
can be an operator setpoint change, a sudden measurement change, or a digital
signal. This signal is converted into a timing signal, shown in Figure 20. This

timing signal is created from the trigger signal using the following equations:

Y,=P * Y, +(1-P) * X, Exponential filter equation Equation 26
P = Exp(-T/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
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suppression by changing the filter time constant, Ty. Although a simple timer
could also be used for this function, this timing signal will account for trigger
signals of different sizes, creating longer suppressions for large changes and

shorter suppressions for smaller changes.

[00262] Figure 21 shows the event suppression and the operator suppression
disabling predefined sets of inputs in the PCA model. The set of inputs to be
automatically suppressed is determined from the on-line model performance.
Whenever the PCA model gives an indication that the operator does not want to
see, this indication can be traced to a small number of individual contributions to
the Sum of Error Square index. To suppress these individual contributions, the

calculation of this index is modified as follows:
2. 2 i
E2= Z?:]Wiei Equation 29

w; - the contribution weight for input i (normally equal to 1)

¢; - the contribution to the sum of error squared from input i

[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:

E2= z£=lwi32 | Equation 30

i
2 vk 2
®

L4
[ 4
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[00266] Usually these groupings are based around smaller sub-units of
equipment (e.g. reboiler section of a tower), or are sub-groupings, which are

relevant to the function of the equipment (e.g. product quality).

[00267] Since each contributor, e;, is always adding to the sum of error
square based on process noise, the size of the index due to noise increases
linearly with the number of inputs contributing to the index. With fewer
contributors to the sum of error square calculation, the signal to noise ratio for

the index is improved, making the index more responsive to abnormal events.

[00268] In a similar manner, each principle component can be subdivided to
match the equipment groupings and an index analogous to the Hotelling T index
can be created for each subgroup.

P~ Zg—_q bl,ixi Equation 31

Pip= by x;

Py~ Z?:k b,,,-x,-

Paa= 3h by X,

Py = Zz,'c=l bz,ixi

Poe= 2 D2 iX;

T. =37 P2,

T =37 P

2_. 2
= Z P

[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.
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[00270] These new indices are interpreted for the operator in the identical
manner that a normal PCA model is handled. Pareto charts based on the original
inputs are shown for the largest contributors to the sum of error square index,

and the largest contributors to the largest P in the T 2 calculation.
III. Overlapping PCA models

[00271] Inputs will appear in several PCA models so that all interactions
affecting the model are encompassed within the model. This can cause multiple
indications to the operator when these inputs are the major contributors to the

sum of error squared index.

[00272]  To avoid this issue, any input, which appears in multiple PCA
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
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discussions with the operators. On this trend are two reference lines for the
operator to help signal when they should take action, a yellow line typically set
at a value 0f 0.6 and a red line typically set at a value of 0.9. These lines provide
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.



0- 8754 DI SCHARGE PRESSPSI G Dryer Motor1l SPEEDRPM Dryer

| VI ot or 2 SPEEDRPM Dryer BOTTOVS TEMPDEGF 0- 8754
WOLBOHRG2TEMPDEG- Dryer Granul e DI SCHRG TEMPDERET/D52087/007019

GRANULESTEMPDEGF Dryer GRANULES QUT TEMPDEGF D- 8757 TO

FUEL GAS HDRDEGF - 86 - APPENDI X 2 D The EX801 PCA

Model Wth Sensor Description, Engineering Units Tao

DescriptionEno. Unit EX MAIN MOTOR PONERKW

-79 -

[00279] Operator suppression is done at the Pareto chart level by selecting
the on/off button beneath each bar.
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APPENDIX 2
Principal Component Analysis Models
APPENDIX 2 A

The POLYS_TCR PCA Model: 10 Principal Components ro)
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



Ex Total FeedLB/HR EX N2 I NJ FLOW CTLPCT EX N2 I NJ
FLOW CTLSCFH EX HEAD PRESSUREPSI G EX DI E HOUSE
WwOERISWIBEPS| G EX BARREL 2 COOL CTRLDEGF EX BARPEL/GS100A07019
CTRLPCT EX BARREL 3 COOL CTRLDEGF EX BARREL 4 COOL
CTRLPCT EX BARREL 4 COOL CTRLDEGF EX BARREL 5 COOL
CTRLDEGF EX BARREL 6 COOL CTRLDEGF EX BARREL 7 COOL
CTRLPCT EX BARREL 7 COOL CTRLDEGF EX BARREL 8 COCL
CTRLDEGF EX ZONE 8 MELT -| I\/ZBEGF

