METHOD AND SYSTEM OF USI NG | NFERENTI AL MEASUREMENTS FOR ABNORMAL EVENT
DETECTI ON I N CONTI NUCUS | NDUSTRI AL PROCESSES FI ELD OF THE | NVENTI ON
100011Thiwoi2nesznto7an generally rel ates to the early det ectriuspoosfoombsior nal
events in continuous industrial processes and nore specifically relates to
detecting incorrect nmeasurenent val ues of key operating paraneters and to
predicting future abWWMN&%YSﬁE%QFRé@M&JEEFE patameters. |
BACKGROUND OF THE | NVENIEABNURGDIZNINSSTOR s BNQBMALIGMEISTri al processes are
operat ed near theDETECQINION IN CONTINUOUBINGUSTRRE: RROICESSESXi mum or
mnimumlimts of key operating paraneters, such as the product quality
speci fi calfppp GFPAGUAIVENTIONW ng the current and expected future val ue
of these parameters | ery rnportant to both the efficient operation of
continuous_industrial processes, such as refineries and, chepmical plants, as
vel | as t H@0@teyentlihéninyentign genarallysiates torthe carlyrstectiampbrbrarmaplal i t v
excur si ons_can .causF produgits t? be out si ch their SfeclL)Lieﬁa%i ol limts,
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of heat t paeditng futare sok@niadrexatirsbons of key operatihgpammete003] The direct
measur enent of process-streamquality and other key operating paraneters
can be bolﬂ*ué DEHSH e ﬁi HRURhke-RKHIPS: On-line analysis incurs both a

hi gh initra—Tnsta artd—a-— i gh mai nt enance cost. The online

anal ysi s en requires a dedicated process sanpling system and an

envi ronneﬁ@ﬁy pr eRntnuauy 1nghastrial prasesses dre AReKAG AN thewwent .

Mai nt enan hi_S.: i nt_can. require specially trained.personnel and
i an pr oveRe R lrCOmRRL PERE e B Yy il BRER Br minkp Bl B RIIEE T o
mai Nt enanggedasi 19BleYs,istich @8 RRE pFodiRt Knswcb BIfRlkiBH W p-line
anal yzers. ﬁeRecggtaﬁg%-l I nse > gnal yze? syst gﬁs I'n gr pﬁogrégl?g] g%‘%ﬁ?ﬁ"@%m es
for testi kgowmy thel ¢urreattiand expoctedi fature cabgrud Ethesevparaimaters is ety nual

equi pnent _di agnostics. [0004]Oten sites choose to nmake qual-ity

measur emeHfipoiiantig both fapetident enesayjen of centimequsiindeyrplipmoesseswsudh an

on-line analysis. or i,nstead .of an on-line analysis. Because of the

ext ensi ve hEHIEH e A R ] Blafls, iy el 5 BC Sxcvandion i HoEmaL FXes ng

t hese sa : | M Ly to
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[ 0005] To speupifieattor litnfits, causeithe saddery fia$fumot ohimps fProtyssadtplipidest (such
approaches, an inferential estimate of the quality parameter can be created

f r om nor e2¥ BREND| GAViaEPN dvk do yaper fermation)r andbeause the degradationefper at ur es,
pressures, and fl V\I/,'Sl'é Tg(e t WO Lgadi i onal Jd_ses for i.nferenti al

measur emeRTECS} Be'i?? gngedSpeh a3 >S§ VIRETHRIb onpeekeRyildynen catalys0s si owl y
sanpl ed angl kol @hiiol Rbnt'SGdrldion!iGthd aRpgHoCess cont ol
applications, and second to validate analyzer an boratory val ues. For

these uses, by quickly updating the nodels with the actual on-line analyzer
val ues or[qoé’éirat ofje Hizgsiumenarenment ohpoorsss trearoquality ped pthardeye can be

hi d Wt h f i dels. If t del ; ) t
ot mate ORGHERPARERGHEF & Bploerhengyt andshitie Fo oR selinpaReySing ( he
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except for ensuri ng W analyzer Sa e values are w n mnimum an

nmaxi num chinggeralysigidften reqdies atdedicatsE proeebdsdmphdg Sgstamearidadequat e for
det ecting abnornmal anal yzer sanple values or for predicting abnornal
qual i ty es@virenmenrtale paotsetest lieldrsbekar fqrrthe enalysiseaguipment. Maintenance

of this equipment can require specially trained personnel and high preventative
maintenance effort; however it is often the case that maintenance is done only in

response to a known problem with the on-line analyzers. Recent on-line



[ 00061For these uses, there cannot be any issue distinguishing a real
abnormal event froma defect in the nodel. This requires that only highest
qual ity tweiznésngewtat a be used to build the nodel. [0007pCharsowsonisey of
inferential nmeasurenents in the continuous process industries are devel oped
by using process data driven nethods such as neural nets, stepw se

r egr essi oanakyaet sysiterhe atorpopade standand sanmples forotepting endwakbragionyandir e and

t he nodel paraneters a;@,&gt erm ned romp%eera .ing data. Alternatively

i nf er ent | ANCHRSQUPBIREH ! HJ%%OIBQE@EIGHHI SR dIAgHOSCS) es engi neeri ng

nodel s where only the nodel paraneters are determ ned from operating data.
The qual i [g064] t he OTededifesthvebonemaksiqualith arasaepicns isifgiaslabbewddy cant |y
affected by the quality of the data selected to build the nodel or to fit
par anet er gnakysis, eithertinmonjunqtionswish ginrereting @nalysis or imksad afangwi-Boei on,

data anal ysis and data conpditioning nmethods need to be . tajllaored to the

char act er FBRWES- chﬂéﬁeaf?f%Bﬁteﬁ@nS’c"l‘F m%%%vﬁweﬂkﬁ’eﬁagwga pids2amrles based on
si npl e st at st 2 i O | 1.1 j j

i nferenti gba Z}grf%l'a%lggﬁgﬁﬂ% ee&znopnlg%lﬁlt}%%ésiagraglgi 53 g?ﬁ%ﬁ%ﬁ@e@lﬁ\rg gﬁgl(l')'lf ‘tfgonmbe

traced todaighd erdekkp, Hé‘v&@si?ﬁif%hhit a6rmaPvaais1iee %ﬂHtHaQBiarlﬁOgﬁ%m%tet. hat
don't match the characteristics of process data. SUMVARY THE | NVENTI ON

0008] Th [£8cti f b | t det [ t hod . t AED,
(seo ¢ o 15IG06) Soswspsiart the opr voRaly s 208 IarorFiask BADBILose. and
ot ovt ot ng DR Agh s andh B Siglaf? bER, pqidh JREINET b Bercied floh)

process phidikesadily SetiiableptocesPRleasirebRinds GrimariB} Rniperitt&prsssafds, vat ed,
and then by providing the operator with key information for [ocalizing and

di agnosi ngnd flewsyofTheamsetraditiohal yresfbe mfefddiadreasutenserntnarenfifsoto abnor mal
event detection is. used to des%éri e a nethod and fystemfor detecting

abnf)r mal  GEalfe’ CORUREQUSHSHmALE r’&?ﬁq dpwly L %‘F‘éﬂl)@erf%@?ﬁl fﬂf-qsiene_
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in key procéss pararne suc

abnor mal i@ ¢beratepy SaluedN For tibss WIBRBY qbilkE ﬁ;,swaﬁmg'f B rhod1s Hath 1D
inferential nodel for the abnornmal event detéction of operating paraneter

nmeasur es aétushom-dimei anatyzer ealueaombatiorafory meedsnperhents preasomably atlequdte me
dynamics with a prior art algorithm such as PLS, a nethod for building
hi gh qual PESfOTRaRGEssAn ke achievdsewm withrnaar pgrivaming modsls. olf¢he seadedbnor nal

oni 1o nreshufe BPLEE (GPORRER EERH BhGe! sl o Bt RORSE S e
for onl i nghahn Akt a1y sHAP%e ad an REGRRCAT ThE Dekt 5ﬂé]§ze?3§?|ﬁ§{}9ni zi ng

the real-tine data 2. calculating estinmates of the current” qua val ue,

t he fut ur Hopresdt,cixedpyfoalensyring how, arabglzérisangi¢ vakies aeé withén eualmbm f or use
in a process control application 3. on-line updating of the nodel based on
the actuafndrgximapeehange limitarpedels that uss rapubupdatirignarcdnadsguiatesfor

detecting abnormal analyzer sample values or for predicting abnormal quality

excursions because of abnormal process events.

[0006] For these uses, there cannot be any issue distinguishing a real
abnormal event from a defect in the model. This requires that only highest

quality training data be used to build the model.

[0007] The majority of inferential measurements in the continuous process
industries are developed by using process data driven methods such as neural
nets, stepwise regression, partial least squares etc. where both the model

structure and the model parameters are determined from operating data.



5. conbi ni ng and summari zi ng the normal /abnormal status of multiple
operating paraneter neasurenents 6. providing abnormal event diagnostic
i nf or mat iwo 20@s/bEF1consol e operator 7. providi ng nodel aCagrseai8ioc2428
information to the maintenance engi neer [0011] At the heart of this
invention is an inferential nodel which estimates the value of a key
oper at i ng Adterpativedy infea¢ntiad measvrementbganbedrased oo fistpsineipless by a

| aboratory anal ysis. This nodel,K uses readily avail able process nmeasurenents
such as t SRBWCSHNE @sqd% where euly, m@%aréﬁstﬁés a%éﬁaﬁym&ﬁi fg?mart
algorith . l-at i ' j I .such as
neur al n?&%&gw ”@%ﬁ@ﬁﬁ)@é@?%&%ﬁ@é&é@h@%ﬁgt %ﬁﬂ%ﬁegéii on.
However, & %ﬁ‘cdlﬁfglméc_t@&}ss tHé Ghhk dBthe Haes Beakd 18 bulld the Meodh] bafé CS

whi ch are Charactéristic of continuous industrial processes. [0012] For the
i nf erent i &t parmadters ini sfirstpeinciples engineeresg amqutel o herdatarstlactiion,idata

particularly PLS but not |limted to it, with three different pretreatnents
of the noabdlysispnd daia sonditieams methpdsineedo bgriaipred torthe caracisistisht i nuous

i ndustrial -processes, a step. known tinme nghroni zati gn. . Fach form of
o synohf B e ted rebibe 0l RElefts abhiash¥y el Sebte e fdel "W 1 be
put to. Thi t STH ] t ki | ati ng
each ti neﬁ%s?/lrr]ﬁ h?dg{r?i' ilél%@fa?]lgh%‘@baﬁgﬁlﬁg?%ﬂg?iht?‘égfé'[rﬁfgfs?ael {S:u%tgf/ﬁic roni zed

i nput s i ntontimumstprovdss influsthies oar plen \bel tracedibdnelifé téveeddtatseetion
synchroni zations the inputs are done to estimate the current value of the
anal yzer anq dpireangitjoningsuetbadnthatdenymeatchthe phamgtenisticy af peoasss t he

anal yzer asurenent, to be used as the input to a nodel based predictive
control a 6t8rithm or to be used as the input in standard control

al gorithm such as a proportional integral derivative (PID) algorithm
[0013] To SEAMMARY ObT EHENINWVENTI@N, this invention includes a nodel

devel opment approach which creates a nodel training dataset structured to
the char apjgg8]st i C¥hebbjdetivEFranIHAOHARESY &M eRUHOAUREE I el
processes. This includes: using normal operating data inste of " desi gned
exper i menAEIxt(see age 200G 0068898 )as taprextns tlemdycatdtidreoDpreicass ok at a
smal | nunber, of operating points _accounting for process tinme dynanics
account i ngd4ipmenk problems 1nter sesionsiipeidgnisndt aelieves thiwby firsicproviding ghe or
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equipment problem, before the alarm system is activated, and then by providing

the operator with key information for localizing and diagnosing the root cause of

the problem.

