AuO 2006/ 037749 PCTYUS2005/ 032446 APPLI CATI ON OF ABNORMAL EVENT DETECTI ON
TECHNOL OGyJ Qupthizi) ZED CATALYTI C CRACKING UNI T BACKGROUND THE

<l NVENTI ON [ 0001] ‘The present invention relates to the opg?'ﬁw WG4

Flui di zed Catalytic Cracking Unit (FCCU) conprising of the feed preheat
unit, reactor, regenerator, wet gas c'o]n“bressor, the -main fractionator and
the downstream |ight ends processing towers. In particular, the present

i nvention rel at es APPHECAMION 0FF ABNORMATIPEVENST IDETHEVITAN ng from nor nal

oper ati on andm@mm%wqtﬂmq%@m%mﬁ [CTRATKGAg e abnor nal
portion of thé& procéss. Mg TS one o st
Jdnportant and widely used refinery processes for converting heavy oils

i nto nor eBACKAMGUINRIDFASIEANVIENGHON products. The process is carried
out in the FCCU, which is the heart of the nodemrefinery. The FCCU is a
.conpl ex ajgpaIjghtThe gfﬁs%ﬁf Aivediioy $tiefRs (6P bpeiafidnalf 4 PRiidiead Caralgiid
regenerator. Figure 23 shows a typical FCCIJ |layout. The fresh feed and
recycl e sCraciing dfnit fFECEBtomannysihg aff tex fdedgehaatamdt, readter, régemeratot, at t he
base of the feed riser where they are m xed with the hot_ regenerated

cat al yst . WEh&aFCOIpEREesdhe maisfEackopatoiapgthe dopmsueamnh gt opdBy i ne
particles (-70.m crons) .which hehave as a .fluid when aerated wi,th a vapor.
Aver age. r PEFSHBERBRES T gafniie DepEseit pHENiohGanes 0o BIi080r w & h
oil fee : I | L4 res for
catal yat PERTEG SRS i ARuiRg rEhoBE SRAGRR et FREREN LT
fegd Wi t hof ﬁSﬁfi@aﬂilﬁJls\’iﬁb}aﬁﬁgttﬁé abﬁ&%ﬁl';ﬁﬁ‘ﬁoh'n '¢he Eﬂﬂ:eﬁ@at fromthe catalyst.
vapori zes the feed and brings it up to the desited reaction tenperature.

The cracki ng reactions. start. when the feed contacts the_hot catalyst in
the riserlMRZlcorfrataligls gaekingipensiol thy mest Bnperariansh widedy #s%h t he

catalyst in. the reactor. As the.cr,acking,r.eaction r% resses tEe cat al yst
is progre@%ﬂ?@yyr%éﬁ fpLcagy WP H](S‘Fec‘!'t’}ﬁ’@ aspﬁg&ga face of

th t al ] ' =3

regctC ?vgt%@& ﬁ%ﬁ"ﬁ#ﬁ%@? E%ﬁggfﬁjéﬁ %%B%{sﬁfﬂto“s?&m@g.%@ﬁé%g&‘%? %&gnlg{’gs and

catal yst tharfodeRafclinRey. Thd RECTY i P58mplexCAd fighi®) ntedieed dyutdhzed
catalyst is circul ated

comprising of the reactor and regenerator. Figure 23 shows a typicat FECCU

layout. The fresh feed and recycle streams are preheated by heat exchangers and
enter the unit at the base of the feed riser where they are mixed with the hot
regenerated catalyst. The FCC process employs a catalyst in the form of very
fine particles (~70 microns) which behave as a fluid when acrated with a vapor.
C_  Average riser reactor temperatures are in the range of 200 to 1000"F with oil
feed temperatures from S00-800°F and regenerator exit temperatures for catalyst
from 1200 to 1500°F, The process involves contacting the hot oil feed with the
catalyst in the feed riser line. The heat from the catalyst vaponzes the feed and
brings it vp to the desired reaction temperatore. The cracking reactions start
when the feed contacts the hot catalyst in the riser and continues until the oil
vapors are separated from the catalyst in the reactor. Ag the cracking reaction
progresses, the catalyst is progressively deactivated by the formation of coke in
the surface of fhe catalyst. The spent catalyst flows into the regenerator and is
reactivated by burning off the coke deposits with air, The flue gas and catalyst

are separated in the oyclone precipitators. The flnidized catalyst is circulated



WO 20061031749 PCT/ US200, 51032446 -2 conti nuously between the reaction
zone and r g@gARKALI-Q zone and acts as a vehicle to transfer heat fromthe
regenerator to the oil feed and reactor. The catalyst an8CHPIFW&A32ddn
vapors are separated nechanically and the oil remain- ing on the catalyst
I's renmoved by steam stripping before t e cat al yst enters die regenerator.
The catalyst in sonme units is steamstripped as it |eaves the regenerator
to renmove ae@RBRAEIPKYGRRNNGE R TOAG HRIAD R EhSrafiontAnk add Welshsthe  of |
feed. The hydrocarbon vapors are sent to the“synthetic crude fractionator

for separuthicle iontransféhiad feom tigaseeusrapmothitiescil frdsmdareecionélhd ur t her
refined in the downstreamlight ends towers to make gasoline _and ot her
sal eabl e ptafalist and Niydrocarhen vapers etresaparaiedimeciottaibnand the ddbiwmstineam
units i's shown i,n Figure 24,  [0003] Due to the conplicated dynam c
nat ure of %%O#é@fatgb’%ﬁiﬁmqy% SHeyP SHAPY are Bgsefayst &S s om

various ro uses at .Ggan .escalate to .seriQus oblens a even cause
pl ant shut gé&ﬁﬁgra%%é@% C@B@?ﬁ&@&ﬁé%@ﬁ%\?@@ﬁ&?ﬁ%@ﬁﬂﬁ'@%“iﬁéﬁ% and econom ¢
implicatio ' : mﬁ% | : , bpanent al
eni ssi ons, %\%&W@Q&a%wéaﬁpr% p !"rr%ﬁ{/%ﬂﬂ%{ﬂféo .R'Eet 1%%@?{%‘816&#16@ iéhttﬂé)@
identify thi fesdSFhehydrioBaidRAapbls Sblseat tiPheARRHENRCEE: GRBRABAESY Y OF
corrective actions in a tinmely and efficient nanner. [00041 The current
comrer ci al sgpaasiipn entd dignid ané gasboas geddprtecEbssecoatthen furtiep reéfieed onthet o

automatical |y adjust the process in response to m nor@?rocess
di st ur banceewnsewa|lighd gnds mawerp to sasdes Jaspbing endiwher seabbepradvets dbeever e

abnornmal operations, and to t opmati ¢ energency, pr.ocess shut do '
Systems f EPMIPLALS SCHRFARGS BRORREL b JOREStraR TS ARPNoPARt THRTE dnot (ty
the console operator of the start of an abnormal process operation is
through prpeEes al Budte thelfinslicied THoant: hitudder A PO kByoRhCESS
measurenents (tenperatures, pressures, flows, |evel's and conpositions)

vi ol at e pr prmfesnegemtians cas easibf resolp éroah ivagiona rgetscaiiEbs thah odn £scaddie om
technology is difficult to provide tinely alarns while keeping_ |ow fal se
positive r&tm@OWHRLPbIaTEs Rue eHemaanse risntshaidownsThasgoparaions eawpave at ed

rocesses such.as FCCU. e : :
P sigaificant s%:alij and economic implications ranging from lost preduction,

gquipment damage, environmental emissions, injuries and death, A primary job
of the gperator is to jdentify the cause of the abnoermal situation and execute

compensatory or corrective actions in a timely and efficient manner.

[0004] The current commercial practice is to use advanced process control
applications to automatically adjust the process in response to minor process ( '
disturbances, 1o rely on human process intervention for moderate o severe

abnormal operations, and 10 use automatic emergency process shutdown systems

for very severe abnormal operations. The normal practice to notify the console
operator of the start of an abnormal process operation is through process alarms.

These alarms are triggered when key process measurements {terﬁpe:ratures,

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

operating ranges. This notification technology is difficult to provide timely

alarms while keeping low false positive rate when the key measurements are

correlated for complicated processes such as FCCU.
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WD 2006/ 031749 PCTI U S20051032446 -3 [ 0005] There are nore than 600 key

process r s, which cover the operation of a typical FCCU Under
.the conveﬁtblzglﬂ‘g'ﬁﬁggstri buted Control System (DCS) syst effT/bHa0ua+4t or

must survey this list of sensors and its "trends, conpare themw th a
mental know edge of normal FCCU operat‘i?b‘n, and wuse his/her skill to
di scover the potential problens. Due to the very |arge nunber of sensors

in an ope[ﬁ{]ﬂ;%% P%feeﬁ‘*@%ﬂﬁ[%]ﬁﬁiﬁgglﬁ% lc@@s%ﬂ&m@f&n@ﬁt@l LhidH 854 the WL H

t he current based nonitoring tech ogy, the only autonated etection

assi st ancepamtionefa ypidM FOCTT Mmdethe cmeatisust Pistrbhied Conthsised on  the
.alarm ng of each sensor when it violates predetermned limts. In any
| ar ge- scapsicobPC8) spsione she spetaimsnusisuranuthis Hssof sqpeorsantbits fi cation is

o' and m B GOPHRERe ShaBI itk aTRENS) BSOHIeGen A More BLSH dRerRoRel
ffecti | T | th t f. 4t h . SUMVARY OF T

PNVENT] ONPOeeE TP B behve: woRRatshl pRoung, R thape Nerckre e aRer

b I 3 ' @Ea]ﬁi el |y t

?)etn g(r:trr? oneyﬁﬁgﬁ}@s%%ﬁ&@ﬁgguﬁgﬂgh%ﬁﬂ er o‘ﬁ‘f%(%ﬂg %/}ﬁ:li#éér%%'a é%ll@yr'\am c

process UR¥itls thel\gramtihog bﬁ@ﬂ&éﬁﬁ&ﬂdﬁe@ﬂﬁﬁl@?&, feehdyiadfbrhedar i ous nodel s
of normal operation for the covered units. If the difference between the

oper at i ondef:clitwe assisthnea dn oiperator hasl is tpEI2E alanm sidtaatwschis biwedroml
condition in a process unit, then the cause of the abnormal condition is
det er ni netheatianniggeiiaachisenepnwheni viglaprsaedeeomngd eitsntn gny brgdre

80, L S S S T A L
R

nor mal i tY{JmlﬁaﬁlP"FH@ ' Eéﬁén?inﬁéiﬁ‘doﬁfﬁnglﬁﬁﬁs ﬁrrﬁ&l% %ﬂé@ﬁ%]ndfﬁﬂiéﬂ%n%%ﬁ@v"s a valve

flow plot*to the opérator as a si e x-y plot.
operator of the FCCU,

SUMMARY OF THE INVENTION

[0006] The preseat invention is a method for detecting an abnormal event for
the process units of a FCCU. The Abnmﬁal Eveat Detection {AED) systern,
incindes a number of highly integrated dynamic precess units. The method
compares the curent operation to various models of normal operation for the
- covered units. If the difference between the operation of the unit and the normal
operation indicates an abnormal condition in a process unit, then the cause of the
abnormal condition is determined and relevant information is presented

efficiently to the operator to take corrective actions.

BRIEF DESCRIPTION OF THE DRAWINGS

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

abnormality of {he process areas.

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



WO 20061031749 PCTI US2005/ 032446 -4 [0009] Figure 3 shows

t hr ee-di nensi onal redundancy expressed as a PCA nodel. [0010] Figure 4
shows a scHERABYISESHgr am of a fuzzy network setup. [ 001RCTMESZMEEIB4Ehhows
a schematic diagramof the overall process for devel oping an abnor nal
event. application. [00121 Figure 6 showsd4a schenatic di agram of the anatony
of a process control cascade. rr [0013] Figure 7 shows a schematic di agram
of the anatony of a multivaniable L. constraint controller, KVCC [0014]

Figure 8 ng S t @@B@gﬁ_ ok =3 i f Lal rgate of
current qua ity].a [g‘&ﬁgﬁyﬁﬁlﬂe S omgﬁ#ﬁgﬁﬁg{%?ﬂ{gdrﬁg?y@g&gkaﬁ??%@ggal
data. [O0O0LGhdei.gure 10 shows a diagram of signal to noise ratio. [0017]
Figure I | shows bow the process dynami cs can disrupt the correlation

bet ween th ent..val ues of t measurenents.. [0018] Figyre 12 shows the
pr obabi | i tflﬂﬁﬁﬂi’i ri ‘F"S:# %\"vﬁ%\é\@ﬁﬂ% diaggam £ g4 Fzﬁgﬂﬁﬂ?‘g&lﬁ%om _
illustration of the press statistic. [0020] Figure 14 shows t he .

t wo- di mensi [@#9dl] en@igteSaitmnnea REltehatid 8024dm fifake evdiRllgievessXotypi cal
stretch of Flow, Valve Position, and Delta Pressure data with the |ong

period of odsweleping epebaoimsl ced®2gplicitipme 16 shows a type 4 fuzzy
discrimnator. [0023] Fibg re 17 shows a flow versus val ve paraeto chart.

WO 2006103 CT/1US20 037. Lib -5 [0024] Ei 18 sh h ti
di agr am of 1@3’32& oﬁ%ﬁﬁ%ﬁ%@é’f%ﬁh#hﬁ?@c é{aﬁﬁfg]‘]fl %éﬁ@oﬂ?{s %Bﬂé&ggécﬁgarralticc

di agr am of icﬁgb%péessi on logic. [00261 Figure 20 shows the setting of

the duration of eve Suppression. [0027] Figure 21 shows the event

suppressi on and the operator suppression -
[0013] Figure 7 shows a schematic diagram of the anatomy of 2 multivatiable (

constraint controlier, MVCC,

[0014] Figure 8 shows a schematic diagram of the op-lige inferential estimate

of current guality.
[0015] Fignre 9 shows the KPI analysis of historical data.
[0016] Figure 10 shows a diagram of signal to poise ratio.

[0017] Figure 11 shows how the process dynamics can disrupt the comelation

between the current values of two measuremenis.

[0018}  Figure 12 shows the probability distribution of process data. -
[0019) Figure 13 shows illustration of the press statistic.

[00620] Figure 14 shows the two-dimensional energy balance model.

[0021)  Figure 15 shows a typical stretch of Flow, Valve Position, and Delta

Pressure data with the long period of constant operation.
[0022] Figure 16 shows a type 4 fuzzy discriminator.

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



" di sabl i ng predefined sets of inputs in the PCA nodel. [0028] Figure 22
shows bow _desi gn objectives are expressed in the primary f interfaces used
by the op¥ a”c"‘g 174029] Figure 23 shows the schematic | REFUHSBOISEHLECCU.
[ 0030] Figure 24 shows the overall schematic of FCCU and the |ight ends
towers. [0031] Figure 25 shows the operetor display of all the problem
nmonitors for the FCCU operation [00321 Figure 26 shows the fuzzy-1Iogic

orobl em 1" SR IBShaYs o kAN aie il OCobth s SRho s 8L oy st
Crcul ati owﬁrobl emalong with all the supporting evidences. [0034] Figure

28 shows I uz igneyl ¢ shevheskhepatic e gramnof stentisuppteasiondogisr obl em
"[0035] Figure 29 shows alerts in the Catalyst Circul ation, FCC Unusual and

D B STOMIn Bl 0 SR8 B 2SR UBnE AR Suffitegict o chart

"Figure 31 shows t he rrultl-trends for the tags in Figure 30. It shows t he

tag val uepMYg alﬁgutdtél stouied the evbntsupmessiid adGhES bpafaidr Sfppression
PCTR] S2(1051032446 6 [003$] Figure 32 shows the ranked |ist of deviating

valve flo sabhngﬁrec\eﬁaedts@ts aftinputs. in[thoPJA meplale 33 shows the X4' plot for

a valve flow nodel - valve opening versus the flow 100401 Figure 34 shows

(1 D21 LR R SRR, 0 U PR e R OB S

shows t he;fReganenake by @is bpaautapni tor drill down. C

(-- [0029] Figure 23 shows the schematic Jayout of a FCCU.

[0030] Figure 24 shm;.:s the overall schematic of FCCU and the light ends

towers.

f0031] Figure 25 shows the operator display of all the problem moritors for
the FCCU operation

[0032] Figure 26 shows the fuzzy-logic based continuous abnormality
indicator for the Catalyst Circulation problemn.

[0033] Figure 27 shows that complete drill down for the Catalyst Circulation
( problem along with all the supporting evidences.

[0034]  Figure 28 shows the fuzzy logic network for the Catalyst Circulation

problem.

[0035] Figure 29 shows alerts in the Catalyst Circ:ulétinn, FCC-Unnsual and

FCC-Extreme abnormnality monitors.

[0036]  Figure 30 shows the pareto chart for the tags involved in the FCC-

Unuseal scepario in Figure 29,

[0037] Figuore 31 shows the multi-trends for the tags in Figure 30. It shows

- the fag values and also the mode] predictions.




[0043.] Figure 37 shows the Air blower nmonitor drill down. [0044] Figure 38
shows the Carbon Bal ance nonitor drill down. [00451 Figure 39 shows the

Cat al yst ca¥Py8¥BIH® Main Fractionator drill down. [004@tThisgusmiAQs Shows
the Wet Gas Conpressor drill down. [0047] Figure 41 shows a Val ve Fl ow
Monitor Fuzzy- Net. [0048] Figure 42 shows-an exanple of valve out of
controllable range. ff L. [0049] Figure 43 shows the Event Suppression

di splay. (0050] Figure 44 shows the AED Event Feedback Form [0051] Figure

45 shows a pagyar dxish 1B khd tHy isVQF §8:RL !

vari ati on nodel ed b;} eac% Succe?%l@%k%@_ﬂlﬁ%%&hﬂ%@g%{ﬁ%H@&%&tﬂ
PREFERRED EffReD MENTS (0052) The present invention is a nethod to provide
early notification of abnormal conditions in sections of the FCCU to the

oper at or usj nqQrmal __Event Detectiaqn (AED) technol ogy. WD 2006/ 031749
PCTI US2 1 dﬁ%@ﬁ\g %lauw 33 showsisax- Y iebivradeslve sox HM%%%@@W% t hat
are snapshaot ba:Sﬁd ﬁ nd provide only an on/off indication, this nmethod uses

fuzzy | ogi cYigle % nul ti pl e supportive evidences of abnormalities that
contribute to an operational problem and estimates its probability in

real -tinme. [D§48]Pr Eakid 34 ¥hdws Mﬂﬁﬁ@&?&h@ﬁa@d E%%E%e%ﬁﬂﬂﬁ%e&o the

operator thus réenoving any chattering associ ated the current single
sensor al armicvpgiobased on/ of f met hods. The operator is provided with a set
of tools that allow conplete investigation and drill down to the root
cause of a problemfor f:%cused action. Thisﬁéggroach has bee denonstrat ed

to furnish 3perdaswie I0 shpwuihsrsegenesntar fval FeIIRHHeT dogfer at i on

that can be mnutes to hours earlier than the conventional alarm system(_

This early E@ﬂ i cat:l g@s,% i.nf rﬁﬁfﬂ £ and takel

corrective ctlgn fﬁgﬁ%@eﬂfﬁ%ﬁ%’gﬁ?ﬁ?éﬁe%m r n%dg%a%g. ?lgﬁrret od has been:
[0043] Figure 37 shows the Air blower monitor drill down.

[0044]  TFigure 38 shows the Carbon Balance monitor drill down.

[0¢45]  Figure 39 shows the Catalyst carryover to Main Fractionator dill

down.

[0046] Figure 40 shows. the Wet Gas Compressor dnll dnmﬁ.

[0047]  Figure 41 shows a Valve Flow Monitor Fuzzy Net.

[0048] Figure 42 shows an exampie of valve out of controllable range. (
(00491  Figure 43 shows the Event Suppression display.

00507 Figure 44.shaws the AFD Event Feedback Form.

[0051] Figure 45 shows a standard statistical program, which plots the

amount of variation modeled by each successive PC.

DETATLED DESCRIPTION QF THE PREFERRED EMBODIMENTS
[0052]  The present invention is a method to provide early notification of
abnormal conditions in sections of the FCCU to the operator nsing Abnermal

Event Detection (AED) technology.



j . i i i e s g t— b
successfully applied to the FCCU. As an exanple, Figure 27.shows the
conplete _drill down for the Catalyst Crculation problem (the details of
t he subpréﬁééwgmag?% described later). [0054] The FCCU applf{lEath@addées
di verse sources of specific operational know edge to conbine indications
from Principal Conponent Analysis (PCA)r7- Partial Least Squares (PLS) based
i nferential nobdels, correlation-based engineering nodels, and rel evant
sensor transformations into several fuzzy logic L networks. This fuzzy

| 'ogi ¢ net VOOB3RggTaegahRGst OIAhINENESuRAet i 68 SfapkhSt bAeARhAHovide
confidence | evel of a potential problem” Therefore, the network can detect

a probl emauily anlimgbHrindantiodetiienrthed asdmnittzzplogie tekopitige atdigels and
provide crucial lead-time for the operator to take conpensatory or
corr ect | veuppetiuhevideneasnichhneringlities thatgemehutsito snicpeational prikdemage

-fé’éﬁéoihi o0 R oF G PO e vy “%%o%if@ﬁaﬁg%%%%%&s%? Too I at e
compl | cat antenb Sk AR oo RilRs 8 le 858 FHEHE i etf 981 - <.
FCCU or "EHJ& !cﬂh%nﬁkiﬁgg@%nﬁ{gﬂf di Lphia MP%E%@O%EEPH?PB%S&‘W her and

thus hindering rat n airdingin response. e catalytic

cracki ng yabvided wrkiadRd of Bicsls dettiafleRntomipiete snvdseketise dnd deilladowe o
functional sections or operational sections). These equi pnent groups nay

be dif f er dhe rootrcatisé f mgrbblean ftryficosed ackom Fhinapprodebbasibagrz on its
desi gn. The procedure for choosing equi pnent groups which include specific

prgcess (ismensgrtechto Gunishyhe eparakenwvity advanced wasnipeiohdbe phnotmndi x 1.
[0056] In the preferred,enbodi nent, the present..invention divides the
I ui i zed QERTT A ERA DR TRGUGR © Hoser e isn it (5 PNEBRERA SBFE o ng
overal | ( oyt P01} ndiflaBbh 16 PHAME mERE SRR BeisRPARl farECV
Extreme Operation
corrective action to avert any escalation or mishaps. This method has been
successfully applied to the FCCIL As an exaIﬂpIe, Figure 27 shows the complete
drill down for the Catalyst Circulation problem (the details of the subproblems

are described later).

[0054] The FCCU application uses diverse sources of specific operational
knowledge to combine indications fromm Principal Component Analysis (PCA),
Partial Least Squares (PLS) based inferential models, correiation-based

engineering models, and relevant sensor transformations into several fuzzy logic

Y

networks. This fuzzy logic network aggregates the evidence and indicates the
combined confidence level of a potential problem. Therefore, the network can
detect a problem with higher confidence at its initial developing stages and
provide crucial lead-{ime for the operator to take compensatory or corrective
actions to avoid serious incidents, This is a key advantage over the present
comenercial practice of montoring FCCU based on single sensor alarming from
a DCS system, Very often the alarm comes in too late for the operator to

mitigate an operational problem due to the complicated, fast dynamic natire of
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Wiahm—

3. Over Cat Light Ends Unusual Operation 4. Overall. Cat Light Ends Extrene
Operation _and these special concern nonitors 1. Reactor-Regenerator

Catal yst CW@aM4BLH®* 2. Regenerator Stack Val ves Oper ati paOT@S:@polxmne
Qperation 4. Air blower Operation 5. Carbon Bal ance Checks 6. Catal yst
Carryover to Main Fractionator 7. Wt €8s Conpressor 8. Val ve-Fl ow

Consi stency Model s [0057] The overall nonitors carry out "gross nodel

checking tacHe) gfdiifle ABhAbunR ddba e BLEIAL | APRIAL hARHRAdnAE @

| ar ge number of sens Special conc ors eover areas Wth

potenti al | yhﬁﬂ&ﬁﬂhﬁatﬁ@ﬁﬁﬁhrﬁdﬁﬁ%r%isgj of focussed nodels for early
detection. In addition to all these nonitors the application provides for

several practical tools such as those dealing with W 20061031749
PCTI US2005/ i082884 The catglytie ssackimpniids divided indaeqyeproentimdups tmferred
nor mal / rout j ne .oper at i_ongl events and . elimnatiqn of false positives due

to special WAREYIyEFEON taps epeperptenal feshpatle TaRsssRUINREHEPEPLr user
interface i s cri-kd cal. .co nent of t.he system as it rovi des,t he

oper at or W@ﬁ?&:eﬁf&r@t@;ﬁﬁf&gﬁﬂﬁﬂlﬁéc %?lm?‘ﬁéle‘ﬂ? P%}‘z’“ilg d8sHfanded t o
give the o ' [ I | el t he

pr obabi | i ts?%ébg{?y evﬁ?&ﬁﬁgﬁl\gﬁaﬁﬁéﬁ{ﬁﬁ%&ﬁg%@%?@F%&e&%& gﬁcg:\%gs t he
operat of | Mitd efitbelcRtadb e cpARi it iRisetibed in Pag@iidpt fon on operat of

i nterface design considerations 1s provided in subsection 1V "Qperator

Interaction & Interface Design" under section "Deploying PCA, nodels and
Si mpl e Engi #8861 ng Ivtlaie peefezed ambodimentp fenpicseitioventon divideashger The

e ace ot £ RS AN YRR S SRR Ve

monitors

1. Overall FCCU Unusual Operation

2. Orverall FCCU Exfreme Operation

3. Over Cat Light Ends Unpsual Operation

4. Overall Cat Light Ends Extreme Operation

and these special concern monitors

1. Reactor-Regenerator Catalyst Circulation

Regencrator Stack Vaives Operation

Cyclone Operation

Ajr blower Operation L
Carbon Balance Checks

Catalyst Carryover to Main Fractionator

Wet Gas Compressor

el A T

Valve-Flow Consistency Modeis

[0057F  The overall monitors carry cut "gross model checking” to detect any
deviation in the overall operation and cover a large number of sensors. The
special concern monitors cover areas with potentiaily serions concerns and
consist of focussed models for early detection. In addition to all these monitors

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



! : il

was devel oped to represent the list of inportant abnormal indications in
each operation area. Conparing nodel results with the state of key sensors
_gener at esWOLMEPLEY i ndi cations. Fuzzy logic is used to B{FHBHEHS2EHnor nal
indications to evaluate a single probability of a problem Based on

speci fic knowl edge about the nornmal offerati on of each section, we

devel oped a fuzzy logic network to take the input from sensors and nodel

or obabi | 1 Powr oo BeldfgRbaREPickdet Sho ot tlhe RbOEndl RIS i g

fuzzy Ioghﬁd@ﬁmﬁﬁﬁﬂfoﬁbﬁms? ofitigHs Budfo fﬁé@w@u%z nﬁéf‘énﬁgﬁls? he conplete drill

down of the catalyst circulation proble The gree es in Figure 28
“show the subprobl ens_that conbine together to determine the final

cert ai nt yAef Operatoplpterfaceci rcul ati on Probl ent. The estimated probability
of an abnormal condition is shown to the operating teamin a continuous
“trend to [00&8]catEhe bperadordiser onterfapes isgr edticaincorfponang of the byniamtakdi
operator display of the problempresenting the continuous signal

i ndi cat i oREPVi8rs e opematon M thsa bind'seevgi wiew off the rspeesst ‘The displaghist i cant

advantage.to get an overview of the heal t.h of process than having to
chock 1 heintpaditionpve 1 Gogminra teknamuienof KOTL BeSgons oad maoate

PCTRI S20 0 tly, -l |V operat or " peace-of-inind -
due to i@ﬁeﬁﬁgﬁ?ﬁl%@%?ﬁﬁ@%gﬁ%@ﬁﬂ% ssing any event are renote.
So, it is can also be used as a normality-indicator. \When the probability

reaches O{@59lhe Figoht 2ishowk ¢hd operatarrinierfazlel fantioveysremoh detadlddhe
i di cator turns red (alert) when the probability reaches 0.9. [0060] This
i nvent i ondesswintionean eperatorinientiog| desigprmemsidaraiiprd isgirevideday subssglipe t o

e e e T
o 2L St A AR S RS 0,1

B0 LT B SeRd g o P Rl s ppensoai e, o

PCA is a waséeveloped to represent the list of important abrormal indications in each
operation area. Comparing model results with the state of key sensors generates
abnormal indications. Fuzzy logic is used to aggregate abnormal indications to
evaluate a single probability of a problem. Based on specific knowledge about
the normal operation of each section, we developed a fuzzy logic network to fake
the input from sensors and model residuals to evaluate the probability of a

C_ . problem. Figure 26 shows the probability for the Catalyst Circulation problem
using the corresponding fuzzy logic network shown in Figure 28. Figure 27
shows the complete drill down of the catalyst circulation problem. The green
nodes in Figure 28 show the subproblems that combine together to determine the
final certainty of the "Catalyst Circulation Problem”. The estimated probability
of an abnormal condition is shown to the operating tearm in a continneus frend to
indicate the condition’s progression. Figure 29 shows the operator display of the
problem presenting the continuous signal indications for all the areas. This gives
the operator a significant advantage to get an overview of the health of the

process than having to check the status of each sensor individually, More



focussed nodel targeted specifically to nonitor the catalyst flow between
the reactor-regenerator. The cat |ight ends (CLE) towers that process the
product fWPRWKREIRPECU are included in a separate PCA. | npadgiide@izzaider e
are a nunber of special concern nonitors intended to watch conditions that
could escalate into serious events. Thegabjective is to detect the
problens early on so that the operator has sufficient lead tinme to act.

[ 0061] Under no rr?ll gper atjons, the, operator. executes .several, routine
actions sd@]’?ﬂéé‘“ YethEYes he OpgEtor Reageiol RS RHRIEBIFF oduce

ot 11 cat  Gachite. RSERSY Ribdng U oERRBledoiuly SorbH GBI B vplsBi B 37"
i nvention %%ﬂﬁf&g%%gﬁéﬁ%ﬁuﬁﬁhﬁn thé'ﬁéba‘ﬂ:?ﬁﬁﬁée% O('f),ﬁ?fh%%ga megt@,ﬁs t he

notifications. | The operator 1s In an i'npendi ng probl em
through t hanmasyallowg (Watnime) A81 thedhdehgRaBrikoledr(algOWigieaR febysilibpw and

then red. The application provides the operator with drill down capability
to further reachest0.%ate the problemby viewing a list of prioritized
subprobl ens. This novel nethod provides the operator with drill down

enabl es. t o ORATL, oXbPERRERRGE Mo e PR e Clmonab ABIRRR GRS, ¢ 2o
shovs that HGICH c Ol 8168 CREHDANSh (B0 I RE BN IERARgsAL ons have

a warning alert I's assists the opera I'n SO gnosi ng the

r oot causmg@iaﬁdiﬁ(mmphﬁd 081 BOHi B dsQUINE\GRdr@fivn CThe O ¥cafibé WEHRCPCANS can
be taken. i gure 30 shows the result of clicking on the yellow triangle -

a pareto chaodels wedidetrminged basatben thesinterhclites ofthealiffegeemeoassingor t ed by-
t heir devi ati ons. t&10063 The application uses the pareto-chart approach (y
qui te ext enBitseryd the m B QYIRS 8RNSO tm@k@ﬁbwaﬂtsrraccmat-s‘gwence of
presentatiqﬁﬁisindcr as- | arder _of | ndl

| vi dual, _devi ati o om nor mal

oper ati on. e siarpiisant 1tgranivgyn the Reagionr %gﬁﬂeé%%ﬁrqﬂheﬂsm&ﬂ#’ rrowed
down to the.f hti . Wl . e
i nf or med dg'?:ldg)lﬁgﬁé& g%gﬁ%arg%gl} ggéﬁc)){)f ac%lP]oi%\'. | ggfgh%ﬁg’?@@?ﬁg%f% es this
functi onal ifhyudsed Qhedk] RarebRld PecFaRIY S MARIRNY FeLatdlyd RN Hebwedlt . Upon
clicking on an individual® bar, a custom plot showing the tag trend

reactor-regenerator. The cat light ends (CLE) towers that process the product

from the FCCH are included in a separate PCA. In addition, there are a number

of special concern monitors intended to watch conditions that could escalate intg

serious events, The objective 1s to detect the problems early on so that the

operator has sufficient lead time to act.

[6061] Under normal operations, the operator executes several routine actions ( .
such as feedrate changes, seipoint moves that could produce short-lived high |
residuals in some sensors in the PCA models. Since such notifications are

redundant and do not give new information, this invention has mechanism built-

in to detect their onset and stppress the notifications.

[0062] The operator 15 informed of an impending problem through the
warning triangles that change color from green to veliow and then red. The
application provides the operator with drill down capability to further investigate
the problem by viewing a list of prioritized subproblems. This novel method

provides the operator with drill down capabilities to the subproblems. This
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“versus nodel prediction for the sensor is created. The operator can al so

| ook at probl em sensors together using the "nulti-trend view'.

. For insta?l‘{:ogﬁgawﬁgﬂ}re 31 shows the trends of the val ue difd/Hegejd32H6

predi ctions of the sensors in the Pareto chart of Figure 30. Figure 32
shows the same concept, this tine appltted to the ranking of valve-flow
nodel s based on the nornalized-projection- deviation error. Cicking on the

bar i n t hpgasth oSQaRE 36 Aedty @%rﬁ@%&&%&é&bﬁhe Hlﬁtcrzﬁf@ﬁwﬁf&%ﬁur rent

operation point in the context of t boun normal ~ operation (Figure
33) . Anot bleswedemiheCaf Circalation!, IRGT Thiusus] sbPC( Bxkegiv ©pératiohohatdre

.pareto chart and the X-Y plot for the air blower nonitor. [0064] In

addi ti on &svarhingrdertnddds sssisth dhe cperater inisblatingfandpliegrosing theaooh noni t or s
built using er:%iﬁgeeri n_%er el ati onships and Partial  Least Squares'  based

_i nf er ent i 6upe OF g goRdign sgrthat eQIRPEALAIPREE COIECGLE Jioas San Redgalas: at or
area such as t I r ower .a t. Gas co essor. bUnderlying,these

moni tors GIETE gﬁgﬁowgﬁir%&ﬁ@ﬁpﬁgtﬂﬂgﬁﬁgﬂp@ %1@5#‘9‘[ %PQ%WEH%H%HH ty

si gnal . 3 W 1Sy 1 | incl ude: WO
200b/ 031 W@@ﬁﬁﬁ%@ﬂﬁ%ﬁwg%%ﬁ%m e ol e FoQU

operation into 10 operational areas Reactor-Regenerator, Cat Light Ends

Towers, CHI06G] r cUllat applicabaakes Mad pagto-Cyalt eppsoachiquitel coneisivalatdon
Bal ance, Catalyst Carryover to Main Fractionator, Wt Gas Conpressor,
Val ve- Fl opreseiatanéormation teuhe opewiton Tik scmenopef prasonaticndnin deapasef t he

ke B et o R RS,
' i R . 600+ i

based on LibeRinifoned ot BE HEpPer i FRel oo HEERY FERaad BeR ., g °
model s - ﬂﬁ&%ﬁé%&ﬁieﬁt{a%aﬁ%%f&ﬁsé&@&iﬂoﬁ?hBSut cdRSCHLAI, P@%ﬁgﬁeone’

b
Air bl owers, bal'ance, Catalyst carryover and Wt Gas conpressor add
enhanced 3@dsspeadtiraes ddafyciitetadiey tomuel Pt loftgnsdis offenival Uea plugvp-nodel s

provi de a powerful way to nonitor control | oops, )
chart. Upor clicking on an individual bar, a custom plot showing the tag trend
versus model prediction Tor the sensor is created. The operator can also look at
trends of problem sensors together using the "multi-trend view". For instance,
Figure 31 shows the trends of the value and model predictions of the sensors in
the Pareto chart of Figure 30. Figure 32 shows the same concept, this time
applied to the ranking of vaive-flow models based on the normalized-projection-

<- deviation exror. Clicking on the bar in this case, generates an X-Y scatter plot

that shows the cmrrent operation point in the context of the bounds of normal

aperation (Figure 33). Another example of its application is shown in Figure 34

for the pareto chart and the X-Y plot for the air blower monitor.