P8  Recycle Compressor STAGE 1 DISCHRG DEGF
Recycle Compressor STAGE 3 DISCHRG DEGF
Recycle Compressor STAGE 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



EX ZONE 13 TEMPDEG-F EX ZONE 8 TEMPDEG- EX SLI DE PLATE

TEMPDEG- EX DI E HOUSE TEMPDEGF EX DI E PLATE TEMPDEGF
wa200Dhé93MELT TEMPDEGF EX PEL 1- 120 TEMP CTLDE@CT/USHB7/607019

APPENDI X 3 ENG NEERI NG MODELS / HEURI STI C

MODELS A. Val ve-Fl ow- Model s There are a total of 20

val ve nodel s devel oped for the AED PP application. All

the val ve nodel s have bi as-updating i npl enented. The

flowis conpensated for the Delta Pressure in this

manner: Conpensated Fl ow =8 -/ (DP/ St dDP) Aa, where
FL= Actual Flow, DP = Upstream Pressure - Downstream
Pressure, StdDP Stand Qrgssure a are

par amet ers.

Aplot ist

bet ween the Esti mat ed

Conperkiaé Pd)IEYS\AIGBcPCheM@dda |12memt@unppomtsa

check the 0
is the |ist of]l %n@o%

GEGt P e ne G

wf Ol 1 owl ng
e order of

t € var Ty Etescmgﬂnenm)del s bel ow are thus: nit
UpRDnP, @Maly&t fiBaund) . Description StdDp LB/HR
Monomer (C3=) TO RX1 Cooler KLB/HR
RX1 JKT H20 OUTLET DEGF
Pre-RX1 JKT H20 INLET DEGF
Catalyst flow LB/HR
P2 RX3 Gas Compressor MOTOR AMPS AMP
RX3 TOP PRESS PSIG
Rx3 Cooler PURGE TO RX3 PSIG
RX3 TOP PRESS PSIG
N2 Suppy PRESS PSIG
P3 C3= Supply Temp DEGF
C3 Pump outlet temp. DEGF
Recycle Towert GAS OUT TEMP DEGF
Pre-RX1 C3= FLUSH DEGF
Recycle C3= OUTLET TEMP CTL PCT
P4 C3 Pump outlet temp. DEGF
C3= Supply Temp DEGF
Pre-Rx1 Pump C3= FLUSH DEGF
Pre-RX1 LOWER TEMP 1 DEGF
RX1 BDL HDR TEMP DEGF
P5 Overhead Drum VAPOR TO BDL PSIG
RX2 PRESSURE OVRD CTRL PSIG
Pre-RX1 REACTOR PRESSURE PSIG
RX1 PRESSURE LEG 4 PSIG
Pre-RX1 CHILLED H20 M/U PCT
P6 Recycle Tower2 TRAY 12 TEMP DEGF
Recycle Tower2 TO RX3 Gas Compressor KLB/HR
Recycle Compressor STAGE 3 DISCHRG PSIG
Recycle Tower2 TRAY 23 TEMP DEGF
Recycle Tower2 PRESSURE CONTROL PSIG
P7 RX3 Cooler H20 OUT TEMP DEGF
Recycle Tower2 OVHD VAPTEMP DEGF
C3=Feed to RX3 KLB/HR
RX3 Cooler CHILLED H20 FLOW PCT
Recycle Tower2 OVHD C2= MOLPCT



Bound A Pre-Rx1 C3= Feed 140 0.35 0.43 Pre-RX1 Punp
C3= SEAL FLUSH 213 0.21 0.1 03= FLSH TO Pre-Rx1
WO EDDAMIBLI 66 ' 1. 75 0.9 RX1 C3=Feed 152