[0009] In this invention, abnormal event detection is used to describe a
method and system for detecting abnormal values of key operating parameters,
particularly from on-line analyzers or laboratory analyses and for predicting an
abnormal excursion in key process parameters, such as product quality, caused
by recent abnormal process conditions. In summary, this invention includes:
an inferential model for the abnormal event detection of operating parameter
measures which combines pretreafment of the inputs to account for time
dynamics with a prior art algorithm, such as PLS, a method for building high

quality inferential models of operating parameters to detect abnormal values and



inferential nodel in a manner consistent with the off-Iine nodel

devel opnent. Additionally, the on-line systemincludes a nethod for

adapt i ng wbeossoed71i n real tinme and nethods for interprecing2aismo242s
inferential nodel calculation and the analyzer / |ab neasurenent as to

whet her an abnornmal event is present or not. Once the operator receives an
i ndi cat i oto pfedact abimoomahexausions (Figure |13 andaadlyistens fohenloper at or to dril |
down to the imderl in bnor i ndi cation and the supporting data. The
oper at or SIRIRUEQ gﬁ %WEEL( Waeld) 8UBh<t-he correct action based on
his anal ysis of the abnormal indication and the supporting data. [0015]A

typical abpgeroal eTeetsysehefdr ailinrkiplplemechationdnthidesve 10 - 20 key process
paranmeters/qualities wthin the process scope of an individual console

operator. Using fuzzy petri nets,.these. key. process rameter nodels are

ei ther: nerged toéet PIQCSS%P%?/F%‘? %yré‘ihﬁﬁ%ép%ﬁﬁdﬁc?ﬁﬁm?%t%f t he

nor mal / abnornmal status of all key process paraneters or nerged with other
model s in the same2praatadstisg bstimatestof the owirert guatitavalue, ehelfutafe t he

nor mal / abnormal status of that process sub-area. [0016]1n this manner, the
on-1ine system can prisodigted gealgy yadues apddheesfimaje of thequahity foraese in

nor mal / abnormal status_of the prqgcess condition. BRI EF DESCRI PTI ON OF THE
DRAW NGS [ 0017] Fi gur € RFOSHHEC rcﬂ@PHﬁﬁaﬁ’%‘? devel opi ng i nferential nodels.
This figure shows the major steps for the nmethod portion of the invention.
The solid boxes repr eaehhe updaging of ther modtEpasedivn thetdveualohéasdrément boxes
represent the areas covered by this invention. [0018] Figure 2 shows on-Iline
system for cal cul aji i i t s _f abnormal event detection.
This figure shows %hgg¥e=qg;ﬁﬁég%h?l(6‘get§ae!s‘g?%?ec%ﬁsg&?ati ons for the online
system portion of this invention [0019]Figure 3 shows the fuzzy conversion
of statistical sighifdonshiomng and swemanamy the rornehabnoamakstetus.of Thi s fi gure
shows how t he concept Ol:tifpit atistical significant is used to nornalize all
nodel residual s into B{tPEC BPCHHBE NAKANFIEH REASHIARCHBnor el event by usi ng
fuzzy nets.

6. providing abnormal event diagnostic information to the console

operator

7. providing model diagnostic information to the maintenance

engineer

[0011] At the heart of this invention is an inferential model which estimates
the value of a key operating parameter that is measured by an on-line analyzer or
by a laboratory analysis. This model uses readily available process
measurements such as temperatures, pressures and flows. There are many prior
art algorithms for calculating such an inferential measurement model, such as
neural networks, NN, partial least squares, PLS. and linear regression. However,

these methods have difficulty incorporating the time dynamics which are

characteristic of continuous industrial processes.

[0012] For the inferential model, this invention combines a prior art
method, in particularly PLS but not limited to it, with three different

pretreatments of the model input data to handle the time dynamics inherent in



WD 2008/ 106071PCT/ US2008/ 002428 [ 0020] Figure 4 shows a fuzzy net for
summari zing |likelihood of analysis abnormality. This figure shows how a
conposi t ewbizke/iobmod of an abnormality anong all anal ysipsTits2@aloc2bst ed
fromthe individual likelihoods. [0021] Figure 5 shows an exanpl e of 90%

l'i kel i hood that Y Predicted will exceed upper quality Iimt. This figure
shows howcbhénaausaindistrial predessesoh stapeknqwn editimesyrichrosization. Fachkr ni ne t he

B T
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whi ch sumgpsdisaized finﬂglﬁﬂ%ﬂd theAtopibiathgaihess fitdle dynEhiorfl %6 RFARE Mito an

[ 00231Fi gure 7 shows the visualization conmponent's for operator displays.

Thi s fi guestimhtevsf theeutputralye.opbe i fieredit Sipeagynchoonizatkommthieiinputsyase em t o
hel p the operator di agnose a potential abnormal_ event. [0024]Figure 8 shows
a typi cal dene & etimatedhp syrest vaweafdhe agalygers horalprnwaswempmt.dor i gur e

shows the_nmmj.or.,steps for a ical prior art thad for, deyel.opi n

i er ent | BCLE Sae Bl (NP ehdhaR pias i id R pkg LR BRIy
excl udi ”9{&{]&%){ eﬁf&ﬁi&%f@dtm%l%drﬂm&,r&'ﬂ?'b@%s@&*a@éhér Hirp%tfiﬁ Stdnlatf an
exanple o owt%e ailure to exclude data from steady state operations

coul d af f eohtrohalgedtimpiieh dsr oprdpoetiondldntiralalerivadet (PIDY akgorithuy € 10
shows dynam c response of a first order dead tinme process to a step change.

This figu ows ] C. e hch.is tvpical ,0f the ti dynam cs
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pair of dyg¥dibpchPRpp@abWhich creates a model training dataset structured to the
characteristics of the data generated by continuous industrial processes. This

includes:
e using normal operating data instead of designed experiment data

e accounting for protracted steady state operations at a small
number of operating points

e accounting for process time dynamics

e accounting for the cross correlation among model inputs

e accounting for unmeasured effects on the analysis / operating

parameter

[0014] The on-line system preprocesses the data and calculates the
inferential model in a manner consistent with the off-line model development.
Additionally, the on-line system includes a method for adapting the model in
real time and methods for interpreting the inferential model calculation and the
analyzer / lab measurement as to whether an abnormal event is present or not.
Once the operator receives an indication of an abnormal event, the system allows

the operator to drill down to the underlying abnormal indication and the



[0028] Figure 12 shows a set time trends associated with partial plugging of
the sane line to the analyzer. WO 2008/ 106071PCT/ US2008/ 002428 [ 0029] Fi gure
13 shows wo=eds/ms0me trends associated with difting cali pcatisemsod2she

anal yzer. DETAI LED DESCRI PTI ON OF THE PREFERRED ENMBODI MENTS [ 0030] The

pr esent inventi_ongi)rovi des a system for detecting abnormal events in key
oper at i ng spppeitmgatata. Thelopartor batuthe rgsponsilyilitpto dedidg onrthecerrectal nodel s

to: estimat.e the current value_.aof key operating paraneters rovi de early
det ect i on agfop &?9%? on ¥ Rf &%&Mﬁb’é‘al&?ql%%&@m&%@éa ct
future abnormal excursions of key operating paraneters [0031] Additionally

it provi d¢e0Es|met hadtyipical abasimabevdir deaeeidnaipylicaien esllidHaveore! 30 and
anal ysi s nechanisns for the on-line system 1. Inferential Measurenent

Abnor mal  keyproexss perametersjealitissanithoode]prveessseepe of anbmdividial event s and

ke aranet er .measure ts such as _produgt quality, it is inportant to
know. 15 CARSQR OPFFIOR R pEciZaY PRUbBRL: Hhege SeY Profass Parasasteb Modsl ue?

are either:

e merged together to provide a single summary trend of the

normal/abnormal status of all key process parameters or

e merged with other models in the same process sub-area to
provide summary trends of the normal/abnormal status of that

process sub-area.

[0016] In this manner, the on-line system can provide the process operator

with a summarized normal/abnormal status of the process condition.

BRIEF DESCRIPTION OF THE DRAWINGS

[0017] Figure 1 shows a method for developing inferential models. This
figure shows the major steps for the method portion of the invention. The solid
boxes represent the prior art steps while the dotted line boxes represent the areas

covered by this invention.

[0018] Figure 2 shows on-line system for calculating inferential estimates
for abnormal event detection. This figure shows the flow of the data and

calculations for the online system portion of this invention

[0019] Figure 3 shows the fuzzy conversion of statistical significance to
likelihood of an abnormal event. This figure shows how the concept of
statistical significant is used to normalize all model residuals into terms of the

likelihood of an abnormal event by using fuzzy nets.



s a nodel used in closed | oop process control properly predicting the
val ue of the quality? Mght there be a significant quality excursion due
to a procwea@nge or an abnormal event? Wlat is the pcediscssaofsas ur e
val ue of the analyzer or | aboratory value? Il. On-line Abnormal Event
Detection Using Inferential Mddels [0033]The nodel cal cul ati on process
depi ct ed i[6020]gur e Figwrardt Hwveey fugnyatttifar sumhmarizieg tikebbodd ofianalpsis

Real -ti t [ 1 t.i i B. .. | tatisti |
SRR SEN N I RN TR IR
proeess oRFIhOly By o tRaflasna el ELARReRNETL 20l Yo s A

several different tinme cycles. The standard process nmeasurenents
(t enper at (9@&1] pr efigures, shiavesan exampleaafed@pdikedihopdahat Yabicas willa hi gh

f d inta the. [ t f f at |.east

it o, DEREHA WP ALY BaNit: Thidiein ahpusdiow e e disrbaRon PhEanal yzer s
t ; | i Q.- i . s t

ypi cal 1y trpkrris Peeplfadyfhe s SRR BY Ehon iARRRIEPIAiEM 0 215,

results, gbho@hdleinalBasek&itsiohs. come into the systemon a regul ar sanple
schedul e. For | aboratory results, there can be significant sanple cycle

Sampros aPRnn B O ot By i toLunmins “ﬁﬁ?él'ﬂ:e&ii offughts 1o do
Can’ bo ac AL ERHRE: 2 Thls a8l Ron TP BIHp Rpre o o BBEHTRSI oo,

t he HART( excqpidahogsdanObe freugétPidgethdriiflota SingldEsthafon trédd aip/ Wwhith Hart

Communi cati ons Foundation and stands for "H ghway Addressible Renote
Tr ansducesummarizes thevikelilzood opan abngmadldimitexcheddoed. agai nst the zero and
span of their transmtters to ensure that the signal is active and within

t he transyyg rra j . ' r . DCS
systems w1 (P0se’ of s T DuSIBE CiANAEa bOrth S (6P bpbRiStaisbilT

out si de t This*figuGhows! the PRirsarg BPeratdR desplaF T thECon IS $FFeiitd hepi Nt ai n
the last good value within the 4 - 20 ma range until the’input signal is
once agai thevppesater diagnosaagwtentitdiabnormbl gventhe system recogni zes the fl ag
used in the DCS to indicate that the field device is going through field

AL et R R e L s T ST
[ 0036] | n addiels. Shhisdiguie shibws MhisThRfek stBys form BRRtAprivg artmethodReks,

developing inferential models.

[0025] Figure 9 shows an example of effect of not excluding steady state
operations from training data. This figure is an example of how the failure to
exclude data from steady state operations could affect the estimates from the

inferential model.

[0026] Figure 10 shows dynamic response of a first order dead time process
to a step change. This figure shows a dynamic response which is typical of the

time dynamics encountered in continuous industrial processes.
[0027] Figure 11 shows a pair of distillation columns.

[0028] Figure 12 shows a set time trends associated with partial plugging of

the same line to the analyzer.



on-line anal yzers can be run by conputers which provide di agnostic
information on the functioning of the field equipnent. For on-line

anal yzer swotzhe/loment sanpl e val ue can be conpared to the/yse@sioozsss resul t,
checki ng that the new val ue has changed enough to confirmthat a new val ue
has been transm tted and checking that the new val ue has not changed an

unr easonalf@@®YnounFigurails shovesas setdbhe trehds gssachased vatindifting wppbmationt ed by
conparing the new value with the estimted val ue and checking that the Raw
Bi as has R&th&#AYEd: by an unreasonabl e amount. [0037]1f the model inputs,
the on-1ine anal yzer values, or the | aboratory values fail any of the gross

error chegSTAUNEDODESTRIP MON OHEHEPREFERREMEEMBODIMENTSe failure

persists, the operator may need to take folTow up actions such as disabling

LSO, o R 5 e i,

request a ument 'c an i'n reque a ne anpl e be

t aken andeoaitk Yiz kdy bypetdiing pdrametads ysuch(RPrbaneeyddiiey fusindahfaremidl/ out put
signals pass the gross error checks, any mathematical transtorns needed for
nmodel inpmaledg ®:cal cul ated. The anal yzer or lab result may also require a
mat hemati cal transfornation to be consistent with the inferential nodel
form [0039]Finall$ testmaieghe cuipentyalyeof key epeiating paspmeteraxcessi ve

noi se. Measurenments with spi ky behavior can be processed with a spike
rejection filter, gu i : : Yl i WAL, J can be
reduced with a high ]‘cﬂr}ggglgﬁecawr&éc?gétﬁ%ﬁf |V‘Iytﬁgrrﬁe%yygi&ggfl§y an e(;?pkgérlle i al
filter. B. Mdel and pgaraesdrs cal Significance Cal cul ations [0040] The
inferential nodels for on-line analyzers and | ab neasurenents are typically
fitted using parti al Ie&.st Sﬂuares Pl[Sg( regression, neural nets, or

stepwi se |inear relrd¥siighfut FF%‘?I&H&E‘ SXCYUISQNS QhAFISORATAURE PAFANCEfent s ar e
being identified: first are near termproblens with the quality neasurenent
itsel f (ub03]t he Xddithenadlyvitprevidesaomthodfer greating theonecessary si gni fi cant

qual ity excursion caused bnor mal event sing.the Yp"dicted val ue),
and thi rd"gg@mﬁﬂﬁ’q%@f%?‘vfgﬁajyﬂﬁm@#ﬁlw r&H%P“?‘HEe $EN- or in the raw
measurenment (using the Raw Bias). As an additional use for the nodel, an

estimate lor LiferenfiabMuyageessert Qb al PRlent Blck@lion OBjYctigks can be
calculated. Calculating the Inferred Quality Measures,” Y - estimte,

Ypr edi ct e d Yc rol [0041] The, nodel s f,or cal cul ati ng these three types
o1l‘o i n:‘ errﬂféngmal i tg‘ﬂfkaf‘éak%tsadb{l? aLFV‘Eﬁ%S f‘ﬂfig(&yrﬁ?jr%‘lﬁe 6%&%&}:&%?%18}1@% yP
synchroni g@f,gggggf){lgzgp?d{g?%ﬁbﬁgm% lm(;vt;l the quality measurenent

inferenti al 10

¢ Is an on-line analyzer or laboratory providing a correct value?