[0064] in addition o the PCA models, there are a nnmber of special
concernt monitors built using engineering relationships and Partial Least Squares’
based inferentials. These cover critical equipment in the Reactor-Regenerator
area such as the Alr Blower and Wet Gas compressor. Underlying these

-monitors are fuzzy-logic networks that generate a single abnormality signal.

[0065] In summary, the advantages of this invention incinde:



whi ch effect control actions and thus can be the source or by affected by
upsets. 7. Events resulting fromspecial causelroutine operations are
suppr essed WO 2503t e the fal se positives. The enor mousPEEMBHWEOIAIG t v
reduction from( . 600+ individual tags to just 12 signals significantly
cuts down on the false positive rate. Th&-PCA nodel i ng approach inherently
resolves the single sensor alarmng issue in an el egant nmanner. B.

e R S M o o g

operation in a Rédctbr-Rbgedersint, (Siidpight ek TR vwadigl ¢ai ORcilagoncOreRr ned unit
for historical operational problens.” This problemidentification step is

i nportant to défilmes,fiecionspdinBlower, dfpbon Bdlance, (BiA9d ) GaDPdEd0e Main
PCTI US20050132446 _-13 [0067] The devel opment of these nodels is described
in general in Apgeiienator, Weddpe Comprresarp¥aiva-Flaye béedals - feoamerisiondi ng
these nodels for the fluidized catalytic cracker unit are described bel ow.

Probl em | dent i fTiGagheqRtid it o figt T AL St prent
is to identify a si%n??i%%%t%hdbr ob ellrlnl% E\:ﬁggcvﬁ"f@g%ne |tzggrﬁ(§f££ﬂ;%%hé)
operations. Thelapnormal event detection application in general can be

applied to two different classes of problem The first is a generic
abnor nal event lgatign that. nonitars agn _.entir, ess area | ogking
for any. abnbr bR modRs StoyisE Hprel RredRedhsiok Tud biF stnhsSoressthunts,
but does not r‘?ﬂé’h’{'oede?s hi storical record of any specific abnormal opera-
tions. The application™wll only detect and |ink an abnormal event to a

portion (tags) of the process. Diagnosis of the problemrequires the skiefl--
of the opert orTheoabnsmmiah deviationdedherh &ldecensons e singniagizad dyy ibs Ja

speci fic abnormgl operation. This_ type will provj a specific di agnosis""
once the abnorﬁq’fiﬁtﬁaﬁeg %&écﬁ'@aﬂfﬁﬂx‘ﬂfﬁlgﬂé’épi?@q %&&&Wﬁfﬁy a smal |
nunber of mneasurenments (5 -20), but requires a :

5. The engineering models - inferentials for Regenerator stack valve,

Regenerator cyclone, Air blowers, Carbon batance, Catalyst carryover and

Wet (ias compressor add enbanced focussed and early detection capability.

6. The valve-flow models provide a powerful way to monitor control loops,
which effect countrol actions and thus can be the source or by affected by

UpsEts.

7.  Events resulting from special cansefroutine operations are seppressed to
eliminate the false positives. The enormous dimensionality reductien from (
600+ individua! tags to just 12 signals significantly cots down on the false
positive rate. The PCA modeling approach inherently resolves the single

sensor alarming issue in an elegant manney.

B. Development and Deployment of AED Models for a FCCU

[0066]  The application has PCA models, engineering models and hewristics to
detect abnormal operation in a FCCU. The first steps involve analyzing the
concerned anit for hisforical operational problems. This problem identification

step is important to define the scope of the application.



e

hi storical data record of the event. This nodel can PCAI PLS based or sinple
engi neeri n%&ﬁorreﬁl ation (mass/energy-bal ances based). This docunment covers
both ki nd¥Psf" 5 cations in order to provide extensiv@@HNEPHGE2HThe
operator or the engineer would then rely on their process

know edgel expertise to accurately diagidose the cause. Typically nost of
the events seemto be primarily the result of problens with the

b tonar QEONT vk B yelpieht of iecanoauts 30 ARLAIMEATY HhARAR LR I riihf Shou!

be consi dered when sel ec an ‘abnormal "éve etection pro

| nfrequent], mae wikhd sgeifie vofiverns arovhdBiildisy F@e MeHels Uof tHeflhidezaf f ort

to create an abnormal event detector. Also, when a particular abnormality
“occurs onlcatabyies gra@ker ndit aontéxsribad belawsti vi dual operator may go for years
ndt hout seeing the event. As a consequence; he would not know what to do
~once the iyeg’i fi}ﬁgl Y. occurs. WO 2061 1131749 PCTI US2005/ 032446 |4
Ther ef or e “tff ‘HP BHECH, i fication should be broad enough that the

223;?%3% OB G The B ﬁ?@l’ R eA bty %Liﬂ%@éﬁ?ﬁﬁ SISO (o
o just i 1Jroncah AA0E RN el e B R B B Blen e ¥

l'ow esti mahlieftdiPM FerRastanin be ARG cvRY Siffered d18%ks bR prableme Theoccur s
because: normal events are oftéen not recorded and anal yzed. Only those

t hat caus éirsiigni gonesictabnosmebeverg apphciesh thmd neoritors ed enfibnprovets seants are
often viewed as part of normal operations since operators deal wth them

daq; ly. Unleeddng des any ebronmsy evant. yThis sppe mil ussievenal heydusd measare-
application sh ulgl cover a.large eno 9h pa‘rﬂ&i on of | heql}%‘rgocegs to "see"
abnor nal @Wﬁ%gﬁ’é 0gs DELEINAS }cgm(ai_%c_m‘ ST SRACHICAOENEALIPERs ek) |, L
PCA Model &L 007 ; Te: RCA RIS ¥t 1R 14825k aBholh HORHAERor RSt

transforns
(tags) of the process. Diagnosis of the problem requires the skill of the operator

OT engineer,

[0069] The second type is focused on a specific abnormal operation. This
type will pravide a specific diagnosis once the abnormality is detected. It
typically involves only a small mumber of measurements (5 -20), but requires a
hstorical data record of the event. This model can PCA/PLS based or simple
engineering correlation (mass/energy-balances based). This document covers

both kinds of applications in order to provide extensive coverage. The operator

II".F -‘\‘I

or the engineer would then rely on their process knowledge/expertise to
accurately diagnose the cause. Typically most of the events seem to be primarily

the result of problems with the instriments and vaives,

{00707  The following problem characteristics should be considersd when
selecting an abnormal event detection probiem: Infrequent abnormalities {every
3 - 4 months} may not justify the efort to create an abnormal event detector.,
Also, when a particular abnormality occurs only every 3 or 4 months, an
individual operator may go for years without seeing the event. Asa

consequence, he would not know what to do once the event finally occurs.



actual process variables into a set of 'orthogonal' or independent

vari abl es rinci pal Conponents (PC) which are |linear conbinations
of the ori ﬁ]gﬁ‘g{?ﬁf’rﬂ abl es. It has been observed that thBCHNGERFPILHS
process has a nunber of degrees of freedom which represent the specific
i ndependent effects that influence the ~Ykocess. These different

I ndependent effects show Up in the process data as process variation.

Process Va@l?érhf&e%ﬁ@g%l@%ﬁdbﬁﬁ%ﬂétﬂlﬁ SHRAAA bENRBAE Snodste that She SFstdrdrat e

changes, or unintentional disturbances, such as anbient tenperature

vari ati on. fo0ldde feanbarby imeiaedhe catp plizatibar es a uni que portion of the
process variability caused by these different independent influences on

docr eas ng TPBLEs s hPs SEoRinG INEDRHIoD) B8 PSRer HUESURS BROBEATPTeRSMEnch
o el Al _ ' f . Lh |

o ocess varrag ey s SRR A e b R iRt o rhidFoeln

signifi Ca“tavdﬂ&dﬁgg%’r%i(}gm? Qb Gatal Uveht @5EEE0 %4%& ttﬁfﬁe}#&ﬁxﬂ'ﬁb&lﬂ he

first principal ent often represents eel rate thanges

since this logv estimdte)sf Hove flequerty abhdigh sSeufsGaTat (hE paRess obanges. [ 0074]
The application is based on a principal Conponent Analysis, RCA of the

process, whiarhugs:eates an enpirical nodel of "normal operations". The
process of building PCA nodels is described in detail in the _section
"Devel opi ng PCA Mbddbomag! exepts qm ofispantitgcorded padiasplyegingnly 1105ai scuss

the special considerations that. are necessary to apply, PCA toward creating
an abnornal event ,oti'@t‘&%‘fsﬁﬁiﬁtﬂbf:%@??% %%ﬁéhe@éﬂ,&ﬂl &% pca Model s
Devel opnent [0075] The application has PCA nodels covering the

react or-regenerator 7 : T = t he
AbfGmARNenREAL offeRrieRtd 3k Tak dtddha W fsﬁit%%e

cat light ends towers (CLE-PCA). This allows extensive co

overal | FCC operati ospermérs deall with liesk elailiy0076] The PCA nodel devel opnent
conprises of the follow ng steps:

Unless there 15 a regularly repeating abnormal event, the application should
cover a Jarge enough portion of the process to "see" abnormal events o a

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

I. PCA Models

[0072]  The PCA models are the heart of the FCCU AED. PCA transfoims the

actual process variables into a set of ‘orthogonal’ or independent variables called
Principal Components (PC) which are linear combinations of the original vari- (_
ables. It has been observed that the underlying process has a mumber of degrees

of freedom which represent the specific independent effects that influence the

process. These different independent effects show up in the process data as

process variation. Process variation can be due to intentional changes, such as

feed rate changes, or unintentional dishurbances, such as ambient temperature

variation.

[0073]  Each principal component captures a unique portion of the process
variability cansed by these different independent infinences on the process. The

principal components are exiracied in the order of decreasing process variation.



’1) | nput Data and Operating Range Sel ection 2) Historical data collection

and pre-p ' 3) Data and Process Analysis 4) Initj Urég(ﬂe creation
5) Mbdel ?g‘gﬁ'ﬁ'ﬁ}‘g@g"ﬁ% Tuning 6) Model Depl oynent [0077] *Iz'ﬁt" E’It"'%ﬁ“ﬁe

principles involved in building PCA m)dgis are described in the subsection
| "Conceptual PCA Model Design" under 3&ction "Devel oping PCA Mdels for
AlD" in Appendix 1 These steps constitute the prinmary effort in nodel

devel opnenEacitfutseqi&h pritéhsl @orepaain capivena sgadldr paitidd f thendtauant ity

of training data representing normal operations is very WO 20"1031749

Pt ~r ( US200B:0083% vgiability. cFhe imdjor mincipaktempeneiis shenld represerisignidicant st ar t

wth a very rough nodel, then to successively inproye fhat nodel's
fidelity. 'T’Pi‘ifgtj}&’éﬁéw@@ PEPCHSH JAHBUOR RS aﬁﬁé@?&@% ﬁrftg§t PRl act ual

The. st eps. SrabwiHE P dEBreseBlh A Bteot o FBR el Qe pse IRR G UREANE ' "
‘Sel ecti on l{h%q;%]estoﬁnﬁrﬁ%ddréé p@ 5c%g§clli12fhoteﬁe PCA nodel dictates coverage, we
a  conprefiensive PI { of all*®

start with e tags in the concerned areas.
The process of select- ing neasurenments and variables is outlined in
subsect i on[A074] | ndllte yplicatiod is Dpsadati adriReiys BebponentAnalysisrPCAgofect i on
"Devel opi ng PCA Models for AID' in Appendix 1. Any neasurenents that were
known to bEenpeEssawiichereatssngmp magleh eh anenalapsgiipnse. Fhéroved from

the list. Additignal. a - t.reduction i,s f or ned. usj, n_.
i terative PPSEEM lhﬁﬁ%iﬁ‘fg qlﬁglﬁ?q?éﬁ 3@@& eﬁﬂagptq?@rn&ﬁp& Nh ﬂﬁg}g‘?ﬁ%u@al
Dat a col | i oG | T | . L..pf normal
opé_r ati on??&%ﬁ%@gg % ral nﬁﬁgﬁﬂ&g‘fj ?gbﬂ%wﬁ% ﬁg%glrsgﬁl%g%]gg B%ullafs) dat a
set shoul dgonsRiRatibie: RAt FR nQRBEAY I8 GppRBEA toward creating an abaormal

eveni detection application for an FCCU.,

FCCU PCA Model Development

[0075] The application has PCA models covering the reactor-regenerator area
{FCC-PCA), the cat civeulation (CCR-PCA) and the cat light ends towers
(CLE-PCA). This allows extensive coverage of the overall FCC operation and

garly alerts.

[0076] The PCA model development comprises of the following steps:

1) Imput Data and Operating Range Selection

&%

2) Historical data collection and pre-processing

3} Data and Process Analysis

4} Imitial model creation

5) Model Testing and Tuning

() Modei Deployment
[0877] The general principles involved in building PCA models are
described in the subsection I "Conceptnal PCA Model Design" under section
"Developing PCA Models for AED" in Appendix 1 These steps constitute the
primary effort in model development, Since PCA models are data-driven, good

quality arid quantity of training data representing normal operations is very
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I
Only include normal operating data 10030) Because it is very rare to have a
conplete record of the abnormal event history at a site, historical data
can only beYd2M¥MaE4d starting point for creating the tr&CArusgdasaiset .
Qperating records such as Operator-|ogs, Operator Change Journals, Al arm
Journal s, Instrument M ntenance recorddléprovide a partial record of the
abnormal process history. The process of data collection is el aborated

upon in su 1 Il s HL-SEOLI 2,60l | O er '

"Devel opi n?@&l'%&#ég{f @%‘?ﬂlﬁé’;ﬂgﬁins‘%%@%ﬁﬁ@ﬁ%{‘@@éfw}w@%’ﬁ@e, t he
historical idapace MRAY oBbIORGERY. OThik ReqEoMShL Rk TR and

W nter periods. Wgﬁﬁﬁgﬁg-ﬁﬂi r?ute a\?g%&ggd ]glgﬂta thga%\o 258%%1031‘;- 19 ©

PCT/ US20013h8dA44enpardd tonthsexndprbba® dperainstandreouthingy e sodelishsed

700, 000+ for each tag. In order to nake the data-set nore manageable while
still ret aion thgseiabisarivgtions. Thectepst droriefbndisoabed mgxt.udgenent was appl i ed
and every 6th point was retained resulting in about 100, 000+ points for
each sensorg . This .allo the represeptatj.ve behavior to be captured by
the PCA no BP?E?W%&EEE%EW Sgl%ghﬁ'ﬁ as average, ninlnax and
standard deyi ation artie;6 _cal@gul ated for all the tags to determ ne the extent
of variati dHBVRF or detthedist ebingaiindee Rl nmedehdicdates sereragngvesipst

exam ned to renove data contajned w t.hin w ndows w th, known unit .shutdowns
or abnor nalcoﬁ'ﬂ;%rFﬁ?’?%ﬁ%ﬁsiE%‘gﬂf HAEF 4L W%ﬁf‘s‘m&a%ﬁﬁsﬁﬁff selck o
determ ne 3gppr | A NCLISI I3t | THrn Creating
Bal anced T?iaii?r]# %&h%ﬁ%ﬁééﬁﬁﬁéﬁgg%gﬂg?{ﬁgﬂ}eﬁgno%g?%{@r@l I g@g,?ﬁ?%%%ﬁpst ori cal
data is di \{Dﬁgﬁ@_ﬁh m:;gers&ét&ionwﬂagkW%ﬁomelﬂﬁﬁ%mmaoaﬂgf;_ﬂerI ods .
with no identified abnormal operations. The data with no identified
abnor mal op®ERt"immspperidix beAnhenepetmentsahyt weri kicwn daba nsgeliabld6841 Once
t hese excl usi ons have been made the first rough PCA nodel can be built.

Si nce thi s dxhibjbrmglic bebavigr shoyldhsugmoveddromiibe dishordditional measure-

ment rednetion is performed using an iterative procedure once the initial PCA

model is obtaned.

Historical Data colleciion and Pre-Processing

[0079] Developing a good model of normal operations requires a training

data set of normal operations. ‘This data set should;

» Span the normal operating range

» Only include normal operating data

[0080}  Because it is very rare to have a complete record of the abnormal
gvent history at a site, historical data can only be used as a starting point for
creating the training data set. Operating records such as Operator logs, Operator
Change Journals, Alarm Journals, Instrument Maintenance records provide a
partial reénrd of the abnormal process lﬁémry. The process of data collection is
elaborated npon in subsection 11 "Historical Data collection” under the section

"Developing PCA Models for AED" in Appendix L.

[0081]  Inthe FCCU case, the historical data spanned 1.5 years of operation to

cover both summer and winter periods. With one-minute averaged data the



princi pal conmponents to be retained is not inportant. This should be no

more t hary§tdRef-b he nunber neasurenents included int l....Th
nunmber of PCs should ultimately match the nunber of deg?gg@gfﬁ]s?}?)é‘éfgom in .

the process, however this is not usual known since this includes all the
di fferent sources of process disturbantes. There are several standard

nmet hods for determ ning how many principal conponents to include. Al so at
t hi s st agemimhkersifaime riogmk fmpEaac he drounad 7008 sfoaleroly teh dnlocdddraoused:
scale all variables to unit variance. 00851 The_ trai ni ngi data set should
now be rumeke deglatesesmere manageable whitkestil] setpining ppderlying éompdionwher e
the data does not match the nodel ._e;%rhe e WO 20061031749 PCr 1US20051032446
time peri GOSLHENEIUHECRERAR aPPled abd GREDHH RALARB FFtalncs TEHTitRg N

pertos &t 3000 nwipil1gh Set SRl ARG e R RV bR Gt '

occur ring.gn Ha mureH 1% | d be excluded fromthe training data
BT, BEPCA O

set and the r e nodified data. The process of creating
bal anced training data sets using data and process analysis is outlined in
Secti-on | V{82l a Baprcxiessticasuth ai ﬂ?ﬁl‘&@ﬂdﬂﬁnlglh@l sed siapdartiésmniopi axg PCA
Model s for AED' in Appendix |. Initial Mdel Creation [[00861 The nodel

devel opnerﬁal@-ii@tﬁrﬁlg-ﬁyaﬁ@Q trestie detaymine she axtpng Wmﬂg?@@ﬂm(t he

consequence of. a,questi gnabl e tr.aining data set hen _use i he npdel ,to

gat he? a rﬁﬂﬁ'ﬁmﬂﬁ%lgﬁl t‘g‘gﬁonpﬂﬁfabﬂéﬁﬁggwa ?ﬁ?@uﬁ@r Elqvﬁé:fﬁ't%g‘é’gai“@di npr ove
t he . nodel,,; i ' ' : it

tra{i ni ng (]%]t a. %dgﬁ%%}gt@éﬂsﬁ?%&éﬁ@é%@?g un‘#ﬁt%[% e%r%@%fﬁ hlsgl&%kﬁhsf Zlct ory.

[ 0087] 01Qﬁnﬂﬂﬁ@ﬁﬁ@kﬁﬂeﬁdﬁ%rﬁﬂﬁﬁﬁﬁe@?d’ﬁel%ﬁﬁiheﬁﬁi;ﬁﬁ?ﬁﬁteﬂﬂ@b fdge training.
data set has been built, the nodel can be built quickly using standard

st ati sti cahclusivel i thétraéningplaea odt. such a program showi ng the percent
vari ance captured by each principle conponent is shown in figure 45. The

2 AR ST 1 2, ST e
[0083] Using the operating logs. the historical data is divided into periods
with known abnormal operations and periods with no identified abnormal
operations. The data with no identified abpormal operations will be the

preliminary training data set.

[0084] Once these exclusions have been made the first rongh PCA model can
' - be built. Since this is going to be a very rough model the exact nnmber of
principal components to be retained is not important, This should be no more
than 5% of the number measurements included in the model, The number of
PCs should ultimately match the number of degrees of freedom in the process,
however this is not usually known since this includes all the different sources of
process disturbances. There are several standard methods for determining how
many principal components to include. Also at this stage the statistical approach

to variable scaling shonld be used: scale all variables to unit variance,

[0085] The training data set should now be run through this prelimipary
model to identify time periods where the data does not match the model. These



Model Testing and Tuning [0088] Once the initial nodel has been created, it

needs to be b creating a new training data set. | Syl eb
. v £8Py 9 g Lpch) fge oy
using the nodel to nonitor the process. Once the nodel i n(ﬁ cg?ggs?ﬂggﬂﬂ

potential abnormal situation, the engi neelé_ shoul d i nvestigate and cl assify
the process situation. The engineer will *find three different situation,
ei ther sone special process operation is occurring, an actual abnormal

si tuation i gime pariodnghould belwxaphosbassdeswheibeahn abdoinal ovent fassse
i ndication. WD 2 4 0 6103 1 74'1 PCT/US20051032446 -19 [0089] The process
data wi || nécchawing af ihauine.alf this iadudgod @i ba tiemase oihen toesedogadstiofds t he

Zéfig?ﬁ;? Zbé‘sﬁqgﬁ F@% PR laier 35 s, ViR koRay ééf%ﬁéqlfeﬁéy%ﬁcéﬁ%%ﬁ‘é 'gﬁ@sb |
Y ; . _ =

g%ger [ engzt ﬁlal?ﬁtpeﬁg%l% Eﬂﬁﬁé %ﬁf@i&é%&n&ﬁe %ﬁ%&%@%ﬁﬁﬁg ﬁ"ﬁeﬁ irﬁ@‘{lﬂtu nder
Nbdel test| Mg BRERHAE T, MR Boveytbf Sedlink he e e R 3 TBie ™

Successful GRPd SYIPicesd afkii%i9ts Suilined S8 Seefibh TVEqVAita S Ro&RF i Aldysikt on of
accurate nodels, a well designed user interface and proper trigger points.

The det ai | edmgep decsactonf" ThaplopynBCRCRIsdxdefor AEIESer Appghdinder " Depl oyi ng
PCA Model s and Si npl e Engi neering Models for AED' in Appendix 1. [0091]

Over tine, e.devel or, site engineer may determne that it is
necessary ttollﬁm%rwegﬁéeﬂhﬂphe nodel s. Either the process conditions have
changed or thﬁ &del Is providing a false indication, In this event, .the
training dd088ek: IHgmaodal dsyglepment strategyds i siashwiths vygeuahmpdeh ("

S T RO S e R S
removed 11 ofPine 1 TanrRny R g Yalap TR Bl R AT AR T S

model, which is then used to continue to gather betier quality training data. This

process is repeated until the model is satisfactory.

[0087]  Once the specific measurements have been selected anrd the training
data set has been built, the model can be built quickly using standard statistical
tools. An exampie of such a program showing the percent variance captured by

each principle component is shown in Figure 45.

The model building process is described in Section V "Model Creation” under )
the section "Developing PCA Models for AED" in Appendix 1. (

Model Testing and Tuning

[0088]  Once the initial medel has been created, it needs to be enhanced by
creating a new trﬂiniﬁg data set. This is done by using the model] to monitor the
process, Once the model indicates a potential abrormal situation, the engineer
should imvestigate and classify the process situation. The engineer will find
three different situation, either some special process operation is occurring, an
actal abnormal situation is occurring, or the process is normal and it is a false

indication.



no | onger being done, all data fromthat operation should be renmoved. After

a mjor pyraseRsustRdi fication, the training data and AED ﬂ%}:r h ed to
be rebuilt fromscratch. [0093] The ECCU PCA nodel start R ?1 nitial

set of 388 tags, which was then refined,to 228 tags. The Cat Circul ation

| NCA (CCR-PCA) nodel includes 24 tags and nonitors the crucial Cat
Circulation function. The Cat Light Ends PCA (CLE-PCA) narrowed down from
366 to 256 aﬁﬁiﬂcmssdhtawﬂimﬂdﬁwmgﬂmmmmmmquG -20

downstream.secti ons i nvol ved i.n the recover the Main, Fracti onat or,
Deet hani zet-OREEBICHEY. H@é&ﬁ@%ﬁzﬁé&ﬂsn splomgtio g thepisigger technE

mBZLQ?fSMw&eﬁ Eﬁ%‘éﬁr@]{‘%ﬁ%%@%@? GETRTE ﬁéiﬁed;ﬁﬁ?xi ”
213

Model gn Etngﬁneggrﬁ%igg Eg%gﬁémbgee oerE @gfbﬁéﬁ?%g%&%e I'ng E@ peering
conpri se OfisihA ik fitided! Seciiog ?P"Eﬁid@i”l‘@ﬁhrpﬁaﬂ?unﬁ%g%ﬂef e 4Re86n ON SpeC' fic

detection of abnormal conditions. The detailed dé&scription of building
engi neer i n@MapmgdHﬁAbMddalmbruXEBF i Sippehdix Edgsatless thg Mixdid ltestingr  AED'
section in pendi x 1. [0095] The engineering nodel requirenents for the
FCCU appl i eaipngement geo ed by: perform ng an engi neering eval uation
of historical process data and interviews with console operators and

equi pnent C gi neer- ing evaluation included areas of
critical fﬁ‘%M&%‘%Jﬁ%#BS& &se scenarios for FCCU operation. To address
t he_concl romth neeri ssnment the follow n | neeri ng
m)c( l.s V\eu@{@@ie OSE’&B S%P'ﬁfl%% Wmﬁpl%ww L%ﬁlekflgﬂﬂ ation
Monitor  SLAGKaMANESmREs! Q%a]ﬁ&%?ﬁ%@ﬁ&ﬁ: 1%&99%%?5&?@@%1&1&[ '
The detailed procedure of deploying PCA medel is described under "Deploying
PCA Meodels and Simple Engineering Models for AED™ in Appendix 1.

[0091]  Over time, the developer or site engineer may determine that it is
necessary to improve one of the models, Either the process conditions have
changed or the model is providing a false indication. In this event, the taining
data set could be augmented with additional process data and improved model
coefficients could be obtained. The trigger points can be recalculated nsing the

same rales of tmmb mentioned previously,

(‘" [0092]  Old data that no longer adequately represents process operations
should be removed frem the training data set. If a particular type of operation is
no longer being done, all data from that operation should be removed, After a
major process modification, the training data and AED model may need to be

rebuilt from scratch.

f0093] The FCCU PCA mode] started with an initial set of 388 tapgs, which
was then refined to 228 tags. The Cat Circulation PCA (CCR-PCA) model
includes 24 tags and monitors the crucial Cat Circulation function. The Cat Light
Ends PCA (CLE-PCA) narrowed down from 366 to 256 tags and covers the



AN Air Blower Operation Mnitor Carbon Bal ance Mnitor ~ Catal yst Carryover
to Main Fractionator Monitor Wet Gas Conpressor Monitor Val ve- Fl ow
consi st ency"NofMB §"W0 20061031749 PCTI U$20051032446 - 2 PAITIBIS/AFRES
procedure for building the inferentials is quite simlar to that of the
PCA rmodel s di scussed earlier. However, uifike in the case of PCA nodels
where there is no specific output being-predicted (all data are inputs),
wi th infer- qgRigsfbem!ReHond ?1%1?&? @g 8542\ Ghd MaiRTaALGSAAEr, Ve use
Partial Least Squares (PLS) to nodel the output tag based on certain

i nputs. As iDrecthni g SebaibHCAhitanizeaShang® Abretsu EFShicrabbacindon and
data preprocessing. However, in this case neasurenent selection is from
t he poi nt ofNaph#iw dplitter Fghres24h The votdild didhe FECHEsA modaliisshewninr t he

out put tag. This jnyvolves_interagting.with process experts. and ggin
through a cauneadsy 24y Mﬁ@h&st%fﬁ’éﬁ%\?@&\ﬂﬂ%ﬁﬁ dFFaTibed da Pﬁtﬂﬂf’%@ ﬁ%st C

set. [0097] T ! G reuyl.ati on, myni t,or nitars the health of
cat al yst C@E@mﬁ% Hﬂx@f%fﬁﬁc&@g@ﬁé@&g&h %@) Catal yst circul ation
operating range (b) Cat Circulation PCA nodel residual (c) Rx-Rg J-bend

density (d) IT.xFROEnciiedhimd Meddis (e) Abnornmal RxRg DeltaP control (f)
Consi st ency between energy and pressure bal ance cat circul ation cal cs.

Cat al yst ci m#ﬁ%‘%ﬁgg%?gg?ﬁqywa@ﬂgggﬁnt of efficient FCC operation and

early detectid em can to significant savings. The conplete

Net 1 1 gu12098 °r B EftpettR s Bl Sof yBfiuiaiCalLomRRRRARL 2
mai Nt ai ni NgARIERAGEQIT oftREEASE FehlcBRITMhBla] SG@AbNE The dethifedl

important |ink the Reactor tenperature control chain wherein the(...

React or t endesaiptich atipuildiagteigiesiobanaddle gendedband phdestBienpdef f erenti al
by mani pul ating the stack val ve opening. In order to nonitor the valves,

(a) the stadogmgevagidodals fopABDH nectamiged ppemdix 1.

[0095]  The engineering mode] requirements for the FCCU application were
determined by: performing an enginesring evaluation of historical process data
and inferviews with console operators and equipment specialists. The engineer-
ing evaiuation included areas of critical concern and worst case scenarics for
FCCU operation. To address the conclusions from the engineering assessment,
- the following engineering models were developed for the FCCU AED

application;

+ Catalyst Circulation Monitor (

» Siack Valves Monitor

= Regenerator Cyclone Operation Monifor

» Ajr Blower Operation Monitor

» (arbon Balance Monitor

« Catatyst Carryover to Main Fractionator Monitor

e  Wei Gas Compressor Monitor

+ Valve-Flow consistency monitors



éhecked and (b) the consistency between the stack val ve openings and the

di fferentigioRnogs4ee controller output is checked. Figur t.he
drill down for the Regenerator Stack- Valve nonitor. Appﬁ%ﬁ?%(zagg@bﬁﬁves

the details of this nonitor. WD 2111} §%p37749 PCTI US200511} 32446 - 22
[ 0099] The Regenerator Cyclones are used to precipitate the catal yst fines

fromthe flue gas to prevent catalyst |oss. The catalyst is collected in
cat al yst [ﬁﬂf?ﬁgrs 'The mocedusdor biilding dedufereniizls ivguite sinatlacodhakafer al  key

TTie gan  OBE BrEASnodels Ruteinsh o iae, e st ShkE o BFoehe g e Bpah e ©
Lot o ARRLS o IR0 (B NP TR e Shpd 2l SBpRisher o
regener at ofn b Hgaffe i1 WeSided Qatatia fgfg@%ﬁ% 8 l}%fﬂiélqgedslﬂs h&espent

catalyst fromt reactor. The alr Is thus a critica | ece of

equi prent {RE.SWohadel tht duyeutEEbane] a4 censin ilpatsaids intthevase SOPCROmichecks
the turbine speed, the delta air tenperature, Steam pressure supply, air
now, st eanedllsdwr heedsurdwmend, sekictiodi anchdaty ereppopessaig dbowdvar, in thiecasat i al
nodels in this case were - (a) air flowto the airblower, (b) Steam flow

to turbi neMEaJURBEaHETIacHPD 1chpay heupanbeloview) olavariahlendhat fiopdhbe e The

det ai | f,th .edi t int i nf tial h ' dix 3 C
Figure. STORRBHELERES Horiie G P HSRAL QG0N BRFaetEE SR bBHAYSAY SRS roni L or

oes are A §oBB RS eRts B0 Pr oR lepior ol ERATHR B olTe B HBETTT

gasl, CO I evgl, the flue gas 02 level and some other supporting sensors. This
nonitor is shown in Figure 38 and Appendix 3 Drr L has its details.
100102] The catal yst carryover to nmain fractiqnator nonitors the reactor

stripper |H@87] t hhe Cated st (raulation masitop meenstnrs the healty of eatalyghpar ound to

the min foragtionator and the, strainer. differentia ressure. Fiqure 39
shows t he cm:tﬁaﬂnn using g‘ s&pmﬁlem arsas - (a) baIz‘j:ys cncuia Ont Operating range

(b) Cat Circulation PCA model résidual (c) Rx-Rg J-bend density {d}, Rx-Rg
catalyst Ievels {e} Abnnrmal RxRg DeltaP centrol () Consistency between
energy and pressure balance cat cireulation cales. Catalyst circulation is a key
component of efficient FCC operation and early detection of a problem can lead
to significant savings. The complete breakdown of tﬁe problem 15 shown in

Figure 27 and the corresponding Fuzzy Net in Figure 28.

C [0088] The Regenerator stack valve is crucial in maintaining the Reactor-
Regenerator pressure differential. It is an important link the Reactor cascade
temperature control chiain wherein the Reactor temperature adjusts the Reactor-
Regenerator pressure differential by manipulating the stack valve opening. In
order to monitor the valves, (a) the siack valve normal operating ranges are
checked and (b) the consistency between the stack valve openings and the
differential pressure controller output is checked. Fignre 35 shows the dnll down
for the Regenerator Stack Valve monitor. Appendix 3 A gives the details of this

Wonitor.



nonitor. Appendix 3 E has nonitor details. [00103] The Wet Gas conpressor

t akes the gy hd@gigonat or overhead product and corrpres§,ecsr' Qr.. f.urt her
processing in the downstream|ight ends towers. The WGC al séﬁsrég'lgaﬂp%u*ﬁs t he

tower pressure and hence is another critigfal concern area to be nonitored.
This nonitor checks the second stage suction WO 2006/ 031749 :

PCT/ U520*51032446 -23 flow, steamto turbine, first stage discharge fl ow,
cat gas exifit088}perEeuReserEhator Cybkrmstarausebtieprecipitatt the erinlysolines e (a)

2nd st ti flow, (b S fl 1 bi ne, 1st
ot age omprBBUIE NS GIPYeRl CRiRly s hecal VAl S aleGed Wiratdtar | s of
t hese inferenti.ai re. gi e%nin I.X |E.. Fiqure 40 shows_t noni tor.
100104]  ThelXeisae UsPo Bt i HhFEERE LS TGt chesks SErerilE ey 1o

[ t
The vai veyP T RIS g B R B et B B I R e e
the condi tin@@eDided Qoppdi Welgll PR oREBIRAI 9 Wk _rcﬁﬁldn\é d¥EfaTdiaP frdsmntshe
process. The nodel estimate of the flow™ s obtaified fromhistorical data

by fitting Appéfdizi®Btgved hetdeeailmbdivéhis tondtoe gud Tigme(eshovedibeaibsagpi t her
| inear or parabolic). In the initial application, 12 flow val ve position

;EéSZLZﬁ Z{‘S?ﬂ@ﬁﬁﬁi ® B B SEE eRplart i%ﬂ%é%a%ﬁq%ﬁﬁ?@h%%@t&%& P Eﬁvﬂfef’épﬁd
dotails of PHansspELORRaletfihe Shert caflitb HomipERI T8 AERLARER T T

addi tion tohulg &ﬁdﬁ;ﬁié&%f%qgmﬁtMmhwﬂa 'ﬁ:@a};@aﬁhb&.@n% aircheck to

notify the operator in the eve at a control valve Ts beyond control - 1('

| abl e rangeblastergnymitarectexke dramneline hged, ahd Helth @ivstehpietatiite steanponent s o
the fuzzy net and an exanple of val ue-exceedance is shown in Figure 42.
[ 001061 A tpressirasypply. aniffew: sicamnvidewdd deding aihdisoipatge terspérsiure. The

conpensate fqr lang termsensor drift. The qperatqr ¢ al so guest a

feset of tWdcrgpiAl mogels iafisrcase Siene o (2 b Alovbra et tle W dh Stehual

bypass val Vﬁﬂ%at% turbine (c) Regenerator temperature and (d) Air blower discharge. The
details of the predictor tags in the inferential is shown in Appendix 3 C. Figure

37 shows the monifor drill down.