P8

P9

P10

P11

P12
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C3= Suppy Press

RX1 Pump C3= SEAL FLUSH

Rx1 & 2 OVHD Drum C3= Level

Rx1 & 2 OVHD Drum C3= Level Backup
RX2 Pump C3= SEAL FLUSH
Recycle Tower2 VENT FLOW
Recycle Tower2 VENT FLOW CONTROL
RX3 OVHD H2

RX2 BTM TEMPLEG 3

RX2 BTM TEMPLEG 4

RX2 BTM TEMPLEG 4

RX2 BTM TEMPLEG 3

RX2 BTM TEMP LEG 2

RX2 BTM TEMP LEG 1

RX2 SLURRY DENSITY

C3= Suppy Pressure

Recycle GAS OUT TEMP

C3= Suppy Pressure control

C3= Flow to the Reactors

Granule OUT TEMP

Recycle Tower1 BOTTOM LEVEL
Granule OUT TEMP

Recycle GAS OUT TEMP

Stripper Steam Press

Recycle Tower1t REFLUX CONTROL

PCT/US2007/007019

PSIG
KLB/HR
PCT
PCT
KLB/HR
KLB/HR
PCT
MOLPCT
DEGF
DEGF
DEGF
DEGF
DEGF
DEGF
LB/CF
PSIG
DEGF
PSIG
PCT
DEGF
PCT
DEGF
DEGF
PSIG
KLB/HR



24 0.19 RX1 Punp C3= SEAL FLUSH 186 0.52 0.26 RX1
C2=Feed 165 60 0.1 LONRANGE H2 TO RX1 183 0.41 0.9
wob@H1608NCGE | 12 TO RX1 181 PCT/US2007/007019
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APPENDIX 2 C

The Dryers8 PCA 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



2.85 OS RX2 C3=Feed 130 7.5 0:9 RX2 Punmp C3= SEAL
FLUSH 152 0.35 0.21- LONRANGE H2 TO 1X2 166 0.63 0.9

wot@H168BNGE 112 TO RX2 150
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APPENDIX 2 D
) The EX801 PCA Model
With Sensor Description, Engineering Units
Taq Description Eng. Unit
EX MAIN MOTOR POWER KW
EX PELLETIZER KWS Kw
EX 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

PCT/US2007/007019



3.5 0.23 Overhead Drum Vent 122 525 0.1 Overhead Drum
C3= Makeup 157 480 0.46 Additive Flow 400 1.75 0.2 C3=
wdrb@mw1dw2Pr e- RX1 Heat Exchanger PCT/US2007/007019
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APPENDIX 2 E

The EX831 PCA Model

With Sensor Description, Engineering Units

Tag Description Eng. Unit
EX MAIN MOTOR POWER Kw
EX PELLETIZER 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
EXBARREL 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



1 340 2 0.9 WD 2007/109320 PCT/ US2007/ 007019 - 89
- RX3 C3=Feed
WO 2007/109320 PCT/US2007/007019
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APPENDIX 3
ENGINEERING MODELS / HEURISTIC MODELS

A. Valve-Flow-Models
There are a total of 20 valve models developed for the AED PP application. All

the valve models have bias-updating implemented. The flow is compensated for

the Delta Pressure in this manner:
Compensated Flow = FL / (DP/ StdDP)"a, where

FL= Actual Flow, DP = Upstream Pressure - Downstream Pressure, StdDP =
Standard Delta Pressure, a are parameters. A plot is then made between the
Estimated Compensated Flow 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



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

WO 2007/109320 PCT/US2007/007019
-89 -
RX3 C3=Feed 120 1 0.16
RX3C2=Feed 450 1.2 0.47
RX3 H2 Feed Low 500 0.65 0.42
RX3 H2 Feed High 480 1.8 0.17

B. Controller Monitor (CM) & Sensor Check (SC) Monitors:
The CM and SC cover the critical controllers and sensors in the Poly8 Sensor

Check, and Poly4 Sensor Check Areas. The CM detects frozen instrument,
highly variant instrument, or controller malfunction when any of the below

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

RX1 Slurry Pump Cross-correlation between reactor amps and concentration for imbalance

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

ross- lation be eactor jon for im
RX2 Slurry Pump Cross-correlation between reactor amps and concentration for imbalance