¢ Is a model used in closed loop process control properly

predicting the value of the quality?

e Might there be a significant quality excursion due to a process

change or an abnormal event?

e What is the predicted future value of the analyzer or laboratory

value?

II. On-line Abnormal Event Detection Using Inferential Models

3
[0033] The model calculation process depicted in Figure 2 can be

segmented into four major portions:



bi as cal cul ati on and update [0042] As a byproduct of the bias cal cul ation,
the Raw Bias is analyzed to identify nodel calcul ation problens or analyzer
cal i br at iwo 2desys071 Ti me Synchroni zation [0043] Qual ity measwsesnsnds2ar e
usually the slowest to respond to process changes. Therefore the inputs to
t he nodel need to be tinme synchronized with the quality neasurenent. This
ti me synchronizati dn i Bealstimeadata cole@iquared prepyocdssingerm "G'. This is a

dynam ¢ nodel nost_si epr.esent.ed hy a differential difference equation
or Lapl ace transfoPm %égdﬂﬂ%flpg]rﬁlé%‘%waﬁge galeplations, ger deadti e
nodel : Where Y(s)exIDs -~ =Tay* - f t he

I nput signal Y(s) C. La%ﬁ&c%arf%lggg?lgﬁ%r%?%@ E%regﬁhgg{)ta@l?gﬁr{é?g%q% |t§£1 1 G s)

- synbol for the tanspeividingcdiniosticldisslays ke vrae ahaABRRf orm for a pure
deadtine of TD Tau - time constant for a first order ofdinary differential

equation s - Lap]ace ftransform paraneter [0044]1t is inportant to note that
there is Ao s&é@ﬂ@%@éﬂ&gin this nodel. Al steady state

rel ati onshi ps are incorporated in the inferential nodel paranmeters. During
t he nodel [34 opnPrata st krgeghhingo thesy stsm i sevieral tdi farent disne cyxley. Thes

devel oped as the best single in u{, si ngl e out put dyfrl1am'c nodel between
each candS@adard PROSEsSMGaTHEMERL (tegap 165 chrensures t11ows fig.) #€cessary to

devel op aymilijly hPRMb1E b0PhesPHEQHEn Y ARIL SmERER' the system at a frequency

of at least once per minute. Depending on the particular analysis, values from
on-line analyzers are typically available every 10 to 30 minutes. Laboratory
results are typically available between once/day to once/week. Except for
laboratory results, all other measurements come into the system on a regular
sample schedule. For laboratory results, there can be significant sample cycle
variability because of the manual steps involved in collecting field samples and

running the laboratory analyses.

[0035] The next step is to do gross error detection of the data. Depending
on the field devices, there can be accompanying diagnostic information from
field devices that support the HART® protocol or Foundation Field bus protocol
(trademark of Hart Communications Foundation and stands for “Highway
Addressible Remote Transducer”). The raw model input signals are checked
against the zero and span of their transmitters to ensure that the signal is active
and within the transmitter range. This check handles two different cases. Some
DCS systems will use a 'Bad Measurement" flag for input signals that are outside
the 4 - 20 milliamp signal range. Other DCS systems will maintain the last good
value within the 4 - 20 ma range until the input signal is once again within this
range. Additionally, the system recognizes the flag used in the DCS to indicate
that the field device is going through field maintenance or calibration, for

example by setting the DCS measurement status to "off scan" or to "manual"



[ 0045] Each of the three estimates of Y use different, but related tine
synchroni zations: |In the 'estimate cal cul ation, the dynamc nodel "G' is
used to tworoesymedmioni ze the various inputs wi th the quacirtus2emsasueenent .
In the YcOnt, 01 cal culation, the dynamic nodel "G is replaced with a
dynanm c nodel " G "without a deadtime terme-TD*s, and where all of the
ot her nod§0036r anelreadditiondprithe minyawm and maximum oprrating sangs elecks,
calculation, the inputs ate not tine synchronized, Since there% I S no

n time
synchr oni 2Btlingnnal¥Zersy 6an he B by, coneutess Whichproyide-diggnestie mipgpauen. o qy

state val ue "X 0 J: | | r val ue.

I nferenti sp tﬁ%&qcf&q%ﬁékﬁeoﬁelﬁwgbﬁgoﬁ%gﬁlg%%‘&?eygggsb léi cLL&[r(;er'nént I al

esti mati 0QamphevdlnE @ak Beicdimpmegho tife hiteTdusrdSult, bk Mgl that @iindwpes of
nodel s, such as Kalman Filters, partial |east squares, PLS, regression,
neur al newaluerhastchpnged eneugletscantirme dmt aenave edluedrastteentoatsmittad @ntat i on.

However, the PLS nodel is preferred because the inputs are usually

cr oss- cor cbecking thatibe agwevalue nannpschanged anreasonable aouBhilMisut i on of
each input _to the.model result is easily determned. I.f the has a
st rong I?\0 HRF qaﬁ‘é%aﬁﬂ? ﬁgfnﬁ%ﬁ éﬁ%c&ﬁ %?nﬁ%et ?lg)apg%’wngg b&'oﬁ?}'gﬂgﬂ?%éh? Bg&ﬁﬁaﬁ%gh a

t ransf or i lp:m ' dfy
[0047] For " BRSRACE val AR RRENIT (AEINCRER 2 B nEe A I, en

vari abl e shfdasdnatde hatounte on-1ine calculation. In original latent variable
form the latent variables, Lk, are forned fromlinear conbinations of the

ol a6 5" letEmARTaRTE, GROmEH: aBlpBPVdDes Srang taboraigry Ly
Bi as EquayhRs Fail 6 ofkhe gross error checks, the operator would be informed

immediately. If the failure persists, the operator may need to take follow-up

actions such as disabling the closed loop control application, request a field

check of the analyzer, request an instrument check of an input, or request a new

field sample be taken and analyzed by the laboratory.

[0038] Once the raw model input/output signals pass the gross error checks,
any mathematical transforms needed for model inputs are calculated. The
analyzer or lab result may also require a mathematical transformation to be

consistent with the inferential model form.

[0039] Finally the model inputs are filtered to remove excessive noise.
Measurements with spiky behavior can be processed with a spike rejection filter,
such as a Union filter, while high frequency noise can be reduced with a high

frequency rejection filter, typically an exponential filter.

B. Model and Statistical Significance Calculations

[0040] The inferential models for on-line analyzers and lab measurements
are typically fitted using partial least squares (PLS) regression, neural nets, or
stepwise linear regression. In Figure 2, three types of abnormal events are being

identified: first are near term problems with the quality measurement itself

10



-can CI A Equation 4 Werea,the |atent variable |oading (coefficient) for
Input "i" and latent variable "j" B" - regression coefficient for |atent
vari abl e wo"20ask1060731 gni fi cant | atent variables in the Pe8Trusdeis/o¥iNg PLS
nodel output at time = N XJ,N are the tinme synchroni zed raw or transforned
inputs. LV Bias - nodel constant from nodel devel opnent [0048] All of the
fact ors afusingé¢hié Neispnt value), seaend argpredictivnseofaosignifiednt Quailta Si ngI e

coefficient to, mke t neric, PLS npdel cal Iatlonqlte -1 -
A2. .. AKK. exwrémwsséﬁwﬁmmﬁl eV%{lt??U%ng fhe ¥ quditiadidlus), and third aré
long term drift problems in either the model or in the raw measurement (using

the Raw Bias). As an additional use for the model, an estimate for use in a

process control application, Y eontrol, can be calculated.

Calculating the Inferred Quality Measures, Y estimates Y predicted> a0 Y eontrol

[0041] The models for calculating these three types of inferred quality

measures consist of three major components:

e time synchronization of the model inputs with the quality

measurement
e inferential model calculation
e bias calculation and update

[0042] As a byproduct of the bias calculation, the Raw Bias is analyzed to

identify model calculation problems or analyzer calibration drift.

Time Synchronization

[0043] Quality measurements are usually the slowest to respond to process
changes. Therefore the inputs to the model need to be time synchronized with
the quality measurement. This time synchronization is indicated in Figure 2 by
the term "G". This is a dynamic model most simply represented by a
differential difference equation or Laplace transform transfer function such as a

first-order deadtime model:

¥(s) oD% Equation 1

Tau*s+1

Where

X(s) - Laplace transform of the input signal
Y(s) - Laplace transform of the output signal

11



(, EV3"* a* XBias = LV Bias n=1 Werecr - standard deviation of X
Bi as Cal cul ati on and Update [0049] The nodel for estimating the quality
needs to we 2@nisotwal | y updated to conpensate for nodel perruseasaoni2g or
unmeasured or unnodel ed effects that affect the actual nmeasurenent. The
easi est approach is to update the additive bias termof the nodel. The
initial value for tK&sht agmbel fdrdhetepasferdnnctaon det er mi ned during the

nodel devel opnent stage. .This is updated based on_ the residual between the
model estimate and *€he ackaplpcsgpnsformdpga e dgadiypg oi(siﬁbhe "Raw Bi as".

Raw Bi as N = Qualityreast e, Nesr SHg! Yol ley Qe FAL EQthefon
%ﬁ niy é 2ol Sn=F

100501Thi s cal culatiron 1s pertormed o Ine an si's or |ab

anal ysi s is avail ablge, [ @plac@trahbforiPp@lanidi@ut s pass the gross error checks
and the new Quality Measurenent passes its gross error checks. Many on-line

anal yzers only_provide a new anal ysis val ue op a slow frequency,

t ypi cal | y[m]y 10“—153’@‘13%{]?%“?}866?’@%? 15 feadyhsiplrsgain tm%ﬂﬁé in the
anal ysi s i i nd| I . S been
ot i ver ot idsEs RS ER S Aladdtinlis HE3heme R i B ekl PR3

di agnosti ?afalfh@alﬁ%. Thutihe tmodel aemapmeﬁmta%é 11918 ¢ied SRHr¥niziflosal i bration
sanpl es. The bias updaté should not run if the diagnostic checks indicate a
probl em infodel,0@(s) bisateivelopedragithe best siegle input, sinpleadtpat dgnpmoeerelebanpl e,
if the sanple results are upreasonable (,.no change in val ue between sanpl es
or too bi §eareen ¢achrgadulatsunpyt andshe qualitygpeanigcinent el ds net pecesgsarybnor nal
state (e.g. ;shuytdown).. Typical ly the tj het ween the process stream

sanpl i ng ﬁ}]ge\ffﬂép§g{1?1{}1e-p§b%5§lqgfl,%—03ﬁzl}tidé(gggﬂgm%feg- results are consi stent
fromsanple to sanple, so this deadtine will be a part of the tine

synchr oni {145n nobech of e thoas¢stovaes BCY wis2differO02u@sre]laedpimed t he new
value for the quality nmeasurenent cones froma | aboratory analysis, the
time that SY‘P‘FZ“W’@PHO%%WI e was taken nust be used to determ ne the correct
conparison time for the Raw Bias cal culation. The time between a manual
field sanpl e and t@&e jdqhé YeLyY,, Qtalchfatl 3D WU PhIMIERBUEE" G AT YRidto time
significantly. Consequently accounting for this deadti me occurs once the

| aboratory results arsgnclhanyze the varioukénputs vditlo ey qiality tnoedsutdineiit. el d
sanple at tinme "K', and the |lab analysis value arrives at tinme "N' then

e In the Yontror calculation, the dynamic model "G" is replaced

-TD*s

with a dynamic model " G* " without a deadtime term e~ °, and

where all of the other model parameters remain the same as for

"G" .

e In the Ypredictea Calculation, the inputs are not time synchronized.
Since there is no time synchronization, the Ypregictea Value is an
estimate of the final steady state value for "Y" if all of the inputs

remain at their current value.