[00101]  The carbon balance monifor checks for the carbon balance in the
Reactor-Regenerator. The evidences it uses are the T-statistic of the Catalyst

Circulation PCA tnodel, the flue gars CO level, the flue gas O2 level and some

other supporting sensors. This monitor is ghown in Figure 38 and Appendix 3 D L

has 1ts details.

[00302]  The catalyst carryover to main fractionator monitors the reactor
stripper level, the reactor differential pressure, the slurry pumparound to the
main fractionator and the strainer differential pressure. Figure 39 shows the

monitor. Appendix 3 E has monitor details.

[00103]  The Wet Gas compressor takes the main fractionator overhead
product and compresses it for further processing in the downsiream light ends
towers, The WGC also maintains the tower pressure and hence is another critical

concern area to be monitored. This monitor checks the second stage suction



been changed. This nodification to the flow estimtor significantly

i nproved t{g mﬁ@,ﬁyﬁgness for inplementation within an onli nﬁl,’ det £G8 i on

al gorithm Engi neeri ng Model Depl oynent [001071 The pro e

i npl ementing the engineering nodels wt gn AEl) is fairly stral ghtforward
For the nodel s which identify specific Khown types of WO 2006/031749

PCTI US205/ 1132446 -24 behavior within the unit (e.g. Regenerator cyclone,
st ack val vEowisteanh swbirbines firsigdsgecdisphargs dlovepet gas oxlt temperatimggdihepoi nt s

ESLW”‘S%%T'SV/ t:"“a SRR %%S"EJJhz%ﬂ?#%%éﬁa%aé‘%fﬁc@%’afﬁm&%a ;
wer & i ni 01 S Vﬁ@%°&e®rﬁmﬁfﬁﬁ@?é%%&§r&ﬁr' st fongnd B B Gl
For the fi Hﬁ:h@%e*rﬁle RIS B PRTEAL 0N aggg?whl r%ERPb&E’dﬁasrtPﬁ%%e 457 e

revi ewed opérator to ensure gger=points ere

appropri at ghawafiEfiohieg. as necessary. Section "Depl oying PCA Mbdel s and
Si npl e Engi neering l\/bdel s for AED' in Appendi x | describes details of
engi-neeri ng nodel de ment. ~. [001081 Under certain circunstances, the
val vefflo Qﬂ%ostT% @wrﬂabﬁ@nmmmm@mtmﬂmmwm&@mdr&ﬂma

notification. Model ressmg s.applied ng{) the val vel {1 ow dla ostics
to pr OVI deCPREAGHE afﬂ%pwwrs ﬁ‘%@[“é} tq0droy the) PRSP PWCW Yel f1 ow
air. r th dail
RE::) oper ati o‘A?g"érH% &thlgmﬂvg’e@&f% %E%B%J%tcfg%l& %Ddel sI a%d
acrm"mdat &ﬁ&ﬁbp%@ﬁ@&ﬂﬁﬁrﬂﬁ% VesH%ng%ﬁﬁdcﬁg't pgfﬁﬁ? Cﬁgng%gﬂadeﬁﬁfﬁl@ The

ator typically nakes nany tags under

mai nt enancmoddbestisaste off he fiewipsbtalreddiemaiisonesl dnd bot fiwinguroedfisients
changes in routine daily operations. In order to suppress such known events
bef or ehandto ﬂw@ség@cwmndaiamm@ﬁeme sithepdinesr onpanabehekdn thet poi nt

noves are | eme Ied step changes in the correspondi ng, PV. and ot her
erBal app 1cat1un, Pfﬂawf alve position cons?stency mﬂ?lgls we:re: developed.

An example is shown in Figure 33 for Regenerator Spent Aeration Stearmn Valve.
Several models were also developed for contrel Ioops which historically
exhibited unreliable perforrnance. The details of the valve flow medels is given

in Appendix 3 G.

(001051 In addition to the valve-flow model mismatch, there is an additional
check to notify the operator in the event that a confrol vatve is beyond conirol-
Q lable range using value-exceedance., Figure 41 shows both the components of the

fuzzy net and an example of value-exceedance is shown in Figure 42.

[00106] A time-varying drift term was added to the model estimate to
compensate for long term sensor drift. The operator can also Tequest a reset of
the drift term after a sensor recalibration or when a manuat bypass valve has
been changed. This modification to the flow estimator significantly mmproved the

robustness for implementation within an opline detection algorithm,

Engineering Model Deployment

[00107] The procedure for implementing the engineering models within AED
is fairly straightforward. For the models which identify specific known types of



rel ated tags might generate notifications. In practice if the AElI] nodels
are not already aware of such-changes, the result can be an abnornmality
signal . ToW&IpPEIY this a fuzzy net uses the conditi on RREERUAHF2HE |i st
of tags to be suppressed. In other situations, tags in PCA nodels, valve
fl ow nodel s and fuzzy nets can be tenpofarily disabled for pecified time
periods. In nost cases, a WD 2110 610 31 7-19 PCTI US21l 0S11132446 25
reactivati ' : “S( el ) Sai : tting
o renot] vy SVt ISR & RERCkAgPL RIBR, S B il bR R
period, it escomgesicraipeestion Mehd rigieep politeMMrnatificaivn yebpeesised | s
shown in Figure 43. Loggi ng Event tarls [00111] To derive the greatest
benefits fr lenalysissoiemstarical daadnessmbipation Withatonsphe opgatatiopst. and

i ncorporate_the AED system.into the daily 'work process. . Since the final
aut hority dtenihecommitaienalimedalsée-g: Dowwilvapesition medelsh thethgsm, it is

I mportant to.get. thei... i pput on.AEl] perfornance, and enhancenents. .| n order
to capture hs fgggﬁhﬁggﬁ&ppgerpﬁu ﬂb%ﬁé‘?fﬁ@&&“ﬁ&ﬁ?}é@“ﬁﬂr SRAIRUPD ARG ovi de
f eedback, t ' ' ) . hel ped
maintain a ‘?@%E@J%Eﬁgﬁ%&%@%ﬁﬁﬁggﬁ%ﬁ@éhgﬁ#@.@ﬁ@l@ﬁe tinme
AED was CQofafiSwkeedi | the linki YR B‘?E%E ?@ﬂ; K and
docunent ed fosrsﬁopera%fivgﬁds/%%%rtgor?ﬁgfﬁ&At sanpﬂF%ﬂ%\rﬂ?nel S fl{ Wwn lj|§r1¥€é|;q|ﬂgure 44,
Al t er nat i veappebptihiensdvaydiftdat ﬁ:ﬁﬂssa@]@.rgmwmmbymsmmmmm events
[00112] If a particular repeating probl emhas been identified, the

devel oper Simmle Engpmcring Models fueddEDE indtprentix 1 desovilyestdetaiid o t he
problem In particular _ the devel oper should make the foll ow ng checks
before tryi¥pmeerig mgdghdeplgRmentl event detection application. ~ Can th
probl em be permanently fixed? Oten a problem exists because site

per sonnel t'ﬁmq t ' LG]SR s't:ﬁﬁ: aERiAT f ntly solve
t he problem Or[l‘gie) tE%gg?FééI&%lﬁon o%ﬂt ee%’?tggmézatl%ﬁ;ﬁgéﬁgsg&?g@yﬁ t he

probl em a menidi@Btopeedtor wdth ieduaflimdtiditadoen Thisiel supfiesdias twapppliadh.
Can the problembe directly nmeasured? A nore reliable way to detect a
to the valve/flow diagnostics to provide the operator with a singie alert to a

problem with a valve/flow pair.

C. AED Additional Tools

[00109} In order to facilitate ymooth daity AED operation, various tools are

provided to help raaintain AED models snd accommodate real concerns.

Event suppression/Tags Disabling

100110] The operator typically makes many moves (2.g., setpoint changes,
tags under mainienance, decokes, drier swaps, regencrations) and other process
changes in routine daily operations. In order to suppress such known events
beforehand, the system provides for event suppression. Whenever setpoint
moves are implemeated, the step changes in the corresponding PV and other
related tags might generate notifications. In practice if the AED models are not
already aware of such changes, the result can be an abnormality signal. To
suppress this a fuzzy net uses the condition check and the list of tags to be
suppressed. In other situations, tags in PCA models, valve flow models and

fuzzy nets can be temporarily disabled for peciied time perieds. In most cases, a



problemis to install sensors that can directly nmeasure the problemin the
process. oS so be used to prevent the problemthr Ss
control appli ca??%%i.g This is the second best approach. Mg%??@gf%f
PCT1USZOR51032446 -26 Can an inferentiak _nmeasurement be devel oped which

wi |l nmeasure the approach to the abnornmal operation? Inferential
measurenments are very close relatives to PCA abnornmal event npdels. If the
dat a exi st geggtivetiondime bE 13 dwarrs i vseditaprevensapsratorhironplimgaldmetto ¢ he

probl em condi tjon .g. ,tower fl oodi usi ng. delta pressure),. this can
Phen bo. udehatlyaitodl i fig hiebetn forag B iserion An B S tparion ¥&aha t he

base for a.,copir | 4. cgatd on_to reyent t L tion from ogcurring.
This is t ndeamard R SRS Rals e neee AL 0N ROR ERB At | onspo
Not Repl ace the Alarm System [09113] Whenever a process problem occurs
qui ckly, t hexmiry EveyidDewmilsi || identify the probl emas quickly as an
abnormal event detection application. The sequence of events (e.g. the

order in widgilileasTy demié theP@eamRt b Nom@ich A yeRIe, it kedadesdabpio t he
order of the alarnms for hel ping the operator diagnose the cause. This

possi bi | i t yradinthel apdratornand tngaperitoticeA ERhksysian iots thenddily workippecess.
[04114] However, abnormal event detectjion applications can give the .

operator adwRercde finw Anpri shilassis wish the eprrstardedrishoeireiike 4qUogdE t han
e processimaeion 3p et SRsRe Qo T Hgp iSRRG
-abl e. : i - has b
cort gur ea TS HRREr LT e Ev SN RIeln Al S BHRE Fimatr S R AR S T
operating FEMHAGk Ghe opefilbrs hEf: O@ﬁgﬂﬁﬁ #HATAED EVaS FeRik | Tiddedie| gy be

abl e to replace these al arms. ] I'n addition to just detecting the

presence omaintaibaessmt of\eeahistdirl helRvalmte BB beneftl Sire theanteXiEnt
sensors for the operator to investigate the event. This is a crucial

advant age Gossiounissipnetasevesalenititad avent davethsen sapaged snd denementednd | t
is humanly .infeasjble to nonitor themall, online. The AEl) system can thus
be ( hought £ O Ao PREORBHeA ANEIBPERéH SOWEAR FUISEATh)

Alternafive Solutions May Be Better -Corrective actions for repeated events

[00112] If a particular repeating problem has been identified, the developer
shonld confirm that there is not a betier way to solve the problem. In particular
the developer should make the following checks before rying to build an

abnormal event detection application.

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

problem, a permanent solution 1s often found. This is the best approach.

e (Can the problem be directly measuzed? A more reliable way to detect a
probiem is to install sensors that can directly measure the problem in the
process. This can afso be used to prevent the problem through a process

control application. This is the second best approach.



toolkit to deal wth abnormal situations efficiently and effectively. WO

2006/ 4131749wdreiiba2061032446 _27_ APPENDI X 1 [00116] Evepk$aRifhsmzziss
S

di sturbances of various magnitudes are constantly affectiugproces
operations. Mdst of the time these eventsypnd di sturbances are handl ed by
the process control system However, the operator is required to make an
unpl anned intervention in the process operations whenever the process

control system Camavtnfgeniiad retasunemdnicbs devglopubebich/wili maasurtciiene t hi s

situation as an abnor,nal operation and the cause defined as an abnor mal
event. [00117] awfﬁﬁ@m%gﬁe@g'yﬂﬁlﬁ@?gl}'%@ﬁﬂﬁa@ geahaEGRBEER AR YEEY e and

oper at ?35'3°Zm§”ﬂhia%‘ﬁﬂf\ﬁeéﬂi%‘éé%?%%eﬂoimaﬁ?ﬁ oottt B e %ﬁ%&%ﬁi‘ﬂ%i”f' e
(P Thase: <2 TP R HE RO TS 0 BARRPH L8 i 0Bl i ORRAREN £ Vo1 ©

represent ], m%w&%dﬁﬁﬁ% LuKsh o B B hrRBRE P $hidREn ATieNBL D3 EPADORAP detect
anal ysis (PCA) nodel s tha represent nornal data patterns that eXist

wi t hi n hi stori cehenahabasdiion BRésts bayklks as thobrdehfes e omanyl appktation to
cal cul ations are conbined into a small nunber of sunmary tine trends that
al | ow t he pr oceprevepeiigieonditipnefrom geamningoThin e Werdhird hespappressh.i s
entering an abnormal operation. [00118] Figure 1 shows how the information

e 1o ORI STE B Db e 3 O PR 0 B,
‘TLZ”hlearLCo;iﬂﬁﬁhi sy SVuRnEeTE g m@?m@%; ey, BeaRReyseRowil
nor i . > rati , T, P 7] i n
T ko RO %ﬁga}? %%@ﬁmﬁaﬁ@?ﬁg@ﬁé Al
chem cal progRsshice SNédnds {e’?g.' ﬁﬁtﬁlc‘{‘(’hi GHE éﬁ,@nﬁ%’g@ﬁféﬁmﬁ 3%@93955
provi de anket of all roce

problens. The‘intent I1s to nonitoring t he Ss

equi prent  anise piode assfubfiemaht erdetaltide aldenssinehelfing Hesppnratdr diagnosefthe
particul ar consol e operator post. This can involve nmany
cause. This possibility shounid be investigated once the application is on-line.

[00114]  However, abnermal event detection applications can give the
operator advanced warning when abnormal events develop slowly {longer than
15 minutes}, These Iapplicatinns are sensitive to a change in the pattern of the
process data rather than requiring a large excursion by a singie variable.
Consequently alarms can be avoided. If the alavm system has been configured to
alert the operator when the process moves away from a small operating region

(not wue safety aiarms), this application may be able (o replace these alarms.

[00115] In addition to just detecting the presence of an abnormatl event the
AFD system also isolates the deviant sensors for the operator 10 investigate the
event. This is a crecial advantage considering that modern plants have thousands
of sensors and 1t is humanly infeasible to monitor them all ontine. The AED
system can thus be thought of as another powerful addition to the operator

toolkit to deal with abnormal sitnations efficiently and effectively.



maj or refining or chem cal process operating units (e.g. distillation
tovers, WOyPRad#sint9 PCT/ UB21HOSI 1132446 -28 reactors,y fSs9l s, heat
exchange trains, etc.) which have hundreds to thousands of process
neasurenents. The nonitoring is designed_to detect problems which devel op
on a mnutes to hours tinescale, as opﬁc‘rgéd to long term performance
degradation. The process and equi pnent problens do not need to be

speci fied beforehand, This is in coORPPENDIN T he use of PCA nodels cited in
the literature which are structured TO detect a specific inportant process
problem a covel h;: |l er parti.on of th [Qce tions.
Poon20] ol r Eirefs A nRR s R atbls R Gt R GOuEC, o/ op-

ment and d ﬁ@ﬁ}gée% EH&%ﬁoﬁs.nM@sﬁrﬁ%ﬂ ﬂﬁY&e{heﬁé( E\?&ﬁ:}: 9Rd diKAHanBE, %Iler

their applicatidh to cohtinuous refining and chém cal processes I ncl uding:
criteria fRan@eHaR duehirbeesk RenRELERITERL FRAARROheldiRrdi6AisRaaledes i teria
and nethods for selecting, analyzing, and transfofm ng neasurenent inputs
N devel opi npkefannuiplansed Aitervehtion &t duaproveskedperhisesiwhenevearahe process of
princi pl e conponent nodels, PCA ~ devel opi ng nodel s based on sinple

engi neer i ngolEPkeYstaE sapectasegraicly handle the processevente Ve delinsthizal i ndi ces
preprocessing the on-1jne dagta tQ, provjde exception,calculatio and
cont i nuousSIEIATGTHS 44 UTHb%éJPPWéIOﬂ %}ﬁ&&q%%ﬁtﬂiﬁéﬁﬁi s AR HPHUSﬁR"é’Pbr et

nodel indices as nornal or abnormal using fuzzy Petri nets to combine
mul tiple l17qut Pl SietiIRIS PATDE B teGOHs HREA WevBIRA Y ckifld Gadion of
normal ity abnormality for a“process area design of operator interactions

wi th t he ndeslby canling eryofPebdelsnatdch areedeldotdetan ababimalsopepations aidenance
activities [00121] These extensions are necessary to handle the :
char act er i Beipdbe e@peragontsoiaio the oeaiian of thawbaicanie aln ppeaferreer at i ons and

ket I B
seis of models are composed of both simple models that represent known
eﬁgineeﬂng relationships and principal component an,lalysis (PCA) models that
represent normal data patterns that exist within historical databases. The resulis
from these many model calcolations are combined into a small number of
summary time frends that allow the process operator to easily monitor whether

the process is entering an abnormal operatio.

[00118F  Figure 1 shows how the information in the onliae system flows

(- through the varions transformations, model calculations, fuzzy Petri nets and
consolidations to arrive at 2 summary oend which indicates the normality /
abnormality of the process areas, The heart of this system is the varions models

used to monitor the normality of the process operations.

[00119]  The PCA models described in this invention are intended to broadly
monitor continuows refining and chemical processes and to rapidly deteet
developing equipment and process problems. The intent is to provide blanket
monitoring of all the process equipment and process operations under the span of
regponsibility of a particular console operator post. This can involve many

major reiining or chemical process operating umnits {e.g. distillation towers,



-29 effectively. These extensions provide the advantage of preventing many
of the T@@ I ?Dg_d Type Il errors and qui cker indications of abnornal
events. 100YZ3%UhME section will not provide a general BSTRE2RHHAIHE PCA.
For that, readers should refer to a standard textbook such as E. Jackson's
"A User's Quide to Principal ConponentZfnalysis" (2) [001231 The cl assi cal
PCA techni que nmakes the follow ng statistical assunptions all of which are
viol ated t ges30H8, SRAPRASON, hiR ctehanSCRsA! 8¢.)WhIkh e Hindeaii tonuous
refining and chem cal plant process operations: 1. The process is

st at i onar y thdusangénof prteyauricanoemenes. Chs trantitooitgy istdesigned 20 deleet cr oss
correlation anong variables is linear over the range of normal process
oper at i ons pEblemssekishrilsivelepraina onnutesitaiionss dmeseaicyad oppaseddpdemient . 4.

0o P St oSHARLSTIRG bl MmO e e
e R AL B SRR R AR el
o7, OB SRR 28 S OEIAP el et loces b

mul i Val | abSd n9ORr litichiBlle? pok A9 3¢ e hifond.n the sel ection,
e

anal ysis and transformation of i'nputs an subsequent in building the
PCA nodel, various adjustnents are made tqQ evaluate _and conpensate for the

degree of WHH onloaseoppiishisls chirativepths wethodsfor FE A appdsideveloni ne the
nodel cal cul ati ons equi re cific exception, processing to ve the .
orfect of  HignataseplBsntiE Baena sSmes Beeyekorens oy Aol

i nt ' e fanl ! ing" winputs, t IIE\.
The " oper afppitiddd {ofchnfioly Ramife wl lnflEal HACRE idaginBDl B {2 81 BY
t he '

«  criteria for establishing the equipruent scope of the PCA models criteria and

methods for selecting, analyzing, and transforming measurement inpuots

¢ developing of multivariate statistical models based on a variation of

_prisciple comnponent models, PCA

* developing models based on simple engineering relationships restructuring

the associated stabistical indices

« preprocessing the on-line daia to provide exception calculations and

continuoys on-line model updating (
» using fuzzy Petri nets to interpret model indices as normal or abnormal

» using fuzzy Petri nets to combine multiple model outpuis into a single

continuous summary indication of normality / abnormality for a process area

design of operator interactions with the models and fuzzy Petri nets to reflect

cperations and maintenance activities

[00121]  These extensions are necessary to handle the characteristics of
continuous refining and chemical plant operations and the corresponding data

characieristics so that PCA and simple engineering models can be used



brocess and to automatically restore the cal cul ati ons once the process has
returned t@oRhdizwl 00126] Use of PCA nodels is supplenented by sinple
redundancy checks that are based on known engi neering r&%’yﬁ?ﬁéﬂ‘?%‘émt hat
must be true during normal operations. gdhese can be as sinple as checking
physi cal |y redundant neasurenents, or as conplex as material and

engi neering_bal ances, [00127]  The sinplest farm of redundancy checks are

si nmpl e 2x2cHReldvaly. dhese exiensions pievisiethe advantpgepé prgvensng manpef the= val ve
characterigticq cur | valve 1 posiition). material, flow,into process unit |
= materi al %IWS\L%HT\LFEE B e JuEcker e Wﬁ%@%egﬁ% to the
operator as sinple x-y plots, such as the valve flow plot in Figure 2.

Each pl ot [GEl132) ar ThisfechOhrwll SRgralidensgerhalBackeohid fo PCAL Byt the gray
area. Operations outside this area are signaled as “abnormal. [00129]

Mul tipl e réadictadey shenldiefer trea staedimbiextookguch ssifidiackson’d 14 disaensi onal
nodel . Exanpl es of nultidinmensional redundancy are: L_ ”~ pressure |=
pressure 20GHide fo Pangingd {ipaponenidingdysit” @Dow i nto process unit |= materi al
flow out of process wunit | = . = material flowinto process unit 2

[00130] Mufddbiarensi 5 g i h " iker nodels. In
Fi gure 3, t(?]nefrﬁgqgr emﬁggagg?%ggéﬁﬂ%gﬁp% re ungg’ﬁpﬁ%'gggtﬁgg@h X2, and
X3. WienevgssidptiliRNIESE Fhic e viblabRROSINO NS4S BtheBts pangaedivom23-
This set of relationships is expressed as a PCA nodel with-a si ngl e

princi pl e noxnplareminudus eefiniog, and. chEhiisaliplpet pfocendeperatom:esented to the
operator in a manner simlar to the broad PCA nodels. As with the two

di r&ensi onal K) 0) 031749 PCT/ US20051032416 . -31 redundancy. checks the
gray area sh\éﬁsﬁ"ﬁé’r ‘Feegﬁl%\gmﬂﬂp?ﬁ'?ﬁ%w&t \ATIAF(E Al £ LM Wonent .
| oadings of P are directly calculated fromthe engineering

2. The cross correlation among variables 1s linear over the range of normal

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

4. The covariance matrix of the process variables is not degeneraie (Le.

positive semi-definite).

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

being to scale to unit vanance).

(" "6. There are no (uncompensated) process dynamics (a standard parlial

compensation for this being the inclusion of lag variables in the model)
7. All variables bave some degree of cross correlation.

8. The data have a multivariate normal distribution
[00124] Consequently, i the selection, analysis and transformation of inputs

and the subsequent in building the PCA model, various adjnstments are made to

evaluate and compensate for the degree of violation.

[00125] Once these PCA modeis are deployed on-line the model calculations

require specific exception processing o remove the effect of known operation



equations, not in the traditional manner of determning P fromthe

direction ohg wo@aiast variability. 1001311 The character iP%trh?s%u 1}"3£4I19
process operation require exception operations to keep these relationships

accurate over the nornmal range of procesgg.operations and normal field

equi pnent changes and mai ntenance activities. Exanples of exception
operations are: a opening of bypass valves around flow neters conpensating
for upstreafnd D¥ERIsBERGSAAtDHESS Up izl frsled or"badackingt impnisfiorallemythe

di ' fl based ' d 100132
e oA moRBPETG TS BRI Reer L MaRney ok RS SP ILEHE HE usi ng
¢ Potri . . :
i nar Catton Broas il RENbRRARR HERER Reddflifiet b BraBpBbutisCo o
(Figure 4). «f883h hiple statistical indices are created fromeach PCA

node] so that the indices correspond to the configuration and hierarchy of
the process_equip- nent that the process operator handles. The sensitivity
of the tradi®®bidl sUse of PCEYyumodals i nyiplemenieébysimpberdunddasy chedkapr oved
by creating _subset indices, which-only caontai.n the contribution to the SPE
i ndex for tﬂaatiaﬁfbfaﬁ@ m@m&wpmmmﬁp@ngﬁ%%@% BHe dHENg onp| et e

process area_covered by t PCA _.nodel.. EFach statistical jndex fromthe
PCA nodel s P& Eeﬁ?%&ﬁz"f &85 o b 2, Fps s ¢ nE @CEHHE@L}WBP; zero
to one scal eﬁﬁén‘é@ [ Ladi : %;r}d‘ﬁ‘ . rmal operation
(val ue of zgzrleo%gﬂlto a ﬁ%%%@%ﬁtﬁ%ﬁ%}% ue oﬁlﬁone§‘? B%HE%EIGIOMMQ

PCTI U52005/ 03L44G -32 [00134] Each redundancy check is also converted to a
conti nuous HWE] - Ebesimplest fubraf radondsiaychasks prastrgple Pr2rahecks etmo

different indices used for these nodels to indicate abnormality; deviation

fromthe nodel amd ®mpepition] -orhsiademtd? operating range (shown on Figure
3). These deviations are

o flow ! = valve characteristic curve 1 (valve 1 position)

+ matenal flow into process unit 1 = material flow out of process vnit 1

[00128]  These are shown to the operator as simple x-y plots, such as the
valve flow plot in Figure 2. Each plot has an area of normal operations, shown
on this plot by the gray area. Operations outside this area are signaled as

abnormal,

[60129]  Multiple redundancy can also be checked through a single

multidimensional model. Examples of multidimensional redundancy are;

I
i

s pressure 1 = pressure 2 = ..., = pressure n

» material flow into process unit | = material flow out of process

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

[00130] Muliidimensional checks are represented with "PCA lke" models.
In Figure 3, there are three independent and redundant measures, X1, X2, and
X3. Whenever X3 changes by one, X1 changes by a3 and X2 changes by ag.
This set of relationships is expressed as a PCA model with a single principle
component direction, P, This type of model is presented to the operator ina
manner similar to the broad PCA models. As with the two dimensional



equivalent to the sumof the square of the error and the Hotelling T square
| s. For checks with dinmension greater_than two, it i

i ndi ces fopgR it is
possible to i%ﬁ:ﬁ? 4? whi ch input has a problem In Figure PETUS308032 48

X3-X-2 relationship is still within thﬁ normal envel ope, the problemis
with input X1. Each deviation measur e "5 convert ed by the fuzzy Petri net
into a zero to one scale that will continuously indicate the range from

nor mal opetsiundanty shetksahe gzey ajcatshoalnhe meda opatatialapefxidnsge Die one) .
[00135] For each process area under the. authority of the operator, the
appl i c- abpangipie epmponent loadiaigs of dhirei dickictlat elenipteddoempi the @nginestiagsi ngl e

normal - abnorpmal indicator, This is don usin zz et,;i lLogig to

sel ect t heCARALANS, Baisid tﬁﬁ&ﬁ’@é‘@?@ﬁ% TB?“%H’%%WBE%&%M Ll:iq:,d}rﬁpgo% t he

oper at or has high l.evel summary of all the checks within the process
Bttt sHtlgp s

area. This '‘not provide a general background to fuzzy Petri
nets. For that, readers should refer to Cardoso, et al, Fuzzy Petri Nets:

An. Overvi g3y [ OPAS2harhBerirvies af thdpreessop@alioR veddnt Blcapliocabnor mal
event application is shown in Figure 5. The basic devel opnment strategy is

iterative uhemdonhe ketgylespezlatonsitips nédiraie ovaurdhe norvhi ranke f promassi vel y
i mproves that nodel's capability based on observing how well the nodel

r epr esent sOp¢éialings aad nprmgkleld epdpmenbehanges iang MynEIIOERErtivigsat i ons and
abnormal operations, The.nbdels , are then restructured and retrai ned based

on these ob¥&MPIES O fXCEPHOR UBFFAGISEE odel s for Abnornmal Event Detection
l. ncept ual PCA Mbdel Desi .10013{\; Thelagj/ﬁr all design goals are to: WO
204! 103] 749 PCT/ usﬁoé%’f’é@ﬁzf%gbmﬁé"é 5F &Y AY W5HLDI e operator with a
conti nuous status (por . normal ) o r.atl for all of
t he process units uﬁdggﬂﬂ?@atgb%}b%?@e)ﬁm h%@%ﬁ@:?@ﬂg?g@?sag}%ﬁﬁnﬁe?h an early

detection of a rapidl %eaﬂbﬂﬂ’& B?ﬁeﬁ'ﬂé%lﬁ%n{e?ﬁ{murs) abnormal event within
y

hi s operating authori
¢ redirecting process flows based on operating modes

[00132] -The PCA models and the engineering redundancy checks are
combined using fuzzy Petri nets to provide the process operator with a
continuons summmary indication of the normality of the process operations nnder

his control (Figure 4}.

[00133]  Multiple statistical indices are created from each PCA mode] so that
(\ the indices correspond to the configuration and hierarchy of the process equip-
ment that the process operator handles. The sepsitivity of the traditional sum of
Squared Prediction Error, SPE, index is improved by creating subset indices,
which only contain the contribution to the SPE index for the inputs which come
from designated portions of the complete process area covered by the PCA
model. Each statistical index from the PCA moodels is fed into a fuzzy Petn net
to convert the index into a zero to one scale, which contimiously indicates the
range from normal operation (value of zero) to abnormal operation (value of

one).



provide himw th only the key process information needed to di agnose the
root cause @b%nﬁﬂﬁ?ﬁorml event. [00138] Actual root cause_diagnosis is
outsi de the scope of this invention. The consol e operat orPGEEUEREABEEE t o
di agnosi s the process problem based on hiis process know edge and trai ni ng.
[ 00139] Having a broad process scope is'??rportant to the overall success of
abnormal operation nonitoring. For the operator to |learn the system and

nmain- tain E3E | | Baclheedvaddney Shé@oidl A8d Yoameidd® Sy ithmoudindemadpeci fic
abnormal events occur infrequently, abnormal "operations nonitoring of a

smal | porti smeinal thdicption asingoaty nbs. Thtreaeantd diffesent ingicehasabbomt or
i kely | eading the o&g_rat_or to disregard the ?;Stem when it finally
detects an Higgemedeliemdicatnpnomaadluy; devipbordrom thomadst end gevisdion

bl i shed del j | which is.to desi th del . b d det ecti
Specific prBREKE Bedmecating oags SR 0n EHFoM-c 1 NFSeEAOSE | C ourt .
2004) . 00140]- . ] i th
2008 L0t TRBE o BEnhEBLORARPE oB 8 35 ARASHLARR e £ el 1 0°
Conti nuous pefibdd R9 PERGSRSE Faf c%ﬁ@ﬁa@gﬁeﬁgﬁﬁpﬁh% jtti e

dynam ¢cs anong these neasure- nents, wh e cross correlation
anong the dpb@ibﬁhbidéﬁ@fqiwlﬁ&hdh?mﬂiﬂga pidiem dadEsueM)ishitheB-0{Beparat e
PCA nodel s where the cross correlation can. be maintained. [001411

Concept ual redatebnsiies igstill wihonteseamed] droelope ey padderaiipngth MEuPB161031749
PCT/ US20051032446 , - 34 r Supdi vi di ng t he process equipnent into equi prent
groups wi t hEaghApwaseRNeRFUTIR Gasyertsd bauibsitvueay heirbnefdaksa gy igignfy ti ne

RIS e b AT Y e
\(ilmetsihigga;ﬁde%%rio' ﬂ@ﬁ@ﬁgﬁﬁlﬁ%ﬁfﬁw@&mwem I fying which neasurenents
[00135] For each process area under the authority of the operator, the applic-
able set of normal - abnormal indicators is combined into a single normal -
abnormal indicator, This is done by using fuzzy Petri logic to select the worst
case indication of abnorinal operation. In this way the operator has a high level
summary of all the checks within the process area. This section will not provide
2 general background to fuzzy Petri nets, For that, readers should refer to

Cardoso, et al, Fuzgy Petri Nets: An Overview (1)

[00136] The overall process for developing an abnormal event application is ‘,\
shown in Figure 5. The basic development strategy is iterative where the
developer starts with a rough model, then successively improves that model’s
capability based on observing how well the model represents the actual process
operations during both normal operations and abnormal operations. The models

are then restruetired and retrained based on these observations.

Developing PCA models for Abnormal Event Detection
1. Conceptual PCA Model Design
T00137]  The overall design goals are to:



shoul d act as flags for suppressing known events or other C exception

oper ati onsywh diRsRssS Unit Coverage [00142] The initial 1,5 .S, Lo
Create grougs ofJr gﬁﬁi prment that will be covered by a si ﬂ&ﬁéﬁ%’dﬁgﬂﬁ The
specific process units included requiregsan understanding of the process
integration 1 interaction. Simlar to the design of a nultivariable
constraint controller, the boundary of the PCA nodel should enconpass all
si gni fi cant processei nrevist thowensold dpeyatop stittea roatimucsvatans aenmal vs.

i ndi cations of.process _changes and di sturbances. [00143] The foll ow_ng
rules are used to det éhw}tﬁﬁﬁcwmmﬁm@bsﬁfmmef ugE Mpfleient

groups are defined by .i.ncludinng al] the major material and energy

i ntegrations and qui c@?@@?@@% ‘Wd“?q%%’ sanme equi pnent group. If the
process uses a multivariable constraint controller, the controller nodel
will explicitly identpsbyiddibni aaer acéadnderictibs ofaaagidpdepslopigs units.
O herwise the interactions need to be identified through an engi neering
anal ysi s of the procedminuf:900ishrrabnesmabevapwidiinllis operating iaddbriy a
point where there is a mninmal interaction between the process equi pnent

ones i ough a. si ng| rovisk Wil YER0Y The SRS TiichaR] pteadtf ot T on
containing the feed t QLisReHE rSAWIEE SR Bhiorddl hBis case the

tenperature, pressure, ow, and conposition of the feed are the primary
i nfluences _on the downstream equi pnent group and the pressure in the

i medi at e HOA3SH r eafctumlivoot eansp digarionis iy quiside roscope of Akisdpeentionm

Dot h 1 hEDG BOS AEEICEBVPeSt U BRI PP aa et hbaeon Po14)
ana downst Pk pirshe GESHRBARELC Sr0cess Control appli cations. provide
addi tional influence paths between upstream and downstream equi prment

groups. . Bof(1B8%df oHaaig abrbaidgedbessiscopt hs imnporizitetthe Whamtl seocdsspdt hs

ext st abnormal operation ﬁmnitcm'ﬂg. For the operator o learn the system and mata-
tain his skills, he needs o regularly use the system. Since specific abnormal
events occur infrequently, abnermal operations monitoring of a small portion of
the process would be infrequently nsed by the operator, likely leading the
operator to disregard the system whes it finally detects an abnormal event. This
broad scope is in contrast to the published modeling goal which is to design the
C | model based on detecting a specific process problem of sigaificant economic

interest (see Kourti, 2004).

[001£401  There are thousands of process measurements within the pmces.s
units under a single console operator’s operating authority. Continnous refining
and chemical processes exhibit significant time dynamics among these measnre-
ments, which break the cross comrelation among the data. This requires dividing
the process equipment into separate PCA models where the cross correlation can

be maintained.