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



B. Controller Mnitor (CM & Sensor Check (SO
Monitors: The CM and SC cover the critical controllers
warm7ae3sors in the Poly8 Sensor Check, and PobgBUS2007/007019
Sensor Check Areas. The CM detects frozen instrunent,
hi ghly variant instrunent, or controller mal function
when any of the below violates the rule limts: 1.
Standard Deviation 2. The accunul ati on of the |ength
of time during which the rreaéurerrent s not neeting
and not criss-crossing the™ ¢ tpoint 3. The
accumul ation of the deviation between the neasurenent
Le@d) thstro@eseat POi Ndw stdifirdleidiBs 165 b vaRk@hé&nshi p
Lel a8 BINeMEN S OF Sow SthndbrPledtion i froddi&af@ichédiat i on rul e
Lelél Mstrémenitize  CMEadbISiEorBIPY @R OBipat dhepk enent ed for the
Letxt irewumentts Cal Ldwisthidaf®advistion foR FbFdaRIe cResk RX1 Tenpi
LeW nsXbedienp2 EOGtbI&TRRENPY ahd OntplRcheSt urry Punp Anps
LeRXInsBlimentyt PunipwstpredaRXdevEtion foy frbensialug chReci2
Le@d hrstnmertidi on Controller frozen PV and Output check

C. Heuristic Model Monitors:

There are four heuristic model monitors focusing on the detection of catalyst
plugging problems in the catalyst area (Poly8 Cat), and line plugging problems
in the granule areas (801 Granule, 831 Granule, and Finishing4 Area).

The Poly8 Cat heuristic model focuses on the detection of catalyst plugging
problem in the catalyst area by checking whether the following variables violate

rule limits:

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.

AN U o A

Pre-RX1 temperature

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



RX2 Slurry Punp Anps RX2 Slurry Punp Anps RX2 Slurry
Density RX3 Exchanger Fouling Type of Monitoring
Cross-correl ati on between two tenperatures for

consi stency check Cross-correl ati on between reactor
anps and concentration for inbal ance check Hi gh
standard deviation for exce8birve fluctuation check Low
standard deviation for frozen val ue check

Cross-correl ation betmeMOr anps and
concentration for inbala ck H gh standard

devi ati on for excessive fluctuati on check Low standard
devi ation for frozen val ue check Checks for violation
of limts - 90 - Level Instrunent 1 Level Instrunent

2 Leyel AlRsidaubreie eatly'ndiBdatibh st ah 4BRMnalbvef Rlection (AED) for

Instrurrent 3 Level Instrunment 4 Level |nstrunent
of equipment groups ofta potyniesy pregessunit - pemprisingheck Low st andard
deviation for frozen value check Controller frozen PV

and Qut put check
(a) comparing online measurements from an array of sensors for the process

units to a model in a set of models including principal component analysis
models and/or engineering models for normal operation of the
corresponding process units, wherein said polymers process unit has been
divided into at least two equipment groups and process operating modes
wherein there is minimal interaction between said equipment groups and
one of said principal component anaiysis models corresponds to
equipment groups ;‘md process operating modes, wherein the inputs to the
principal comgé.p;ent analysis models include measurements from said

array of sensors,

(b) determining if the current operation differs from expected normal
operations from the cumulative measurements of said sensors that are
inputs to said model so as to indicate the presence of an abnormal
condition in an equipment group which has developed on a timescale of

minutes to hours, and

(c) determining the underlying cause of an abnormal condition in the

polymers process unit.

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.



Low standard deviation for frozen val ue check
Controller frozen PV and Qut put check Low standard
devi ation for frozen val ue check Controller frozen PV
and Qutput check C. Heuristic Mddel Monitors: There
are four heuristic nodel nonitors focusing on the
detection of catalyst pluggPhy problems in the

catal yst area (Poly8 Cat), and Iine plugging problens
in the granule areas (801 G anule, 831 Ganule, and

Fi ni shing4 Area). The Poly8 Cat heuristic nodel
focuses on the detection of catalyst plugging problem

i n the HRinwnelf a2 ha}ieremﬁh bﬁ\ﬂpmawwcgs nbigdd 41 thayed NY

varlables viglate rule Iimts Li ne

material and fngrgy dnferpetions inthesamg@ravdy  nder swit ching; 3.