Inferential Model Calculation

[0046] For all three types of inferential estimation, the inferential model is
identical. Many different types of models, such as Kalman Filters, partial least
squares, PLS, regression, neural nets or stepwise regression, can be used for the
model calculation. However, the PLS model is preferred because the inputs are

usually cross-correlated, the calculation is very simple, and the contribution of

12



Raw Bias N = Quality Measurement N - Quality Estimate |cEquation 9

[ 0053] There are several traditional algorithnms for updating the "Bias" from
t he " Raw BDas#s/1060mdng t hese are processi ng the Raw Bi as pértus2@slooz2pass
filter, such as an exponential filter: Bias N=a * Bias NI + (1- a)* Raw
Bi as NEquation 10 where a = exp(- sanple tinme period) filter time Equation
11 sanpl e?d:‘ ir}qué@ thedmode] rasulbids gesily detarminied. rlgihﬁ procehs hay a sirpng -
exponenti a ilter tinme copstant.100541As oppo 0 en _t he. inf nti al
model 1's eatincsriog it seBlbReGHsiE e PRl or b s o b he

det ecti on, fd r. .t . . g tinme interval in conparison
to the sarlrr%ﬁllgs’ttlhrErltl%jg1 r}egl/%%a Iy(g%é?Z%%g? b%ﬁ%ﬁlgegﬂti nmes the sanple ti me.rrpFor
exanple, if an on-line analyzer has a 10 minute sanple tine then the filter
ti me woul 007]set GoethePLSmaedd, there is no aeed ta keep Wecomplicated fatent
greater than 0.95. [00 egar dl ess. of the ecifi | gori t or

0ot cut at i HgMabls SsHTEdOb MEoh THe CRlsplataly; RERamnaf iteSiYariably F&u the
detectiony] . ifficatd I i ' fect of
t he abnor rlétﬁmte‘\'t%hatm‘?sg Lr“i’oz%}‘a fogﬁggfﬁb@n %%@grgégﬂgis)g{r tfglcrilgF)rft% @e ehb"feggerg%’dat e .
cal cul at i @Rit vEPRNB®SEaled dNpt vatRbRISf Tt of an abnornal event appears in the
qual ity neasurenent conpared to the specified filter tine, the
progressively nore difficult the event is to detect. Consequglgtlé t?e nost
difficult abnormal event o detest is*a)?slow drift in the measWydifmhe,
requiring an equival ent | y™sT 8w 1 ¥ @ tfnE " T%astng Fuzzy Nets to

Nor mal i ze Mbdel Results and Conbi ne Model s [ 0056] For abnormal event
detection, the nunerical ypds, *rlg’g‘ph-t& *ggyi__,reBM*LMN+LV Bias

Equation 3
o _ (Xx _Xi,mean)
o o, Equation 4
Where a; ; - the latent variable loading (coefficient) for input "i" and

latent variable "j"
B, - regression coefficient for latent variable "n"
L, - significant latent variables in the PLS model
Yx - PLS model output at time =N
Xj v are the time synchronized raw or transformed inputs.
LV Bias - model constant from model development

[0048] All of the factors and coefficients for each input can be combined

into a single coefficient to make the generic PLS model calculation quite simple:

Y =A4* X,y +4,* X,y +..4,*X, y +Bias Equation 5
M
*
[,,:1 (B" @i )) Equation 6
A4, =
g,

J
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interpretation for the consol e operator so that he knows when a result

I ndi cates that an abnormal event is |ikely. The nechani smfor making this

I nt er pr etwoI2008/1060710 use a sinple "fuzzifier" and the straritstoosab4eari ati on
of the nodel residuals, as represented by their standard deviations, to
create an estimate of the likelihood of an abnormal event. [0057] Figure 3
shows an exanple of how this is done. Thg solid line i$ a nmathemati cal
function known as a "fuzzifier"” and it F r(\nghjsnﬁ)(poegnr)}I i zed Egsatdoml7 of a
nodel (normalized baked on llpgﬁa%g%r_d Bviati'on 6f the residual) into the
| i kel i hood that an abnori n%la event “exi sts. Theo];system user selects the
regi on wh he nodel residyal resul re definitely normal, in this
exanpl e V\h%gﬁeliehe rmé’él'ﬁ%%‘#"ﬁaéiev l%eéf\slééein -0.5 and 0.5 of the standard
devi ati on, and when the nodel residual definitely indicates an abnormality
(in this BiasGhluldtem akkUpdded residual is above 5.5 standard deviations
or below -5.5.standard devi ations). The |ikelihood of an abnormality in

bet ween t pggy]ar eaThemddd for Bﬁ?rhaﬁﬂ%%@qhzﬂity%eﬁé 'bé RoAtihlKeY Lpeaddat 1/2
standard deviation to 100% | i kel i hood at 5.5  standard devi ati ons, and the
equi val ento campehste dor modeheryatsi anel foxlunaseasiiied clatrimddeled edfestsetthat i nes are
typi cal values of the likeli hOOd(;égeO% and 90% where the consql e operator
woul d be AHErtthegchial ipeasprementy obhe easiesh appraachds te Bpdateitbe addistyss] The

Flnct i on P P of St g By BB yte RERBRER G theraehiZeBsaht ot
val ues t hgbtefnlided éﬁﬂiné‘ﬂ{é‘ﬁﬁ&%é@fé}%ﬁ%ﬁf‘ﬁﬁ%&igﬂgﬁﬁg&’ﬁéd@asé@Sn n val ue

assum ng that the data“distribution functio ssian or Normal: Table
1 St andar desididl detweaen theNaodel esvimhate andl the a2uaPsiue, &Ferrdd9d Hee HOthé3002%

"Raw Bias".

Raw Bias,, = Quality Measurement,, — Quality Estimate,, Equation 8

[0050] This calculation is performed only when a new on-line analysis or
lab analysis is available, all of the model inputs pass the gross error checks and
the new Quality Measurement passes its gross error checks. Many on-line
analyzers can only provide a new analysis value on a slow frequency, typically
every 10 - 30 minutes depending on the analysis. A change in the analysis value

can be used as the trigger indicating a new value has been delivered.

[0051] On-line analyzers are often run by computers that do diagnostic
checks of the analysis equipment or occasionally run calibration samples. The
bias update should not run if the diagnostic checks indicate a problem, if a
calibration sample has been run instead of a process sample, if the sample results
are unreasonable ( no change in value between samples or too big of a change
between samples ), or the process is in an abnormal state (e.g. shutdown).
Typically the time between the process stream sampling and the delivery of the
on-line analysis results are consistent from sample to sample, so this deadtime

will be a part of the time synchronization model.
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3.5 99.95347% 4 99.99367% 5 99. 99994% [ 0059] However the data distribution
for the residual usually does not match a Gaussian or Normal distribution.
| nst ead iwoi2s0sai06ararposi te of two probability distributi easjustévs/onmss dual
during normal / steady state operations and the residual distribution
during noderate process upsets. In spite of this, the table can still help
in concepf0@52]y gui df the néw vphuspler thetinakiysmeipenEahcemas fioim aesi dual s
have been converted to the ¢co n sc of "likelihood of the existence of
an abnor nddbasdteony angkysis; eet“ﬁ’gggﬁt ti@?}ﬁ‘ﬁﬁépglp Waﬁéark%‘n‘ﬁpﬁte}de PESPmari ze
| arge port,i ons.of .t he | 151 S: cal l:y. d pi cki ng
the lar geéiF%W%‘f }Iﬁo%ogp%cg%§§%g8§§f@§#?? c>>/r t;igolﬁadv ?ééfig%@gbén %%e@%fang
Qual ity Apglwednsa Mpasdl AERIYanipledndthe [dAGLA S Ok aBoratdry re\fties ity
measurenent are detected by |ooking for a statistically Significant
di f f er enceabesigaificantly. aconsehjuently acgountaguioe tieis deadtimerat cuiseonst theat ed
qual ity neasurenent, %(esti mate. This difference is the@}gual Ity estimte

S

resi dual . labesatoryressdts ase readyoSedf theafighl ersratoriteck the Held) sasmlt al time

cal cul at eq¢f,ro h t andar d deyi at.i on_qf the.residual during noderate

process upSet gnn& hkee]iaﬁ apﬁgysg(\é FélrrdYesF?ﬁHPg g tEerﬂwactical definition of

t he probable "nornal range" would be the limts between which 99.9% of the

data woul d |ay. TihRdwBRis, efQhdlng Meamehens,or ORSRD Berimareappr oxEquadody 93. 5

standard devi ations away from zero, the mean of this residual. These |imts

can be tuned to provide greater or |less sensitivity. WO _

2008/ 1060 740K/ US2008 002428, 1008AH a1 1doHRh G o RRALHRL RSBl PR | o
the "Raw Bias". Among these are processing the Raw Bias with a low pass filter,

such as an exponential filter:

Bias,, =a* Bias,,_, +(1—a)* Raw Bias, Equation 10
where ) )
— sample time period
a=ex .
filter time Equation 11

sample time period - time between analysis results

filter time - exponential filter time constant

[0054] As opposed to when the inferential model is used for a process
control application, for abnormal event detection the filter time must be set to a
long time interval in comparison to the sample time, typically greater than 20
times the sample time. For example, if an on-line analyzer has a 10 minute
sample time then the filter time would be set greater than 3 hours, resulting in a

value for "a" greater than 0.95.

[0055] Regardless of the specific algorithm for calculating the updated bias,
the key requirement for abnormal event detection is the specification of a long
filter time so that the effect of the abnormal event is not hidden by being

absorbed into the bias update calculation. The more slowly the effect of an
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I npl ementation, a conposite |likelihood of an abnormality anong all anal yses
Is calculated fromthe individual |ikelihoods (See Figure 4). The

nor mal i zewloquas/ioto71est i mate residual s (normalized by di pcaiusgoosesisdtial by
its standard deviation during normal operations) for all analyses are
inputs into a fuzzy petri net. A fuzzifier converts each nornalized

resi dual ibharm#levienkeppdaooih tife qualdp measutément comapared &b thesspreifiedkn - 0.5
SD and 0.5 _.SD are 100% nor mal. and V§\| es either greater than 5.5 SD or |ess
than -5. 5iidfor sime, tho progsessively moye laﬁﬁwlyghesemﬁs tndetaste Gorsequenther i zed

operat or WrgsEarGRdlOfouhtREh 14 BReELR0F YR M0 fRsdntmety,
measur enept lgﬁHB| & WeﬁthﬂMﬁht@Pﬁ%.mnt beyond 60% which corresponds

to 3.5 stan%lard ewqat lons.” Predicting Significant Quality Excursions

0063] The |ikelihood of_ future significan ual it xcur.si ons i.s estimted
Ly CO]rrpar Cng Using Kuzzy Netsyo Normz%?ze Mco?ie} R%sglts ar>1/d ombine Models
predicted. to the quality limt. Depending on the quality of the nodel,
there wi | [00f%6]soneFarmsbmirnuf]l evenbdetoetiomdhe numeridalismaafel Yesudtdirequide and t he
actual future value of Y. The best esti rrgte f?rkflthis error is . the

pr obabi | i iRfeEnretatiopdor e emsekeoprraiarsp that hegnews w%rqsufivaéwaﬁt rn

Assum ng ssian di stribut.i ' FCt . catter en the
Futur e vartit oy degl & B hleR: AEHEnrulERkfaling B thickbreblolf

- predi ct gdd $sela Anfflandat Fiefeuh@thOfatiStied1Sharialidn offike HRRRY rélididlsy limt.
For this value of V- predicted 90% of the future values for Y wll be
above t heasipgpresented by yhéitr siandardldédations, lto lcecdte hnestilmataiphie qual ity
limt. For_particular |ikelihood estimates, this table 2 shows the offset
above t helikpliBood phpr ahpereal avsht-parti cul ar val ues of |ikelihood. WD
2008/ 106071PCT/ US2008/ 002428 Tabl e 2 Standard Devi ati ons Beyond Limt

Li kel i hoogo@g7]Excepbupg 3lshdhs $h SRS how this is done. The solid line is a

mathematical function known as a "fuzzifier" and it converts a normalized

residual of a model (normalized based on the standard deviation of the residual)
into the likelihood that an abnormal event exists. The system user selects the
region where the model residual results are definitely normal, in this example
when the model residual is between -0.5 and 0.5 of the standard deviation, and
when the model residual definitely indicates an abnormality (in this example
when the model residual is above 5.5 standard deviations or below -5.5.standard
deviations). The likelihood of an abnormality in between these areas is the
linear interpolation from zero likelihood at 1/2 standard deviation to 100%
likelihood at 5.5 standard deviations, and the equivalent calculation for negative
values. The dotted and dashed lines are typical values of the likelihood (60%
and 90%) where the console operator would be notified of the likelihood of an

abnormal condition.

[0058] The specific probability of an abnormality depends on the data
distribution function for the residual. This table 1 shows the percentage of
normal values that will fall within various standard deviations of the mean value

assuming that the data distribution function is Gaussian or Normal:
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0. 255 60% 0. 520 70% 0. 840 80% 1. 300 90% [0064] The fuzzy net shown in
Figure 6 shows how this nethod is inplenented in the online system The

i nput s t owoheosiwewy net are the nornmalized differences perwserstobm2s
Ypredicted. and the upper quality limt. (Ypredicted Upper Limt) Equation
12 Standard Deviation quality estimate residual [0065] The fuzzifier
converts this value into the likeli h;}pag%o a future limt violation based
on the likelihood table. A 100% | ikel'iP0%d estimate of operation within the
quality limt occurs whgmY
- predicted is below 1.B3 s %tr?gg?rél devi gt qQns bﬁl t hel upper quality
limt. A 100%|ikeli hood _estISVHANONS: oxl a rquality limt
occurs when Ypredicted |s higher than 1| 64 68.26895% devj ati ons above the
upper quality limt. Whgreas thgse comer po%‘ugl g%%es a1re not strictly
true, these values allojwthe fif7zifier tao cO 74 ¢ callcul ate the

| i kel i hood of 60% at .2b5 standard devijati 09%.78002%poi nt at which the
operator woul d get his firstmgtificatipn) { %,atr 1. 3 standard

dbvi ations. 35 §995327%

4 99.99367%
5 99.99994%
[0059] However the data distribution for the residual usually does not match

a Gaussian or Normal distribution. Instead it is a composite of two probability
distributions, the residual during normal / steady state operations and the residual
distribution during moderate process upsets. In spite of this, the table can still

help in conceptually guiding the proper settings.

[0060] Once model residuals have been converted to the common scale of
"likelihood of the existence of an abnormal event" multiple model residuals can
be combined to summarize large portions of the process operation. This is

typically done by picking the largest likelihood of an abnormality among many

models.