[00141]  Conceptnal model design is composed of four major decisions:



t he neasurenents which drive these paths need to be included in both

equi pnent } alysis of the process control applications wll

i ndi cate tﬂgbﬁﬁﬁg?rﬁ?nteractions anong the process units.Pfaﬁ¥ﬁﬁTﬂﬁiﬁ?de
equi pnment groups wherever there are signdfscant time dynamcs ( e.qg.
storage tanks, |ong pipelines etc.). The¥PCA nodels primarily handlie quick
process changes (e.g. those which occur over a period of mnutes to

hours). Influences, which take several hours, da%i(sﬂ or even weeks to_have
their effect on the®pr wding thepocess aBHBERGNtPEAIRRRNL LIV ERhes e

influences are inportant to the gﬁ I ta patterns, neasurenents of
these effects need to IETePARNDE gﬁj{? Bnsated to get their effect tine
synchroni zed with the other process neasurenents (see the discussion of

dynam c conpensationgd. dgih ?i?gﬁm%%%gﬁmpéﬁmo?mp operating

nodes are defined as speci e process behavior is

significantly di fferentopem&[g)h@ae@feqlﬁﬁﬁgd@fgem Pducinmle]s of di fferent
grades of product (e.g. polynmer producti.on), significant process

transitions (e.g. startups, shutdowns, feedstock _swi tches), processing of
dramatical |y different Iflestifting which meagusoenitywidim oh SqHETReRL ITAER et hane

in WD 200611131749 PCT/ 52 -1032446_ -36 olefin ductj on), or

di fferent configurati oﬁggB?dogfh Eéﬁ%@@@@i‘éﬂﬁ%%ﬁ?ﬁ]?@ ﬂ@rd@ﬁt)sets of
process units running). 100149] Where these significant operating nodes
exist, it is likely gh agqg[g té"‘l'ar'é : _ oped for
each maj or operating no gpﬁﬁriﬁ%%flg%g&m e?{seﬁnee g%ﬂ?ﬁgqggﬁgg}tﬁﬁ% .
devel oper shoul d assumghbliff adt asTRGifb npipfefssiPE RhofaHvenEOvesthes m | ar
operating nodes. This assunption mist be tested by running. new data fro
each operating node throwgptidimepematiehsto see if it behaves correctly. C
Hi storical Process Problens 100150] In order for there to be organi zati onal

interest in devel opi 39 an_ abnormal event detection system there should be
an historicéde preeessdmtdumensge

{D0142]  The igitial decision is to create groups of equipment that will be
covered by a single PCA model. The specific process units included requires an
understanding of the process integration / interaction. Similar to the design of a
multivariable constraint controller, the boundary of the PCA model should
encompass ali sigmificant process interactions and key npsiream and downstream

indications of process changes and disturbances.
[00143]  The following rales are used to determined these equipment groups: (

[00244]  Equipment groups are defined by including all the major material
and energy integrations and quick recycles in the same equipinent group. If the
process uses a multivariable consiraint controller, the controtler model wil)
explicitly identify the inferaction points among the process units, Otherwise the

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

[00145)  Process groups should be divided at a point where there is a
minimal inferaction between the process equipment groups, The most obvious

dividing peint eccurs when the only interaction comes through a single pipe



of significant econom c inpact. However, these significant problens nust be
anal yzed tggi ' t he best approach for attacking the | .. In
particul ar?ﬂtzﬁ%mgt%%l oper should nake the follow ng chec%gngﬁ@F§%#@i ng to
build an abnormal event detection applj.cation: 1. Can the problem be
permanently fixed? Oten a problem exi sts because site personnel have not
had sufficient time to investigate and permanently solve the problem Once
t he att entdomainingt the feed) tontlrandx dovestreamsenlt.o tHie cagy sl temperatyrer manent
solution is often found, This js the best approach. C 2. Can the problem be
directly @ﬁ%ﬁ%%%ﬂﬁﬁ@m&ﬂﬁ@@ﬂé}f\ﬁbi} fensl ¢atipe prianagy ighensasdn thei nst al |

sensors that can directly neasure e problem i,n the rocgess. This can

al so be USCEJ()VIIS cm%ﬂpﬁ%gﬁ?%?%i{hﬁgﬁﬂﬁey B?%,Jg’sed%é% PESIESBI i cati on.
This is thg: . n_ - ' be
devel oped%ﬁ%&h%ﬂﬁpﬁgg@ﬁﬁgﬁ%ﬁgﬁ ﬂ_ﬁ?’gupgsc%gﬁ? ?%ﬂlp &gng%%%%ﬁg%ﬁ ation?

| nferenti ghilgBREULHEARMESeARCHETIR bE Inci@YELPBOE e i trRaml drdl ddweRSt

squares, PL.S, nodels which are very close relatives to PCA abnormal event
nmodel s. Ospearcamipment FennpaPCvemotiels. WO 213061031749 PCTI USW S| 1} 32-t - 16

-37 developing inferential neasurenents include Neural Nets and |inear
whi ch can be | i abl y nmeasure

the. appr oABMHE + hdgHaB AT B e Fb A RIS GREFO L HLEHG G PG otol o
R T e S L e S R T R N
condi tion Aj’r&@i@e R el '?ﬂﬂ%%ﬁﬂcspskﬁs bASeeh W rBe ARPBGRAGearh g%l 180t h

di fect nedsurenents of probl em®conditions and inferential neasurenents of

these condirbinensBofifebéi@aairt vind feedifagk ¢diticnd=m éxdiet. OMdrepd buchngithoekisof
abnormal detection nodels. If. Input Data and Operating Range Sel ection
[00152] Withtineaswrestpgitpmdnch drive heseipatie nied tobde mesbudegritdboth equipoent

measurenments. For the. prelimnary design: = ey e s ]
ETOUPS. nal}?smpnf e pmces% contru?applmat[ﬂns will indicate the major

interactions among the process units.

[00147]  Divide equipment groups wherever there are significant time
dynamics { e.g. storage tanks, long pipelines efc.). The PCA models primarily
handle quuck process changes (e.g. those which occur over a period of minutes to
hours). Influences, which take several hours, days or even weeks {0 have their
effect on the process, are not suitable for PCA models. Where these inflneaces
( are important to the normal data patterns, measuremenis of these effects need to
be dynamically compensated to get their effect time synchronized with the other

process measurements {see the discussion of dynamic compensation).

B. _Process Operating Modes

[00148]  Process operating modes are defined as specific time periods where
the process behavior is significantly different. Examples of these are production
of different grades of product (e.g. polymer production}, significant process
transitions (e.g. startups, shutdowns, feedstock switches), processing of

dramatically different feedstock {e.g. cracking naphtha rather than ethane in



N Sel ect all cascade secondary controller neasurenents, and especially
ultimat e segengadiysiout puts (signals to field control val veP%, “_fh(?se units
N Sel ect key nmeasurenents used by the consol e operator to fillﬁio'[r:“r Hee
process (e.g. those which appear on his_gperating schematics) ¢ ~ Sel ect
any nmeasurenents used by the contact engineer to neasure the performance
of the process Select any upstream neasurenent of feedrate, feed

t enper at ur eolefink geaduatical, erydifidetdcionfipasationsaitthe ptocksangtipenentcondi t i ons
whi ch affect the process operating area, particularly pressures. Select
extra reduntfiHereat sais.qf FEASESS gts fBEBIMgSNENt s that are inportant ~ Sel ect
nmeasurenents that nay be needed to calculate non-linear transformations.

VIO 20V03174G6} US2RGIORREGiors St oRRHESS: ABMEXHSE el IEATEATEN Of a

di sturbance™(e. g’ anbient tenp ure) any ot’her neasurenents,

whi ch the pg 58 FORehddels 840 Ted 3o beHROBIPRH foPasul £Rj&T opheiny ARRIES
condition [00153] Fromthis list only include neasurenents which have the
followi ng ‘Thafeweemodeiseeeded kise begtery HEreddveoliopes shonlthassanm thastory of
erratic or problemperformance The neasurenent has a_satisfactory signal
to noi se ramﬂﬂﬁirﬁ'gf%ﬁwﬂ@l eaelecover simdar eperatdngmeadesi (Fhisessampiintsmnshent s
I n the data, set The neasure t is not saturated for, nore than 101'0 of
the time duPf FtodBY RETTBEEF #; Ga3A oM PEh RREEIDETERHE fuoRsh the SRy io

controlled %g%ﬁé{ﬁ%%%ﬁgéﬁ%@mm ch rarely changes (the ultimte primary

of a contro rarc asurenent does not have |ong stretches of
"Bad Val ue" operation or saturated against transmtter l[imts. The

measur ement (dogiaek-aDPr&ds9 FoBldhrange of val ues, which is known to _ (

[00150] In order for there to be organizational interest in developing an
abnormal event detection system, there should be an historical process problem
of significant economic impact. However, these significant problems must be
analyzed to identify the best approach for attacking these problems. In
particular, the developer shouid make the following checks before trying to buiid

an abnormal event detection application:

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

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

!\J

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

control application. This is the second best approach.

3.  Canan inferential measurement be developed which will measure the
approach to the abnormal operation? Inferential measurements are usually
developed using partial least squares, PLS, models which are very close

relatives to PCA abnormal event madels. Other common aliermatives for



be highly non-linear The nmeasurenment is not a redundant cal culation from

the raw magauisARMss The signals to field control val Vﬁ%ﬁ%‘%&@%ﬁ%
) g9

saturated for nore than 10% of the tine. A Evaluations

Model Inputs [00154] There are two Statl-.-Eel cal criteria for prioritizing
potential inputs into the PCA Abnornal tection Model, Signal to Noise
Rati o and Cross- Correlation. 1) Signal to Noise Test WD 20061031749
PCT/ US200S/ 932d@loping ifiseerdiag masuosmemtsenmladt HNemwaldNesaauirlinast t he

%Q:f cul at @:Qﬁ%&?&% ﬁgéﬁghé%ﬂﬁm#%tﬁ'@%%' AR P PR R ?@Ef‘a@ﬁ%tﬁh%ﬁl el
pr OEZLSI.Wl For CURERRONS s PR ReRRER %B*’Eg?i%%ﬁéa*e”f e Const ant
l::muzgaus)édl Q.SISI}%E?L{TQTEE %ﬂ[ﬁ&b E)%g%‘%g% BE%HW er ﬁe equa I ons a.jfl:l('{?:;:‘E t ers

P * Ya-i+(1- P)bit akdo ashR&Ree thioh c&hhbpﬁ %it!{ﬁifnh(lﬂ eIt 088 cdndiflon from

Exp(-TS)TF) Filter constant cal culation Equation™2 where: Yn'the current
filtered val uenccMiring. This ipiey thivd best dppreathval ue  X11 the current raw
value P the exponential filter constant T, the sarrpl e time of the

nmeasur ene th er_ tine constant Si reat ed by
subtracti [@0{[55]]‘ i ﬁ?’%ﬁ'e‘%r@l t ASOFIRRRS L PF“& %‘Hﬂ B0s and Merdstial
measurements of these conditions can be easily integrated into the overall
(-- network of abnormal detection models.

1L Input Date and Operating Range Selection

{00152  ‘Within an equipment gronp, there will be thousands of process
measnrements. - For the preliminary design:

« Select all cascade secondary controller measuremenis, and especially

ultimate secondary outputs (signals to field contro] valves) on these units

»  Select key measurements used by the console operator to monitor the

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

- «  Sclect any measurements used by the contact engineer to measure the

performance of the process

e Select any upstream measurement of feedrate, feed temperature or feed

quality

*  Select measurements of downstream conditions which affect the process

operating area, particularly pressures.
e  Select exira redindant measurements for measurements that are important

e  Select measurements that may be needed to calcnlate non-linear

transformations.



TL1, =X1,-Y1, Equation3 3. The signal to noise ratio is the ratio of the

st andard deyiad the filtered signal divided by the standard

devi ation of the Eggﬁdual signal SIN=(3,16,, Equation4 WOPgOBaZy% eAbie

PC. C US20051032446 -40. [00155] It is 9? ferable to have all inputs
exhibit a SIN which is greater than a prédeterm ned mnimum such as 4.
Those inputs with SINIless than this mninmmneed individual exam nation
to determ ne whet her they should be included in the nodel [00156] The_ data
set used t o*calbelficiany ertersil mayurementceial disiwbanga ge.gpembinpt tgmperature)
steady-state operation since that will cause the estimate for the noise

cross corr ef at Shito anf il Btugtens PRk Rt hes B8 nou
data set. The E@ﬁﬁaﬁ%ﬁg%g BEP%%%E‘?& ‘%ﬁﬁlﬁ@ﬁ signals is calcul ated as:
X

1. Calculate t Co-varl ance, etween each input pair, i and Iw 5;k =
NN*r *X0 - (-. X) * (E X Equation 5 N(N-1) 2. Calculate the correl ation
coef fi ci ent [(Hdrd3dac hFpamrhisflist oplit kchrdenmehsrementawihirhckaveabe KollSivind S;
,*Ska:)Ir2 Equation 6 [00158] There are two circunstances, which flag that
an input sheRATECKBISUBE i ncl uded in the nodel. The first circunmstance
occurs when there is no significant correlation between a particul ar i nput

and the resi OffHehBeAsiRebhcAbddes R havE@hiGRe of Btatic driRsiflefipdrfOEnaicel east
one other input in the data set with a significant correlation

coefficient, sych as 4.4. [00159] The secaqnd circunstance occurs when the
same i nput Pnf Q&WFWE t eq,];a(tg LI t)‘“?%?ﬂ%&i tw ce, often

t hrough sone cal cul ation, which has a different identifier. Any input (
pai rs that exhietmesmurenett Brrowefdralaedtwith other measurements in the data set

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

normal operations.

* The measurement is not tightly controlled to a fixed setpoint, which rarely

changes .(Lhe ultimate primary of a control hierarchy).

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

saturated against transmitter Hmits.

¢ The measurement does not go across a range of values, which is known to

be highly non-linear
s The measurement is not a rednndant calculation from the raw measurements
» The signals to field control valves are not satnrated for more than 109% of the
time.

A.  Evaluations for Selecting Model Inputs

[00154]  There are two statistical criteria for prioritizing potential inputs into
the PCA Abnormal Detection Model, Signal to Noise Ratio and Cross-

Correlation.

Il Sienglto Noise Test




near one (for exanple above 0.95) need individual exam nation to determ ne
whet her bagh shdid-seshoul d be included in the nodel. If t ﬂbﬂﬁg%ﬁ%aﬁe
physi cally WD 20106/ 031749 PG 17US20051 03244 -41 i ndependen u ogically
redundant (i.e., two independent therngg?yples are independently neasuring
the sane process tenperature) then both“these inputs should be included in
the nodel. [00160] If two inputs are transformations of '‘each other (i.e.,
tenperature and pressure conpensated tenperature) the preference is to
include the nea¥HeeiBial to hbie rbfie 108 ehadsafe b tHeAMEbMRt oM ddhichtiihels there
is a significantly inproved cross correlation between one of these

measur enenipubsignahe rest of the dataset. Then the one with the higher
cross correlation should be included. 3) Identifying & Handling Saturated
Vari abl es [ 0016 Refi ni ng and chem cal, prpcesses often run agai nst hard
and soft const ﬁf’ ﬁ{%’ﬂré‘% 8P13Frraﬁ'? i E@F'd]ragchﬁg ffﬁf%ss and "Bad Val ues" for
the nodel inputs. Comon constraints are: instrunent transmtter high and
| ow ranges]. aWakyaersigiAng Eiltersbusing MnanghonentinLflieorithan EnpRsi tions,
and process control application output Iimts. Inputs can fall into
several cat egdyhasioiime qomgtand eqoivadent to Sdted taipetceseqlior eonjrsuinal

handl i ng when pre-processing the inputs, both for nodel_building and for
the on-1ine uEeIHREPRESherta] processes Bus i cansiavfds 4sually Bythedargesent s

Lg., 4-20 mllj | i .t i ¢t . bad val
becaube of t wio Szt 7 padin Dmth R Datd Bl e VEHR WP FRE A i g

t he-range of j e 1 T e connection with the field has been
braken [ 00163 eﬁlﬁg?ﬁ%?ﬁg%%cﬁl{@ggsgg%di“ ons occur, the process control

system could be configured on an individual neasurenent basis to either

assign a speciaL e L}Qeg | u t @aa%?r nt to ywhodie t hat
t he rreasurerreﬁ?r" iE: :P”Biggl Iug;f’311 o?’xpgﬁan%ﬂjﬁﬁt% nt e&ﬁﬁﬁst goo %‘?ﬁ%iof t he

measurenent. These values will then propagate throughout any cal cul ations

performed on tPezFlEﬂﬁ(ﬁ'ﬁszf ontrol gyidieiohstathellculfion ast Q%Qﬂ&ﬁ@"
option has been configured, this can -

where:
Y. the current filtered value

Yo the previous filiered value

X the current rtaw value
P the exponential filter constant
T the sample time of the measurement
C. Ts the filter time constant
2. Aresidnal signal is created by subtracting the filtered signal from the raw
signal
R,=X,-Y, : Equation 3

3. The signal to nnisé ratic is the ratio of the siandard deviation of the filtered
| signal divided by the standard deviation of the residual signal

$IN=Cy/ Oy Equation 4



| ead to erroneous cal culations that are difficult to detect and excl ude.
Typically 749 PCTIUS2*0 /032446 -42 when the "Bad Val ue" code
is propagatega%?‘}%rﬁ%gé the system all calculations whi chpggﬂgﬂﬂ'ﬁ@ﬁzﬁﬁe bad
nmeasurenent will be flagged bad as well. 0[00164] Regar dl ess of the option
configured on the process control syste‘n"( "~ those tinme periods, which

i ncl ude Bad Val ues should not be included in training or test data sets.
The devel opee138ledsItie prefmalilé Yo HaivehIPRpURNeAIABit RESN wasH isgiteaw it he
process control systemand then configure data filters for excluding

sanpl es, whiprhdeteenited wElimesn, fowh 45, Thoke teputsrplidnBAN kst diwn thimput s nust
be pre-processed so that Bad Values are fl agged as m ssing val ues,

regar dl ess%ﬂ%ﬂbﬂ*ﬁ%@ﬁb‘ﬁdﬁd@mﬂa@@m@@t@gﬁmﬂﬁ reheherchey showldbst system
[ 00165] Thosei i%gut . Whi élh are normally Bad Val ue for extensive tine ]
peri ods shBMHBIeELINE AL £ om t he nodel . [00166] Constrai ned variabl es
are ones where the neasurenent is at sone |limt; and this neasurenent

et aul teq 10013 adPRaRReeR ATl e Be ST shomdREde: iy Ihee ™
cover e 1 1oL RRaBaF YahySLREBHLOMon FOES (R FAPcuSL HELIRAL BN, 1AERYt T O

several reRSons a ONS O are nornae Imactiv ept
under specightcy &S bk 8@ceeBRY J4reRs, for exanple pressure relief flowto the
flare system Tinme periods-where these override conditions are active
shoul d be excluded from the training and validation data set by setting up
data filteZ3. $ass Cheradntbifess i npl enent ati on these override events are
trigger events for automatic suppression of selected nodel statistics Tbe-
process co{@hpi7]sysTeMdressiastntanti® adhéastrd bELHY iDEOSSarRgpicdahdpiOCcReEs -
operating limts, for exanple product spec |limts. These constraints

typi cal |y fimgpit dama sett vikheceroegyonirelation bdtwsen awhitelr sigeais tcealtulnteal dsy
saturated and those, which are normally saturated. Those inputs, which are

normal 1y g2t ¢ ke ‘ﬁl@%"t')l-gar?a%{:%)fgm?%g%éénoggchqugp ]gﬁ!rl ahagse | nputs, whi ch

are only

Bu=N*E G+ -ET XN *EX) Equation 5
N#(N-1)

2. Calculate the correlation coefficient for each pair of inputs from the co-

Variance:
CCy = Sad(Si* S Equation 6
[00158]  There are two circumstances, which flag that an inpnt should not be (

included in the model. The first circumstance occurs when there is no
significant correlation between a particular input and the rest of the input data
set. For each input, there must be at least one other input 1n the data set with a

sigmificant correlation coefficient, such as £.4.

[00159]  The second circumstance occurs when the same inpuot information
has been (accidentally) included twice, often throngh some calculation, which
has a different identifier. Any input pairs that exhibit correlation coefficients
near ong (for example above 0.95) need individveal examinafion to determing

whether both inputs should be included in the model, If the inputs are physically



WD 20061037749 PCT/ US24 {/ 032446 -43 occasionally saturated (for exanple

| ess t han Ui tinme) can be included in the nodel i y
shoul d be %%ﬁ@éﬂj%gged on the tine periods when they ar W\ﬁﬁ%@%’{]gt ed.
S. Input fromProcess Control Applicatigns [00167] The process control
applications have a very significant effect on the correlation structure
of the process data. In particular: ~ The variation of controlled variabl es
i s signi fimaapeydenebuchgicdlyt teghnndanbiexamio indeptrelend theroldcaupleardrabl es i s
primarily noji se except for, those brief tine peri oc;s wh%g t he process has
been hit vinERPENEIYHIREAHRNZING FaBY Drgrats feBmeErlEy) ther Do Hess inpus

i ntentional,l ved.t he, oper at i pai nt by changing key setpoints. The
nor mal var?kﬁﬁl@ﬁai‘wlll‘flueedgg rIBPth variables is transferred by the control
systemto the mani pul ated variables (ultimately the signals sent to the

control vajgaal]n tifewbiigpets -aré GRhefikmbiiiens of eath oner #.&0fEmpdratifbiangry and
chem cal processes are wusually controlled by two different types of

control stpussureesmpehsated amperitire) oind priferenase aesintkivevihe medsngment6) and
the nore recent nmultivarjable constraint controllers, M/CC (shown in
Fi gure 7).ihaj the cpsrafer isnpmibias withe pudess fthem is aségmibicanily émpreved @08%91

Figure 6 sho a typical "cascade" process contral applLgation, ich is a
very comW%\@ﬁF?%ﬁg@W%g&&Fﬂ F’W%'@F“&%ﬂn‘iﬁ?rﬁeég?{: ﬁ%@%&e@s%m

Al t hough ther - ti.al | f: ch an application,

t he o%l y til'%é‘j ﬁ?‘%@% H%%gggéﬁ%&gﬁgﬁ%%q#e%?%g%rlﬁ%g%g#he raw Blroocess
nmeasurenments (the "PVs" in this figure) and die final output to the field

vallve. 1003)7 0jdehtifilime dh Handiin e baterated Vpoidhdext nmeasurenent, the PV of the
ultimate primary of the cascade control structure is a poor candidate for

i ncl usi on ["[u'i}ﬂ;!?]? ﬁ;‘;&%@:@ﬁ%%a%ﬁf&%@@ﬁ@é&% ﬂﬁgﬁgﬂﬂggaiﬁigfjﬁérdéﬂﬁﬁ}ﬂ |

measur enent usual ery Tirmted novenent since-t
constrainis Teselting in saturated values and "Bad Values” for the model inputs.

Common constraints are: instrument transmitter high and low ranges, analyzer
Tanges, maximuin and minimum confrol valve positions, and process control
application ocutput limits. Inputs can fall into several categories with regard to
saturation which reguire special handling when pre-processing the inpats, both

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

{00162] For standard analog instruments {e.g., 4-20 milliamp electronic

(:“ transmitters, bad values can oceur becanse of two separate reasons:

¢ The actual process condition is outside the range of the lield transmitter

e The connection with the field has been broken

[00163]  When either of these conditions oceur, the process contre] system
could be configured on an individual measurement basis to either assign a
special code to the value for that measurement to indicate that the measurement
is & Bad Value, or to mainiain the last good value of the measurement. These
vatues will then propagate throughcout any calculations performed on the process
control system. When the "last good value" option has been configured, this can

lead to emoneous calculations that are difficult to detect and exclude. Typically



objective of the control structure is to keep this neasurenent at the

set poi nt e nmovenent in the PV of the ultimate primary if its
set poi nt iyﬁﬁﬁ'gﬁggé?but this usually is infrequent. The Hg”{@ﬂaﬁfﬂp%ﬁ% from
occasional primary setpoint noves wl | 4gsual |y not have sufficient power
in the training dataset for the nodel t'¢ characterize the data pattern.
[40171] Because of this difficulty in characterizing the data pattern

resul ting wieanthe fiBadegaing” tbée Beprophphtedithtdeshuiht isyedeen, pEl cdcylationen the
operator makes this setpoint nove, it is_likely to cause a significant

i ncrease i Wwhitle depembon fipbad theprainuritovillbe Haggabid anwell of t he nodel .
Consequently, any change in ¢ the setpoint of the ultimate primary is a

candi dat e | r f nkno SURRI |.QR: rat or
changes. ani0FfTn: o Xserdrh s Rbn RUERAGRT bR e prERE St SsRRR 0T
w Il aut omggd ' : t w1 i

Shoul d thgﬂildes\%gllrg% Fﬁgﬁ%’ﬁﬁygﬁtlﬁéﬁg\% Bo%d mﬁ%ﬁhﬁﬁngdt lg@dp]%l%$ y i nltn g)@% %12‘1?31
nodel , thigr mﬂaﬁaﬁmtmﬁdab@luﬁerﬁ@sqd ibenetl whichhesbnliashedn me peri ods
during whi.ch the operator has changed the setpoint and until the process
has novedcohfigeredaintthe pvatess obnirbkesyséemsexiphen copfiguredaafiitersiarhi n 95% of

the new setpoint change, thus if_the setpoint change js from1l0 to 11,

when t he PY*clodis eamplossywhyohoare Hadriahes diprdhe engRadnplgREesiation,  hat are
t | | at ed f | t h . 9 .relati
Coet 1 ci enEIPIK FSHHE BBy REPCRAG b5 Hraie Calanary (aesrd esaiipnae vafuant
th V f
T T e et R

Utimate Pri measur e- nen ou ated in the
i dentical manner that is chosen for the PV of the Utinmate Primary.
[00174] Cafbis]st r Thise aypudsnwhiah ers aopozly BadhWekiedior esteltsivediondar y and
can have output limts on the signal to the field control valve. It is

i nport ant periogs shoulddmeaedndediirorpibeanedalas - 45 check the status of these

potentially constrained operations to see whether the
[G01606] Constrained variables are ones where the measurement 15 at some

limit, and this measurement matches an actual process condifion (as opposed (o
where the value has defauvlted 1o the maximum or minimum BEmit of the
trapsmitter range - covered in the Bad Value section}. This process sitnation can

occwr for several reasons:

« Portions of the process are normally inactive except under special override
conditions, for example pressure relief flow to the flare systein. Time
periods where these override conditions are active should be excluded from
the training and validation data set by sefting up dats filters. For the on-line
implementation these override events are ttigger events for automatic

suppression of selected mode] statistics

¢ The process control system is designed to drive the process against process
pperating limits, for example product spec limits. These constraints
typically fall into two categories: - those, which are occasionally saturated
and those, which are normally saturated. Those inputs, which are normaﬂy

saturated, should be excluded from the model. Those inputs, which are only



measur enent associated with a setpoint has been operated in a constrained
mari ner or he signal to the field valve has bee _al.ned. Date
during the‘gglgiﬁﬁgg?f‘gi ned operations should not be used. %ﬁ%@@%@?%@'?

Cal cul ating Model Tnputs from Miultivari %bl e Constraint Controllers. MWCC
[00175] Figure 7 shows a typical MCC b? cess control application, which
is a very common control structure for refining and chem cal processes. An
M/CC uses a dpoessicnaipt fetwatdddor oxatapld lesptiral 10% dihe iargeanibe

mani pul ated variables, Ms, (usually valve positions or setpoints of

regul atory cumiudid inothesnodglihovtiengidey shonld be sealebbased w@thetime
dependent tenperatures, . pressures, conpositions and flows which neasure
the process sPaieys WagnNhe-aTeRY gtedo push the process operation agai nst
operating linuts. These limts can be either Mr limts or CVlimts and
are deterngneg by an_externa Bjm’zr.. The nunber of limts that the
process opétatEs—agarfst—w the  nunber of MVs the controller
is allowed to mani pul ate m nus the nunber of material bal ances controll ed.
So if an ME6Rhs 1Phavpeocesdcaveolapplizationghsve avery sigaifprant effectibn thebe
operated against 10 limts.. An MWCC wi I'l _al so_predict the effect of
measur ed | eAEelaiion sipahre ot die Proscy dajas In pati@¥atensate for these | oad

di sturbances (known as feedforward variables, IM). [00176] Wether or not

a raw W og i i . i | fg% ]' del depends
on the per Ceﬁ%é’ﬂ%ﬁg?ﬁﬁ%ﬁﬁﬁpﬁ%ﬁﬁg@sﬁ%@ aggﬁrﬁgﬁ&éo s operating Emt
by the M/CC Ag] : PRI DiElARNES cx & FoOthost AW
var%abl es t hat arg%clgﬁz?%a?%ﬂa&%ore t a‘?lﬁ% % 0 t)ﬂ@ht{?ﬁe re poor

candi dat es f obrieheidespetivdsrwhdiettRGhoneidlas Bientit withunsignigicant peeeyar i abl es
shoul d be handl ed per the Constrained Variables section discussion. [00177]
| f an unconst disturbdndd/or theaorseaioohag intentzonaluinaved yheoptraghg pogt, byt he

set poi nt should not be inclyded; instead the neasurenent of that regul atory
WO 2006/ 1131790ANEINE KEPGOWOTYS446 - 46 control | oop shoul d be included. The
signal to the field valve fromthat _

» The normal variation in the controlled variables is transferred by the control

system to the manipulated variables (ultimately the signals sent to the

contro] valves m the field).

[00168]  The normal operations of refinery and chemical processes are
usnally controlled by two different types of control structures: the classical

. control cascades (shown In Figure 6) and the more recent multivariable

l.r‘"\

constraint controllers, MVCC (shown in Figure 7).

1} Selectine model inpuis from cascade sitnctures

[00169]  Figure 6 shows a typical "cascade” process conirol applicaticrn,

which is a very common control strecture for refining and chemical processes.
Although there are many potenital model inputs from such an application, the
only ones that are candidates for the model are the raw process measurenents

{the "PVs" in this figore ) and the final cutput to the field valve.

100170]  Although itis a very important measurement, the PV of the ultimate

primary of the cascade control structure is a poor candidate for Inclusion in the



I
regul atory control |oop should also be included. [00178) If an

unconst r ai ned 2M¢ozp@ Ssignal to a field valve position, then it should be
i ncluded in the nodel. C. Redundant Measurements [00179] ?’ﬁ@"—ﬁ?‘&'g@&“ﬁ
control system databases can have a significant redundancy anong the
candidate inputs into the PCA nodel. One type of redundancy is "physical

redundancy"”, where there are nmultiple sensors (such as thernocoupl es)
| ocat ed i n Bpdele Tty sneasrrgment usnally hies segnliv iedrmarement ipee s ocess

oher o ow STGHRE S WeRERGLAEREHRY & ERaD Bl FREBIHIRN S RASEOS. o
Pl ow moasor D Ea) oo O TRBRALH 68 K oFHRplindd i S8 S ot e

an | nput Whiialieb buf fHi€ Wb@IRF infrefirit Phe MRASHIRIRS Eroth BULAIG phitnar

i ncluded in the nodel. e "general’ preference 1s to include the versFon of

the nmeasur eggiding Mmakves hdllusasls ot Bpas alfficidnt pdsr 1h 2 trhatingdetasefoe
exception to this rule is when the raw inputs rr rnust be nmathematically

t r ansf or medhe maxted o charactpizevibe tlata padterel at i on structure of the data for
the nodel. In that case the transforned vari able should be included in the

rodel DUt bnARe ¢ e HEBTE B0 B 0L e ABRRS Y
ogneral | ! Son/ QISR e S hnhbr BANREGAbhin ALKk mtbat o be

redundant s frfovel s ¢ikrBA®W e B sEeriiBeintigcrsBe it Bld shrsofll ed so as
to prevent themfrom overwhel m ng the selection of principle conponents (‘

(see the sexmaud predicicnadirer, SER, imdgx, ofAhe enndal. PooesraenCyCary B4R 1IR3 9
PC111S20051032-L46 -47 exanple occurs fromthe | arge nuq‘g&r of
t her mocoup! B8 sgmnta?@hsmé%@@tﬂ Primagas randidate drig 5or @ SmomIheNy s .

[00182] When _nini ng.awvery | apge database, the vel oper can [dentify the
Fedundant | ruRBERSHEn, WEkeTst I R @r Bipdan R B el B o)
of ) "known event suppression” logic will antomatically remove its effect from the

SPE calculation.

100172]  Should the developer include the PV of the nltimate primary into the

model], this measurement should be scaled based on those brief thne periods

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

moved close to the vale of the new sefpoint (for example within 85% of the new
setpoint change thus if the setpoint change is from 10 to 11, when the PV L
reaches 10.95) )

[(0173]  There may also be measurements that are very strongly correlated
{for example greater than .93 correlation coefficient) with the PV of the Ultimate
Primary, for example redundant thermocouples located near a temperature
measurement nsed as a PV for an Uliimate Primary. These redundant measure-
ments should be ireated in the identical manner that is chosen for the PV of the

Ultimate Primary.

[00174]  Cascade struciures can have setpoint limits on each secondary and

can have output imits on the signal to the field control valve. It is iImportant to



the candi date i nputs. Those neasurenent pairs with a very high cross
correl ati ogwg tim6medapl e above . 95) should be individually.. 1N

classify each pair as either physically redundant or calﬁﬁﬁﬁsﬁﬁﬁgﬁf%P
redundant. I1l. Historical Data Collection [00183] A significant effort in
the devel opnent lies in creating a good training data set, which is known
to contain all nodes of normal process4ioperations. This data set shoul d:

[ 00184] Span the nvnnal operating range: Datasets, which span snmall parts

of Lhe GPRIBLE B4k L3A0% e SOIRARIARALecpdBtsf e (ANRE: i e data

conpared to the range of ~during st ea operations I's a good
i'ndi cat i onpedsutdifesturkbéinief withe defiRhinRds RRni dperNteddahavdkiraine8185]

I ncl ude all nonnal operating nodes (i ncluding Seasonal node variations).
Each oper ahimgrnodehathsr the\segmhl fid dieefiéldoaiveehst hesn sinsteinede PateUnl ess t he
patterns, which characterize the operating node, are captured by the
nodel , t heBeingfssetanstmpesdopargtipodonld not bppead. as abnornal operati ons.

[00186] Only include nornmal operating data: If strong abnornal operating

data is ingl ugs i ni - WM ' | y nodel
these abnor . Iiﬂ?ﬁgﬂ%ﬁiﬂylﬂﬁ;d fig !1?\1_.11; e tTy, when the
nmodel is | ate¥ilEdrna ¢ an abnornal operation, it may not detect the

abnormality pet ions. [00187] History should be as sinmlar as possible
to the datjgopsd | Fighe Pehowd DeyHvANIVCA peo@Rs hﬂﬁu&y%{ﬂmaﬂohlm
[80LPS] i B PCTI US21} 05/ 032446

provi di ng spot values at a frequency fast 200610317
_49, enoudhatveryeteaton tmniatastmuaire éverdfinitpand ehemiesd psocssbéniing and
chéelmi cal operations this_ sanpling frequency wi|ll be around one m nute.

Wt hi nt hdViGGrses 3 dirawic mathedeaticahmode} icpredietdiaw ghangeg iat a shoul d be
o O RS N Gt SRR, bRl T
the range (@f 3y {HRpsI il Snifed PR varkBfR, £4% (e BERRVR Al 895 Seratures,
pressures, compositions and flows which measure the process state). An MVCC
alternpis to push the process operation against operating lints. These limits can

‘Ee either MV limits or CV limits and are determined by an external optimizer.