The Cat Line downstream pressure 4. The Co-cat al yst

and Catal yst flows 5. The Cat System Flush flow. 6.

Pr e- Bx1Thamethodeficlaim #iyeherpimsaid-eghipment goayps imchide puickfeaycles
ig'ﬂﬁ'sﬁ:ﬂé uf Area heuristic nodels focus on the
etection of plugging problems in the three subjected
granul e areas by checki ng whether the foll ow ng

vei ot Abe suRELRRF Dl hf 1 bty Bperins

include principle component models.

7. The method of claim 6 wherein set of models of normal operations includes

engineering models.

8. The method of claim 1 wherein said set of models of normal operation for
each process unit is either a principal components model, or an engineering model, or an

heuristic model.

9. The method of claim 1 wherein said models for normal operation
for each process unit is determined using principal components analysis (PCA),

correlation-based engineering models, or heuristic models.

10. The method of claim 9 wherein said polymers process unit is decomposed

into eleven abnormality monitors.

11, The method of claim 1 wherein said process units are divided into

operational sections of the polymer process unit.

12. The method of claim 11 wherein there are nine operational sections,

13.  The method of claim 11 wherein the nine operational sections comprises of

nine operational sections - the catalyst preparation area (Cat Prep), reactors (RX), recycle



4. Wi ght Feeder notors 5. Pressure fluctuates -91 -
CLAI M5 1. Anethod for the early notification of
an abnormal event detection (AED) for of equipnent
groups of a polyners process unit - conprising: (a)
conparing online neasurenents froman array of sensors
for the process units to a-%bdel in a set of nodels

i ncludi ng principal conmponent analysis nodels and/or
engi neering nodels for normal operation of the
correspondi ng process units, wherein said polyners
o8 cammessom, recykizgadreeoveryi systeradhe dryers.dwo lgrasle areppand two
el groups and process operating nodes wherein
¢ ?#%ngg&?ﬁrﬂ mal interacti on between sai d equi prent
groups and one of said principal conponent analysis

nodel r '

oper i e R a1 Wb Rith o 4B TorRlly MR RES Senerates
smntroestignehadigsting theoptebabilitnof andbnammalsenditieminghe arean
said array of sensors, (b) determining if the current
operation differs from expected normal operations from
t he ¢simuTiRimetkodofakaim @ nkedein soil nedeld ihids prosess lvariables @alues
i?r%lgut(}'s1 to said nodel so as to indicate the presence of
TRFSUB

BY #81°ondi tion in an equi pment group which has
devel oped on a tinmescale of mnutes to hours, and (c)

determ ning the ynderlying, cayse qf an abnor ngl

Conailbi P metbskot S hheriprsgid agadibi SpmBonents Spmodlfor
dIEérBA Praebsshid MtlhderoaiePrdtess Vathbiedtalues memded by the same
correspond to equi pnent groups and operating nodes,
$¥€.nodel for each group which may include one or nore
oper ati ng node. 3. The nethod of claim1 wherein
said set of npdels correspond to equi pnent groups and

pr ocdds Bisanethadnf claim &3 wherpia stid el  mendels fuHeyr oup and
Al isteficy G rélafionship béweek s BRIURES seiffe it oadalyst,
8 er e@gg@as}sgngﬁﬁirg%%? %r oufwcsl}i&‘gr_?cl'ude a " maj or ys
meectass, | dryers,mebyels evegyani velegsiloms Ja dndicaterany e lyfseakdowpin the
-The: d of claim4 wherein said equipnent groups
l?%%%gglggg%%k recycles in the sane group. 6. The
met hod of ell=5 wherein said set of nodels of nornal

oper %' O%fe nBfibd §Fc1fh' 1SRt m&ﬁéﬁﬁ}mé}%ﬁbﬁm suppressing

model calculations to eliminate false positives on special cause operations.

19. The method of claim 9 wherein (a) determining said model begins with a
rough model based on questionable data, (b) using said rough model to gather high
quality training data, and improve the model, and (c) repeating step (b) to further improve
the model. T

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 mode! includes transformed variables.
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7. The method of claim®6 wherein set of nodels of

nor mal operations includes engi neering nodel s.