Detecting Quality Analysis Measurement Problems

[0061] Problems with the quality measurement are detected by looking for a
statistically significant difference between the actual quality measurement, Y,
and the estimated quality measurement, Yegimate- 1his difference is the quality
estimate residual. The statistically normal range for this residual should be
calculated from the standard deviation of the residual during moderate process
upsets. As in the example of Figure 3, a practical definition of the probable
"normal range" would be the limits between which 99.9% of the data would lay.
This set of limits would correspond to approximately 3.5 standard deviations
away from zero, the mean of this residual. These limits can be tuned to provide

greater or less sensitivity.
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Checki ng the Raw Bias for Mddel Problens / Calibration Drift [0066]A
problemwi th the nodel or a long termcalibration drift is visible in the
Raw Bi as wel2ues/10ddtese two types of problens can be diffipcwlus2ao8/001possi bl e
to distinguish fromeach other. Assum ng the nodel is comm ssioned with a
good estimation ability, nodel probl ems can conme froma change in sone

factor th uly affects. t ualit ue but not..i ncluded in the
model or ihﬁénge Hrtaﬁxp%r? CL’IFP ‘5!?5?%‘@1 opﬂéne“ me dynani c
relatlonsh e process
oper at i ng \MBHATRRAILE ?%%?Qﬂe%*‘ﬁfﬂ*%%ﬁ52??*‘?“%‘%%%???& RS er o
and the sparupited hﬁ%mm&mam likQModdogSee Figirea). TRSornsdized i s done by
checking for a statistically significant change in'the Raw Bi as which

per si sts qualityi edtincateresidasls(poranalizesl bywdividingtresidunl bylitsstapdatd cance

limts. Sim]arly, to detecting qual naI ysi s measurenment probleng, one
check for dpﬁ@é@n&%mgewm%lqm qusif% L,anglyses are 1ppwispnipsa Petilt si de

cyel i cnebk Aohedies FaRET KR Mt Rbichal il MY UERUENE! oY S5 OO

signifi Ca'asﬁohhmt?swh&@v%ag betvi&eal Jovs B #8d 0/58Deark ADObH RoRAN Bi@s can be
calculated fromifts standard devi ation during normal operations. A common

def i ni t i owahfestelithet preanal thamdgeSDvaruless timnt 4565 BDnartes] 0086 wbaarmdili. cAll99. 9% of
the data would lie, This set of limts would correspond to approxi mtely
3.5 st andanalyaémrablmar&ftaynsumm&r&e@l togather by selecding,the bigheshean of the
Raw Bi as ts,can edto I’OVI m)re or, FLvity.

[ 0068] oﬁcéllfﬁﬁogé of pu b8y + 55 ansefray oyl iR s, FER 2EBTABON o pe
instructe i th a
calibrati gnta %g@@nb’ecaéﬁga%mt@%gmalﬁna Zﬂé@%ﬂb@ﬁl\@@g@?ﬁé@i W%oer at or
Interface6DP/&ﬂb1@1‘¢h do&%ﬁbﬁdbeto@ﬁet&ndaﬁddéviahen@perator di splays is to
notify the operator that a potential abnornmal event has been detected, then
to quickly provide.the supporting |nf.orrrat|on needed by the operator to

di agnose I RLFYH AR YA L XCHISIO0R i s provided through a set of
trends and contri butlon bar charts shown in Figure 7. [0070] Trend 1 shows

t he infor 1@883n t o Therikehthopd of futuze é’rg%ﬁCQmélulaillééPX%é@néﬂS gstimeigfe

b | | hi
or odi ot eaoF oo % of Svusame, CTREWEILLERY G FERAMRe T o o0
likeli hoogu%tyaéf tﬁé‘iﬂééélo&e\“@bdlﬁ b%%%n?é’éﬂn@uht ﬂ?eﬁ@f B@t%&%ﬁdtge LanR HO%

| i kel i hood of “an excur si on. hi s exanpl e the excursion does occur as
predi ct edY Ruiked @andghe aetuhbﬁi'thfe edtieof Yor e dbestcestimate of this error is the

probability distribution of the quality estimate residual, (Y estimate-Y). Assuming
a Gaussian distribution, Figure 5 depicts the scatter between the future value of
Y and Y predictea- In this example, Y pregictea is 1.3 standard deviations higher than
the upper quality limit. For this value of Y pregictea 90% of the future values for Y
will be above the upper quality limit and 10% will be below the upper quality
limit. For particular likelihood estimates, this table 2 shows the offset above the

upper limit needed for particular values of likelihood.
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[0071] Trend 2 shows the estinmated anal yzer val ue conpared to the actual

anal yzer value. In addition to instilling confidence in the operator in the
qual ity oWothes/esizinmate, this trend is val uabl e shoul d trhe/tsednsab2sanal yzer
fail and the operator needs to know the estimted value. [0072] Trend 3
shows the operator if the difference between the estimted val ue and act ual
value is statistically significant. Tableddtted |ine corresponds to a 60%

|'i kel i hood of ap—analyzer—problem-whilethesol-d-t+nre—ecorrespgnds to a 90%
| i kel i hood of am aﬁéﬂ%ﬂﬁéﬁl VaaliQ [[0073] Bar chart 4 shows_whi gh
measur ement s ar ¢ i ndildepa ithié changeLikelihoed aidxceedingalumitf rlom it s

aver age val ue. I'hese mmxggoare arranged in decrﬁp,%l ng order of their
contribution toHhe—estirate—ofthechange—+n—+the a..al‘yl_c. valge. The
contribution from each rbd8% input tlo the cal cul®@®%d anal yzer dhange is
derived fromthls varlatOSQQon Equatfion 5. 01, -Agbfid,)=- Xi.N|fia) Ak *CA
2,N_ X2,1V,fi X\ 'Fll/\ l:nllaflnn 13- So-the size of the
solid bar associ at ed W t(hg‘ﬂ(i}nput Xi ils: Solid Bar8Q%kzeidv = '
111*( X, *Equati on 14 And; § size off the dotted ggpference box (i ndi cating
expected contri but s ati j romthe
training dataset Dotted Box Sizej = Standard Deviation (V(Xor -

i, N fild)0064]i ng Dhedusyunct howrbin lFnguBeGQhomsrkg)w th;S mgthod esi QJaI ity

Model s [0074]) The key to d veI 0 accurate is to _have a high
sl Ty, ¢ MAplemtasin, e omiig SRt heaRpulsodhe Rae Rt ARt o ni gh
quality t thﬂhl%cfj&tff"e?%ce%rbeetween the Y predictea- and the upper quality limit.

(Ypredicted - Upper lelt)

Equation 12

Standard Deviation quality estimate residual

[0065] The fuzzifier converts this value into the likelihood of a future limit
violation based on the likelihood table. A 100% likelihood estimate of operation
within the quality limit occurs when Y pregictea- is below 1.83 standard deviations
below the upper quality limit. A 100% likelihood estimate of exceeding the
upper quality limit occurs when Y pregictea. 1S higher than 1.64 standard deviations
above the upper quality limit. Whereas these corner point values are not strictly
true, these values allow the fuzzifier to correctly calculate the likelihood of 60%
at .255 standard deviations (the point at which the operator would get his first

notification) and 90% at 1.3 standard deviations.

Checking the Raw Bias for Model Problems / Calibration Drift

[0066] A problem with the model or a long term calibration drift is visible
in the Raw Bias value. These two types of problems can be difficult to
impossible to distingu.ish from each other. Assuming the model is
commissioned with a good estimation ability, model problems can come from a
change in some factor that truly affects the quality value but was not included in

the model or a change in the correlation structure or in the time dynamic
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Exhi bits good signal to noise ratio in the training data |ncludes all
neasur abl e effects on the analysis Includes appropriate nathemati cal

t ransf or msoabositoeonaw data, in particul ar those needed fPom/uS2ons/002428
synchroni zation |Includes annotations of unusual process operations

I ncl udes ancillary indications of process/control system configuration
Spans t herelpgoashipgmanggtheanputstandgbe outpy|dugde aschanigann ¢he pewessent at i on

of the various operating pQints . Excludes d data (outliers) ich don't
repr esent OPprAtiAg; 1t§ﬁr}§ce§%lﬂl‘6H8Ptdif CTIDG%TW@\.‘?FA’QHP Qﬁr@@ﬂ?@tget ypi cal
prior art _neth to v inferential nodels, while the Figure 1 show the
ext ensi ongp?'bofﬁ'f @ngs*l&g#’gghet hod necessary for abnormal event detection
and conpensating for process tine dynan cs and cross-correl ated nodel

i nputs. THROGH! | owDeteadioncef these iskeesmistdemgdiyocheckurg fachstatisticably t he

met hodol ogy shown in Figure 1. The fql.low n gara rgphs are nunbered to
cor r espondignifi¢ant changk fetheigu Sigs I%Pﬁrs%.t 9r £ysles phews and i o

Ve Do o 261 Thi 5. h . L1 fviag when th
i ot or  caPeisrb s iRicA S epiica e AP, Sumliehy PRlethhe iRy wpBls! " 1"

nodel devglQRARMeRPobiRhE) oA Thatk Rt theRISRobI¢Has IPRAkN the baRRHoY the-
Because these nodel s are enpirical, they rely on the correlation structure

i n the daRaw Blmtmoves eltaidecnt itt norcnalrenge randrstaygeoutsidertbatugpnga fohe
operating node. At this stage it is necessa;%)@to i dentify which operating
nmodes exi §evaral howsoddeaychs chgek sauntsithe ngribee oF tifpes thedtat B4gS i n t hat

' de. ' he ;. Il bul | di .1 Lh i | Hb h
need to agRrgs shtisheathXahGE AR Mt RAuR el TR Rdfuce e
total numsis ofn BRERkaIAGE ot 19 sARUSH A6MaRBEURtRE hortl BdElaions. trer e

maybe equi pnent configuration nodes that could affect the Quality neasure.

[ 0077] Contormuenisdéfimitiohrofahe fnonrslsanggbwonld bglthé hifrigdawieepavhiokli c
turnarounds for required maintenance. During a turnaround, a site may
choose t 0999§r afithe daterwenlddiss sThiguepat Hmitsowodldiearrespaadkong or ot her

reasons. This type,o roces hange can ke any data from pre-tyrnaround
bperat; ondPRSBIHEEN 8, BRI GO R sty B Efteich 1S 8 SaEeletlt "any
significa iRea) B . r } o the
process cg{netag‘(;qqq@?r at egfdggn%u?esslteqb%ﬁ%g egggééetdhfe& pe%?fﬂ&rersn? P???rges hat data can
be gat her g¢hsitivityyodel devel opnent .

[0068] Once the statistical limits remain violated, the operator would be

instructed to have the instrument technician check the analyzer with a calibration

sample and recalibrate the analyzer if necessary.

D. Operator Interface Displays

[0069] The objective of the operator displays is to notify the operator that a
potential abnormal event has been detected, then to quickly provide the
supporting information needed by the operator to diagnose the situation. This
information is provided through a set of trends and contribution bar charts shown

in Figure 7.

[0070] Trend 1 shows the information to inform the operator of the
likelihood of a future abnormal quality excursion. In this example trend, an
excursion is predicted to occur around time 4145. The dotted line corresponds to

a 60% likelihood of an excursion while the solid line corresponds to a 90%
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2. ldentify Surrogate Measurenents for Lab Analyses [0078] This step

i nvol ves selecting an on-line nmeasurenent that can "substitute" for an

of f1i ne qwel2ndsyloneasur ement for the purposes of cal cul atcmgistévs/ovisne
synchroni zati on. Because | aboratory sanples are taken infrequently, we need
torely on a simlar on-line measurenent that can be expected to change at
t he sane {likebhaed vfien kabarsiimor kn thissexameplerthe eRoursioraderdseoadue a95% boi | i ng
point is highly correlated with the final hoiling point, FBP. The FBP

i nferenti RFe‘Rﬁééi butpptiRIteted ?Ci‘ﬁﬁr’tﬁﬁ’éecﬁﬁ@éur enents which are highly
correlated to the 95% boiling point and the time synchroni zati on between

these hi gpog7or r elTedRI2 BB tReTBStirRardchrialezed Yiiueasdrparedao the astuabsuned
to be the sane as the tinme synchroni zation with the FBP. [0079] When

sel ect i nganalyaer vajue.c Imaddition todnstiliegeronfidence in thepeperator in thaexguaityhet her
the automat.ic sanple point for the on-1i anal yzer |s sical | close to
t he nanuap%élé“rﬁﬂt &i fs ?rSPdﬂ%ﬁalpéblﬁr%‘@&ip‘it%%iaé‘?iyﬂsepg%i%&t sanpl e
poi nts ar . art, it will introduce greater and
greater egp%)&?ﬁﬁ%ﬁgﬂ{)?(Hrrg{vs@%%ﬁilg{na&%‘g%?@% | f the physical separation is
only a length of pipe, this can be corrected by adding to (manual sanpling

poi nt do Tdam of rare3 abowsthé operatgni if the didferencebetsigonthe estimatedom
mheon: SR BTSSRk S ERRE e ASTBL B S8 1™
g4 ! ( et ) .
one 11 ne 200k BRefthdb gLt bnbliBer BRI R B, S0iRHhing PORRYAdndRdG o 0" 2054 ¥

due to di DO%s RRélitksvdndfan aeal e srobfdmbe cal cul ated by conparing the
on-line neasurenent value to the |aboratory neasurenment value. 3. Coll ect