The number of limits that the process operates against will be equatl to the

number of MVs the contreller is allowed to manipulﬁte minus the number of

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

then the process will be operated against 10 limits. An MVCC will also predict

- the effect of measured load disturbances on the process and compensate for these

joad disturbances (lknown as feedforward variables, FF).

[060176] Whether or not araw MV or CV is & good candidate for inclusion in
the PCA model depends on the percentage of time that MV or CV is held against
its operating Hmit by the MVCC, As discussed in the Constrained Variables
section, raw variables ihat are constrained more than 10% of the time are poor
candidates for inclusion in the PCA model. Normally unconstrained variables

should be handled per the Constrained Variables section discussion.

[00177]  If an uneconstrained MV i5 a setpoint to a regulatory conirol loop, the

setpoint should not be included; instead the measurement of that regnlatory



|
time periods with obvious or docunented abnormal events. By using such a
long tinme ' e smal l er abnormal events will not appear wth
suf fi ci ent pﬁ?r%ﬁg'{a#?n the training data set to signifi ca}’r?%"i"}ﬁ?-ﬁ'?ﬁr'ﬂl%@ﬁce
t he nodel parameters ~ nost operating nodes shoul d have occurred and w ||
be represented in the data. A Historical Data Collection Issues 1) Data
Conpression [00189] Many historical datssbases use data conpression to
mnimze the storage requirenents for the data. Unfortunately, this
practice can di.grupt. t correlation structure.of. the data, At the
begi nni ng WWjﬂ?}Fﬁ?@ﬁquECWﬁF@' L@Sﬁbﬁﬂéﬁg‘?ﬂ}?%&t‘fiﬂ%#&bm shoul d be
turned off f hi stori zed. Final nodels should
be built u%ﬁ%%tu coﬁn%%éles{%ﬁgg’{]ga Ggﬁee@g;@egbssi bl e. Averaged val ues shoul d
not be used unless they are the only data available, and then with the
shortest ddid78Yer djanarenhghiired 3 VIieagtdnadio Bdicdd Mabiegropifd) IRGd 1tFor t he
nodel to properly represent the normal process patterns, the training data
set needs shomdbe ircludesd sthefmedsl. t he nornml operating nodes, nor mal
operating changes and changes and normal m nor di sturbances that the
process experipances Rl S-S orrplished by using data fromover a |ong
period WO 0. i 001032446 -49 of process operations (e.g. 9 -
18 nont hs). Inpi)articul ar, the differences anong _seasonal__operations

(spring, sifiHdP] falhe pragess enmdvol sysienbdatabases sagbiave aguDRRED ref i nery
not §f2te RTS8 Ui A eTE GRS DRIRANG ot RUOed: G PRl dalt - e_d
Cearc wr i is iy BFASERR M Rty el b dRRRE SR SR YR ot
training dy %&n@?ﬁﬂew&% @ﬁ}sézirhé@&%hl gﬁ@%ﬁ t(?gs'aléﬁ : wWilinidie rodel

updated nonthly u t he nodel s sta e nodel
process equipment. The other type of redundancy is "calculational redundancy”,

&

where raw sensors are mathematically combined into new variables {(e.g.
pressure compensated temnperatures or mass flows calculaied from volumetric

flow measurements).

[00180]  As a general rule, both the raw measurement and an input which is

calculated from that measurerment should not be included in the model. The

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

operator is most familiar with. The exception to this rule is when the raw inputs

musi be mathematically ransformed in order to improve the correlation structure (
of the data for the model. In that case the transformed variable should be

included in the model bul not the raw measurement.

[06181]  Physical redundancy is very important for providing cross validation
information in the model. As a general rule, raw measurements, which are
physically redundant, should be included in the model. When there are a large
pumber of physically redundant ﬁleasuremeniﬂ, these measurements must be
specially scaled 50 as to prevent them from overwhelming the selection of

principle componenis (see the section on variable scaling), A common process



coefficients don't change with the addition of new data) 3) Ancillary

Hi st ori calwhabed:pRd92] The various operating journals fQ it peri od
shoul d al so be <collected. This will be used to desi gnat?’operg({afulﬁfgﬁgi me

periods as abnornmal, or operating in sone special node that needs to be
excluded fromthe training dataset. In particular, inportant historical
abnormal events can be selected from-4these |logs to act as test cases for
the nodels. 4) Lack of Specific Measurenent History 100193] Oten setpoints

d | | hi i ' h I S d
P st or 1 arrgegiBih ol e Mhee uHSH A S omn AR BE 2B 17 (e
start of fc@@to%%@:ﬁ&hﬁ ct@%%ﬁ{vhg& Modes [00194] A d data that no | onger

properly represents the current process operations should be renoved from
the training data set. After a major process nodification, the training
data and [mllﬂai)deIWﬂra;aIniﬂmgﬂofetbeiargbd‘&taﬂ}am,dhm devslapahcanlificatifaibei cul ar
type of operation is no |onger heing done, all, data from that gperation
shoul d beresﬂ@nﬁwdnﬁmmmﬁwtgw HRa§ @atecaselaloprosyéaymameong all of

PCTII1S20051032. -50 195 i |. .Sshoul d.b d id i f
hhon  ne R SRt b, R R Pl e R B T I R oo Tt or ot

Coveral SATAHBE (EEREAALE, aFERR) siBflade AELTRRALy Ru A ey ccet.

several operatlng*‘no sanp arni ng

from eachepaiAt h\&iHR dhsichDY ksdiiRian® BPERcu Aokl y fedingpent , 6) Sanpling
Rate (001961 The devel opér shoul d gat her several nbnths of process data

usifpg the site's process historian, preferably getting one m nute spot
vallues. M1t tiistorical ddriadvediactiore. the hi ghest resolution data, with the
| east anmount of averaging should be used. 7) Infrequently Sanpled

Measur eneipgd83] A significant effort in the development lies in creating a good
training data set, which is known to contain ail medes of normal process
operations. This data set should:

i00184]  Spanthe normal operating range: Datasets, which span small paris
of the operaung range, are composed mostly of noise. The range of the data
compared to the range of the data during steady state operations is a good

tndication of the quality of the inforination in the dataset.

[00185]  Include all normal operating modes {including seasonal mode

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

~

Unless the patterns, which characterize the operating mode, are captured by the

model, these unmaodeled operating modes will appear as abnormal operations.

[00186]  Only include normal operating data: If strong abnormal operating
data is included in the traiming data, the model will mistakenly model these
abnormal operations as normal operations. Conseguently, whea the model is

later compared to an abnermal operation, it may not detect the abnormality

operations.

[00187]F  History should be as similar as possible to the datn used in-the on-
line system: The online system will be providing spot values at a frequency fast



[001971 Quality neasurenents (analyzers and | ab sanpl es) have a nuch
sl ower sa yepncy than other process neasurenents, ranging fromtens
of minut re@h’t%oﬁﬂggﬁf%g In order to include these neasuremr?@%ﬁ?g"tﬁ%z%del
continuous estimte of these quality neasurenents needs to be constructed.
Figure 8 shows the online calculation of a continuous quality estinmate.
This sane nodel structure should be cr@ated and applied to the historical
data. .This quality estimte then becones the input into the PCA nodel. 8)
ot.ation

Model Triggered Data Ann 001981 Except for_.very opvi ous

abnor mal i t ,g?]ttﬁ' %Eﬁiet gongpm g‘f@?‘i aF cg@g@mqsgeﬁmr;g%qgﬁhq@ca]et er ni ne.
The i ncl usj : . i can..bi g . e strategy
of using |@?%%Béﬂgﬁﬁ$%@111£§ﬁ%ﬁé%@i ‘gﬂt %ﬁgf{é{lrﬁ (%fe %’gﬁf)tghwggﬁiém @;g some
degree the; t RS &gﬁ{j j i map lat a
set. The %@Seklgﬁglt}?lb?ﬁ%rom ﬁ#&%ﬁ@?@? at ggf& ﬁ%’fﬁﬁg g:}jgteggletﬁwgﬁgétﬂglrt?a%‘? t he
proj ect nmsituteephegdueesk passibisuspi cion as to its quality. The initial
trai ning dataset should be replaced with a dataset, which contains high

qual ity annatations_of the rogess conditjions, which occur during the
project |i 1%50 2@@?6?@1%}7&9' Qlpotingy igdp siart Witlsa IngREssiitghe nodel
devel opnent. strate i.s to start.ath.an injitial, ‘rough”  rmodel (the
consequen QE‘S%W Zuﬁ%gtlﬂéﬁ%ﬁ”@et adlM ]ﬁ]inﬂ&‘%ﬁ't @ mgnfh h&'ﬁgﬂ%ﬁ’t]ﬁ@%&bpse to
trigger t L i i tal-nl : nodel is
used to %?3%3? E{dﬁgﬁ H?%‘%@%’Qé gﬁﬁﬁ%@?ﬁ%ﬁﬁ@%ﬁ%ﬁél P?Elglﬁ?ﬁg?‘]ed on

nor mal opefoakitRie pefiBgCi al operations, and abnornal operations. Anytine the
nodel flags an abnormal operation or an abnornal event is mssed by the (
model , the cause and duration of the event is annotated. In this way .
f eedback oh tthe anilisdabnerragidvenis wil nohappnar with prificesn sopegthtindhe can be
incorporated in the, trai nirggm_%ta. This data is en -used. to inprove the
model , whi ch Failipgdaiasehio AP gatlvendsthn Spoded DRERNEIEE i ty trai ni ng

data. This process is repeated until the nodel is satisfactory. WData &
Process Anal ygigst operating modes should have occurred and will be represented in the

a

datz.

A. Historical Drata Collection Issnes

1) Data Compression

JOO1L89] Many historical databases use data compression t0 minimize the

storage requirements for the data, Unfortunately, this practice can disrupt the

correlation structure of the data. At the beginning of the project the data L
compression of the database should be turned off and the spot values of the data
histonized. Final models shounld be built using uncompressed data whenever

possible. Averaged values should not be used unless they are the only data

available, and then with the shortest data average available.

23 Eencth of Data History

[00150]  For the model to properly represent the normal process patterns, the
fraining data set needs {0 have examples of all the normal operating modes,
notinal operating changes and changes and normal minor disturbances that the

process experiences. This is accomplished by using data from over a long period



A. Initial Rough Data Anal ysis [002001 Using the operating logs and -

exam ni ng euRipsess key performance indicators, the historical data is
di vi ded into per%d@ with known abnornal operations and BS&/VBaE4HHA no

i dentified abnormal operations. The data with no identified abnornal
operations wll be the training data set. [00201] Now each neasurenent
needs to be exam ned over its historysto see whether it is a candidate for
the training data set. Measurenents which should be excluded are: Those
with many | ong periods of tine as "Bad Value" Those with many |l-ong periods
of time poGEReEss OPERLIaNSHEdnm S montisynhnparticelin, the digferengs dBI0D08hi ch show
very little variabil.it except thosg,. which are tightly .cantrolled to
Vet seraiaiEL pPwiasY ot Sumet, (LA oare verg SIGHHEAT hat
cont i nuoys] iﬂ% GBYaHLal lability relative to their operating range
N Those ﬁlﬁrs o%@?tqhgﬁ{olfg‘ﬂr?\éaéésggds’ correlation with any other
nmeasurenents in the data set Those with poor signal to noise ratios
[00202] \\i(1¥]exafometinehthesatomg stirodestdfiniatpard motsretheaidablie s gr ement s

are briefly indicating "Sad Value" or are briefly pegged to their

transni t téer pitamareind enothensigsifieri repcafligaraleonit thequacesoarasyemice t hese
This 15 QBIHGCaspelis Tets) Voug oD ¢ N DBl 3 ASCPIoE B0 (Rbpal -
S5 0f tnd NerserbagP Eheele RS AR an PtBate i S Rsbindfhe 2"

s \%Jé.l Uhﬁdd@h@ﬁﬁw@ﬁhﬁﬂmﬁf Snﬁﬁ%ﬁﬁgiﬂlﬁg gf‘%ﬁlﬁﬁﬁu%ﬁ égg%o% e process

however this i not usua Is inclu e different

sources ebeffiviagedontichhnsdaibale adiition off evsevenal standard methods for
det erm ni ng how

3 Ancillary Historical Dhata

[00192]  The varions operating journals for this time period should also be
¢ollected. This will be used to designate operating time periods as abnormal, or
operating in some special mode that needs to be excluded from the training
dataset. In particular, important historical abnormal events can be selected from

these logs to act as test cases for the models.

4y TLack of Specific Measnurement History

(-- ' [00193] Oftén setpoints and coniroller outputs are not historized i the plant
process data historian. Historization of these values should immediately begin at

the start of the project.

5)  Operating Modes

[00124]  Old data that no longer properly represents the current process
gperations shounid be removed from the training data set. After 2 major process
modification, the training data and PCA model may need to be rebuilt from
scratch. If a particular type of operation is no longer being done, all data from

that operation should be removed from the training data set.



many principal conponents to include. Also at this stage the statistical
approach tw i3 scaling should be used: scale all variables to unit
vari ance. X, Oﬂdx §)'hgacg) / G Equation 7 [00204] The trai'fiTAL20a 04248,
shoul d now be run through this prelimnary nodel to identify time periods
where the data does not match the nodel. These tine periods should be
exam ned to see whether an abnornmal eweéfot was occurring at the time. |f
this is judged to be the case, then these tinme periods should also be

fl agged as gl wi.th kpnowns abnor events. occurring.. These tine periods
should be 0LPEEed PraRBRdofy S be Bl CuBSaN RE P B sss B RS i ¢ h
the nodifi - novi ng
Qut i ors anhebarraeibpimol ek Thete Ml ReRdRey M o sbcal Ous
abnor mal eygads, Whérehﬁedﬁﬂ@e]ti@ﬁﬁé@ibdtﬁ%nvé@ééﬁé]’l%erﬁ%ﬁ@ﬁid&s%ﬁU”E”t ed
events. It is very rare to have a conplete record of the” abnormal event
hi st ory .atnumbsi dfesanhiies wethe tsaiging dataset flopeeatl opemptiap meodelshouldbe be
docunented in operating records such as operator |ogs, operator change
journal s, afpspxinaselyrneduvalgntl i nstrument mai nt enance records. These are
only providing a partial record of the abnormal event history. Renoving
time peri ogs wher e kié performance indicators, KYls, are abnonnal. Such
measur ene es, product rates, product quality are common key
performance indicators. Each process operation may have additional KPIs
that are [§0286F i c Tie dénelopdrtshoer gfthibr sexerdl nediiths ob pradeiss datamsigg set of

measurenments W ll usually give a clear indication of perjods_of abnornal
oper at i onsthe gitg peoeess IHHREAR, PEETeRlY foitbis enmunuts spob valesogeiit isng goay—

for this KPI is..t xi.ize it,. the.operati eriods where this KPl is ™.
low are | i%laya’éﬁﬁlrvﬁ’& hl&ﬁs%*&%%%&%@“ &’Z‘i}l&@&%ﬁ*ﬁ%ﬂéf’ 2BFHAEHIE he

easi est KR ze since the optinum operation is against a

speci fi cat%@H}qO'lJ%H?écgnd they are less sensitive to nornal feed rate

vari ations.

71 Infrequently Sarapied Measurements

(061977  Quality measurements (analyzers and lab samples) have a mnch

slower sample frequency than other process measurements, ranging from tens of

minutes to daily. In order {o include these measurements in the model a

confinuous estimate of these gnality measurements needs to be constructed,

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

same model structare should be created and applied to the historical data. This

quality estimate then becomes the input into the PCA model. (

3 Model Triceered Data Annotation

[00198]  Except for very obvions abnormalities, the quality of historical data
is difficult to deterrmine. The inclusion of abnormal operating data can bias the
model. The sirategy of nsing large quantities of historical data wiil compensate
1o s010e degree the model bias caused by abnorrpal operating in the training data
set, The model built from historical data that predates the staxt of the project
must be regarded with suspicion as to its quality. The initial training dataset
should be replaced witﬁ a dataset, which contains high quality annotations of the

process conditions, which occur during the project life.



C. Conpensating for Noise [00206] By noise we are referring to the high
frequency the neasurenent signal which does not contain usefu
Lnfornatidﬁﬁgﬁgﬁpjﬁﬁe process. Noi se can be caused by sQ@%??%@“%%@ﬁ@ss
conditions such as two-phase flow across an orifice plate or turbulence in
the |l evel. Noise can be caused by electrical inductance. However,
significant process variability, perhajs caused by process disturbances is
useful information and should not be filtered out. [00207] There are two
primary noi se types encountered in refining and chem cal process

measur e TeiIogTEasH; 18&#@%&%@%&%@% wﬁﬂ%ﬁ%}gﬁﬂ Fr%ﬁ%ﬁ"@

PCTI | JS2 446 - corre ous noi se. W measurenent

spi kes, tiedsl 'ﬂ@ﬁ@bmﬁﬂ@&n@’uﬁﬁl quékticablnedining Qatgsepnhemtisé tie @mogdblor t
nunber of sanples before returning to a value near its previous val ue.

Noi se spi kesiggertheegathaning sf adgigh quaitytiavmal dupd ket Asahiecidda i dader such
as the Union fjilter. [00208] The anount of naise jn the signal can be
quant i fi ei@ IBYNHBOHRENTPecssk arnaiatens a1kl datymdll keopatbered ompem@nglsee Fi gure

N
f [ | f ' Gal -val hdicat i t hat
the o1 onaftis AyPrtE EParlc s e donb i, B IF YR PRmoli P LRSS L s

1002091 WimBeyed dhPRiHENEICRSEnERGRANBIAES B Sidwal Medbhck @ilfel cant noi se,
he needs to nmake one of three choices. In order of preference, these are:

Firs the modelalatblty tenmenitor theqrecess ependtidnhearmios Swofpdratdaesitthanswer )
Reré_ve /[ mnimze the noise through filtering techniques ~ Exclude the

si gnal f ricsiningedatadBis aopischemysed W improve the skl h is kpmetseddonoi se
rati os between 2 and 4, the exponentiall rrel ated continpous pnoi se can
bo. r ooy GPLHTDR kAR belterapabitp farpagdard | T oRkeds e fal

filter. TﬁSdﬁ%?ﬁﬂiﬁQ&o@f t he exponential filter are:

IV. Data & Process Analysis

A, Initigl Rough Data Analysis

[00200]  Using the operating lﬂg_s and examining the process key
performance indicators, the hastorical data is divided into periods with known
abnormal operations and pericds with no identified abnormal operations. The

" data with no identified abnormal operations will be the fraining data set.

j06201] Now each measuremnent needs to be examined over its history to see
whether it is a candidaie for the training data set. Measuzements which should

be excluded are:
s Those with many long periods of time as "Bad Value"

o Those with many long periods of time pegeed to their fransmitter high or

low limits

» Those, which show very little variability (except those, which are tightly
controlied to their setpoinis)



I T
Y=p * Y'-i+(l-P) 4: XI| Exponential filter equation Equation 8 P =
Exp(-T,trt), R Qnstant cal cul ati on Equation 9 Yis the current
filtered va\fvl@eﬂ“w&lﬁ@s the previous filtered value X is NS/ EHPHEHEHEaw
value P is the exponential filter constant TS is the sanple tine of the
measur enent WO 24VW/ (P3 A 749 PCTII15261)51[132 3-t6 -55- Tf is the
filter time constant [00211] Signals w§h very poor signal to noise ratios
(for exanple less than 2) nmay not be sufficiently inproved by filtering
techniques to be directly included in the nodel. If the input is regarded

as inportaat, Tee Sedlcongnebud showaier 2 hiree shaubifitpeclatie totde- sensiti ze
the nodel by significantly increasing the™ size of the scaling factor

(typically by cpefadimzoangs the range of 2 - 10). D. Transformed Variabl es
[ 00212] Transfornmed variabl es should be included in the nodel for two

different Leasin, dQRdRIAL R0 BASE0AMaAn CEH BEFRNY AORRSOT the

speci fic equi pnen process chem Inearitresin the
process shoul g, ke 44tgR8f orned and included in the nodel. Since one of the
assunptions of PCAis that the variables in the nodel are linearly

correl ated, significgnt roceis or,%g_téi_gﬁrrent non-linearities wll break
down this &or rid1V5¢ PaH BYVIRERAAO ARYFCSHBRS up as a  deviation fromthe nodel .
This will affect the usable range of the nodel. [00214] Exanples of well
known non-1ljnear transforms are: ™ Reflux tqQ feed ratio in distillation

col ums ~ [YRG coMsis examining Meglatnbpss topedtariqds Vissre measyEpments

compensat ed. & EIBSL AU I IR or wrSbERY RRTN S hbiFl Ak R

or low limits shonld also be excluded.

(00203] Once these exclusions have been made the first rongh PCA model
should be built. Since this is going to be a very rough model the exact oumber
of principal compenenis to be retained is.not important. This will typically be
around 5% of the number measurements inclnded in the model. The number of
PCs should ultimately match the number of degrees of freedom in the process,
however this is not usnally lmowﬁ since this includes all the different sources of
process disturbances. There are several standard methods for determining how
many principal components to include. Also at this stage the statistical approach

to variable scaling should be used: scale all variables to unit vartance. ( g

X = (X - Xag) | © Equation 7

[00204]  The training data set should now be run through this preliminary
model to identify time periods where the data does not match the model. These
time periods should be examined {o see whether an abnormal event was
occurring at the time. 1f this is judged to be the case, then these fime pefiods
should also be flagged as times with icnown abnormal events occurring. These
time periods should be excluded from the training data sef and the model rebuiit
with the modified data.



Reaction rate to exponential tenperature change [00215] Second, the data
from procegg Hi@Rl1e¥s. Which have occurred historically, shoul d_al so be
exani ned to understand how these problems show up in theP Y Beliszise
measurenments. For exanple, the relationship between tower delta pressure
and feedrate is relatively linear until the flooding point isreached, when

WO 2006103 1 7-19 PCT1Q52005103244 -58-the delta pressure will increase
exponentially. Since tower flooding is picked up by the break in this

| i near cogrelation, Roth |t I y N -ed_rate shoul d be i ncl uded.
As anot he?—eXgHE CALE SR CLBPBREMALYDEEAUGNS 0 seen in the delta

pressures. in the transfer I.ne. So instead of I.ncl udi ng_the_absol ute

pressur e [OR288Lr er@iﬁ]@ailﬁntqwlmﬂﬂfmﬂ‘d@mﬁ wiphecdoneabragghuing pe

cal cul at and included. E. Dynam c Trarasforirutii.arxs [00216) Figure 11
shows ho gl ?Bgocess dynam cs can disrupt the correla- tion between the
current values of two neasurenents. During the transition tinme one val ue

i s const FRéthiviRafeh @At beenid eltqs Refy fave APhaves® chi@ldte récard of lig el at i on
bet ween the current values during the transition. However these two

neasur e- abeotmabaved disioxuaght sitea diowerar, significaphoperating girebiemisyshould
transformng the |eading variable using a dynam c transfer function.
Usual |y eherdqopmestedin aparpting seerrdssuely anapransdess CPRBWAL Fltamguat i on 9 in
t he Lapl ace t anfformforrra is sufficient to tine s?@]chronl ze the data.

Y(s) = e LTS gJrgyignrRad 2 Rtyment maliCRaRce RCOTds; NkiesG FEHPER zed dat a
00217) Thi
{edhn qu BT 5 Bairifl SR FeaphORUAS RARREELN P mam ¢ Lo T

Removing time periods where key performance indicators, KPIs, are abnormal.
Such measurements as feed rates, product rates, product quality are common key
performance incdicators. Each process operation ma;,' have additional KPIs that
are gpecific to the unit. Carefn! examination of this limited set of measurements
will usnally give a clear indication of periods of abnormal operations. Figure 9
shows a histogram of a KPI. Since the operating goal for this KPI is to maximize
it, the operating periods where this KPI is low are likely abnormal operations.
Process qualities are often the easiest KPIs to analyze since the optimum
operation 15 against a specification limit and they are less sensttive fo normal

( feed rate variations.

C. Compensatine for Noise

[00206] By noise we are referring to the high frequency content of the
measurement signal which does not contain wseful informatton about the
process. Noise can be caused by specific process conditions such as two-phase
flow across an orifice plate or turbulence in the level. Noise can be caunsed by
glectrical inductance. However, significant process variability, perhaps caused

by process disturbances is useful information and should not be filtered out.

[00207]  There are two primary noise types encorntered in refiping and

chemical process measurements: measirement spikes and exponentially



separati on between variables used in the nodel. Usually only 1-2% of the

vari abl es re@uoemsii@i s treatnent. This will be true for tﬂ?ﬂ‘?l | 2ndent
vari abl es such as setpoints which are often changed in |arge gsleédp%gﬁg‘@/gt he

operator and for the measurements which are significantly upstream of the
mai n process units being nodel ed. WO 20061031749 PCr111S20051032446 _57-
F. Renovi ng Average Operating Paint [03#18] Continuous refining and

chemi cal processes are caqonstantly being noved from one operating point to

SR I N R e

program na nges to a _ V> can be _ _
process c Wﬁ@n%.%@@la&%e nefAe! nh @Bk @ﬂsﬁﬁﬁgl@@%@fdﬁé&;ﬂﬁﬁﬁ%&b @t i on.

Consequently, the raw @ata is not stationary. These operating péint

changes needit acheits prawe ¥ainer Bale gikdsairt eoabyddusseta iretlitenel gekehese .
changes erroneously appear as_abnormal events. [002191 The process

measur enerfegeciice ﬁlﬁmr&m Umioefiltgr.i on vari abl es: deviation froma

novi ng average operating point. This transformation to renove the average

et oct | on. [URRD8Y, S TRARRGE BIFSEIF iy Fohdlean BREHRurRY FY BB, 21 G

£ . ¢ AR .
rom e P s o B eel e G i A0), TS Bk % fFe ERGPU C207
Equati on 1fe aXnountedsisedentiabition dhe (pebcess vaiatieh Rphcaimhdgetidisidnzghanges
X - original raw neasurenent Xm - exponentially filtered raw measurenent

[ 00220] TherridmBtcdustoameh foqueney erpondnyilike Heldw dousisautipitsd vabwufort he

sane size as the nag's%ti me, constant , of {he process. (Jten qa’%l,ti nme constaﬁt_
of ar ound indiraing thakthg;signap bas sebrlantial noke, aush say hags dhemadel’s -

transfor matti og.\;s hat the inputs to the-PCA nodel are a nmeasurenent of
t he recenteé 55‘ " the process fromthe noving average operating point.

[00209]  ‘Whenever the developer encounters a signal with significant noise,

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

# Fix the signal by removing the source of the noise (the best answer)
» Remove / minimize the noise throngh fiitering techniques

s Exclude the signal from the model

[00219]  Typically for signals with signal to noise ratios between 2 and 4, the
exponentially correlated continuous noise can be removed with a traditional low . ( -
pass filter such as an expenential filter. The equations for the exponential filter

are:

Y'=P*Y"4(1-P)* X*  Exponential filier eguation Equation 8
P = Exp(-Ty/Ty) Filter constant calculation Equation 9

Y"is the current filtered value
Y™!is the previous filtersd value
X" is the cusrent raw value

P is the exponential filter constant

T, is the sample time of the measurement



[00221] In order to accurately performthis transform the data should be
gat hered a . Rl e frequency that matches the on-1ine syste of ten
every m nmdeﬂgrrﬁ?ggt er. This will result in collecting 555 /88" ¥¥#Hfes for
each | WD 20061031749 PCTI US20051032446 neasurenent to cover one year of
operating data. Once this transformation has been cal cul ated, the dataset
is resanpled to get down to a nore natdgeabl e nunber of sanples, typically
in the range of 30,000 to 50,000 sanples. V. Mydel Creation 100222] Once

t he specific as nts_have been selected and the training data set has
been built, t@]ﬁgﬁ%ﬁtgﬁﬁn%c%ﬁ%“? qui ckly using standard tools. A Scaling
Model MR= [00223] The performance of PCA nodels is dependent on the scaling
of the inpy The traditional approagh to.scal.ing.is to divide each input
by i 15 ot OMEATH ' dvienal wiih S8 pdRNAR iR TR S chthels Kol BT )
Equat i on | - ﬁﬁleﬁl}!rrﬁ 2 po: hper of nearly

i denti cal éf%%%%?é%’ﬁf@él?}%@#hgs mul ti p&%ﬁﬁéﬁg?%@uérsg}ﬂrfg%ure nts of fixed

catal yst incRARHGH tRe4S)del NTSHBRRMATS Redavd ADEY iﬁ?&tﬁﬂ,ﬁﬁé&&ﬂhg@fﬁé’e the

measurenent by the square root of the nunber of nearly idenfical

measur enevdrinbld-chiculdbentatd delatusigrothpsmnXds] xsivaFdsgytitbepsitguht i on 12
Where N = nunber of inputs in redundant- data tgroup [ 00225] These
tradi ti ongite aphecgelag faetar Hypically pyopkackrdnftoe rimesot 2mdls  from

continuous refining and chem cal processes. Because the process is usually

‘wel | contgol heg &% n?&eﬁh;fiﬁggoper ating points, the data distribution is a
conpi na- *f1 eady state operations and data from

"di'sturbed" and operating point_ change operations. These data will have

overly sni@0R12} andaensiosmiedtvapiables shorid breinghudsshinghe meeded fosPpemdy state

operati Ondigtat a. The resulting PCA nodel WO 2006/ 031749 PC7'/US2005p132446
erent reasons.

[00213]  Yarst, based on an engineering analysis of the specific equipment and
process chemisiry, known non-linearities in the process should be transformed
and included in the model. Since one of the assumptions of PCA is that the
varjables in the model are linearly correlated, significant process or equipmment
non-linearities will break down this correlation structure and show up as a

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

[00214]  Examples of well known non-linear transforms are:

» Reflux to feed ratio in distiliation columns

+ Log of composition in high purity distillation

s Pressure compensated temperature measurement
s  Stdestream yield

» Flow to valve position (Figure 2}

» Reaction rate to exponential temperature change

[00215]  Second, the data from process problems, which have occuzred
historically, should also be examined to understand how these problems show np
in the process measurements. For example, the relafionship between tower deita

pressure and feedrate s Telafively linear until the flooding point is reached, when



-59 wll be excessively sensitive to small to noderate deviations in the
process ﬁlﬂufﬁrﬂg ﬁ [ 00226] For continuous refining and chem cal
processes, the scaling should be based on the degree of V&TGBIM5U8344 hat
occurs during nor rral process distur- bances or during operating point
changes not on the degree of variability that occurs during continuous
steady state operations. For normally-smconstrained variables, there are
two different ways of determning the scaling factor. [00227] First is to

but v’ al SOOI PERBUE SHL R SRRl SIEvol it avaee RRiBeg
Haoer S STahE B i Afibe Rol B bRUAN Hetel BhIRAL AL SRR, >

tions. The are typica roces rmance 1 ndicators and

usual l'y '1ﬂs9hﬂéi'? h@%n%‘ﬂ‘ﬂﬁ%&%n{ > GatAy & fldvwh rtﬂﬂﬁﬂﬂqi&nﬁif%@é bR ih3hes and

the product quality. These rreas res a e used to segnent the operations

into peri @éﬁa@fressﬂﬁsﬁﬁlﬂlsmaﬁlﬁer $inat Sodpstead bb hrcludgizdk labsoluss piebade
operations, and abnormal operations. The standard deviation fromthe tine
peri ods oﬁnmnrmmmsmmmnmddl thpdelia prossnrps shoulddeacajadatedomidi ng f act or
for nost of tae nmeasurenents. [00228] An alternative approach to explicitly
cal cul ati ﬁ@cﬂ &d.scal i ng based on disturbed operations is to use the entire
training data set as follows. he scaling factor can be approxi mated by
| ooki ng at t@j ﬁﬁi@%ﬁjy E pgoutside of 3 standard deviations fromthe
mean, For exarrp €, w /%o e data should lie, wthin 3 standard
that 99.99% of the data should |lie, thin 4

gt: Zégéigniﬁilﬁl. o e He B oW HeS BRERSSAD R SR B GSOREI0 706 amt
.99% fr n
devi at on [0 tereCEEfe gl RS SRR Dilink A BHORSH Smg, 5 o)

Finally, ighedal [[ﬁ-;aﬁslél)bﬁon?% Cﬁlaﬂ ﬁe%ﬁl‘i’é‘ﬁfer r(c?teé‘oﬂfé? ﬁﬁ&ﬂ&?&lﬁﬂﬂﬁn

saturated variabl e £ime perio svvheret variable 1s

unconst r aibeedesrsthe Wodrae vihed diging dbe auhsitibng Hiwestrathesy svalmenairzon used
as the scaling factor. WO 20061031719 PCT1US20051032116 -60
ments can be brought back mto time synchronization by transforming the

-'Ll

leading variable using a dynamic transfar function. Usually a first order with
deadtime dynamic medel (shown in Equation ® in the Laplace iransform format)
1s sufficient to time synchronize the daa.
Y,(S) = @ -@8 Y{Sj Eq“aﬂﬂ]] 9
Ts+1
Y - raw data L _
Y- time synchronized data
T - time constant
) - deadtime

8 - Laplace Transform parameter

[00217]  This technigue is only needed when there is a significant dynamic
separation between vaniables used in the model. Usnally only 1-2% of the
variables requires this treatment. This will be true for those independent
variables such as setpoints which are often changed in large steps by the operator
and for the méasuremants which are significantly upsiream of the main process

units being modeled.,



B. Selecting the Nunmber of Principal Conponents [00230] PCA transforns the
actual pr: ja@bles into a set of independent variables called

Pri nci pal %Cg%%éfn'%mﬁ PC, which are linear conbinations YVY¥5804PHP nal
vari ables (Equation 13). PC, = A,,3* Xl -r- A;,a* X2 +Al,s * X3 +. ..
Equation 13 [00231] The process will have a nunber of degrees of .freedom
which represent the specific independgnt effects that influence the
process. These different independent effects show up in the process data
as process variation. Process variation can be due to intentional changes,
such as fﬁe‘jﬂéf‘%ﬁ@mg?%% %Efﬂfé 51% &gi}ti onal disturbances, such as anbient
t enper at ur . i nci pal conponent nodels a part of
the process variabilit caused by these different independent influences

on the pri§88t8] TheORTMeRs pafiningsmsoremisaldacessey ara censtantbnleingr ecti on of
d [ Lati in the dat t, i h .sub i ncj pal
Componont A PRYSTe LR ASIReE GrarioHToT B LRIty VLPgRE T | cant
mponent S e he o
For " examSTE ARG OF ) SpuBRe AR byt ik ARhaB 1 £ ReB et SR LE Pt ot
feed rat ec&fnhﬂlﬂﬁﬁa%l@ﬁﬁnrbﬂéﬁ d}ﬁngémidwastﬂm éﬂﬂaﬁgapfoﬁltr% bPEARRAL Process

changes. sone point,” the develfoper nust deci de when e proceéss

vari at i onjgapdeitiish. QSorksbgufitiy) chealw denpie nentiationatyo rilesercier shanpeingn

i ndependent source of process variation. [00233] The engi neeri ng approach
to sel ectdhaggtdmeeddorheatmmveddn cotate pritatinssy dai@agpio Rehesviss thesest op when

t he-groups of variables, which are the primary contributors to the

pri(r_l_ci palchaBasforEencoNBly e apakuoapyisyestsi ng” sense. The primary cause of
t he process variation nodeled by a PCis identified by |ooking at the
coef f1 ¢! qhba a7 - TheQirobfiS MEISAALNNNL BRHERIHBALS Bedldlioddrifblest 0adi NOS) .
Those coetficients, Ich are relatively large 1n magnitude, are the nmgjor
cont ri butdeiiation frompal friovin Asvdtece Spomoing poitthThisgemkfonsdsfion engimeveo! WO
20116/ @Bt 749 PCTI US20(6lI n3a-1:u -61 the process should be able to | ook
at the grtbhapvaage apembingqoinhisehqeired whenergadmg PCA models for abnormat

. event detection. This is done by subtracting the exponentiafly filtered value (see

Equations 8 and 9 for exponential filter equations) of a measurement from its
raw value and nsing this difference in the model.