8. The nmethod of claiml| wherein said set of nodels of
normal operation for each process unit is either a
princi pal conponents nodel, or an engi neering nodel,

or an heuristic nodel. -949. The nethod of claim1
wherei n sai dnodel s for normal operation for each
process unit is determ ned using principal conponents
anal ysis (PCA), correl ati on-based engi neeri ng nodel s,
or hedir iTee method dfélam 21 whereinl Qid tTinsforneadrvariablés in¢luderreflux to

ARG B o 1o et n i AR BRERRI e

coinpexmt&d \tdm:emturc msilrmwt; esiglestrenint yields Sowlitovalyd Fopition, and
0 rat ol ynmer process unit.
"ig"g WB%&% tgﬁ?%‘{l&tﬂfg&\ﬁgerei n there are nine

oper at i onal sectl ons 13 The nethod of claim 11

wher e atl sect o e f .

ni ne perﬂ'f lli“Bnl W THa sgiélt éi H‘gp&ee%as?’a i of
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cQnpr essor rec as.recovery system the dryers,
?j‘r“ﬁ‘ﬁﬁlaé émﬁﬁ”& Pext ruders system 14.

The nmethod of claim 10 wherein each of the abnormali ty

! di
T ahy TR ghok i S BRCATARE i A b SpL  oes
:ﬁe’isur‘&h@amaiaheﬁ difeced ENyYBpQraWigE peibtclmages inuialess opecdtinokeare

process variabl es val u neasur ed by sensors.
Devershp VSR b SR PRSP el pl ¢
conponents of nodels for different process units

i ncl ude some process vari abl e val es measur, by the
sane 28endhg method °f°°1fF28ﬂ]i‘§'°WéPﬂ Blf's ﬁqr?f’tﬁﬁj? "ﬁﬁ%r ei n
sai dnodel s further identify the consistency or

rel agonshi p between tags around a specjfic

cat al§st , Thee:agthqd( of clgﬂn),%sr ghcrflg@ygpgoda} B0 UEA {)y filtering or
M@ﬂ@ﬁéﬁ& cashidmbAtlbeatigiany early breakdown in the

re p pattern.

27. The method of claim 20 wherein the measurements of a variable are scaled.

28. The method of claim 27 wherein the measurements are scaled to the

expected normal range of that variable.

29. The method of claim 4 where a list of abnormality monitors automatically
identified, isolated, ranked and displayed for the operator.

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 a number of principal components are

chosen such that coefficients of the principal components become about equal in size.



18. The nmethod of claim 17 wherein said nodel further
conpri ses suppressing nodel calculations to elimnate
fal se positives on special cause operations. 19.
The nmethod of claim9 wherein (a) determning said

nodel begins with a rough nodel based on questionabl e
data, (b) using said rough-#%bdel to gather high

quality training data, and inprove the nodel, and (c)
repeating step (b) to further inprove the nodel

20. The nethod of claim 19 wherein said training data

i ncludes historical data for the nDdeI of the

proc §S ag rﬁéﬂlog of claim% whe BTI &} | B¢ HRe
21 ereln sal d transforne varla es |n de reflux
presefsondabiestpirovided byjonling megsyrements| urms, | og of
conposition in high purity distillation, pressure
conpensat ed tenperature nmeasurenent, sidestraun yield,
f1 ow3s.0 \'nab vmochabsjft ¢laimy 32nwherein csomen meggueenment pairs are time

SRR Sonel BRSSP BB e 898 o come pair s of

measur enent s for two variables are brought into tine

synchro zat| by.o f the variabl es usi

cynade Thé Bedfihe i OF vgeei e BAbotsE e ustied fafholsp atected
(isY @btﬁhﬂ@pdﬁh%hﬁig& inaliechrovesbaiperatians urbaconverted sidesintion variables.
process neasurenents that are affected by operating
poi nt changes in process operations are converted to

devi 35 OMhe Widttiod OF E18inDy2 Whepdin suid pmlpah@mmemnem inalydes a
25. The et hod of claim.20 erein said