P 0081}, Thi t hod al th f | .. ti data t
create. tROTFlor onBRLF R AROwS WRIDGPATEFERG TR UELnBaRigRdn

. : cepes Sl f
et gned e ERtFesh e ROPREEPerallt VARK TG eaPh e aBbed I, P Crme trom

process ugeatasiapdrdgresfaheit@opaihitishangrestinie 3f Ganétiangeus thedustri al
processes operate primarily at a limted nunber of steady state operating

poi nts. Taedlpzenwdus: Pbeicontriftiaptront ¢anh modekinput o thetdaleulatetlor mat i on on
the relationshi p.,anon he cesg .nmeasurenments. Consequently, |ong

stret ches? qyé é‘l&ﬁgﬁgsé%rﬂ‘é&\{fﬁprnﬁ%aa%ﬁ%oe QUalOBP-( e.g. 6 nonths - 2
years) in order to capture a sufficient nunber of process events to nodel

these neasprengnt \re) atj-onshi ps.y Pro S hi,story sys store ny years
of data, o t~ennﬁaft")54‘1i ’KW eg}cbh’ﬂ't)+o"r112,*‘c(s%§v”t hbefgﬂe%é’t'%reiwwél kdeflif ce for the

data. [0083] Typically the raw on-1ine neasurenent data shouIE{% ion0l 4 ect ed
as spot values, w thout any data conpression, at a frequency around once
per i nut 8o thersizd aif thesolidbarassocmmahtvithihpatiXpise candi dates for inclusion
in the nodel, variables which are indicators of process perfornmance, of
process

Solid Bar Size,n = A;*(X N -X; nuty) Equation 14

And the size of the dotted reference box (indicating expected contribution) is the

standard deviation of this term from the training dataset

Dotted Box Size; = Standard Deviation (A;*(X; y -X; n i) Training Data

Equation 15
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operating nodes, of equi pnent configurations, and of process control
configuration should be collected. [0084] Annotations of unusual process
event s orwoaepav106i7st ur bances shoul d al so be col | ect ed wpCh/usb@spomeess
measurenent data. 4. ldentify Unusual Data Sanples [0085]It is conmon for
there to be a significant nunber of bad values in the data. Common things
t o i denti fll. aDevekping ticchiferréd Enmlliey Madals enent s, i nstrunent cali brati ons,
hi stori an system data gathering failures. Myderate to severe process

ot arPang6Tal.. Bk KIBUMAIdR S hASRLL R bR NS B IiBYHREP | heY

cause the pr o“gﬂess operations own or otherw se sg&v changed.
5. Eval uat®inihg dabiesctamMbeachanadtettisticdthhOd&etrinéad nig$18qmilie>( stapnihg be j udged
an outlier only if the value does not represent the actual process

condi t i ondptasetpareeasured (e.g. process was operating outside the range of
the transmtter). Any tinme period where the quality neasurenent is bad
woul d need to be discay 1+S1 | er of the

candi dat e nodel i nﬁuf@x@\ﬁﬂ? gﬁ?&ﬁ}@{a&t@hgfe&irﬁﬁ{)ﬁ ?fﬁﬁfntu%ﬂ%del , the sanple
times that can be included in the nodel training data will change dependi ng
on the particul ar setInofudespiltrachsiralgceffdctsaorthe #nalysienti fy Peri ods of
Steady Operation [0087]Only a limted amount of data from periods of steady

ti ill be i in the.traini t t ~ W t h . I
comon St eady. oper &t 1R F APBoRTALf MAtbPaBRIT s oy ol kdaPGoda el ect oo
from each steady operI Cz;?,%?pg.ld%.ne'gggd ;@:ﬁgllg}e%?ﬂeﬂxton?{ tfgt @ from steady

operations should ty e aroun e tota ata set. 7.

Eli mnate Most Steady State Qperations [0088] A data filter can be
constructed to al gerilnbhidealahyotatiens iof ynasuhlgrocéssaiperaticasdy oper ati ons.
Most common is to base this data filter on the rate of change, ROC, in the

uality value or oth oper,ati ng,.performance i ndi cator., Such a data
19 il terycan be cons? rﬁi‘?éﬁ%ﬁﬁgﬁﬁﬁ%F‘%lg?@?n fﬂcwz?qffmlfswfteé‘} ed

configuration

e Spans the operating range of interest
e Includes a balanced representation of the various operating points

e Excludes bad data (outliers) which don't represent the actual

process condition

[0075] Figure 8 represents a typical prior art method to develop inferential
models, while the Figure 1 show the extensions to the standard method
necessary for abnormal event detection and compensating for process time
dynamics and cross-correlated model inputs. The following describes the
methodology for each step of the methodology shown in Figure 1. The
following paragraphs are numbered to correspond to the numbered boxes in

Figure 1.

1. Identify Inferential Measurement Operating Regions

[0076] This step involves identifying when the historical process operations

were relevant to the planned inferential model development and which operating
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Equation 16 WereYN, filtered | ow pass filtered value of YN Data Filter -
Exclude Low Limt s' ROCN Upper Limt [0089] The ternyY x fi itered acts as
an esti mawe 2068/tob@i1current average operating point. Subtcaatstevg/odj4as”d from
the current value YN converts this data series into a stationary series,
ROCN , with an average val ue near zero. Values of ROCN near zero represent
st eady opeaaddsdhe meodtl wdlleapply td. eBeedusetheseomodelstaze empiricalpthmy relyooe f or
the Low Limt and .the Upper  Li m&ﬁwo d be: lowLimt = - Standard

Devi at i onﬂw@oeormla@pnﬁrw&re in the: dafararihabeoiraiation SEYICtYIR RRICHAREY nost  of

t he stead er.af i e I g e | 9 ef f ect
of faili néﬁﬁ%ﬂﬂkpé ﬁﬂﬁf@%ﬁ%&%@g% 5&33%;53%%%39%@58%%&lﬁé&? febg:n i al
nodel Coybﬂeﬁa@fﬁ‘g’ #6885 &gki fiethe S eritRIREAAd %e%ﬁé‘p?é&ﬁ%@%@ra&f gl |, but
poor estinating properties when changes are large. 8. ldenfify r mal
Ranges f othdtrpetatirpwhodat uater dudiiglihehaedelr aniliing atagei then¢ willdd ther t he
purpose of algorithm cally excluding data where_a neasurenent my be

sat ur at edneed §o degide which g€ thesgppgrating mogdgs ean be cppthined teredusedhe j s
ha cat oq ! fghek Bharaskh ibrabn 28 Sy e RFaTon. 7 Adofion GRImayed he® °°
G et e Datd B B G B g g e or vi o y.
addit] onaI[0617a7t]a i ICto%r(iiluous industrial processes go through infrequent periodic

turnarounds for required maintenance. During a turnaround, a site may choose

to upgrade their process equipment for debottlenecking or other reasons. This

type of process change can make any data from pre-turnaround operations

useless for model development. Consequently, the date of any significant

mechanical change to the process, or major change to the process control

stratpegies must be noted as the earliest time that data can be gathered for model

development.

2. Identify Surrogate Measurements for [.ab Analyses

[0078] This step involves selecting an on-line measurement that can
"substitute" for an offline quality measurement for the purposes of calculating
the time synchronization. Because laboratory samples are taken infrequently, we
need to rely on a similar on-line measurement that can be expected to change at
the same time as the laboratory measurement. For example the 95% boiling
point is highly correlated with the final boiling point, FBP. The FBP inferential
model can be expect to use measurements which are highly correlated to the
95% boiling point and the time synchronization between these highly correlated
measurements and the 95% boiling point is assumed to be the same as the time

synchronization with the FBP.

[0079] When selecting a surrogate on-line measurement, it is important to

note whether the automatic sample point for the on-line analyzer is physically
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can be create to automatically exclude data during times of very unusual
operations. 10. Evaluate: Poor Signal to Noise Ratio [0093]A poor signal to
noi se ratwo 2e@nobeicaused by a | ack of a strong signal iPoTiUseocdabE2s of t en
caused by good process control keeping the measurenment near its setpoint.

O by an excessive anount of noise in the signal. Wiere it is caused by a

| ack of sklpsalto $he saguhl satlhplcqmmtaﬁmrtb@;lmaManalym As theke the nodel . 11.
Filter data with Sm)otu F|It rs/ eFlIters.004The nost co
filters neempls poigisaelacates further apprty g psevg;a%@%r and tors.

change.  AByATTOEpE ﬁgtﬂ’nﬁ%é‘ﬁ%c%%?ﬁlggﬁﬁﬁ“?ﬁfﬁ%ﬂﬁf}éﬁﬁzgﬁpaﬁr&@é §8uced i n
the on- |'[@1g$1¥%f9i’ﬂe msfcaﬁxbe%@féctéa bf 288y todmahua AhBRRA %oni'fhe filter

shoul d be chosen to mnimze phase |ag. 12.” Create Mat hemalical Transforns
of Raw DatlewnSfieathTaf thepntomatihearhpling poirtp orsuletiacting fromb@narmfal wel | known
transformati ons are enployed including: |og transformation of conposition
anal yzerss%mallns\n@intdxpémé@doquhéwmra@tlc sHRPEPSiPeinty the fises t o

terper at urgiorrotzafiin s SR Redhie BARALTE FORBERHEe SR ieanterE¥eing
dynam cs bﬁi"t‘m"% Iﬁo’g%fgﬁp?ﬁogg&g%‘pet ween each candi date i nput and the

anal yzer ue I's ese are single-input, single-output nodels,

SI SO, and are typica sinmple first order plus deadti me nodels: Y(s)e-TD s
[0080] P If the)gurrorgrgte on-line measuremepnt is also part of the laboratory( )

analysis, the time shift due to different sample locations can be calculated by

comparing the on-line measurement value to the laboratory measurement value.

3. Collect Process Data

[0081] This method allows the use of normal operating data to create the
inferential models, thereby avoiding the cost of designed experiment tests of the
process. Without the excitation of the process from designed experiments, the
information needed to build the model comes from process upsets and operating

point changes.

[0082] Continuous industrial processes operate primarily at a limited
number of steady state operating points. These steady periods of operation
contribute little information on the relationship among the process
measurements. Consequently, long stretches of operating data will need to be
collected ( e.g. 6 months - 2 years) in order to capture a sufficient number of
process events to model these measurement relationships. Process history
systems store many years of data, often at a high resolution, so they are the

likely source for the data.

[0083] Typically the raw on-line measurement data should be collected as
spot values, without any data compression, at a frequency of around once per
minute. In addition to measurements which are candidates for inclusion in the

model, variables which are indicators of process performance, of process
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-a(s)- X(s) Gs)- Tau*s+l Equation 17 Where X(s) - Laplace transform of
the input signal Y(s) - Laplace transform of the output signal Gs) -
synbol f owothes/tos@mnsf er function e-TD's Lapl ace transf orawfuseooa/oprne
deadtine of TD Tau - time constant for a first order ordinary differential
equation s - Laplace transform paraneter [0097]1t is neither necessary nor
desi r abl e operatimgahogesy ofeljtiipmernticondigugiteonsoang of prodeSOcdgirehi ¢ nodel .
Because the inputs are usually cross-correlated, M SO nodeling results are
si gni fi carenfigurationeshould By colectpéyr ti cul ar set of inputs selected for a
nodel i ng case run. 14. Renove Slow Trends and Biases fromthe Data [0098]If
there are[ggg4ler si ar@dtatibH¥RAIMIRal pradest SlentdanRfor distuibaribet 3hotilde
coefficients fromnodeling differential data should be simlar to the
const ant s afsocda calttetddhgyithithe fpnb¢ess aheasurainent. daber si st ent unneasur ed | oad
di sturbances can severely bias a nodel. To avoid this bias problem nodels

w |l be dgvel gped: ' ifferential data instead of the full
val ued datﬁa. ‘Ué‘?ﬁy.@g}}% {)?Eﬁ%fm%gnner for performng this transformis

to use a l[&%S] It is common for there to be a significant number of bad values in
the data. Common things to identify are: saturated/off-scale measurements,
instrument calibrations, historian systém data gathering failures. Moderate to
severe process disturbances will not normally be classified as unusual data
unless they cause the process operations to be shut down or otherwise severely

changed.

5. Evaluate: Is the Sample an Outlier

[0086] A data sample should be judged an outlier only if the value does not
represent the actual process condition being measured (e.g. process was
operating outside the range of the transmitter). Any time period where the
quality measurement is bad would need to be discarded. However, since only a
small number of the candidate model inputs will ultimately be included in the
model, the sample times that can be included in the model training data will

change depending on the particular set of inputs being evaluated.