K= X = Koo Equation 10

X' - measurement transformed to remove operating point changes
( ’ X - original raw measurement

Xanera - €Xponentially filtered raw measurement

[00220] The time constant for the exponential filter should be about the same
size as the ﬁlajm‘ fime constant of the process. Often a time constant of around
40 minutes will be adeguate. The consequence of this transformation is that the
inputs to the PCA model are a measurement of the recent change of the process

from the moving average operating point.

[00221]  In order to accurately perform this transform, the data should be
gathered at the samiple frequency that matches the on-line system, often every

minute or faster. This will result in collecting 525,600 samptes for each



|
contributors to a PC and assign a nane (e.g. feed rate effect) to that PC
As nore aqqﬂrﬁ%ﬁgm?% are extracted fromthe data, the coefficients becone
nore equal In size. At this point the variation being rrod’ngéQ)Ez%‘mﬁz'““
particular PCis primarily noise. [00234] The traditional statistical
met hod for determ ning when the PCis just nodeling noise is to identify
when the process variation being nodel.gd.with rr each new PC becones
constant. This is nmeasured by the PRESS statistic, which L.. plots the

3253?% uﬁétréﬁ%ﬁ%?%%ér?mg“ﬁ%égﬁ @%aoifi‘anse;q%?éﬁété? Chie s i crphes on
i ni ' W Test i & Tuni 002351 T
o ocoss aatam ARy, e SABRECR redimpfel o ohF Tabd bR iphetitre! The

Consequen Sg}r{@gla : £Shi f tr trigger for
det ecti ngtﬂ%?\béaﬂgﬁor é\[;gjr%(ts'élﬁ ﬂfgﬁ‘%ﬁgﬁ%@@@\?@g&%@h{gﬁﬂg&% & error residual
shoul d not be wused. Instead the trigger point needs to be set enpirically
based on ékpetiedab@reatiarh using the nodel. [00236) Initially the trigger

| evel should be set so that abnornmal events would be signaled at a rate
accept-abl g00222jhe €hice teagpagfic méasniankhty hovobeén tdloeied sedahe dajninghi s can
be determ ned by | ooking at the SPE, statistic for the training data set
(this is alaosetdfaebeeanbudt, dse mnsletican beibwilt quiskly henpwemxasd tadist i c). This

| evel is set so that real abnormal events will not get m ssed but false
alarms will not overwhel mthe site engineer. A Enhancing the Mdel f
00237J Oneb_tfualingiModt! Inpdsl has been created, it needs to be enhanced by
creating anew training data set. This is done by using the nodel to nonitgr

engi nber R 3b01091945" BETPD &S MR Ehe el UPtTcaBhg BT,

classify tifiputRr QteItaditibned apPioachn® sealihfeeto divide dachdnput by its standard

deviation, ¥, within the training data set,

X=X/ _ Equation 11

[00224]  Forinput sets that contain a large number of nearly identical
measurements (such as multiple temperature measurements of fixed catalyst
reactor beds) this approach is medified to further divide the measurement by the

square root of the number of nearly identical measurements.

For redundant data groups -

Xi! = }Ii‘f {GL £ Squ{N} _} Eq“ati['n 1.2

Where N = number of inputs in redundant data group

[00225]  These traditional approaches can be inappropriate for measurernents
from continuous refimng and chemical processes. Becanse the process is usvally
well controlled at specified operating points, the data distribution is a conibina-
tion of data from steady state operations and data from "disturbed" and operating
point change operations. These data will have overly small standard deviations

from the preponderance of steady state operation data. The resulting PCA model



three different situations, either sone special process operation is
occurring, | abnormal situation is occurring, or_the process is
nor mal andwi%]'p!‘“l“g&{allIrl al se indication. [00238] The new tr &B5HIRFPOR4Ba 46t s
made up of data from special operations and normal operations. The sane
anal yses as were done to create the initial nodel need to be perfornmed on
the data, and the nodel re-calculatedsgWth this new nodel the trigger

| ever will still be set enpirically, but now with better annotated data,
this trigger point can be tuned so as to only give an.indication when a
true abnoAhbe SFEFRSLYRAY SeRillYS Ebﬁm@? fp moderye lexiaoms v dia§ Brac8sS Abnor mal
Event Detectionﬁkp%%39] The physics, chem stry, and nechani cal design of

t he procé@gamga B nt as well as the insertion of nultiple simlar
measurenents creates a substantial anount of redundancy in the data from
cont i nuougeki ni nﬂommmbamefﬁiingraﬁﬂ@&&ﬁﬁcalﬁrh&see@luhd@mmgf showdd | ed
physi cal redundancy when identical neasurenents are present, and

cal cul at i enbisededuticaiegyeavhievaridbelitypthps voairs doniaginesinal proaess Histire al
relationships are used to perfaqrnms i ndependent  but equival ent estinmates of
a pr ocessbHEE80f JBRDE TRERRLRENLEhanggs nof endhe degres Pl verighHus tha

e R W, AL, 2
1 ﬁ( )Ié ( g/)l)xfag-fd(bllt%ﬁ?)[(l{?%jre%}n?ﬁr? di’fg%%ﬁf Fh9L EP H%&r@éﬁﬁﬁ%e bcdlfiPidpn 14 raw bias

=

er | as; operator“bras”] uation 15 =

error; filtered bias't = filtered bias 1.1 + N'*raw bias ;.t Equation 16
N { conved@@deék f deirsirs (o Beghf00@Ipariods whareaho pIF@sPERstLS 20050032446 63
Normal operating range; xmn r x C xmax Nornal, nodel deviation:; -(nax
error) c seadyrsiateg hﬁgwgp Alsonot experiencing a sigmiicant abnormal event. A

limited number of measurements act as the key indicators of steady state opera-

tions. These are typically the process key performance indicators and nsually

include the process ieed rate, the product produciion rates and the product

quality. These key measures are used to segment the operations into periods of

normal steady state operations, normally disiurbed operations, and abnormal

operations. The standard deviation from the time periods of normally distmrbed

operations provides a good scaling factor for most of the measurements.

f00228]  An alternative approach ic explicitly calculating the scaling based on

( disturbed operations is to use the entire traiming data sef as follows. The scaling
factor can be approximated by looking at the data distribuion outside of 3
standard deviations from the mean, For example, 99.7% of the data shouid lie,
within 3 standard deviations of the mean and that 99.99% of the data should lie,
within 4 standard deviations of the mean. The span of data values between
99,7% and 99.99% from the mean <an act as an approximation for the standard
deviation of the "disturbed" data in the data set. See Figure 12.

[00229]  Finally, if a measurement is often constrained (see the discussion on
satnrated varigbles) only those time periods where the variable is unconsirained

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



[00241] The "operator bias" termis updated whenever the operator

det er m nes whabostobeme has been sone field event (e.g. opepre@sdnR¥PaAss
flow) which requires the nodel to be shifted. On the operator's conmand,
the operator bias termis updated so that Equation 14 is exactly satisfied
(errors= 0) 100242] The "filtered bias" termupdates continuously to
account for persistent unneasured prdé@s‘s changes that bias the

engi neeri ng redundancy nodel. The convergence factor, "FN', is set to

elimnate Bxnym@m'tgﬁ@rﬂ.rmbaﬁg@}ﬂrm&%! @rﬁ@emzﬁpeci fied time period,
usually on the time scale of days. 3] The "nornal operating range" and
the " normagonBep! JRVA kIR fe sl Ppided ikt ifold @i cal data for
the engi neering redundancy nodel. Tn st cases the max_error value is a
single Va'iuﬂ'&pélﬁieﬁvﬁﬁﬂélﬂb§cﬁl@¢ﬂEﬁﬁﬁgbpl:@mpé@l@hﬁrPQJ‘, whitlugs: Ehatlr i1s
dependent on the x axis location. [002441"Any two di mensional equation can
be repr esantnaionhobttweomiginal vaviabéssi @quatibaridés, ener gy bal ances,
estimated anal yzer readi ngs versus actual analyzer readings, conpressor

curves, etc. MR@Gud 14 Bhows ; a*tdor i nenkkenal . energy bal a ﬂﬁggolzﬁS] As
a case in point the flow versus valve position nodel is explalne In
greater detail. A The Flow versus Valve Position Mdel [00246] A

Vel ve poo O Ehmadt ™ BRFERrBUL RS TBRERF B APBREh shireb O gffR 5 The
i cul | s e i bias = Cv
(VP) (ool Faprcthe spbGiiiAtposRionl oty thdt HALGHLME PR IHE o

200611131 7KeRG ik S62ABE ARGHctS shovb dp iNRE Birodcho et/ tRaated Vadariohhr ough &
control val ve
Process variation can be due to intentional changes, such as feed rate changes, or

unintentional disturbances, such as ambient temperature variation.

[00232]  Each principal component models a part of the process variability
cansed by these different indepeﬁdent influences on the process. The principal
compoenenis are extracted in the direction of decreasing variation in the data set,
with each subsequent principal component modeling less and less of the process
variability. Significent principal comporents represent a significant source of
process variation, for example the first pﬁncipa] component usually represents
the effect of feed rate changes since this is usnally the source of the largest
process changes. At some point, the developer must decide when the process
variation modeled by the principsl components no longer represents an

independent source of process variation.

[00233]  The engineering approach to selecting the correct number of
principal compenents is to stop when the groups of variables, which are the
primary contributors to the principal component no longer make engineering

sense. The primary cause of the process variation modeled by a PC is identifisd
by looking at the coefficients, A, y, of the original variables (which are called

loadings}. Those coefficients, which are relatively large in magnitude, are the

major contributors to a particular PC. Someone with 2 good understanding of



Delta_Pressure = cl osest neasured upstream pressure - cl osest neasured
downstrea Delta_Pressurereference : average Delta Pressure during
nor mal opreqrvg{lﬁgﬁwlgw' nodel paranmeter fitted to historicadiCHUPRIBH4Ga| ve
characteristic curve determned enpirically fromhistorical data VP:

signal to the control valve (not the actual control valve position) The
objectives of this nodel are to: ™ Detgcting sticking / stuck control
valves Detecting frozen 1 failed flow neasurenents Detecting control

val ve operation where_the control s%/stem | oses .control. of the flow [002471
Thi s par t heuraressrshailbheableop loale 2t sBToup Of yauables Which:are40F Bai®hosen

3 h f - .th - I f | ' IS f ' h
one most EAREPYRAE AT oRR B e ok et FrE IR AR B oy of |
th ' Lee:h: | | .to b

eaci Ly undrePhoR oy o A8 Gt ioion Tng M8 MibeRiiodts PR bR L valve

Posi tion hn k2824810 thBESEIAs theOfaridtidn! g BRIJeRIPbPh pateaiyr BLas e

operation experienced by " continuous refining and chem cal processes, a
| ong hi stpriineaily netserd (I to 2 years) may be required to get sufficient
data to span the operation of the control valve. Figure 15 shows a typical

stretch o A | ve Position,. and Delta. Pressure data wth_.fhe | ong
peri ods oﬁnﬂgg‘aft ah‘fh%ﬁéii@'ﬂ"a%?m ﬁé‘-‘*#ﬁl mciifgrpéeﬁgnwmgg E’H}[%E? f‘—ri"slﬂ}l?tef time
peri ods (161 b < qRj.fi L.al:] k.D: ratd on, as
Dot 0. SRy RRRE 13RI e G Bat \aien Loy ogpeapbi o, s

{1 om vari gu Ay POBeddindy hiBtie. VG20 WbARIc! Dy BIETPRERU0RAGTRAdhich 65
[002491 O'ten, either the Upstream pressure (often a punp di scharge) or the
Downst r eaplotshihe ssudentics vaoiation ahddeddby kach bosestaa &% (Figurd 53). ng
measurenment becones a fixed nodel paranmeter in the nodel. |f both

pr essur esUnfarturiasalyrthis test is often ambiguous for PCA meodels developed on

refining and chemical processes.

VI. Model Testing & Tuning

[00235]  The process daia will not have a gaussian or normal distribution.
Consequently, the standard statistical method of setting the trigger for detecting
an abnormal event at 3 standard cléviaﬁons of the error residual should not be
used. Instead the trigger point needs to be set empirically based on experience

with nsing the model.

[00236]  Initially the trigger level should be set so that abnormal events
would be signaled at 2 rate acceptable to the site engineer, typically 5 or 6 times
gach day. This can be determined by looking at the SPE, stattstic for the training
data set (this is also referred to as the Q statistic or the DMOY), statistic). This
level is set so that real abnormal events will not get missed but false alarms will

not overwhelm the site engineer.

A, FErhancine the Model

[00237]  Once the initial model has been created, it needs to be enbanced by
creafing a new training data set. This is done by nsing the model to monitor the

process. Ounce the model indicates a potential abnormal sifuation, the engineer



then it is inpossible to include the pressure effect in the nodel. [00250]
The val ve characteristic curve can be either fit with a linear valve
curve, w tAA?HGA¥7A i c val ve curve or with a piecew se | PEE&S2W0§AERON.
The piecewise |inear function is the nost flexible and will fit any form
of valve characteristic curve. [00251] The theoretical value for "a" is
112 if the neasurenents are taken diregtly across the valve. Rarely are

t he neasurenents positioned there. "a" “beconmes an enpirically determ ned
paranmeter to account for the actual positioning of the pressure

measur energhenld 002503 ateXand wlasedy ehavprocebesineatior. ethpengioas will finde wi th
variations in the Delta Pressure. The noise in the Delta Pressure during
t he nor mal thire dibkEcngrsingFena iibar tame soptiabprochs ARIation I%eICHEFIRE.GE am  To

over cone th| S he no is .devel o ed in tw hases a snmall

dat aset, a&’ﬁp?néﬂﬁpﬁq@m PEFY H’lﬁ'ePT ﬁ’éé@&?’@i%%fﬁftéfﬁ F's used

to fit the @P Than the pressure dependent paraneters ("a" and perhaps
re

the m ssi ng up am or downstream pressure) are fixed at the val ues
determ ned, and the nodel is re-developed with the |larger dataset. C -
Fuxgv- net [Iﬂﬂﬁﬁﬂ]ssi Ngheohedr hawming datsselds wadAlnposiad th o sptadalt openatons00253]
As with any two-di nensional engineering redundancy nodel, there are two

measur es oﬁndalmma}ﬁ)lpewl,ﬂmha‘ Hersemepdnad pes aisiweyerdomga ceoate thesinitialr nal
dex: ¢ HRORRYRsed O peatargied ormibe 4o P Eaddel dgsalcaaiad., Jih s -
di i 16 Th f

nor mal ”}C?ﬁﬁ’éf@@ﬂ?ﬁfie Kt LR SR 0% o5 RAEY, SISbL AR U, L?musi

th I o 0254 Tﬂg
“nor el op et bo e SH¥ ﬂ%%%eb%@eﬁ%%ﬁﬁ%%ﬁé gl e

nor mal regikBén a fvetabinoedhb] ¥vergBae sefiged.ne operating region of the valve
where a change in valve position will result inlittle or no change in the

flow thr Oé’l%]plterfngvl%&/remg%}ggeﬁ or rAﬁ&emdglv Lrglgte efection the type 4 fuzzy
(00239]  The physics, chemistry, and mechanical design of the process
equipment as well as the insertion of multiple similar measurements creates a
substantial amount of redundancy in the data from continuous refining and
chemical processes. This redundancy is called physical redundancy when
identical measurements are present, and calculational redundancy when the
phiysical, chemical, or mechanical relationships are used o perform independent
but equivalent estimates of a process condition. This class of model is called an ( __

engineering redundancy model.

1. Twe Dimensional Engineering Redundancy Models

[00240]  This 1s the simplest form of the model and it has the generic form:
Fly;) = G{x{) + filtered bias; + operator bias + exror; Eqguation 14

raw bias, = F(yy) - { G(x;) + filtered bias; + operaior bias } Egquation 15
= emnar;

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

N - convergence factor ( e.g. 0001 )



discrimnator to cover both the upper and | ower ends of the nornal
operating the transition fromnornmal to abnornmal operation. P.

G oupi ng f%ﬁ%ﬁ@gﬂ ow Valve Mdels [002551 A common W&FBRIGASHE ng
Flow 1 Val ve nodels which is favored by the operators is to put all of
these nodels into a single fuzzy network so that the trend indicator wll
tell themthat all of their critical fshow controllers are working. In that
case, the nodel indications into the fuzzy network (Figure 4) wll contain
the "normal qperating range" and the "normal nodel deviation"” indication
for each of NAENAl @RATOENG EanEfe| sXITIhe & £&%8%0i | | contain the

discrimnator result fromthe worst nodel jndication. [00256] Wen a conmon
equi prent  t yijermal modebder1adert hermEhserE) < SPEralBaXigveiled way to | ook
at this group is through a Pareto chart of the flow 1 valves (Figure 17).
In this de8241] t hdheomrtatab bins ridrmvis nwpelstel whelyaweriteabpsragor anged from t he
nost abnormal on the |eft to the | east abnor{ml on the right. (.., Each
Paret o baletaimmiges dat fhgrghas dgen semr Hokd cventi (§¢- orenidgq bass fow) at i on of

L AR e B o e i " 21
th th al | ' ) _next i tigat
api ot 1 gpes a8 gt A PR Yo o BB RS (B ol e t 1 the

flow control loop. Il. Miltidinensional Engineering Redundancy Moddel s
[00257] QAf242]he dheelidiavedbidsy tgmi apdaeyeontithenmsPy; tceactiongt for" PCA | i ke"
nngel IS deyeIoFed to handl e a hjgh di nension engi neering redundancy check.
Ex&npl es DSFsiHant NemMas¥HETd papcase ghirpes dhatdras hagumuerowreggadancy
PCTI @82005103244.ii -67 " pressure.l.= pressure 2 = .. ., = pressure n
mat er i al TBOGH, (e BEasncBIRERRT R, ina s RTRut b esHistsrBERTRE unit 1

= mat. e/l gl I : j f measur enent

L@tk 3luskt gﬁ,(&c;{ﬂlét? upﬂegﬁ%?cfdd ‘rq]gh%lﬁ)h ﬁ?@ﬁﬁlc RERAYEEy

cal i brati‘on error ese e eac require coéfficients to
conpensate. Consequently, the nodel set that nust be .
[00243]  The "normal operating range" and the "normal mode! deviation” are

determined from the historical data for the engineering redundancy model. In
most cases the max_error value is a single value; however this can also be a

vector of valnes that is dependent on the x axis location.

[D0244]  Any two dimensional equation can be represented in this manner,
Material balances, energy balances, estimated anatyzer readings versus actnal
( analyzer readings, compressor curves, ete. Figure 14 shows a two dimensional

energy balance.

[00245]  As a case in point the flow versus valve position model is explained

in greater detail.

A, The Flow versits Valve Position Model

[00246] A particularly valuable engineering redundancy medel is the flow
versus valve position model. This model is graphically shown in Figure 2. The

particnlar form of this model is:

Flow + filtered bias + operaior bias = Cv (VP)

(Delta_Pressuvre / Delta_Pressure eforence) a .
Egnation 177




first developed is F, (y s) = alGl(x) + filtered bias,,; + operator bias, +
error!,, kK | )oam d@&2 (X;) + filtered bias2, i + operator bias2 + error?2,
i F13(y s)&éﬁg‘%ﬁz‘gﬁﬂdg 1) + filtered bias.,; + operator bi E§TUSZURIZHIE |
Equation 1S 100259] These nodel s are devel oped in the identical manner that
the two dinensional engineering redundancy nodel s were devel oped. [00260]
This set of multidinmensional checks arggsnow converted into "PCA |ike"
nodel s. This conversion relies on the interpretation of a principle
conponent in a PCA nodel as a nodel of an independent effect on the process
wher e t he phengei pl e conponent coefficients (loadings) represent the

proporti onal change_ in, the asurenents due to this independent effect.
In Figure 3, TtT&r @%ﬂgreqﬂ?gﬁq{ﬁbae?ﬁgmﬁ Vzi'?wl%? redundant measures, X1, X2,
and X3. Weneyer ?&ss@%aﬁgﬁﬁeﬁ&%ﬁm ﬁ%ﬂgﬁfﬂﬁéﬁeﬂ and X2 changes by aZ2.

This set of "relationShips IS éxpressed as a e principle conponent

model , P, with coeffici e GekNmHRaead Qe waBaEne &nits as:
P=al X1+a2X2+. 3x3 Equation 19 Were a3 = 1 [00.61] This engineering unit

version of t n.be con%% Iﬁ%{dm mat as
fol l ows: WO g’%&ggggéf% refer PSSy 051@%@%‘%13%%&?%%%3 avmg)ﬁ)érd{g%gtll ogies to
standard stahitzﬂﬁg@%ﬁgﬁféﬁt. ted EHICORIET §4t@n factors for each di mension,

X, can be based on the normal operating range. For exanple, using 3a

around the mean dgveehirfetetiiac earidetOpeinal ehthifisside fror Ristegdiethta/ar i abl es

are defined as: Xs ke = X normal operating range 166 Equation 20 (99. 7% of

nor mal oper abifgsigatltodhe cburébvdlvev{ndtithe acmabtontinel weae podiice)= X mai d

poi nt of operating range Equation 21 (explicitly defining the "nmean" as ("-

the md paoint of the normal qperating range) C .
The objectives of this model are t0;

» Detecting sticking / stuck conirol valves
» Detecting frozen / failed flow measurements
» Detecting control valve pperation where the control system loses

control of the flow

[00247]  This particular arrangement of the flow versus valve equation ig
chosen for human factors reasons: the x-y plot of the equation in this form is the
one most eagily wnderstood by the operators. It is important for any of these
models that they be arranged in the way which is most likely to be easily _
undersiood by the operators. -

B, Developing the Flow versus Valve Position Model

[00248]  Because of the long periods of steady state operation experienced by
continvons refining and chemical processes, a long historical record (1 to 2
years)} may be required o get sufficient data to span the operatior: of the control
valve. Figure 15 shows a typical siretch of Flow, Valve Position, and Delta
Piessure data with the long periods of constant operation. The first step is to
isolate the brief time periods where there is some significant variation In the
operation, as shown. This should be then mixed with periods of normal

operation taken from various periods in history.



X = (X~ Xmd) I XI. Equation 22 (standard PCA scaling once nean and a
are deterrg . n the P loadings for Xi are: b,= (al_Il Xiswk) ! { Xk-t
{akl X scﬁy?§$mggIE§ion 23 (the requirenent that the IOJHFWGEWE HHepe
normal i zed) This transforms Pto P=bz t Xl + b2t XZ + a a a +bm* XN
Equation 24 P"'standard deviation" = bi + b2 + a ~ a + bm Equation 25

[ 00263] Wth this conversion, the nmuligsdi nensi onal engi neering redundancy
nodel can now be handl ed using the standard PCA structure for cal culation,
exception handling, operator display and interaction. Depl oying PCA nodel s

and Si npl | Neg#d %&gﬁs %ﬁ}ﬁ ' or and
Known Eve@t{]I E@%Ipprgfé@%r?&@ggg%ﬁﬁgﬂppr Sfé?%ur{eﬁggﬁ@%.ai S re%t#?%#e?gﬂlﬁ]e

fol I owi ngoRnE@ith SBredsutYs hot SHdiTbRaTR tﬁ@é@swﬂieqmsm%nfeﬁgﬂbﬁﬁﬁﬁur abl e
unusual events WD 20061031749 PCT/ U520051032446 -6.9 a Provide a way to

el ear abrimcoales arfitadhinbdelsparbatetdrtie thy esalebr Ihasth prassasts getwidsingPr ovi de a
way to tenporarily disable nodels or nmeasurenents for maintenance

Provi de dh¢mit is imgpssbledopecinde thaprespgeleffaghin thegmogdelcan be retuned 2
Provide a way to permanently di sable bad acting instrunents. [00265] There

are two t f | 1.0 | Chy 1S ' triggered
by an ext[grﬁg%?],o n@gﬂﬁfg%%ﬁﬁggégﬁgﬁp@é@s%%&%ﬁ‘2’#%{@%#?H%t ed by the
oper at or .cyHA& xbi‘*&%ﬁuﬁ&ﬁ'ﬁ@%aﬂ%é@r%‘@ ﬂfﬁﬂ@ﬁi}i@ée@i‘d@ﬂh@é{sﬁﬂ@ﬁbﬁ, TaROWN in

Fi gures 18 and 19. "Alt hough these di agrans show t he suppression occurring
on a fuzajitiemdsalidedr fundon isihepnessioibleamdowdiifit any omaof valisar

megsurenent, on a particular nodel index, on an entire nodel, or on a
3 charactenistic curve.

[00251]  The theoretical value for "a” is 1/2 if the measurements are taken
directty across the valve. Rarely are the measurements positioned there. "a"
bacomes an empirically determined parameter to account for the actmal

posifioning of the pressure measurements.

[00252]  Often there will be very few periods of time with variations in the
Delta_Pressure. The noise in the Delta_Pressure during the normal periods of
operation can confuse the moodel-fitting program. ‘T'o overcome this, the model
is developed in two phases, first where a small datasel, which only contains

C periods of Delta_Pressure variation is used to fit the model. Then the pressure
dependent parameters ("a" and perhaps the missing upstream. or downstieam
pressure) are fixed at the values determined, and the model is re-developed with

the larger dataset.

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

[00253] As with any two-dimensional engineering redundancy model, there
are two measures of abnormality, the "normal operating range” and the "normat
mode] deviation". The "normal mode] deviation" is based on a normalized index:
ihe error f max_error. Fhis is fed into a type 4 fuzzy discriminator (Figure 16).
The developer can pick the transition from normal (value of Zero) to abnormat

(value of 1) in a standard way by using the nonmalized index,



i —

conbi nati on of nodels within the process area. [00266] For operator
initiated ﬁhﬁ ression, there are two tiners, which deterrnine when the
suppr essi o WGIRY# Ane timer verifies that the suppresseArUBHISIITALE ON
has returned to and remains in the normal state. Typical values for this
timer are from15 - 30 mnutes. The second tinmer wll reactivate the
abnormal event check, regardless of whether it has returned to the nornal
state. Typical values for this tiner are either equivalent to the |length
of the operator's work shift (8 to 12 hours) or a very large tinme for

sem - per t. SURRressi on 00267) For. event based suppression, a
neasurab@rbﬁg%ge%% IR PRETAtng 1anee aindss InHhes Y%P@ﬁﬁ@%tdb%‘fmﬁe change, a
sudden ur r..a. di.gital signal. .S _Si l-.4S nverted
ntoa ¢ pHonE e PG Pidas eBimse SR oberibE sEEPR AL S ¢ Rear ca
fromthe ' ' I | oLt -ql t Aohs ' ; | _1+(1-P)
* X Expo%g%%igif‘h@l%@p grvagééu@%ﬁl%'%ﬁ@égé‘ %}H’gléﬁ&gﬁt:ﬂdéx&%(‘ g.¥ qﬁ)ﬂ?@fjp er const ant
Cal cul at | o Rve 0RO 20066 AR KA GH LAY B2 4dfry - Ta- 711 = X _
Yn Timng signal calculation Equation 28 where: Y' the current filtered
val ue of diberiminaigeto sivgndbth e, dppgehendiewepesdd of themedmabbperatdfigt he
trigger signal X' the current value of the trigger signal Zn the timng

si gnal sh&Rgeiapd thyrarsipon from permmptnalmdralal pperationconst ant TS the sanpl e
time of the nmeasurenent Tf the filter time constant { [002681 As |ong as

the tim ng S@Q@iﬂiﬁlﬁﬂ%ﬁe;ﬁ }Lpggzheojrlg d(eisgown as .05 in Figure 20), the
event rerat . ts the length of the suppression
by changi filter tinme constant. Tf. Alihough sinple.tpmer .could
ol so bo ULBASPE | hCBEIAE S nbing Foy VABaRoRr VBB SIVere T i gder

by the operators is to put all of these models into a single fuzzy network so that

the wrend indicator will tell them that all of their critical flow controllers are

working. In that case, the model indications into the fuzzy neiwork (Figure 4)

will contain the "normal operating range” and the "normal model deviation®

indication for each of the flow/valve models. The trend will contain the

discriminator result from the worst model indication.

[00256] When a common aquipﬁent type is gronped together, another

operator favored way to look at this group is through a Pareto chart of the flow /

valves (Figure 17). In this chart, the top 10 abnormat valves are dynamically | -
arranged from the most abnormal on the left to the least abnormal on the right. (
Each Pareto bar also has a reference box indicating the degree of variation of the

model abnormality indication that is within normal. The chart in Figure 17

shows that "Valye 10" is substantially outside the normal box buft that the others

are all behaving normally. The operator would next invesiigate a p]nf for "Valve

10" similar to Figure 2 to diagnose the problem with the flow control loop.

II. Muliidimensional Engineering Redundancy Models
100257] Once the dimensionality gets larger than 2, a single "PCA like"

model is develeped to handle a high dimension engineering redundancy check.

Examples of multidimensional redundancy are:



signals of different sizes, creating |onger suppressions for |arge changes
and shor sions for smaller changes. [00269] Figure 21 shows the
event sup%f%g@:djgﬁhg%d t he operator suppression disabli n@g%a%{”%'ﬂ“ sets
of inputs in_ the PCA nodel. The set of inputs to be automatically
suppressed is determned fromthe on-1line nodel performance. ~.. \Wenever
t he PCA nodel gives an indication thagythe operator does not want to see,
this indication can be traced to a snmall nunber of individual contributions
to the Sum of Error Square index. To suppress these individual
contributions, th® e At BieSHEerhs. i EP@ESHE Thodi fied as fol lows: E =
Yr: We2 Equation 29 i--3 a aw - the contributi wei ght for input i
(normal Iy equal t8 iypetegal HopHsle BrRGespHERk dF lT@t%fFfﬁrh‘?}?h%lF of prefiesg quar ed
frominput i WO 200( .1031749 PCTI 20051032446 - 71 [00270] Wen a
trigger event occurél,(mTt é"co"nwg%lﬂ]lméﬁpgfﬁ?%ﬁsﬁrl@l t to zero for each of
the inputs that are to be suppressed. Wien these inputs are to be

reacti va[@ipssihe Besivseliftrhesur@hent cdlbraicteablsy thiege egugiosPwal] ¥adhie of 1.
1. PCA Mo del Deconposition [00271] Although the PCA nodel is built using

a broad pquiessedfjcieptsntconspopate. Uonsemuatlyi thti medelesen thet magibegat ed i nto
groupi ngs that better match the operators' view of the process and can

i mprove fipg dewpkipedlisty of the index to an abnormal event. [00272]

Ref erri ng agai n]%l? quati o 9,.vve§ n create sevEraI Sum of Error Square
groupings: 2_ 1 Esu_a?li X3p+ filfered fiasy,: »-OPEARiPE B1asg+EITOry, 5

( Bay ) = 8,G: {x ;) + filtered bias, ; + operator bias; + errory, ;

Fa(ys) = a,Gy (X5} + filtered bias, ; + operafor bias, + error, ;
Equation 18

[06259]  These models are developed in the identical manner that the two

dimensional engineenng redundancy models were deﬁlupﬁd.

[00260]  This set of multidimensional checks are now converted into "PCA
like" models. This conversion relies on the interpretation of a principle
cormponent in a PCA model as 2 model of an independent effect on the process
where the principle component coefficients (loadings) represent the proportional
(__ change in the mmeasurements due to this independent effect. In Figure 3, there are
three independent and redundant measures, X1, X2, and X3. Whenever XS
changes by one, X1 changes by a; and X2 changes by a;. This set of
relationships is expressed as a single principle component model, P, with

coefficients in unscaled engineering units as:
Peay 1+ a3 X2+ 293 Equation 19
Whereay=1

{00261]  This engineering unit version of the model can be converted to a

standard PCA model format as follows:



L(z Kk Wen E 2 m[00273] Usually these groupings are based around snall er
sub-uni ts ofq Bk pEnt (e.g. reboiler section of a tower?q, or_are

sub- gr oupi ngs, WAICH are C relevant to the function of tRETARGIEAHIS (e. g.
product quality). [00274] Since each contributor, e;, is always adding to

the sumof error square based on process noise, the size of the index due
to noise increases |linearly with the.ggiober of inputs contributing to the .
index. Wth fewer contributors to the sumof error square calculation, the

signal to Bﬁéﬁﬁ ratjo for the index is r.ov maki ng, t he i ndex nore

¢ esponsi va00EHbno WI%&@ﬂlegies[t%t@zéprdﬂ SIS B P HE e ANS FOTEISION | ncipl e
anal ogous fﬁﬂﬂffior%%%”@ finfiidlon % FR(SE Qé%ﬁbo%%e Irgl%al?’iagfﬁ@k%%ﬁn%%oﬁﬂp' IV\o
2006103t 74 I 0 244 Pty= TL 1 P =
Sk 1 bl -1 xjABIPE. SR AT apgeh e m?%ga&%% Ryt o tabLe gt o
-Zi -kb2 Jékalgd\%n-ﬁhfesaréﬁéﬁhec?asz 2 Tbh ~ j_thi b TC2 M in 2 i=ipiXx

Fste =X normal operating rapge 160 Eq“aﬁon 26

(99.7% of normal operating data should fall within 3 & of the mean)

Xmid = X piid point of operating range Equation 21
(explicitly defining the "mean" as the mid point of the normal operating range) ( -
K= [_X - Xm‘lﬂ) f th Equatiun 22

(standard PCA scalitig once mean and o are delermined)
Then the P’ loadings for X; are;

bi= {8/ X scate) / ( Z‘f:l (@l Kicscare)” I Equation 23
- (the requiremeni that the loading vector be normatized)

This transforms P to
Pty ¥X1l+bh ¥ X2+ ese 1 #XN Equation 24

P’ "standard deviation" =b; + by + ew e +h Equoation 25 (

[00263]  With this conversion, the multidirnensional engineering redundancy
model can now be handied using the standard PCA stmcture for caleniation,

gxception handling, operator display and interaction.

Deploying PCA models and Simple Engineering Models for Abnormal
Event Detection

1. Operator and Known Event Suppression
[00264]  Suppression logic is required for the following:

» Provide a way to eliminate false indications from measurable unusuai events



i00276] The thresholds for these indices are calculated by rarmng the

testing qg%%'g 3q).!,glgh the nodel s and setting the sensiti \ﬂfﬁéﬁlyﬁﬁﬁﬂg
e new

t hreshol ds based on” their performance on the test data.

indices are interpreted for the operator in the identical manner that a
normal PCA nodel is handled, Pareto charts based on the original inputs
are shown for the largest contributorst#e the sum of error square index,
and the largest contributors to the largest Pin the T2 calculation. I11.

Overl apping RCA, . model s [00278] Jnpyt.s.w ]l a r in several PCA nodels so
Char ! PP 29, FoauidEargay 1o ¢ F‘ﬁ‘&“ e U’é%@*paiﬁlﬁ‘o%%ﬁ% 3 thin the

nodel . This G R e SRURS multiple indications to the operator when these

i nputs are the maf~or contributors to the sumof error squared index.