Tk RIECIPAY compoagnts o gelectpby,{be magnigide a?g‘?'ﬁq pyssess variation
féﬁ%&ﬁiz&b 3 &icdesdME 6dm n%,ae,ggrrect ed by filtering or ,

i mnating noi sy neasurenments of variabl es. 27.
The nmet hod of claim 20 wherein the nmeasurenments of a
vari agl eal Qe G @&I notificatior? 8f an BhoHRdl R9eht Uetetichl (MED) for
wherein thé neasure nts are scaled to the expected
auuipment gronpg of ©Polymers Pipagsk Bjfseomprising: 29, The net hod of
claim4 where a |ist of abnornmality nonitors
automatically identified, isolated, ranked and
di spl dgedarf mraytofiscnsgre foa theron-line data g@yuisitien of messgrements,
clairn 9 where the operator is presented with
di agnostic information at different |evels of detail
to ai db) natdee dfnmeddls dat ithen polymeheprevesmtunit includidg . priticipal

met hod of _cl aim 20 wher

Component SPaRl AR R Py Sifler e RbEBRlc iy e ser

princi pal desonbing epdratione obtie padvesstuntts|whkreinmsaid pelymer process
unit has been divided into at least two equipment groups, wherein said set

rl. IUI

of models includes at least a principal component model corresponding to
an equipment group, and wherein the inputs to the principal component

analysis models include measurements from said array of sensors,

(¢) a set of displays which indicates if the current operation differs from
expected normal operations from the cumulative measurements of said

array of sensors 0 as to indicate the presence of an abnormal condition in
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- 95 - 32. The nethod of claim4 wherein said
princi pal conponents nodel s include process variabl es
provi ded by online neasurenents. 33. The node

of claim32 wherein some neasurenment pairs are tine
synchroni zed to one of the variables using a dynamc
filter. 34. The nodet%f claim 32 wherein the
process measurenent. vari abl es affected by operating
poi nt changes in the process operations are converted
to devi at

32 wher of (° Belet fABceBEuni which hnsevelbt SF) kel ofinihif o
nunber of hqurs, ad pal conponents sel ected by the

ragni t ude le ”&L&WB Phe %ﬁ&e%lﬁ@ égﬁge' ginar[ ? 0 ﬁ”&o%ﬁmlﬁé{ in the
successi ve conronents.

not i fi cat palymefpravessainitor mal event det ection (AED) for
equi pnent groups of a polynmers process units

conprising: (a) an array of sensors for the on-line

dat a3ac théséyt;liemrbf efzimd6shereineaid smodebfpr each @tocea‘s ulmadhedil:her a

fpr t.he ne ocess .uni.t in udln rinc

B o iedbLotah saptetpe mefe S e Bie b o el <
|ncluded in the set descrlblng oper ati ons of the
process uni ts wherejn ol y rocess unit
been 38 vfﬂ@dyﬁﬁi‘&fﬁlﬁ“‘! %ggg '?‘\M‘ prég'ﬁﬂegﬂ’é’ﬁ? F’(‘)Lﬁﬁéamt“’“ed into
(Hh8 bfdritionall séctifé with a PRSP conipohstiORodel for @fhisedtion.

princi pal conponent nodel corresponding to an
equi prent group, and wherein the inputs to the

pringgp %&@E&Fﬂ%%ﬁ@@h&éﬂeﬁu AR HnSiphIntolripifents include process
measur enent romsaid array of sensors, (c) a set of

hrigblesyravidad tyronjingimessuisments. t he current operation
differs fromexpected nornmal operations fromthe

cumul ative measurenents of said array of sensory so as
to i di cThesystesm pf Jaiondfewhereinsaidinmoeipel| comparintsi Bedel further

ma{,@nescgﬁr&?u el i &f {é”bﬂer&{‘é‘r' @'a méﬁlairho%ﬁxglloﬂp%ﬂd Fhse

mnu es to ours, cates
pdsitivesader | yi ng cause of an abnor mal condition in the
pol ymer process unit. 37. The system of claim 36
wherei n said nodel for each process unit is either a
Dri nOﬂlptheCs?at’pmnﬂ‘mlaimmﬂdwherein d8) daniyingesaidi pripcipaticdmponents

e Bt i BB i, A Py B el Yol B9 e o
b BRiaPRBd to Rfiat tHeakta 200 Smpvotdithe mpdelnaid@) iteratiqalyepeating

nodel for each section.
step {b) to improve the model.