6. Identify Periods of Steady Operation

[0087] Only a limited amount of data from periods of steady operation will
be included in the training dataset. Where there are several common steady
operating points, a similar amount of data should be selected from each steady
operating point. The total amount of data from steady operations should

typically be around 25% of the total data set.
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pass filter, such as an exponential filter, and subtract the filtered val ue
fromthe current value: EN =EN YN, filteredEquation 18 YN, fillered = (1- a)*
YN + a * wobpdsyioseem edEquati on 19 -= X1, Al - X E N, filteretEso@Bioors220 X
o,.fill"ed = (1- a)* X1,,, + a* XfilteredEquation 21 WO

2008/ 106071PCT/ US2008/ 002428 WhereY - quality measurenent P - quality
measur e w7t h EliminatedVivst SteadyStateddperations candi date i nput i - candi date
input with filtered value subtracted a - exponential filter constant (the
sane val ugodgs] X apddath flIRe LaAlbEmRerdbi dgorithiniieslly ideitEtandhoul d be
selected to be between 1-3 tinmes the dom nant tinme constant of the process
whi ch af f elitrinstiestepdyl opeyatidis. sMoahcomnuyt isrtatbade this datahlt@ GOthwoée s bui | t
in step 13. is.shown in Figure 10, the quality measurenent will respond
with 64% 08 Césﬁ%f‘o#{(?gsmr thequ ’éléﬁéﬁ@eort‘&ﬁsr g%%%f@t@ﬁ&ﬁ TaRPEF 1 - 3 tinme

ol .+ MSRRGE SiEH el RSt B bR PnSRRRALARRARIARE, (02l o Sngt

Choosing tinme constants | onger t{@ﬁ t hj s_\/}dl | anplify | ow frequency

persi stent disturbances. Filter Stant s ‘ivpiddie 1-3 time constant range

i mprove the signal to noise ratio the nost. 15. Build the Inf Bﬁﬂ{ni};]'% Model
[00101] Using the training dataset created in the previous stegs, e
inferential nodel can be built using standard nodel building tools and

met hods. TWige@b] ectipe. i Sd-tl%v&l?ﬁsstﬂi'l@erfea%ﬁe gppper of inputs that will give
a good inferential rmbdef® Refefring to Equation 17 when sel ecting anong

al ternate correl at e®dragier WhiExbluskev d.ove dlilit €IROGY €Wppretliifdt i ng
strength, selecting those with the |argest values for Tau and TD will give
the inferential nodel an earlier ability to predict an abnormal excursion

and pot enjeggd]y betrhehedpir! by, fatEANAA ebtihhf O REREPrent average

operating point. Subtracting Yy, sier.s from the current value Yy converts this

data series into a stationary series, ROCy , with an average value near zero.
Values of ROCy near zero represent steady operations and have little information

content. A common choice for the Low Limit and the Upper Limit would be:

Low Limit = - Standard Deviation roc

Upper Limit = + Standard Deviation roc
In this way most of the steady operations have been eliminated.

[0090] Figure 9 shows the effect of failing to eliminate the steady
operations. The resulting inferential model could show good estimating
properties when the changes are small, but poor estimating properties when

changes are large.

8. Identify Normal Ranges for Inputs and Outputs

[0091] These ranges are identified for the purpose of algorithmically
excluding data where a measurement may be saturated (e.g. outside the
transmitter range) or where the process is operating in a region of highly non-

linear operation (e.g. tower flooding as indicated by high tower delta pressure).
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Exanpl e [00102] Figure 11 shows a pair of distillation colums , where the
first colum, T-101, is designed to renove |ight hydrocarbons such as

et hane, meohasszo6@nd hydr ogen, ( known as a de- et hani zerCY/useasiohm2second
columm, T201, is designed to extract C3 hydrocarbons (primarily propane).
WO 2008/ 106071PCT/ US2008/ 002428 [ 00103] There are several abnornal events
t hat need Tihds bfortaatan &dll al3o bé usdd inothergrosperat detactaén calwelatibndethes t he
conposition of the distillate drawoff of T201, which is neasured by

anal yzer Apbne sygfeBbnt r ol | ed by an inferential controller "A-201
controller". [00104] The first step in designing the inferential estimtors
for this gppl Csédte Path Filkgsknow the type of abnormal events we wll be
detecting. Inthis case, the estimators will identify problens with the

anal yzer ﬁg@%ﬂt ! Onfxl'n a&&ﬁ?i%nEiﬁitE«l-r: gi?t%w&eﬁgiobmgf P%\ﬁbﬁ@lﬁ{ a&cﬁﬂBtﬁl JARFilRrs

drifting fle analyzer ca on an preve cavitation of punp
P-201 by pagbeGrédid tdBunsaialY exdchedd ddty duemarthads af veReumiahal on of punp
P-201. [00105] For detecting analyzer problens, the inferential would be
bui It fol oparatignsurrent industry practice from nmeasurenents of the
tenperatures, pressures and flows of T-201. Analyzer problems are reveal ed
by conmbi nij§g ERgIakd ™ dot 785125 NdSe Ragy Pias”, the analyzer signal and the
nodel estinmate: 0106 Figure 12 siows a set time trends associated with
partial pl jng of, the sampl.e li.ne to the anal r. Jn this exanple the
b g devolSRBIAT o0 AP S RO SHSS, (A R BHIoh PYi hiECH AL Qg £ cal
| i nes on , t ] mal variability
S1¥naP Pl ddts! ofEd?J é/ad"sflaq‘gg %%Glﬁgﬁr%%ss(é&i’éf‘dl lée@ﬁ@gggige

of the anal¥zer signal’, ki gure apparent 1nt a. Wile it is

i ndust ri amgasagimean riear s ketpaint. Ondyyarexddssivelatndint iofGleise inGtha signal. num
change bet ween sanpl e val ues, the | ow variation shown in this exanple would
| i kel y noWheregtisrcauied by yadack pf signiali siréngthcthes& mgagos zZrabestdefi anmil e
time 500 gﬁgﬂéﬁnﬁle time 800, the plugged sanple reading and the actua
conpositi €h quite closely, only because the process conposition has
not changed significantly since the plug had devel oped and is operating

around t helcoRiitegidatowitheSmoothing FilkassSpiketHilters epresents a hidden trap to
t he operations.

[0094] The most common filters needed are spike filters, mid-pass filters

—

and, low pass filters. The spike filters often restrict a measurement change to a
preset maximum change. Any filters that are applied to the data need to be
reproduced in the on-line system, so they need to be physically realizable. The

filter should be chosen to minimize phase lag.

12. Create Mathematical Transforms of Raw Data ‘

[0095] To improve the fit of the models, a number of well known
transformations are employed including: log transformation of composition
analyzers and tower overhead pressures, conversion of flows to dimensionless

ratios, and applying pressure compensation to tray temperatures.

13. Build SISO Dynamic Models

[0096] To handle the time dynamics in the data, a dynamic model between

each candidate input and the analyzer value is developed. These are single-input,
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WO 2008/ 106071PCT/ US2008/ 002428 [ 00108] The plug only has an inpact when the
conposition begins noving significantly at sanple tine 800. After sanple

ti me 800,wbheosameal7yzer val ue and the nodel estimte nmat ebTiweedsponbosel y
because of the bias updating portion of the nodel estimate al gorithm
however both are wong. Because the analyzer and the nodel estimate are
confi r m ngingleloutitenoddlheSISYsmd dro dypically sohplerfishprdgreplus deadiioné ons
woul d be based on this ms-information. Since the plug is partial, sone of
the proce®®0dalsii d is | eaking through to the analyzer, allowi ng the anal yzer
to nove slowmy in the direction 3f the actual,,conposition. [00109] The
situation becones i medi ately OB/_‘f)O_l_J@(g];en €anal yzi ng the "raw bi as" signal.
A statistically significant chande)is dete@natmed in this cas&qustienidaw

bi as” change greater than three standard deviations and is shown by the
dotted horizontal lines on Figure 12D. The exact value for this setting is
tuned to avoi d Whéme i ndi cati ons by exanm ning the long termhistory of the
"raw bi as" and can typically range between three and five standard

devi ati ons dependin he, historjcal sjgnal characteristics.

[00110] Fi gur e 13 shatd) sl aBlact Fiadsfor el 8t S2B8 w th dri T1i ng
calibration of the y i eﬁp{ﬁgl tual 10%drift devel ops
around sanple tine ?8@ F%‘?Sﬁ?&ﬂg@imt e a@rt]@(i}s\? rtical lines on the
plots, but no synpt aig) asgmdppisraht ttansfdrduacwodryzer (Figure 13B) or nodel
estimate (Figure 13C), data. [00111] The situation gradual |y becones obvious
when anal yzi ng the 'eraw bhapacsirgnsformAos agqrure deadiimg OsfiEﬁi fi cant change is
reached by sanple ti 720 and is determneq in this e as.a "raw bias"
change greater than ﬂt‘l“efr'etémgtcé’ﬁatépﬂﬁlfeﬂ/hé?ti% %r%rém?asryéﬁ&%ﬁ%’?l PHEATGRN ¢ ed
horizontal lines onFi EHQQC%mnSmﬁmﬁ{ﬁ%&a' ue for this setting is tuned

to avoid false indicatio y examning the long termhistory of the "raw
bi as" and can typically range between three and five standard devi ati ons

dependi ng [@PThe hiltsis aeitber negegsaay nomalesiraleleitordeyslog apmitjinputcangleast to
det ecti I bl icti th i ti t th t,i f
p501 r eqanin SSOPA R aels B uar e Heblihraibail sibrctirelafler « o
fenc b PTOEESS f on o
Poasur oS0 madinh Rl CaR AL g ISRNCARUB R petiulaPIRE o, L e

T- 201 f eeghpuits s¢lscddffbr s whdddlingrageenn. t he punp cavitation since the |ight
hydr ocarbons are already in T-201 and the only way to get them out of the

tower is igro h t he,,over.head of ﬂ,.he tower., [[00113]1 nstead the design of
the infer tighgﬁmgﬂmm—' IS 1 surements in T-101 to

provide the additional |ead tine indicating excessive |ight hydrocarbons in
the feed {WI8]1201. Iftheraareqw parsistant ynmegsureddoad dignehansesin e datat her

h f I nf i [ i1 1ikel
ot or o altle CoBEHGR ol wonBubE aFERNAL i LA bs b dRelsi rabl e for

detecting r i ard.i
2008/ 1060%%%%6%%1{3 Sllﬁg%egg%ﬁ% AlISAEEPatd2 Per§Stent Wineasured load

disturbances can severely bias a model. To avoid this bias problem, models will

be developed using a form of differential data instead of the full valued data.

[0099] The particular manner for performing this transform is to use a low
pass filter, such as an exponential filter, and subtract the filtered value from the

current value:

Yy =Yy =Yy fterea Equation 18
Yy sterea = A=) * Yy +a* Yy forea Equation 19

Ai,N =X,y -Xin, filtered Equation 20
X i,N, fillered = (I-a)*X iwwta X i,N~1, filtered Equation 21
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Patent G tations US3773627(A) Msler, Henry A & Wber, R chard,
Tenperature Control of Distillation Nov-73 US3855074(A) Mosler, Henry A &
Weber, Riwbana/ioR7eural Tenperature Controls of Distill aCrars2s00448
US5386373(A) Keel er, Janes D., Havener, John P., Godbol e, Devendra,
Ferguson, Ral ph B, Virtual continuous em ssion nonitoring systemwth
sensor valj dation Jan-95 US5548528( A) Keel er, Janes D., Havener, John P.,
Godbol e, fdra, RerySedHY MEAYEEBENY rtual conti nuous emi ssion

monitoring system A%'-ggualiw measure with filtered value subtracted
X; - candidate input i
X - candidate input with filtered value subtracted

a - exponential filter constant (the same value for X and Y)

[00100] The exponential filter constant should be selected to be between 1-3
times the dominant time constant of the process which affects the quality. This
can be estimated from the SISO models built in step 13. As is shown in Figure
10, the quality measurement will respond with 64% to 95% of its final response
to a process change after 1 - 3 time constants respectively. Choosing time
constants shorter than this will amplify the high frequency noise while
decreasing the signal strength. Choosing time constants longer than this will
amplify low frequency persistent disturbances. Filter constants in the 1-3 time

constant range improve the signal to noise ratio the most.

15. Build the Inferential Model

[00101]  Using the training dataset created in the previous steps, the
inferential model can be built using standard model building tools and methods.
The objective is to use the fewest number of inputs that will give a good
inferential model. Referring to Equation 17 when selecting among alternate
correlated inputs which have nearly equivalent estimating strength, selecting
those with the largest values for Tau and TD will give the inferential model an
earlier ability to predict an abnormal excursion and potentially better ability to

control the process.

Example

[00102]  Figure 11 shows a pair of distillation columns , where the first
column, T-101, is designed to remove light hydrocarbons such as ethane,
methane, and hydrogen, ( known as a de-ethanizer ) and the second column, T-

201, is designed to extract C; hydrocarbons (primarily propane).
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US5680409(A) Q@n, S. Joe, Dunia, Ricardo H, Hayes, Randall L., Method and
apparatus for detecting and identifring faulty sensors in a process Cct-97
US635685A81pos@om71S. Joe, Cuiver, John P, Sensor vali dacras2@spersas us and
met hod Mar-02 US6471823(Bl) Stewart, Wade C. Use of pressure and
tenperature neasurenents to infer process variables and to nonitor

equi pnent [@@r03]t i offhesnateisef eral pbnossal efehiscthahnged to be detected. effibeal
evapor at or systens COct-02 US6519552( Bl U865_5,6939f( %1) _Stgnpath, era,
Godanbe, teHiskoperaien 6f toweer E-2Nuis|thocompsitiongf theydistdlate dravatidfods for a

Feb- 03 Apr 20 wiissE R pRAT e R by fluret Rl AR S ey BEMMBRAITY S, o™
| nstrumentgy G AR &ifirdllepeesses

[00104]  The first step in designing the inferential estimators for this
application is to know the type of abnormal events we will be detecting. In this
case, the estimators will identify problems with the analyzer operations, such as
plugging of the analyzer sample loop or drifting in the analyzer calibration and
will prevent cavitation of pump P-201 by predicting an excess of light

hydrocarbon at the suction of pump P-201.