1002791 Tg a‘f‘?:b@id‘ag‘i %ﬁ%%@?ﬁ{nﬁ%@éﬂ%%&%ﬂ dﬁeﬁqﬂﬂéﬂ RRREALFehBydYLf | Pl e PCA

nodel s, is assigne S as its primary nodel. The WO
M61031749 PCIAASRRR3E32446 -73 contribution weight in Equation 29 for the
primary PCA nodel will remain at one while for the non-primary PCA nodel s,

It is setetoPzevide d Way @ &inably bddusimcinodsls &miti they eaebOagiael [ 00280] The
primary objectives of the operator interface are to: Provide a continuous
i ndi cati on offrbludenowanith pyrméndnitly diegide badectiag iastaasentander the authority
of the operator r Provide rapid (1 or 2 nouse clicks) navigation to the

under | yin | information . Provide the operator with control over
whi ch md&?'ﬂ%‘%ﬁe ehbBieAe T BDPROESINNRAROTH o H’ﬁ@%%é@l%%bj ectives are

Fiar out PeHAPS (bl # CREi R ek e B i P Yl

or cat est 1R B R R R DY SRR

function. shown in Figures 18 and 19. Although these diagrams show the suppression
occurmng on a fuzzified model index, suppression can cccur on a particular
measurement, on a particular model index, on an entire model, or on a

combination of models within the process area.

[00266)  For operator initiated suppression, there are two timers, which
determine when the suppression is over. One tmer verifies that the suppressed
informaltion has returned to and remains in the normal state. Typical valnes for
this timer are from 15 - 30 minntes. The second timer will reactivate the

& abnormal event check, regardless of whether it has returned to the normal state.
Typical values for this timer are either equivalent to the length of the operator’s

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

[00267]  For event based suppression, a measurable trigger is required. This
can be an operator setpoint change, a sudden measurement change, or a digital
signal. ‘This signal is converted into a timing signal, shown in Figure 20. This

timing signai is created from the trigger signal using the following equations:
Y,=P* Y +(1-P}* X, Exponential filter equation Eqnation 26

P = Exp{-T/T%) Filter constant calcrlation Equation 27



|
The nunber of trends shown in the summary is flexible and decided in
di scussi onﬁngp&f@gﬁ operators. On this trend are two reference |lines for
the operator To D signal when they shoul d take acti onPCATURMSHRIHSG ne
typically set at a value of 0.6 and a red line typically set at a val ue of
0.9. These lines provide guidance to the operator as to when he is
expected to take action. Wen the trengi.crosses the yellow |ine, the green
triangle in Figure 4 will turn yellow and when the trend crosses the red
line, the green trjangle will turn red. The trjangle also has the function
that it will ték®AheXoperator to T%%%‘P%;Faiﬁg%%‘?lhted wi Eguation 2% de|
giving the nost abnormal indication. [00282] If the nodel is a PCA nodel or
it is part of 1gglwequi pment group (e.g. all control valves), selecting the
green triangle Il create a Pareto chart. For a PCA nodel, of the dozen

| ar gest contri bytors lfnt&% i j ] hndi cate the nost
abnormal (on thgt“l ef ;{tﬁec%:to ttém%géads{{ﬂgg)r%}% “(%yﬁlsi néﬂri ght) WO 20061031749

PC 1 52005103233§_, - 7hefdicny filiieekeyvd Dfthepig@y @dndIndi cators will be
anong the first or 3" neasurenents. The Pareto chart includes a red box

around each barXio piievishent vheafehatdygasisigma ref erence as to how unusual
the measurenment can be before it is regarded as an indication of
abnormality. [03283]@&%@@%1@[13@}”@@21?%3&are provided with a trend
Par et o, which tches the order_.in the bar chart Pareto. Wth the trend
Par et o, each pl®t ha ﬂet%nﬁ?‘éﬂic@?ﬂtws@ﬂ ual measurement (in cyan) and an

estimate fromthe P del ..of t asurenents shoul d have been if
everyt hi ng was Nndorna ﬂ(ﬁ%ﬁ%&%‘?&@@j@%ﬁﬁhﬁﬂ&% ve 1 flow nodels, the (
detail under thg Parﬂfe%l‘é@ﬁthn@%afﬁﬁmtm di nrensi onal flow versus val ve :
posi ti on nodel pf ot. Fromthis plot the operator can apply the operator

bias to the nodel. )L00285] |f there is no equipnent grouping, selecting the
green tri ak§268hi | | As lengeas fhe topingignalns gheve a thicsheldr(gshownes Minsi onal

model undelgigt]ﬁ]g 28}‘: 'Eﬂ?é%’enttréﬁﬂ?ﬁs suppressed. The developer sets the length of the
suppression by changing the filter time constant, Ty, Although a stmple timer
conld also be used for this function, this tioiing signal will account for trigger
signals of different sizes, creating longer suppressions for large changes and

shorter suppressions for smaller changes.

[00269]  Fignre 21 shows the event suppression and the operator suppression

disabling predefined sets of inputs in the PCA model. The set of inputs to be
auntomatically suppressed is determined from the on-Hne model performance. k
Whenever the PCA model gives an indication that the operator does not want to

see, this indication can be traced to a small number of individual contribations to

the Sum of Error Square mdex. To suppress these individual contributions, the
calcuiation of this index is modified as follows:

a 2 ‘
B'= Y% we; Equation 29

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

g; - the conribution to the suin of error squared from input i



[00286] Operator suppression is done at the Pareto chart |evel by selecting

t he on/ offW .B(Q@I%gneath each bar. WO 2 0 0 61031 749 PCT/ Us20051032446
-75- LU. S. e CUMBNLS ------mcmmmmmmmmmmmmmm e = e = PCTMS2005/032446

------------------------ 1 5,859,964 1!12!99 Wang, at al, "System and

met hod for performng real tine data acquisition, process nodeling and
fault detection of wafer fabrication-ptecesses” 2 5,949,678 917199 Wl d,
et al, "Method for Monitoring Miultivari able Processes" --------- -----
------------------------------- 22978 . 2118{%\%2 Chen, et

al, " Paper[rﬂ\%%n]or eak %aﬁﬁgﬁ?rc?‘f%ﬁ Gﬁ%'%lﬁgm&cpﬁg?%a Gﬂc%’ﬁ%’ﬁ%ﬁ’fess %lz?sol s and

----------------------------------------------------------- --- 6,368, 975

419102 Bal jpattbrated) ahy sontefovilon walghhR EradichlBpividicd Yo faorzlugBhiit ori ng a
process by enploying principal conmponent anal sis"
------------------------------ ff------==-=------------ 56,466,877 10/15102
Chen, et ail PEAMedGERpERRSFE 0 edi ction using principal conponents
anal ysis and classification and re resgiﬁn t.rees” ) i

__________ (00271] _ _ Althangh the PCA model 18 built using adrgad powesss ¢q@ipomnt

Bal asubr anmhan et .. +-Met hod, and appar at.us for. I.torin ocess by
enpl oyi ng %PP%@PBH?“@E%%H%W“ be SEETLpT y}tg"g?u%’%ggg?l@t%i%ﬁ@gﬁ‘\?acul i Kk,
et al, " ' ) ISt.eal | : : ' ' t he
Operati o%&#ﬂk %ﬁ&ﬁ%ﬁnﬁ%ﬁig ljtgtﬁer an L@?éﬁ? ﬁ\?’%mg Mgph ?%Epiédqn I ng
Breakout s"abpormatevent.----------- ------ -------- -----
[00272]  Referring again o Equation 29, we can create several Sum of Errox
Square groupings: .
E’= ZLI wfeiz Equation 30
2 2
By'=TF wie;

i ]
L]

2_ 2
EIII - Z;Lk WI‘EI

f00273]  Usually these groupings are based around smaller sub-units of
equipment {c.g. reboiler section of a tower), or are sub-groupings, which are

L relevant to the function of the equipment {e.p. product guality).

{00274]  Since cach contnbutor, €, 1s always adding to the sum of error
square based on process noise, the size of the mdex dve to noise increases
limearly with the number of inputs contributing to the index. With fewer
contributors to the sum of error square calculation, the signal to noise ratio for

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

[00275]  In a similaer manner, each principle component can be subdivided to
match the equipment groupings and an index analogous to the Hotelling T* index

can be created for each subgroup.



;q_ o - o
-- - ---- 8 6,636,842 10/21/03 Zanbrana, et al, "System and net hod
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[00276] The thresholds for these indices are calculated by nmnir;g the festing
data through the models and setting the sensitivity of the thresholds based on

their performance on the iest datz.

[00277] These new indices are interpreted for the operator in the identical
manner that a normal PCA model is handled. Pareto charts based on the original
inputs are shown for the largest contributors to the sum of error square index, -

and the largest contributors to the largest P in the T° calculation.

1. Overlapping PCA models

[00278]  Inputs will appear in several PCA miodels so that all interactions
affecting the model] are encompassed within the model, This can cause muitiple
indications to the operator when these inputs are the major coniributors o the

sum of error sgnared index.

[00279F  To avoid this issue, any input, which appears in munltipie PCA

models, is assigned one of those PCA models as ifs primary model. The



APPENDI X 2 A The FCC- PCA Model : 15 Principal Conponents (Nanmed) Wth Sensor
Descriptio | ing Units, and Principal Conponent Loadin 1. Overall
Pressure Bgfﬂaﬁ@‘ghiﬁ% N FRACTI ONATOR BOTTOM OF SHEDS KG ciifé"“"?.sﬁ'ﬂ@ﬂ-’@i% 2
REGENERATOR OVERHEAD LI NE PRESSURE KG Cv2 1.44E-OL 3 FLUE GAS FROM
REGENERATOR PRESSURE KG@ CV2 1.44E-01 4 COLD FLUE GAS TO TERTI ARY CYCLONE
K@ Cwv 1.44E-01 5 WET GAS COWPRESSOR- 15T STAGE DI SCHARGE PRESSURE KG CwR
1. 44E-01 2. Regenerator Heat Bal ance 1 FLUE GAS TO TERTI ARY CYCLONE

T T N e e
REGENERATGR: RIENUM MY AE; R REGQIel, if 3 to zBrdRECENERATOR OVERHEAD
FLUE GAS TEMPERATURE DEGC™- 1. 70E-01 3. Coke Burn in Regenerator 1 AIR

BLOWER FLON KMB1HR 1.74E-01 2 AIR I NTO AIR BLOAER FLOW KMB1HR 1. 74E-01 3
Al R BLOVERVT(iperaier dpigroctipn & Intefae Desige R BLONER TOTAL Al R SP OQUTPUT POT
1.70E-01 5 MAI N- Al R TO REGENERATOR BURNER FLOW KSMBI HR 1.54(=-01 4. Feed
Rate 1 WE[DI288] COVPRE SEDmry Db STAGE oStiETomidapEGetfatt BrOto: TEMPERATURE 2
REGENERATOR DENSE BED Al R VELOCI TY M SEC -1.63E-01 3 PRI MARY CYCLONE | NLET

U soE 01 o rerERARRPes BB G ot g Bk el s

React or  Cycl QRasr theMAMhERAFTHOWATGRISLURRY PUMP ARCUND DEGC 8. 03E- 02

« Provide rapid {1 or 2 mouse clicks) navigation to the underlying model

(_ ; information

¢ Provide the operator with control over which models are enabled.

Figure 22 shows how these design objectives are expressed in the primary

interfaces used by the operator.

[00281]  The final output from a fuzzy Peir: net is a normality irend as is
shown in Figure 4. This trend represents the model index thét indicates the
greatest ltkelihood of abnormality as defined in the fuzzy discriminate function.
The number of trends shown in the summary is flexible and decided in
discussions with the operators. On this trend are two reference Lnes for the

Q_ operator to help signal when they should take action, a yellow line typically set
at a value of 0.6 and a red line typically set at a value of (.9, These hnes provide
guidance to the operator as to when he is expected to take action. When the
trend crosses the yellow line, the green triangle in Figure 4 will turn yellow and
when the trend crosses the red line, the green triangle will tum red. The mangle
also has the function that it will take the operator 1o the display assocrated with

the model giving the most abnormal indication.

[00282]  If the model 1s a PCA model or it is part of an equipment group (e.g.
all control valves}), selecting the green triangle will create a Pareto chart. Fora
PCA model, of the dozen largest contributors to the model index, this will

indicate the most abnormal (on the left) to the leasi abnormal (on the right)



§
TEMPERATURE 2 4TH S| DESTREAM TO FCCU FEED DRUM MB/ HR 6. 07E-02 3 FLUE GAS
CO LEVEL VP 3 4 REGENERATOR TORCH O L ATOM SI NG KG HR
9. 26E- 02 SR%E%A [I%j@\FSTM TO REACTOR STAND PI PE FLOW KG HR lﬁﬁg@%g‘lﬁ"%"
20061031749 PCT1U7S21}1151 0321.1 , -77- 6. Air Blower Capacity | FRESH
FEED PREHEAT TEMPERATURE DEGC 3. 95E-91 2 FEED TO REACTOR RI SER TEMPERATURE
DEGC 1.95E-01 3 Al R BLOWER TURBI NE STE%!%{I SUPPLY KA CM2 -1,93E-01 4 STEAM
DRUM PRESSURE KG CM2 -1.92E-01 5 STEAM/TO WET GAS COVPRESSOR TURBI NE
KGCW -1.87E-01 7. Cat G rculation Pressure Bal ance 1 STEAM DRUM PRESSURE
KG CV2 2. 35filly ihe §EFAM IENSRERHRATEROEVMIERATLRE s DREGr 266371 3 STEAM
DRUM VALVE PGCSI TI ON PCT -2.15E-01 4 BO LER FEED WATER FLOWN TO STEAM DRUM
MB1HR - 2. 0gEeapurerBeiREATheR srepabartEeCiudieoamRe bar aroestearh b to grewadeDr um
Operation 1 REACTOR SPENT JBEND AERATI ON STEAM VALVE POSI Tl ON, POT .- 2. 48E- 01
2 REGENERAHRROBERIOH ‘E’}HE@EJ%WPIFWENB howy weupis the eipaperpment :@a&b@ggf@e it
REGENERATOR. T ATOM S| NG ?%B%M Fat K& HR 2. 12E-01 4 AERATI ON STEAM
TO REACTOR? Hiede AB4ILB9E- 01 5 REACTOR AERATION STM
SPENT J BEN K@ HR -1.78E-01 9. Control O Aeration Steam 1 REACTOR

STRI PPER LEN@2SFOT For BOE-Addel?, 1(RATwiEB s DB areh, REACH OR

STRI PPER HOLDUP 'TONS - 2. 37E- 01 REGENERATOR OVERFLOW VELL TEMPERATURE
DEGC 1. 79Emadiches the order in the bar chart Pareto, With the trend Pareto, each plot has

two trends, the actual measurement (in cyan) and an estimate from the PCA
niodel of what that measurements should have been if everything was normal {10 C

tamn).

[0D284]  For valve / flow models, the detail under the Pareto will be the two
dimensional flow versus valve position model plot. From this plot the ﬁperatbr

can apply the operator bias to the modet.

[00285] I there is no equipment grouping, selecting the green triangle will
take the operator right to the worst two-dimensional model under the summary

trend.

[00286]  Operator suppression is done at the Pareto chart Ievel by selecting
the on/off button beneath each bar. L



5 REACTOR/ REGENERATOR DELTAP KGF/ CMRA -1.74E-01 JO Stripping Efficiency 1
MAI N FRACRVENATGR; Sk URRY PUMP AROUND DEGC - 2. 46E- 01 TE%& 2 SLURRY
PRODUCT TO FUELO L BLENDI NG DEGC - 2. 44E-01 3 FCC FEED T S EREHANGER
TEMPERATURE DEGC - 2. 44E-01 4 FEED TO REACTOR Rl SER BYPASS DEGC - 2. 36E- 01

5 FCC FEED TO PREHEAT EXCHANGER DEGC -2.34E-01 11. Cat Gircul ati on Energy
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PRODUCT TEMPERATURE DEGC 1. 80E-01 3 FCC FEED PUMP SUCTI ON TEMPERATURE DEGC
-1.68E-01 4 FRESH FEED PREHEAT m GC -1.56E-01 5 FEED TO
REACTOR RI SER TEMPERATURE DEGC 12 0061031749 PCTI US20051032446

12. Stri pper g # TEAM TO DESUPERHEATER TEMPERATURE DEGC 3.21 E-01
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Tenper at uc.e._l...Ai.R. EROV.TERTI. ARFBIRES . HOPRPER _PRESSURE . KGL.CM2..- 5,21 . E- 01 2

REGENERATER (STANRRI PE/AERAT! ChenvAL YiE Pt wriorerlomegpredietion using

principal components analysis and classification and
regression trees”

Balasnbramhanya, et af, "Method and apparatus for
menijtoring a process by employing principal componernt
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Chen, 2t al, "Paper web breakage prediction using
principal conponents anatysis and classification and

6 . antnen amema  Balasubramhanya, ef al, “Method and apparatss for
monitoring a process by employing principal component

e uEEREEETEEET ————————— e e = A R N EREEE TR —— e ——— - L EEEEEEE .

Vaculik, et al, "Multivariate Statistical Model Based
System for Monitoring the Operation of a Contimious
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3 REGENERATOR STANDPI PE AERATI ON FLOW SMB/ Fi R 4. 98E-01 4 TERTI ARY FI NES
COOLI NG Al Rwrk tdé/dB4sHR - 1. 88E-01 5 REACTOR AERATI ON ST W%\ﬁ#?ﬁ
VALVE PCSI TION PCT -1.22E-01 15. Tertiary Cvdones 1 MAIN

SLURRY PUMP AROCUND . AEGC -4.29E-02 TEMPERATURE 2 4TH SI DESTREAM TO FCCU
FEED DRUM M3/ HR -2. 78E-72 3 FLUE GAS CO LEVEL VPPM -1.12E-02 4
REGENERATOR TORCH O L ATOM SI NG STEAM K&FHR 5. 77E-02 5 REACTOR AERATI ON
STEAM TO REACTOR STANDPI PE KG HR 1. 66E-02 WD 20061031749 PCT/ US20051032446
79 APPENDI X 2 B: CATALYST Cl RCULSA@,EMGS The CCR- PCA Model : 6
Princi pal Conponents Wth Sensor and Engi neering Units
Description Units 1 REAGICR O\/ ~(3C. RECENERATOR BED
TEMPERATURE DEGC 3 REA RNSHHAt pANBPBAKI CBOSSIFISIESHEGC 4 | NJECTI ON
STEAM TO RI SER FLOW K@ HR 5 STRI PPI NG STEAM TO REACTO? FLOWKGE HR 6
REGENERATOR AERATI ON STEAM J BEND AXFERIDIX @6hCTOR AERATI ON STEAM TO
STANDPI PE K@ HR 8 REGENERATOR OVERHEAD FLUE GAS TEMPERATURE DEGC 9

REGENERATOR TORCHTHd FATIWIGA mmmmm%mpawmmamE SB
OUTLET TEMPERATURE DEGC |i REGENERATOR BOITOM NE TEMPERATURE DEGC 12 AIR

Et%ﬁg%g%ﬂ%&@@%&ﬁ% PegneetihgRits! B iTaGb AN b orbR loddif\D

el
»

Overall Pressure Balance

MAIN FRACTIONATOR BOTTOM OF SHEDS KRGACM2 1.44E-0H

1
2 REGEMERATOR OVERHEAD LINE PRESSURE KS/CMZ 1.44E-1 (
3  FLLUE GAS FROM REGENEEATOR PRESSURE KG/ome 1.44F-01 -
4 COLD FLUE GAS TO TERTIARY CYCLOME KGICME 1.44E-01
B WET GAS COMPRESSOR 15T STAGE DISCHARGE FRESSURE KG/ACKM2 1.44E-01
2. Regenerator Heat Balance
1  FLUE GASTO TERTIARY CYCLOMNE TEMPERATURE DEGS . -1.82E-01
2  FLUE GAS FROM REGENERATOR TEMPERATURE DEGC -1.81E-01
2 FLLE GAS COOLER GAS INLET TEMPERATURE DEGC -1.78E-01
4 REGEMERATOR PLENUM NW TEMPERATURE DEGC -1.75E-0n
5 REGENERATOR OVERHEAD FLUE GAS TEMPERATURE DEGC -1.70E-01
3. Coke Burn in Regenerator
1 AR BLOWER FLOW KM3/HR  1.74E-0
o AIRIMTO &R BLOWER FLOW KM3HR 1.74E-01
3 AR BLOWER TURBINE SFEED RFM 1.75E-01
4 AlR BLOWER TOTAL AIR SP OUTPUT PCT 1.70E-01
5 MaAIN-ARE TO REGENERATOR BURNER FLOW KEM3MB  1.54F-(1
4, TFeed Rate
1 WET GAS COMPRESSOR 15T STAGE SUCTION DEGC 1.71E-01
TEMPERATURE
2 FEGENERATOR DENSE BED AIR VELOCITY M/SEC -1.63E-M1
3 PRMARY CYCLONE INLET VELOCHTY M/SEC -1.56E-01
il SECOMDARY CYCLOME IMLET VELOCITY M/SEC -1.56E-01
h REGEMERATCOR DI_UTE PHASE AIR YELOCITY MIGEC -1.56E-(1

5, Reacior Cyclones

1 MAIN FRACTIOMATOR SLURRY F‘UMP AROUND DEGC 8.03E-02
TEMPERATURE

2 4TH SIDESTREAM TO FCCLU FEED DRUM M3/HR 8.07E-02

3 FLUE GAS CO LEYEL YPPM 5.02E-03

4 REGEMERATOR TORCH OIL ATOMISING STEAM FLOW KGHR 9.26E-02

5 AERATION 5TM TO REACTOR STAND PIPE FLOW KG/HR 4.56E-03



14 Al R TO REGENERATOR BURNER FLOW KSMSI HR 15 FLUE GAS CO LEVEL VPPM 16
FLUE GAS GR sh WNOLPCT r _ 17 FLUE GAS 02 LEVEL vo_Pgr 18 CAT
Cl RCULATI ON  TON N 19 REACTOR THROTTLI NG VALVE DI FFERERA{SARM-EEHAENDA
PRESSURE 20 Al R BLOAER DI FFERENTI AL PEESSURE KGFI CMRA 21 REGENERATOR LEVEL
PCT 22 REGENERATOR BED DENSI TY KGFI CMRA 23 CAT GAS TO WET GAS COVPRESSOR
PRESSURE PCT VALVE PCSI TI ON 24 REGENERATOR SLI DE VALVE DI FFERENTI AL
KGF/ CMRA PRESSURE WO 2006! 031749 PCTI US20951032446 APPENDI X 2 C The
CLE- PCA Mbdel, ; Princi pal Conponents (Naned) Wth Sensor Description,
Engi neeri'‘hg @Hﬁﬁ’—&r@ﬂﬁw ci pal Conponent Loading 1. Principle Conponent
1 1 SPONGE ABSORBER SAFETY VALVE OUTPUT PCT -1.41 E-01 2 C2- TO SPONGE
ABSORBER FLOMRATEERBWRIEHRAT TEMREFGTURE SPONGE  ABSORBERESEERHEAFH- v
SMB/ HR - 12 39EERh TORRAAT QERISERVIEMIGEASHREE DI SCHARGE TEEEDECO 19°88E-01 5
CAT GAS FLOWMFCEPHEYRENBPAINE STEMESHEPLY . Princi pl e ConpSreMe 2 -493&# pA TO
DEETHANI ZER RERtY DERMEBRERSURE 81E- 01 2 MAIN FRAC M D B&ENE TENFOZEEG
1. 75E- 01 5 3 BIEAMTEMENVPABROMTRESSORTNRBNEA DEGC 1. 73EFEM24 MadRFE-BRAC M D
PA DRAW TEMP DEGC 1.55E-01 5 MAIN FRAC M D PA TEMP DEGG 1. 54E-01

7. Cat Circolation Pressure Balance

1 STEAM DRUM PRESSURE KE/CME 2.35E-01
2 STEAM TO SUFERHEATER TEMPERATURE DEGG 2.26E-01
3 STEAM DRUM VALYVE POSITION FCT -2A5E-01
- 4 BOILER FEED WATER FLOW TO STEAM DREUM M3HR -2.08E-01
(. 5 HEACTOR TOTAL FEED FLOW M3HB 1.85E-01
8.  Steam Druam Operation
1 REACTOR SFENT JBENMD }";.EFI.ATIDN STEAM VALVE POSITION PCT -248E01
= RESENERATOR AERATION STEAM J BEND YALVE PQSITION PCT -2.34E-01
3 REGEMERATOR TORCH OIL ATOMISING STEAM FLOW KB - 212E{41
4 AERATION STEAM TO REACTOR STAND PIFE PRESSURE KGECMe 1.88E-01
5 REACTOR AERATION STM SPENT J BEN KGMHR -1.78E-{H
9.  Control Of Aeration Steam
1 REACTOR STHIPPER LEVEL PCT | -2.39E-01
a2 REACTOR LEVEL PCT -2.37E-01
3 REACTOR STHIPPER HOLOUP TONS -2.A7E-01
4 AREGEMERATOR OVERFLOW WELL TEMPERATURE DEGC 1.79E-01
5 AREACTORIMEGEMNERATOR BELTAP KGF/CM2A -1, 74E-01
. 10. Siripping Efficiency
1 MAIN FRACTIOMATOR SLUBRY PUMP ARCOUND DEGC 2 ARE-01
TEMFER&ATURE
o SLURRY PRODUCT TO FUELDIL BLENDING DEGC -2 4AE-01
3 FCC FEE[_} TGO FREHEAT EXCHAMGER TEMPERATURE DEGC -5 A4E-1
4 FEED TO REACTOR RISER BYPASS DEGC 23601
5 FCOC FEED TO PREHEAT EXCHANGER DEGE -2.34E-1

11. Cat Circulation Energy Balance

1 REACTCR RISER VELOCITY M/SEC -2.41E-01
2 TOP STEAM STRIPPER PRODUCT TEMPERATURE DEGC 1.80E-01
3 FCC FEED PUMP SUCTION TEMPERATURE DEGC -1.68E-01
4  FRESH FEED PREHEAT TEMPERATURE DEGC -1.68E-01
§ FEER TO REACTOR RISER TEMPERATURE DEGC =} BEEAYT



3. Principle Component 3 1 MAIN FRAC. OvHD TEWMP DEGG 1.65E-01 2 MAIN FRAC
TPA RETURN \Iggi ;32%91. 61 E-01 3 INT STG COOL FI X TEMP TQO DEETHANI ZER DEGG
1.61 E-01 \i TO CAT HAS COVP TEMP DEGG 1.58E-01 SCEAPRREIHHP 15T
STAGE SUCTI ON TEMP DEGG 1.57E-01 4. Principle Conponent 4 1 CAT NAPHTHA
SPLI TTER TRAY 10 TEMP DEGG 2. 77E-01 2 CAT NAPHTHA SPUTTER TRAY 6 TEMP DEGC
2.72E-01 3 CAT NAPHTHA SPUTTER TRAY 4 “§EMP DI EGO 2. 71E-01 4 MAI N FRAC MLO
PA REBO L SHELL i 1L TEMP DEGG 2.63E-01 5 MAIN FRAC M D PA REBO L TUBE O L
TEMP DEGG 6E-01 _5. Principle Conponent 5 1 MAIN FRAC OVHD LEVEL Cut put
POT - 2. OOE_%@%_M@MW' E FLOW TO DEETHANI ZER MBS/ HR - 1. 94E-01 3

DEETHANI ZER BOTTOMS LEVEL Qut Dt PCT -1.94E-01 4 DEETHANI ZER BTMS FLOW TO
DEBUTANI ZER METRAM T BESERERHEATER TEMRERATEREL oW TO DEERERG zER QPP POT

. 1. 32E- 01 &0 2066KIM GREEEYIEYODE 688AK8N 81 6. Prinéldl e Conpofithfle 1
BTVS PRODUET TERBMTIS RRIMNERREEASTFRI P HX DEGG - 1. 65E- 01 TOXNGWIRRYZBROBUCT TO
FO BL TEMP! DEEEEAW ERRURERHEATERTLOMED TO MAI N FRAG BTMVSONNESREG -2.7389E- 01

4 CATGAS FRESSTESWIErSHRERREATERFORVELARE KG OV - 1. 61 BOHNEHR cAdSRAS! PRESS
TO WET GAS COW KG CW2 -1.60E-01 7. Principle Conponent 7 1 SPA RETURN TO

MAI N FRAC tﬁy :%HEE - i 10E-01 2 MAIN FRAC TEWMP BELOW TRAY 1 CQut put PCT
-2. 06E-01 L BELOW TRAY 1 TEMP DEGG 1. 78E-01
1 STRIPPED SLURRY TEMPERATURE DEGC 2.36E-01
2 TOP STEAM STRIPPER PRODUCT TEMPERATURE DEGC 227E-01
3 FCCBOTTOMS TO FUEL OIL BLENDING M3HR 221E-01
4  FEED TO REACTOR RISER VALVE POSITION BPCT -2.08E-M {f'
5  STEAMTO DESUPERHEATER TEMPERATLURE DEGC 2.0DE-01

14. Regenerator Cyclone Temperafure

i AR FROM TERTIARY FINES HOPPER PRESSURE KGCM2 -5.21E-
2  HEGENERATOR STANDFIPE AERATION VALVE POSITION  PCT 5.13E-01
3 REGENERATOR STANDPIPE AERATICON FLOW , SM3/HR 4.88E-01
4  TERTIARY FINES COOLING AIR FLOW SM3MHR -1.88E-01
5  REACTOR AERATION STEAM STAND PIPE VALVE POSITION PCT -1.22E-01

15. Tertiary Cyclones

1 MAIN FRACTIONATOR SLURRY PUMP ARCUND . DEGC -4 29E-02
TEMPERATURE '

2  ATH SIDESTREAM TC FCCU FEED DRUM MA/HR -2.78E-02

3 FLUEGAS CO LEVEL YPPM ~1.12E-G2

4  REGENERATOR TORCH QL ATOMISING STEAM KGMR 677502 {\

5  REAGCTOR AERATION STEAM TO REACTOR STANDRIPE KEMHR 1.66E-02 -



| 4 MAIN FRAC TEMP BELOW TRAY 1 DECO 1.73E-01 5 MAIN FRAC TRAY 1 TEMP
CONTRL DE ( S. Principle Conponent 8 1 DEBUTAN|
DQ/\NCOVERC?gNZPﬁ%E%%bZ. 74E-01 2 DEBUTAN ZER TRAY 5 DOWN C@l’g %Héee

2. 74E-01 3 DEBUTANI ZER REBO L TO MAI N FRAC MPA HX DECC 2.29E-01 4
DEBUTANI ZER BOTTOMS TEMP DEGC 2. 13E-01. 5 DEBUTANI ZER REBO L RETURN TEMP
DEGC 1.96E-01 9. Principle Conponent-%-1 DEBUTANI ZER REBO L RETURN TEMP
DEGC -2.34E-01 2 DEBUTANI ZER BTM TO REBQ| LTEMP DECC - 2. 22E-D1 3 )
DEBUTANI ZER BOTTOMS TEMP DEGG - 2 %&W -BTTANI ZER REBO L RETURN TEMP
DEGC 2. 12E-01 5 DEETHANI ZER BOT %’ "DEBLI TANI ZER DEGG 2. 03E- 01

10. Principle ConponengA9ad ¥¥P Qtput PCT 1.87E-01
2 MAIN FRAC TRAY 1 TEMP CONTRC D ; RAC TEMP BELOW TRAY
1 DEGC - 1J7E-01 4 MATN Emmwﬁm&ﬂalmmheﬁeﬁ 01 5 FCC FEED
TO MAIN FRAC BTM5 HX DEGC -1.71 E-01 11. Principle Conponent 11 1

DEBUTANI ZER M N COND SUB- COCL TEMP DEGC 1.90E-01 2 MAIN FRAC BTMS RETURN
TEMP CNTL DECC -1. 72E- OWithIeBddyB BTN ahD EiinNeiMACnitEMP DEGC -1, 72E-D1 4
SPA RETURN TO MAIN FRAC DECO -1.71 E-01 5 DEBUTANI ZER OVERHEADS TEMP DEGC
1. 68E-07 WD 20061031749 PCT/1U52905/11324-16_ -52- 12 Principle Conponent

12 1 TPA FLOW TOD&ERPiFMAC MBI HR - 2. 35E- 01 Units
1 _ [REACTOR QVERHEAD TEMP DEGC
2. |REGENERATOR BED TEMPERATURE DEGC
- 3 REACTOR STRIPPER CONE TEMPERATURE DEGC

C. 4 INJECTION STEAM TO RISER FLOW KG/HR
5 STRIPPING STEAM TO REACTOR FLOW KGMR
6 REGENERATOR AERATION STEAM J BEND KG/HR
7 REACTOR AERATION STEAM TO STANDFIPE KG/HR
8 REGENERATOR QVERHEAD FLUE GAS TEMPERATURE [DEGC
9 REGENERATOR TORCH OIL ATOMISING STEAM FLOW _|KG/HR
10 __|REACTOR CYCLONE 9B OUTLET TEMPERATURE 1DEGC
11 |REGENERATOR BOTTOM NE TEMPERATURE |DEGC
12 IAIR BLOWER DISCHARGE TEMPERATURE DEGC
13 |REACTOR AFRATION STM SPENT J BEND FLOW KG/HR
14 |AIR TO REGENERATOR ELURMNER FLOW KSM3/HR
15 |FLUE GAS CO LEVEL VPPM
16 {FLUE GAS CO2 LEVEL VOLPCT

17 {FLUE GAS 02 LEVEL VOLPCT

. 18 JCAT CIRCULATION . [TONNE/MIN
19 [REACTOR THROTTLING YALVE DIFFERENTIAL KGF/GM2A
PRESSURE :
20 |AIR BLOWER DIFFERENTIAL PERSSURE KGFCM2A
21 |REGEMERATOR LEVEL PCT
22 JREGEMERATOR BED DENSITY KGF/CM2A
23 |CAT GAS TOWET GAS COMPRESSOR PRESSURE PCT
VALYE POSITION

24 REGEMERATOR SLIDE VALVE DIFFERENTIAL . KEF/CM2A
FRESSURE :




2 TPA TO MAIN FRAC Qut put PCT -2,26E-01 3 MAIN FRAC OVHD TEWP CNTL DEGC
2. 02E-01  4uiybbdlaEFAS OVERHEADS TEMP DECO 2. 00E-01 5 MAI gﬁ]; O\/ERHEADS
TEMP DECC 1.99E-01 13. Principle Conponent 13 1 FCCU FRE RATES MB/ HR
2,116E-01 2 TOTAL HOD PRODUCT MB/HR 1. SUE-01 3 HCD PRODUCT TO GCOHF2 M3/ HR
1. 77E- 01 4 SPONGE ABSORBER OVERHEADS TEMP KG CW2 -1.77E-01 | 5 SPONGE
ABSORBER OVERHEADS TEMP KA GW - 1. 77E--(®?-14 Princi pl e Conponent 114 1 LEAN
O L TO DEETHANI ZER Qut put PCT 2.03E-01 2 SPONGE ABSORBER OVERHEADS TEMP
KG@ CV2 1.89E-01 3 SPONGE ABSORBER :ﬁhﬁ;ﬂhﬁi (JEMP KG C\2 1.88E-01 4 TOTAL
HCD PRODUCT MB1HR 1. 7SEJO1 5 HCD™F fO—GOHF2 Qut put PCT 1.69E-01 15
Princi pl e Conponent 15 1 WET GAS COWP 15T STG FRUM | NTERFACE LEVEL POT