42, The system of claim 4] wherein said training data set includes historical data

of the processing unit for principal components model development.

43, The system of claim 42 wherein said principal components 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
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39. The system of claim 38 wherein said principa
conmponent s i ncl ude process vari abl es provi ded by
onl i ne neasurenents. 40. The system of cl aim 38
wherein said principal conmponents nodel further

i ncl udes a suppressing nodel to elimnate operator

i nduced notifications and {3 se positives. 41
The system of claim 37 wherein: (a) deriving said
princi pal conponents nodel begins with obtaining an
initial nodel based upon questionable data, (b) use of

distillationneolyrens, PEFEBIre COMPEIRIITc leMPEratiR MCATEFTERtS, Jo¥ Ppyalve
ﬂ@ﬂand%ﬁd{fﬁ}enhiﬁérﬁﬂeﬁfﬁblndﬁ%ﬁ' ng step (b) to

I nprove The system of claim4l

wherein said training data set includes historical

dat a40f Fi& &&H%?%ﬁhﬁ‘% wﬁb&mfsafd ﬂ?ﬁablﬁﬂ' RitfpoRARRAGRNMrdludes

nodel develg system of cl aim 42

saime msAsurenagng pprs. mmmsyr@bwpmmwwé the| varipbles eing a dynamic

Eﬁ% nsf ornmed vari abl es. 44. The system of claim
‘wherein said transforned vari abl es include refl ux

to total product flowin distillation colums, |og of

conp Is includ

i st AP iR S R BRI B pnkiBet comBdnents model iclude

provessU memnrdnmnt fvhminbles caffeated ebyp opsrating rpadnidchignges in the process

di fferenti al rat.ure a pressure. 45. The
e ‘é%agfwerﬁf ﬁw@% \ﬂ&'g?‘éa"ﬁ&g%, d principal conponents
nmodel includes some neasurement pairs are tine
synchronjzed to g of ..t he va i abl es u5|n

FT1e e "t Syleest il 42 Ui e Thnapnl S p AR ftuce

RédsiremBiRts ofOVEEable uﬁ&meu priome model iguntifieasion.
nmeasurenent vari ables affected by operating point

changes in the process operations are converted to
devi @Ri on Ty@ syséth &F-claim 47 whefein the nRysirenenaf are | sodled 87 the
wherein the principal, conponents nodel s include
ereestedmommelrange of hatxaripble) e that are scaled prior to
nodel identification. 48. The system of cl ai m 47
wherein the neasurenents are scaled by the e ed
nor meP. r Beegeystem afielaim A2 whersinethe principa &@nmm’ét "E?)‘Qse‘ﬁ?lb‘te a
r HrAAReIRlof TBIprEcess variation

&rﬁepg &é\%ﬁﬁ%ﬁdg&b% p?usﬁgﬁgd;ﬁ g%rrponent s°f| s sel ected
tapresmtydrhmgmccamecmﬂpqﬂe!tal process variation
represented by successive conponents. 50. The
nmet hod of claim 1l wherein said polyner process is a
pol ydbef The metbakbafslaim 1 wherebsaidiolyree progess ésra polyplefingpgocess.
wherei n said polyolefin process is a pol yethyl ene or
pol ypropyl ene process or a conbination thereof.

51, The method of claim 50 wherein said polyolefin process is a polyethylene or

polypropylene process or a combination thereof.

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.



52. The system of claim 36 wherein said polyner
process is a polyolefin process. - 98 - 54.
The system of claim 36 wherein said set of nodels

i ncl ude autonmatic detection of grade sw tches, grade
transitional duration and automatic suppression of

model s during transitional-%uration. 55. The
system of claim 36 wherein said systemincludes
autonmatic switching of on-1line nodels. 56. The

systemof claim36 wherein said set of nodels include
different nodels for different famlies of grades.

54, The system of claim 36 wherein said set of models include automatic
detection of grade switches, grade transitional duration and automatic suppression of
models during transitional duration,

55. The system of claim 36 wherein said system includes automatic switching of

on-line models.

56. The system of claim 36 wherein said set of models include different models

for different families of grades.