[00105]  For detecting analyzer problems, the inferential would be built
following current industry practice from measurements of the temperatures,
pressures and flows of T-201. Analyzer problems are revealed by combining the

time trends of the "raw bias", the analyzer signal and the model estimate.

[00106] Figure 12 shows a set time trends associated with partial plugging of
the sample line to the analyzer. In this example the plug develops around
sample time 500, indicated by the dashed vertical lines on the plots, but only
minor symptoms (lower than normal variability of the analyzer signal, Figure
12B ) is apparent in the data. While it is industrial practice to validate analyzer
signals by requiring a minimum change between sample values, the low
variation shown in this example would likely not trigger that type of validation

check.

[00107] Between sample time 500 and sample time 800, the plugged sample
reading and the actual composition match quite closely, only because the process
composition has not changed significantly since the plug had developed and is
operating around the composition setpoint. This situation represents a hidden

trap to the operations.
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US6594620(81) Qn, S. Joe, Cuiver, John P., Sensor validationJdul-03
appar atus and net hod US6772099(82) Merkin, Cynthia M , Gerhart, Donald W
, Vi | nau,wonoosMoep7@4 Wayne R, Blanton, Jr., Allen M, Eoirdmszasn24Bhilip
D., Khatri, Mikund P, System and nethod for interpreting sensor data
utilizing virtual sensors WO 2008/106071PCT/ US2008/ 002428 US6804600( B1)
U uyol , Oj0e108]\wadhegiiug oklynbasuan ipactSeherothesronop@ition begimsenovimg and
conpensati on_system and t hod 6876943( B
i signiﬁgantly at sample tﬂne 8 (? Af?er sagnp%zz time 800, the analyzer value and

the model estimate match fairly closely because of the bias updating portion of

the model estimate algorithm, however both are wrong. Because the analyzer

and the model estimate are confirming each other, the closed loop control or any

operator actions would be based on this mis-information. Since the plug is

partial, some of the process fluid is leaking through to the analyzer, allowing the

analyzer to move slowly in the direction of the actual composition.

[00109]  The situation becomes immediately obvious when analyzing the
"raw bias" signal. A statistically significant change is determined in this case as
a "raw bias" change greater than three standard deviations and is shown by the
dotted horizontal lines on Figure 12D. The exact value for this setting is tuned
to avoid false indications by examining the long term history of the "raw bias"
and can typically range between three and five standard deviations depending on

the historical signal characteristics.

[00110]  Figure 13 shows a set time trends associated with drifting calibration
of the analyzer. In this example an eventual 10% drift develops around sample
time 500, indicated by the dashed vertical lines on the plots, but no symptoms

are apparent in the analyzer (Figure 13B) or model estimate (Figure 13C) data.

[00111] The situétion gradually becomes obvious when analyzing the "raw
bias" signal. A statistically significant change is reached by sample time 720
and is determined in this case as a "raw bias" change greater than three standard
deviations as is shown by the dotted horizontal lines on Figure 13D. The exact
value for this setting is tuned to avoid false indications by examining the long
term history of thé "raw bias" and can typically range between three and five

standard deviations depending on the historical signal characteristics.

[00112]  In contrast to detecting analyzer problems, predicting the
composition at the suction of P-201 requires a different selection of process

measurements in order to get sufficient lead time to prevent the cavitation of the
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Wegerich, Stephan W, Inferential signal generator forApr-05 instrunmented
equi pnent and processes US6904391(B2) Merkin, Cynthia M , Gerhart, Donald
W , Vi | neo,20ar10607un- 05 Wayne R, Blanton, Jr., Allen MpcT@scassbmes Philip
D., 1Chatri, Miukund P, System and nethod for interpreting sensor data
utilizing virtual sensors W9504957(Al) Keeler, Janes D., Havener, John P.,
CGodbol e, Fplonfis Oave tith measirementmin RA0dhinBjca an irdreaseninithedight eni ssi on
nonitori n&;wsyst emw th sensor va(l i,d,atd'_ S20040133398 (Al) Merkin, Cynthia
M , Ger hahiydrasgrbons in/the Je2P h4eed, 3t is, I(Qﬁﬁg}#btwr,evmltathpmmg favitadforen M |

et hod 1 ofircn Febt b OZhfons SERTCady b Tra0 B i g ok RLBLTRERL”

out of the tower is through the overhead of the tower.

[00113] Instead the design of the inferential estimator should rely on the
measurements in T-101 to provide the additional lead time indicating excessive
light hydrocarbons in the feed to T-201. As the selection of input measurements
moves further upstream, the accuracy of the inferential estimator will likely
deteriorate, making this selection of input measurement less desirable for

detecting analyzer problems as discussed earlier.
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2003 CLAvbBods/weo7on-1 i ne system for cal cul ati ng i nf er emciralsz@stoozss or s of
key process conditions fromnornmal process operating data of petro-chem cal
and industrial processes conpri si nﬁ: a) real -time data collector, b)

real -ti me (U3 a TsoukalesdsSor& Ghrigs Rddly' NavsaleanghbBuzzy Systemisdni nf er ent i al
nmodel s wher ei n Bigliseeringe| Sohnr Wilet, Nvwdfork| 1926 ues for the current quality
val ue (Yestimate) and abnormal values for the future quality val ue

(Ypr edi ct é9), UpadhyayatB & etsalgMleltivariate StatisticalidenaProsessimg es of t he
nodel s, e) neaf&chniques fomFaui Bgteationi gideDiaghelsist’ eBA fIyansactiohy, Yokdi cti ve
di spl ays for fopune.abpprrgedsemmnt s of said continuous petro-chemcal and
industrial process, and g) diagnostic displays for event analysis.

2. The sy$t’®m dfenkiatasnbramardar; ¥, staald’ AReview ofdinosessiawltiPsteqtoncarsks
measur enent s aPiagposis’, PartsHe 208d8] Computers and CliemibiabEagiteeningf vel ai m 2
wherein said pngceggs3 measurenents include tenperature, pressure, and flow
rates. 4. The systemof claim 1l wherein said data
preprocessor includes a gross error detection of the data.
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5. The systemof claim 1l wherein data preprocessor includes

mat hemati cal transformation of the data. 6. The system of
claim1l wherein said data preprocessor includes a filter to renove
noi se. 7. (currently amended) The systemof claim1l

wherein said inferential nodels and said statistical significance

cal cul ator determ nes the current operating mate,' paranmeter (Yesti 1
the fut urgLRi_I@gi cted operating paraneter (Y predicted), predicted),
and | ong- ift problenms in either the nodel and/or raw

measur enent s. 8. The systemof claim7 wherein said
inferential nodels and.said statistical .signi.ficance calcul ator

det ermines an est PRI EER (5rale e dRetgd STPRG Rl Mnpttrss

9. The sysheiofl fréindofmal pERESsgRraiml data b BERAERMicAShd FALAFal processes
determnes the predicted future value of the final steady state val ue
of the op@MPPEWg: paraneter if all the inputs remain at their current

| evel O predicO 10. The systemof claim7 wherein said
nodel and statistical significance calculator further determ nes the
future operating pargnetreal-tinordapr adlester,control application (rcontrol)
11. The systemof claim 7 wherein inputs to the nodel for Yestimates
are tinme synchronized with the corresponding | ab analysis or on-line
anal ysi s process neagur eg@iius data preprocessor, 12. The systemof claim
1 wherein said inferential nodel can be built using Kalman Filters,
partial |east squares, regression, neural nets and stepw se

regressi on. : :

i nferential nodel isc)a Sger%%l}(%i?élagg@%&@&gg?@Ig&%ﬁgéﬁO%gmk&éﬁw 14.
The system of claim 11 whelekipmedictiainorogélaliesdbutie sugertiquality ealoe

15. The system of claim14 wherein sai ias. termis updated whenever
an on-line analysis or |(§bgﬁr§®aa}r§§]ggo %%3?%% ﬁﬁ%lieaq‘rﬁﬁtgrvgﬂ'ies
avail abl e. (Ypredicled)s

d) statistical significance calculator of estimates of the models,

e) means for summarizing multiple model results, and

f)  predictive displays for future abnormal events of said continuous

petro-chemical and industrial process, and
g) diagnostic displays for event analysis.

2. The system of claim 1 wherein said data collector measures process

measurements as inputs to the model.

3. The system of claim 2 wherein said process measurements include

temperature, pressure, and flow rates.
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16. The systemof claim 1l wherein said statistical significance

cal cul ator determ nes whether a statistically significant difference
exi sts between the output of the inferential estinmator and the
measur enent corresponding to the output of the inferential estinmator.
17. The systemof claim 1l wherein said nodel and statistical
significance cal cul ator determ nes an estimate of the value of the
operating paranetgr. . . i I
sai d nodel deter m'g'herlsﬂhe’fS’JtStl(]’Irneof(%%)aénrlét%ly }h%aﬁls%lx? E@%%E%G%%g [HS;R/I dé\%%%lg)'rs?ng
t he predi atederadiarcofake dhe operating paraneter to the operating
limt. 19. The systemof claim 1l wherein said inferenti al
nodel includes the identification of surrogate neasurenents for

| abor at ory anal yse&s. The system of claim40vhel&18 dgid prpid REsof hdiudesmihemedidal
said inferential nodel includes the identification of periods of

st eady opEanaforoatiepef thhéate| i ni nati on of nost steady-state operations.
21. The systemof claim1l wherein said inferential nodel includes
identification of normal ranges for inputs and out puts neasurenent.
22. The syst em of 6cl Bheaydtewhdctim 1sehedein niie detatpraproceexie includes ufiber to
data filters to exclude data during tinmes of very unusual operations.
23. The sYEPERPYF®claim 1 wherein said inferential nodel includes

si ngl e-i nput, single-output nodels. 24. The syst em of
claiml1 wherein said inferential nodel includes the renoval of slow
trends fromthe ddta. (currently amendesTheppaennpd claimn d fwheran paid infprentisl n

t ransf or ! b i I :

26 The oy el SRRl Sehl i AR RR e kBt U pperatn

pr edi ct edpapeetat (Yogmpds therbttee p(edtadipetaiay phsmese Y §rai.eft adtdnpeterm

future operati | i.m 1, excursions, by conparing the predicted val ue of
the oper a3 hEOBRmSHEUIT 1 TRisT LI e A PRTERS 27, The
system of claim 17 wherein the estimate includes a bias term

28. The systemof claim 27 wherein said bias termis ‘t;f{)dat ed with a
measur ement cor r eSpondheigystesn efirdaig it whereiprsaidijaferanptighmaodalsandsaid; mat or .

statistical significance calculator determines an estimate of the value of the operating

parameter.

9.  The system of claim 7 wherein said inferential estimator determines
the predicted future value of the final steady state value of the operating parameter if all

the inputs remain at their current level (Y predict).-

10. The system of claim 7 wherein said model and statistical significance
calculator further determines the future operating parameter for process control

application (Ycontrol)-
11. The system of claim 7 wherein inputs to the model for Yegimaes are

time synchronized with the corresponding lab analysis or on-line analysis process

measuremernts.
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12.  The system of claim 1 wherein said inferential model can be built
using Kalman Filters, partial least squares, regression, neural nets and stepwise

regression.

13. The system of claim 11 wherein said inferential model is a partial least

squares model.
14. The system of claim 11 wherein said model includes a bias term.

15. The system of claim 14 wherein said bias term is updated whenever an

on-line analysis or lab analysis of operating parameters is available.

16. The system of claim 1 wherein said statistical significance calculator
determines whether a statistically significant difference exists between the output of the
inferential estimator and the measurement corresponding to the output of the inferential

estimator.

17. The system of claim 1 wherein said model and statistical significance

calculator determines an estimate of the value of the operating parameter.

18. The system of claim 9 wherein said model determines future operating
limit excursions by comparing the predicted value of the operating parameter to the

operating limit.

19. The system of claim 1 wherein said inferential model includes the

identification of surrogate measurements for laboratory analyses.
20.. The system of claim 1 wherein said inferential model includes the

identification of periods of steady operation and the elimination of most steady-state

operations.
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21. The system of claim 1 wherein said inferential model includes

identification of normal ranges for inputs and outputs measurement.

22. The system of claim 1 wherein said inferential model includes data

filters to exclude data during times of very unusual operations.

23. The system of claim 1 wherein said inferential model includes single-

input, single-output models.

24. The system of claim 1 wherein said inferential model includes the

removal of slow trends from the data.

25. The system of claim 5 wherein transformations are used to time

synchronize input data.

26. The system of claim 9 wherein said estimator of the future predicted
operating parameter (Y predicted) 18 used to determine future operating limit excursions by
comparing the predicted value of the operating parameter to the operating limits.

27. The system of claim 17 wherein the estimate includes a bias term.

28. The system of claim 27 wherein said bias term is updated with a

measurement corresponding to the output of the inferential estimator.
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