AR YRS 16 oo 4G 01 o
R

| NFERENTI ALS Regener at or Stack Val ves Monitor The regenerator st ack
val ves A a BI’V&‘FI ihecked against the differential pressure
control |l er output. Under normal conditions they should all match up.
1 SPONGE ABSORBER SAFETY VALVE OUTPUT PCT =141 E-{¥
2 C2- 7O SPONGE ABSDOREER FLOW RATE KeM3/HR  -1.40E-01
3 SFOMNGE ABSORBER OVERHEAD FLOW SMIMHR -1.39E£-01
4 CAT GAS COMF 2ND STAGE DISCHARGE TEMP DEGC -1.38E-01
5 CAT GAS FLOW TO HX KSM3HH  -1.37E-01 (_
2. Principle Component 2
1 MID PA TO DEETHANIZER REECILER M3HR -1.51E-
2 MAIN FRAC MID PA HX TEMP DEGC 1.75E-01
3 HX IMLET TEMP FR MAIN FRAC MID PA DEGC 1.73E-01
4 MAIN FRAC MID PA DRAW TEMP DEGC 1.55E-07
5 MAIN FRAC WMID PATEMP DEGC 1.54E-01

3. Principle Component 3

1 MAIN FRAC. QVHD TEMP DEGC 1.B5E-01
2 MAIN FRAC TPA RETURN TEMP DEGC 1.61E-01
3 INT TG COOL HX TEMP TO DEETHANIZER DEGC 1.61E-01
4  CAT GAS TO CAT HAS COMP TEMP DEGC 1.58F-01
5  CAT GAS COMP 1ST STAGE SUCTION TEMP DEGC 1.57E-01
¢

4. Principle Component 4

1 CAT NAPHTHA SPLITTER TRAY 10 TEMP DEGC 2. 77E-01
2 GAT NAPHTHA SPLITTER TRAY 6 TEMP DEGC 2.72E-01
% CAT NAPHTHA SPLITTER TRAY 4 TEMP DEGC 2.71E-01
4 MAIN FRAC MID PA REBOIL SHELL VL TEMP DEGC 2 63E-01
5  MAIN FRAC MID PA REBOIL TUBE O/L TEMP DEGC 2.56E-01

5. Principte Component 5

1 MAIN FRAC OVHD LEVEL Output PCT -2.00E-01
2 DISTILLATE FLOW TO DEETHANIZER MaHR ~1.94E-01
3 DEETHANIZER BOTTOMS LEVEL Cutput PCT -1.94E-01
4 DEETHANIZER BTMS FLOW TO DEBUTANIZER M3HR ~1.51E-M
5 DISTILLATE FLOW TO DEETHANIZER Qutput PCT ~1.32E-1



B. Regenerator-Cycl ones Monitor:

FROM REGE

PHASE PRESSURE KG CW -63.08 FCC STACK NOX LEVEL VPPM

sPREYPERATURE Coef fi ci ent

Predi cted Tag Description Units FLUE GAS

I nput Tags REGENERATOR DI LUTE
Gg'cﬁgé';}“ SRS GAS 02

LEVEL OLPCT -13.99 REGENERATOR UPPER DI LUTE NNE TEMPERATURE DEGC 1. 834

Al R BLONER DI SCHARGE TEMPERATURE DECO 0.0284 AL TO AIR FLOW RATIL.O 28. 94
STRI PPI NG STEAM TO REACTOR FLOW KA HR810. 0035 Predicted Tag Description
Units REGENERATCR Dl LUTE PHASE PRESSURE KG CWM2 coefficient |nput Tags FLUE

GAS FROM §QE% TEMPERATURE DEGC -
@lﬁ OMPYRENEP T - 0. 01399 REGENERATOR UPPER DI LUTE NNE

TEMPERATURE DEGC 0. 00174 STRI PPI NG STEAM TO REACTOR FLOW KG HR 0. 00001091

- 0. 00065

Al R BLOMNER DB
Predi ct ed Ta§LBRBEF
Tags FLUE GASCEREY

. 00138 FCC STACK NOX LEVEL VPPM

TORMAINFEACHE TR B OPERS Al R FHIGEERATI O 0. 26
W 1 FESLAENE Gas 02 LEVEPERS PCT CddiBEildi ent | nput
RERATERBTEPPERATURE DEGC PEGSHS  REGHRERATOR DI LUTE

PHASE PRESSU%TR@@VESBF BWETEHS SHMBEORBAREVEL KWE O 0043 E-01

CAT GAS PRESS TO WET GAS COMP

7. Principlﬁ Component 7

GICM2 -1.60E-01

1 SPA RETURN TO MAIN FRAG FLOW M3/HR -2.108-01
2 MAN FRAC TEMP BELOW TRAY 1 Output PCT -2.06E-01
) 3 MAIN FRAC BELOW TRAY 1 TEMP DEGC 1.78E-01
- 4  MAIN FRAC TEMF BELOW THAY 1 DEGC 1.738-01
5  MAIN FRAC TRAY 1 TEMP CONTHL DEGC 1.895-01
8. Principle Component 8
1 DEBUTANIZER TRAY & DOWNCOMER TEMP DEGC 2.74E-t1
2 DEBUTANIZER TRAY 5 DOWNCOMER TEMP DEGC . 2.74E-01
3  DEBUTANIZER REBOIL TO MAIN FRAC MPA HX DEGC 2 20E.01
4  DEBUTANIZER BOTTOMS TEMP DEGC 2 13501
5  DEBUTANIZER REBOIL RETURN TEMP DEGC 1.96E-01
9, Principle Component 9

1 DEBUTANIZER REBOIL RETURN TEMP DEGC -2.34E-01
2 DEBUTANIZER BTM TO REEOIL TEMP DEGC 22001
2 DEBUTANIZER BOTTOMS TEMP DEGC 2 A7E-01
,- 4  DEETHANIZER REBOIL RETURN TEMP DEGC 212601
(N 5  DEETHANIZER BOTTOMS TEMP TO DEBUTAMNIZER DEGC 2.03E-01

10. Principle Component 10
1 DEBUTANIZER SAFETY VALVE Output PCT 1.87E-01
2 MAIN FRAC TRAY 1 TEMP CONTAL DEGC -1.77E-01
5 MAINFRAC TEMP BELOW TRAY 1 DEGC -1.77E-01
4 MAIN FRAC TEMP BELOW TRAY 1 DEGC 1. 72E-01
5 FCC FEED TO MAIN FRAC BTMS HX DEGC 1.71E-01

11, Principle Compenent 11
1 DEBUTANIZER MIN COND SUB-COOL TEMP DEGC 1.90E-01
2 MAIN FRAC BTMS RETURN TEMP CNTL DEGC -1.72E01
3  BTMS RETURN TO MAIN FRAC TEMP DEGC 172601
4  SPARETURN TO MAIN FRAC DEGC -1.71E-01
5  DEBUTANIZER OVERHEADS TEMP DEGC 1.68E-01



REGENERATOR UPPER DI LUTE NNE TEMPERATURE DEGC 0. 0485 O L TO Al R FLOW RATI O
-0. 693 WO 24%u&kB3hs7 4 9 PCTI U520i 151032+46 -84- C. C4 i r
Monitor Predicted Tag Description Units AIR FLOWTO AMR éﬁ&@%ﬁlﬁ@éﬂgﬁ
coefficient InputTags Al R BLOAER | NLET PRESSURE KG OV 44.27 Al R BLOWER
TURBI NE SPEED RPM 0. 01185 Al R COMPRESSOR DI SCHARGE Gl GM2 15.3 Predi ct ed
Tag Description Un'rts STEAM TO Al R BLEYFER TURBI NE TONNEI HR Coef fi ci ent

| nput Tags C Al R BLOAER TURBI NE EXHAUST STEAM PRESSURE KGFI CMPA 54.7 AlR
BLOWER ST b . Al R BLOAER TURBENE SPEED RPM 040095

Pr edi ct ed%@%@?ﬁ%ﬁ%ﬁ#ﬁ GENERATOR UPPER DI LUTE NNE TENPERATURE
DEGC Coefficient _|nput Tags FLUE GAS FROM REGENERATOR TEMPERATURE DEGC -
0267 REGENERATTRFREUE Bh PHASE PRESSURE KG Cifp/ifs. 34 -BEE=8TACK NOX
LEVEL VPPME- 0. APAEDURAIREBAGOWIYEL VOLPCT 4.58 STRFPPI NG STEARFFO REACTOR

KG HR 0. 00366 MAMN FRS BVBOAEMRK@Ah O - 14. 574 PredPEPEd Tag BE3EPI ption
Uni t s 4 MAIN FRAG OVERHEADS TEMP DEGC 2.00E-01

5 MAIN FRAC CVERHEADS TEMP DEGC 1.98E-01

13. Principle Component 13

1 FCCU FRESH FEED RATE M3/HR 2.08E-
2 TOTAL HCD PRODUCT M3HR 1.80E-01
3 HGD PRODUCT TO GOHF2 M3MHR 1.77E-D1
4 SPONGE ABSORBER OVERHEADS TEMP KG/OM2 -1.77E-01 {i
5 SPONGE ABSCREER OVERHEADS TEMP KG/CM2 -1.77E-01

14 Principle Component 14

1 LEAN OIL TG DEETHANIZER Output PCT 2 03E-01
2 SPONGE ABSCRBER OVERHEADS TEMP KE/CM2 1.89E-01
3 SPONGE AESORBER OVERHEADS TEMP KG/CKE 1.88E-01
4 TOTAL HCD PRODUCT M3/HR 1.73E-01
5 HCD PRODUCT TO GOHF2 Qutput PCT 1.68E-01

15 Principle Component 15

1 WET GAS COMP 18T STG FRUM INTERFACE LEVEL PCT -3.05E-MM
2 S0UR WATER FLOW TO HX" M3/HR -2.9%E-M
3 MAIN FRAC OVHD DRUM SW LEVEL Oulput PCT -2.94E-(
4 WET GAS COMP 18T STG INT LEVEL Output FCT -2.30E-01 .
5 WET GAS COMP 2ND STG INT LEVEL Cutput PCT ~1.81E-01 (\



Al R BLONER DI SCHARGE TEMPERATURE DECGC coefficient |nput Tags FLUE GAS FROM
REGENERAT GRoEeMABRABURE DEGC 0. 156 REGENERATOR DI LUTE Pg@%ﬁé{;@%ﬁ@%

X3 Gw 33.24 FCC STACK NOX LEVEL VPPM 0. 0277 FLUE GAS . CT

0. 754 REGENRATOR UPPER DI LUTE NNE TEMPERATURE DEGC 0.0431 QL TO AIR FLOW
RATI O 5.27 STRI PPI NG - STEAM TO REACTOR G HR 1-0. 00084 WD 20061031749

PCTI US20051032446 -85- D. Carbon Bal atte: This nonitor focuses on the
T-statistic of the 4th principal conponent of the Catalyst Circul ation

CCR- PCA nodel . F. Cat-Carryover-t o-jdap tionator: This nonitor checks
whetter the followng variables are wthin limts (a) the Reactor stripper

tevel (h) Reactor differential_pressure c) _Main. FEractionator bottons
strainer differenti aIE[‘Il{G«IHEERI EHM@MM@ME&E fromthe Main
Fractionator pressure F. C4201 Wt Gas Conpressor: Predicted Tag
Bescription Units 2ND STAGE SUCTI ON FLOW KSM3I HR Coefficient [Input Tags
CAT GAS DAsCRpgemerplorssigek Kajvemdloniter STEAM PRESSURE TO TURBI NE KG CM2

-0.89 STEAM TURBI NE SPEED RPM -0, 0023 Predicted Tag Description Units
The regenerator stack valves A and B values are cross-checked against the

differential pressure controller output. Under normal conditions they should all

match up.
(_ B. Regenerator-Cyelones Moniter:
Predicted Tag Pescription 1Unis
FLUE GAS FROM BEGENERATOR TEMPERATURE
Coefiiclent
Inpui Tags
REGEMERATOR DILUTE PHASE PRESSURE KGEGM2 -53.08
FCG STACK NOX LEVEL VPPM 0.0832
FLUE GAS D2 LEVEL VOLPCT -13.99
REGEMERATOR UPPER DILUTE NNE TEMPERATURE DEGC 1.834
AlR BLOWER DISCHARGE TEMPERATURE DEGC 0.0284
OIL TO AIR FLOW RATIO 29.94
STRIPPING STEAM TO REACTOR FLOW _ KG/HHA -0.0035
Predicted Tag Description Units
REGENERATOR DHLUTE PHASE PRESSLIRE ' KEACM2
1CGoetficient
{ Input Tags
: FLUE GAS FROM REGEMERATOR TEMFPERATURE DEGG -00138
FCC BTACK NOX LEVEL VYPPM {-0.000853
FLUE GAS D2 L FVEL VOLPCT -0.01395
HEGENERATCOR UPPER DILUTE WNE TEMPERATURE DEGC 0.00174
STRIFPING STEAM TO REACTOR FLOW KG/HR 10.00001091
AIR BLOWER DISCHARGE TEMPERATURE DEGD 10,001 32
DIL TO &R FLOW RATIO 0.26
Predicted Tag Description _ Units
FLUE GAS Q2 LEVEL . VOLPCT
Coefficient
nput Tans
FLUE GAS FEOM REGENERATOR TEMFERATURE DEGC -.0298
AEGEMERATOR DILUTE PHASE PRESSURE KGE/CM2 -1.51
FCC STACK MNOX LEVEL WP -0.00435
REGEMERATOR UPPER DILUTE NME TEMPEBATURE DEGC 0.0485
|OIL TO AIR FLOW RATIO -(1.693




STEAM FLOW TO WET GAS COMPRESSOR TONNE1HR TURBI NE Coefficient ~_ .. input
Tags TURBI NEOEMMABET STEAM PRESS KG CM2 2. 26  STEAM PRESSRE oERRLNE

K@ CW -0.89 STEAM TURBI NE SPEED RPM - 0. 0023 Predicted Tag scription
Units 1ST STAGE DI SCHARCGE FLOW TONNEI HR Coefficient input Tags 1ST STAGE
SUCTI ON PRESSURE KG CM2 -4.14 1ST STAGE DI SCHARGE PRESSURE KGE CWM2-6. 55 _
STEAM TURBI NE SPEED RPM -. 0013 Predi ct®d Tag Description Units CAT GAS TO
E4210 TONNE/ HR Coefficient [Input Tags CAT GAS DI SCHARGE PRESSURE KG Cwe

3.18 STEANM EREGPURE BISwEYRBLNE.KG CV2 0. 837 STEAM TURBI NE SPEED RPM
- 0. 00253 V\D? g§g 618)3 3 1 749 P&i?l US200S/ 032446 -s6- G Val ve- Fl ow Model s

There ar e [FelitledTag Detenpl@nVe NMoUer s—devetoped—fqpufde AEDrappricatipn. All
the val Vt:é! tet AEERERUPdat g nptenented: KTMH',EIIFﬁ oWrS COTTPe; at ed
for the DBertatfressuret+n thts—rmranher—Conpensatetd—How—= =
St dDP) Aa, l =Acttat—FHow—bBR-=UpstreamPressture Y
Pressure 92 o andard Pelta-Pressure, —aaf-a-peraretefs—A-phot]i s
t hen nade LWER £7 PRESSURE ' KEUNME qq07 P
AlR BLOWER TURBINE SPEED RPM 0.01185
AR COMPRESSOR DISCHARGE KGACM2 15.3 ]
Predicted Tag Description Units
STEAM TO AIR BLOWER TURBINE TONNE/HR
Coeificient .
Input Tags (
AR BLOWER TURBINE EXHAUST STEAM PRESSURE |KGEFCMEA 1607
AlR BLOWER STEAM SUPPLY KGOME2 -0.485
AlR BLOWER TURBINE 3PEED RPM 0.0085
Predicted Tag Pescription Units
BEGENERATOR UPPER DILUTE NNE TEMPERATURE DEGT
Coefficient
Input Tags
FILUE GAS FROM REGENERATOR TEMFERATURE DEGC 0.J67
REGENERATOR REGEN DILUTE PHASE PRESSURE KE/LIM2 16.34
FCC STACK NOX LEVEL WP P -0.4
FLUE GAS 02 LEVEL VOLPCT 4.58
STRIPPING STEAM TO REACTOR KGHA 000456
OIL TO AIR FLOW RATIO 4574
Predicted Tag Description |Units (
&IR BLOWER BISCHARGE TEMPERATURE DEGC =
Coetlicient
Input Tags
FLUE GAS FROM REGENERATOR TEMPERATURE DEGC 0.156
BEGENERATOR DILUTE PHASE PRESSURE 1KGICM2 A3.24
FCC STACK NOX LEVEL YPP 00277
FLUE GAS D2 | EVEL VOLPCT 0.764
REGEMRATOR UPPER DILUTE NNE TEMPERATURE DEGC 0.0431
OIL TG AIR FLOW RATIO 5.27

STRIPPING.STEAM TO REACTOR G/HR -(.00084




Estimat ed Conpensated Fl ow and the Actual Conpensated Flow to check the
nodel conswgt@ngysitH-Y plot). The following is the |ist Oltcfrﬁfzn 3 f.ll ve
flow nodels. The order of the variables in the nodels bel ow are thus:

FL, UpP- DnP, StdDP, a, Bound) VALVE FLOW MODEL StdDP A Bound 1
REGENERATOR LI FT AIR VALVE 0.489 0.376 1.3 2 REGENERATOR STANDPI PE 3.6 0.2
5.95 AERATI ON VALVE 3 MAI N FRACTI ONATER- SLURRY 7.98 0.5 17.5 PUWP AROUND
RETURN VALVE 4 REACTOR SPENT . TREND 40 2 40 AERATI ON STEAM VALVE 5

REGENERAT é\%& EH §| AM 1.94 0.25 87.5 7 BEND VALVE 6 REACTOR STRI PPI NG
STEAM 17. g?O \ 7 FCCU FRESH FEED VALVE 14.8 0.731 8 8 MAIN

FRACTI TOP. PUMP 0. 384 VALVE CT _ TI ON STEAM
14.3 0.5 iﬁ%m‘:’?,‘l‘ﬂf\l%%s%&ﬁfé %ﬂﬁwgﬁﬁ %%@4 .5 5.25
TO MAIN FRA 1:%% ] CTI ONATOR M D PUW 8.54 0 28 AROUND
TO HEAT E%gE AL @ggﬁzgﬁ%g% "RI SER BYPASS 8.52 0.5 17.5 VALVE
-87- CLAIM5S 1. A nethod for abnormal event detection (AEl)) for sone
process ugl t@aﬁtﬁryuv&r-tn-h‘lain Fractionator:

This monitor checks whether the following variables are within Lmits
(a) the Reactor stnpper level
(b} Reactor differential pressure,

( (c) Main Fractionator bottoms strainer differential pressure and

{(d) Slurry Pumparound from the Main Fractionator pressure

F. C4201 Wet Gas Compressor:

Predicted Tag Description Unlts
2ND STAGE SUCTION FLOW KSM3/HR

Coefiicient
input Tags '
AT GAS DISCHARGE FRESEURE WG/OM2 |2.26
STEAM PRESSURE TO TUREINE KG/CHM2 -0.86
STEAM TURBINE SPEED RPM -0.0023
Predicted Tag Descriplion - |Units
STEAM FLOW TO WET GAS COMPRESS0R TONNEMR
TURBINE

s Coefficient
- Input Tags

TUREBINE EXHAUST STEAM PRESS KG/CHM2 2.26
STEAM PRESSURE TO TURBINE KG/AOHME -0.B9
STEAM TURBINE SPEED RFM -0.0023
Predicted Tag Description Units
18T STAGE DISCHARGE FLOW TOMNE/MHR

Coefficiont
Input Tags
13T STAGE SUCTION PRESSURE KG/ACM2 -4.14
15T STAGE DISCHARGE PRESSURE KGICM2 6.55
STEAM TURBINE SPEED APM -0013
Predicted Tag Description Units
CAT GAS TO E4210 TONNEHR

Coefficient
Input Tags
(GAT GAS DISCHARGE F'FIEESLIFIE KG/CME  }3.18
'STEAM PRESSURE TO TURBINE KGICM2 0,837
STEAM TURBINE SPEED RPM -0.00253




fluidized catalytic cracking unit (FCCU) conprising: (a) determning

equi pnent qjg g‘% ﬁn?q process operating nodes of said FCCU to be covered by
pri nci pal ﬁ% &t 3nal ysis (PCA) nodels, wherein said E§UUSHMUIYAOUPS
have m nimal interaction with each other, (b) conparing online nmeasurenents
fromthe process units to a set of nodels including principal conponents
anal ysis nodel s for nornal operation of, the corresponding process units of
said FCCU, (c) determning if the current operation differs from expected
normal -operations so as to indicate the presence of an abnornmal condition
in a proéeséakyeiklosd-Medds FCCUT, and (d) deternining the underlying cause
of an abnormal condition in the FCC-U. 2. The nethod of claiml wherein

said set | t Wi Kl 1 ng
a1 56t heRPA § R SEIRLAGROM BIPRe TP YR 430 B caRs, 9IS | 1
wher ei n sghbresebdelk Rdaliss-apdapigehplenrantid. TR flotv Rahnpdisardsortii t s
ei ther a principal conponent anaIyS|s nodel or an englneerlng nodel . 4. The
met hod of Delltaifnedsunk én s ismindr:set of nodel s i ncl udes nodels for said FCCU
which is divided into operational sections of the FCCl] system 5. The

met hod of claim4 wherein there are ten operational sections. 6. The nethod
of cl ai m €onerneiirdtFewt e FLop@RtStdhd) merhérens i ncl ude Reactor -
Regenerat or, Light Ends Towers, Cat Circulation, Stack Val ves, Cycl ones,

Gas Compr Ekof IO K/ DB o IpRuftalt PiasSly ¥ ﬁﬁﬂéﬁ?%%ﬁil"}?@ﬁét %@%ﬁé’r cin
sai d mdestiﬂa}@@elﬁfﬂéésﬁi‘@s& tahe I;ﬁﬂﬁﬁétﬁfse r}Qr{pIc-P% Vtﬁﬁﬁ‘ 1#1%?&:9 ek 11
es, valves/flow and wet gas

specific unit, air ower, regenerator cyclo

conpr essoEstimsd dlop@deisany Blawt yndibalidausl ConipsiedaFloshsdichedatlier n. g
The met hod of claim7 wherein said nodel further conprises supﬁésm ng
model  calrslehtdonsstareye(X - maeid. The fellpwiig iivdbe dist syfethieal 2 calree flow

operations. 9, The nethod.of cl.giml wherein said set rrespond
to equi prEidelyridifardsnd &p‘:emﬁ?b%as Hothesnogils hedow) arp H%Z(Eff' &3 Bhi ch

may i ncl u%ﬁ)@‘{dﬂﬁ) qPh&und)

VALVE FLOW MODEL SidDP A Bound

1 |REGENERATOR LIFT AIR VALVE 0489 0376 1.3
2 [REGENERATOR STANDPIPE 3.6 0.2 585
AERATION VALVE

3 |MAIN FRACTIONATOR SLURRY  [7.98 0.5 7.5
PUMP ARQUND RETURN VALVE

4 {REACTOR SPENT JBEND A0 2 40
AFRATION STEAM VALVE -
5 |REGENERATOR AERATION STEAM|1.94 0.25 {875 {
JBEND VALVE .
6 [REACTOR STRIFPPING STEAM 17.9 0.1 157
VALVE N
7 [FCCU FRESH FEED VALVE 14.8 0731 I8
g8 |MAIN FRACTIONATOR TOP PUMP [0.384 0.029 {35
AROUND VALVE
g |REACTOR AFRATION STEAM 14.3 0.5 17.5
STANDPIPE VALVE

10 |SLURRY PUMPAROUND QUENCH [184 .5 5.25
TO MAIN FRACTICNATOR VALVE
111 MAIN FRACTIONATOR MID PUMP (854 0 28
AROUND TC HEAT EXCH VALVE
12 |FEED TO REACTOR RISER BYPASS 8.52 0.5 175
YALVE




operating nmode. 10. The nmethod of claim9 wherein said equi pnent groups
include all mgj or material and energy interactions in the sanme group. 11.
The nethod of claim 10 where a list of abnormality nonitors automatically
identified, isolated, ranked and di spl ayed for the operator. 12. The net hod
of claim 10 wherein said equi pnent groups include quick recycles in the
sanme group. 13. The nethod of claim_12 wherein said set of nodels of nornal
operations include principal conponent analysis nodels. 14. The net hod of
claim 13 wherein set of nodels of normal operations includes engineering
nodel s. 15: The nethod of claim 10 wherein said principal conponent

anal ysi sChadd®% i ncl ude process variables provided by online neasurenents.
16. The nodel of claim 15 wherein sonme neasurenent pairs are tine
synchroni zed to -89- one of the variables using a dynamc filter. 17. The
nodel of {cl ai Apddhothief ShrdribevehiQkReSol BN RIRite Motdsahhisofaf f ect ed by
operatlng poi nt changes in phgﬁgéocess operations ‘are converted to
devi at i ofiuidized s¥platic cragldng Wb Woeprgtriseigai m 15 wherein the princi pal
conponent s anal ysi | _1npcl LLOECi en I y the
magni t ude of ?@taJﬁ%ﬁggﬁg%e@g]Féﬁﬁgﬁgsrep$§§%ﬁ§§%9 IE&%%gggﬁggﬁg%ﬁponents.
19. The method of iglhicovdredbependipad abriiparht QblyeRIRCA) aloddewigreioper at i on
for each process upjt is determ ned usjing, principal copmpgonents anal ysis
(PCA), partial | easid cogipmansgroypshayeimpianad interastionawigh eash eBieht i on- based

engi neering els nﬁagn' 8L e leal Y=Y ] i ncl ude
process vari S@?es L{?a ueggﬂﬁéasu%ggr ;m%g@%d&i%%ﬁ%@%@%tgﬁnﬁ 813&%?41% aim 19
wherein said pri ncirplading eripcpaospanaitysiakysivotelels honormed! difeeatintof pr ocess

units include sone, process yariabl e val ues, red by the sane sensor.
22. The nethod of %EE?WQ“%PIBF%S%@%@&%@@I ve abnormality monitors
for said ()  determining if the current operation differs from expected normal

operations so as to indicate the presence of an abnormal condition in a
process unit of said FCCU, and
(d) determining the underlying cauge of an abnommal condition in the FCCU.

2. The method of claim 1 wherein said set of models correspond to equipment

g;rc;ups and process operating modes, one model for each group and each mode.

3. The method of claim 1 wherein said set of models of normal operation for each

process unit is either a principal component analysis mode! or an engineering model.

4, The method of ¢laim 1 wherein said set of models includes models for said FCCU
which is divided inte operational sections of the FCCU sysiem,

5. The method of claim 4 wherein there are ten operational sections.

6. The method of claim 4 wherein the ten operational sections include Reactor-
Regenerator, Light Ends Towers, Cat Circulation, Stack Valves, Cyclones, Air Blower,
Carbon Balance, Catalyst, Carrvover to Main Fractionator, Wet Gas Compressor, Valve-
Flow Models,



Fluidized Catalytic Cracking unit. 23. The nmethod of claim22 wherein each
of the abnormality nonitors generates a continuous signal indicating the
probability of an abnormal condition in the area. 24; The nethod of claim
19 wherein (a) determning said nodel begins with a rough nodel based on
guestionabl e data, (b) using said rough nodel to gather high quality
training data, and inprove the nodel, @nd (c) repeating step (b) to further
i nprove the nodel. -90- 25. The nodel of claim 24 wherein sonme pairs of
measurenents for two variables are brought into tinme synchronization by
one of the variables using a dynamic transfer function. 26. The nethod of
cl ai m 24 Rher eThe wathdd of elaini A grhderirasaicmbdrl darther steotifiesahe deatsiitdnoy t he  nodel
of the processi unit, 27...The.model of claim 26 wherein variables of

pr ocess nEASERLHENtEEd & Peis vl Ll R EFBPERE eI por e dinds i n
process opet Qe{slc@ﬂlgra@ﬁﬁ, @Qﬁﬂﬁté&ﬂ;éﬂ@ﬁ%&kﬁéﬂ@ﬁltb&ﬁﬂl&t%h]ﬁﬁ phYergubt racting the
novi ng average. 23. The nethod of claim 19 where the operator is presented
with diagnostic information at different levels of detail to aid in the

i nvesti gagi on . l.al.m: ]

princi pal Eb,orrpg{r‘lee}r‘?? tgmg}r%g %g?g%rlr}o e sﬁﬁ@@ﬂ%&g%ﬁﬁ {egg\}(ﬂ}:ﬁsgﬁnggfm{}%les

princi pal cileutmiviend dindnandaleopddtick entgchécaeopbaiinsequal in size. 30.
The met hod of claim 26 wherein said nodel includes transforned vari abl es.
31. The nethod of claim 30 wherein said transforned vari abl es incl ude

ref | ux L ogf eedrid Akidq bieiint | Wit Ol CPbHRBIls LAfksBinda8TgARIERON TN hi gh
purity distillation, pressure conpensated tenperature neasurenent,

si dest r eagroppehmd], opetatimg tdes lone rmpdsli for ewh gagd whidaoby brlvdaeee tomerep
(tenperature). 32..The nmethod of claim 26 wherein said nodel is corrected
for noi sePEFNEMA et hod of claim 32 wherein said nodel is corrected by
filtering or elimnating noisy neasurenents of variables. 34. The nethod

of claim 26 wherein the neasurenents of a variable are scal ed. ]
The method of claim 9 wherein said equipment groups include all majer material

and enerpy interactions in the same group.

11.  The method of claim 10 where a list of abnormality monitors avtomatically
identified, isolated, ranked and displayed for the operator.

12, The method of claim 10 wherein said equipment groups include quick recycles in

the same group.

13, The method of claim 12 wherein said set of models of normal operations include

principal component analysis models.

14, The method of claim 13 wherein set of models of normal operations includes

engineering models.

15  The method of claim 10 wlherein said principal component analysis models

include process variables provided by online measurements.

16.  The model of claim 15 wherein some measurement pairs are thme synchronized to



a

35. The nethod of claim 34 wherein the neasurenents are scaled to the
expected normal range of that variable. 36: A system for abnormal event
detection (AED) for sonme of the process units of a fluidized catalytic
cracking unit, FCCU, of a petroleumrefinery conprised of: (a) an array of
process neasurenent sensors, (b) an on-line neans including a set of nodels
i ncluding principal conponent analysi,g _nodels in the set using process
measurements fromsaid array of procéds neasurenent sensors describing
operations of the process units of said FCCU, wherein said FCCU has been
di vided int'o equi pment groups wth mnimal interaction between groups, (c)
a di spl ayonshifthe tahisblenudinge dyreanis filtec| udi ng said set of nodels indicates if
the current operation differs from expected normal operations so as to

i ndi cate the presence of an abnormal condition in the process unit, and (d)

a di spl ay;mhi Ci'hetrﬁnﬁia@ﬂf&lhiﬁiﬁlm&%]ﬂm&bﬂé@bs@%c%ﬂr&xlﬁﬁraﬁﬁhlém&hﬁsd'bﬂd' cates
the underlying cause of an abnormal condition in the FCCU process unit.

37. The somsradivgpint Fhangesip thinproedsn operhiibnratietonvetcdda davipioresisblani t i s
either a principal conmponent anal ysis nodel andlor an engi neering nodel.
38. The system of claim 37 wherein a FCCU is partitioned into three

operati ont. SHeimehsd v dlfindl Pvhareinpid préeifabeenichemiahpdismaneel for each
section. 39. The system of claim38 wherein said prl nci pal conponents

anal ysi s WEides pringirLerannonseis selecfed Pale apapiiwsieiof édalgyossss Yavalisasur enent s.
40. The system.ofy 4]1@&!&1%@ Xmgén%hgesal d principal conponents analysis nodel

further grrprl Ses suppressi calculates to elim nate operator
i nduced notifi catl ons and 92  false posi tives. 41. The system of claim40

wherein s nsf or riable 4 The s of claim
40 wher ei thenﬂ}fr E‘h%é #g @’ﬁ‘é‘ﬁ "i‘.)“ﬁ%%‘fl ‘?fé’é’f‘g %rangxbé}rggq g poi nt
changes i K i ri abl es.

35 The shorafuil BRRImAR0 “%Egﬁﬂ.ﬁﬁﬁﬂﬁﬂn%@ﬁ%%ﬁ%?n}%ﬁtﬂ%é? Fah A

synchr oni squdres based irderehtiih end amichitioedasediengineerthgramdets. f i | t er .

20.  The method of claim 19 wherein said models include process varigbles values

measured by sensors.

21.  The method of claim 19 wherein said principal components analysis models for
different process units include some process variable values measured by the same

SEIE0T.

22, The method of ¢laim 19 wherein thete are twelve abniormality monitors for said
Fluidized Catalytic Cracking Unit.

23.  The method of claim 22 wherein each of the abnormality monilors generates a

continnons signal indicating the probability of an abnormal condition in the area.

24, The method of claim 19 wherein (a) determining said modei begins with a rough
model based on questionable data, (b) using said rough model to gather high quality
training data, and improve the model, and (c) repeating step (b} to further improve the
model.



44. The system of claim 4l wherein said transfornmed vari abl es include
reflux to total product flowin distillation colums, |og of conposition
and overhead pressure in distillation colums, pressure conpensated
tenperature neasurenents, flow to valve position and bed differenti al
tenperature and pressure.

~ 00 -

25, The model of claim 24 wherein some pairs of measurements for two variables are
brought into time synchronization by one of the variables using a dynamic transfer
function,

26.  The methed of claim 24 wherein said training datz includes historical data for the

model of the processing unit,

27.  Themodel of claim 26 wherein variables of process measurements that are
aifected by operating point changes in process operations are converted to deviation

variables by subiracting the moving average.

28.  The method of claim 19 whers the operator is presented with diagnostic

information at different levels of detaii to aid in the investigation of the event.

29.  The method of claim 26 wherein the principal components analysis model is
chasen such that it includes principal components whose coefficients become about equal

in size.

30.  The method of claim 26 wherein said model includes transformed variables.

31.  The method of ¢laim 30 wherein said transformed variables include reflux to feed
ratio in distilation columnsg, log of composition in high purity distillation, pressure
compensated temperature measurement, sidestream yield, flow to valve position, and
reaction rate to exp (temperature).

32. The method of claim 26 wherein said model is corrected for noise.

33, The method of claim 32 wherein said model is corrected by filtering or

gliminating rioisy measurements of variables.



-91 -

34.  The method of claim 26 wherein the measurements of a variable are scaled.

35,  The method of claim 34 whergin the measurements are scaled to the expected

normal range of that variable.

36: A system for abnormal event detection {AED) for some of the process vnits of a
fluidized catalytic cracking unit, FCCU, of a petroleum refinery compiised of:

(a}  an array of process measurement sensors,

{b)  an on-line means including a set of models including principal component
analysis models in the set using process measurements from said array of
process measuremeilt sensors describing operations of the process units of
said FCCU, wherein said FCCU has been divided into equipment groups
with minimai interaction between groups,

{c)  adisplay which the on-line means including said set of models indicates if
the current operation differs from expected normal operations so as to
indicate the presence of an abnormal condition in the process unit, and

(d)  adisplay which the on-line means including said set of models indicates

the underlying cause of an abnormal condition m the FCCU process unit,

37.  The system of claim 36 wherein said model for each process unit is either a

principal component analysis model and/or an engingering model.

38.  The system of claim 37 wherein a FCCU is partitioned into three operational

sections with a principal components analysis model for each section.

39.  The system of claim 38 wherein said principal components analysis model

include process variables provided by online measurements.

40,  The system of claim 38 wherein said principal components analysis model further

comprises suppressing model calculates to eliminate operator induced notifications and



L07.
false positives.
41.  The system of claim 40 wherein said mode! includes transforined variables.

42, The system of claim 40 wherein the process measurement variables affected by

operating point changes in the process operations are converted to deviation variables.

43, The system of ¢laim 41 wherein some measurament pairs are lime synchronized

to one of the variables using a dynamic filter.

44.  The system of claim 41 wherzin said transformed variables include reflux to total
prodoct flow in distillation columns, log of composition and overhead pressure in
distillation colnmns, pressure compensated temperature measurements, flow to valve

position and bed differential temperature and pressure.



