- 1 - APPLI CATI ON OF ABNORMAL EVENT DETECTI ON TECHNOLOGY TO DELAYED COKI NG
UNI T BACKGROUND OF THE I NVENTION " [0001] The present invention relates to
t he oper avoanomhs@2Del ayed Coking Unit (DCU) conpri si ngrof/usesdd ohsas er s,
mai n fractionator, wet gas conpressor, and downstream |i ght ends processing
towers referred to as the Gas Plant. In particular, the present invention
relates to determ ning when the process is deviating fromnormal operation
and automatic generation of notification. [0002] Del ayed Coking is a

hi gh-severity thermal cracking process used in petroleumrefineries. The
process unit, DCU, thermally deconposes_#be "bottom' of the crude barrel
which are typically the bottom streans of the atnospheric and vacuum crude
distillation towers and produces a val ue-added m xture of ol efins,

napht has, gAPPHICA PIOUNPOF ABMNORSPKE: EVENPISERECTEAS IO HNOE ermc
wi th the furnace supplying the necessary nheat 1or va

cracking. The ol efins are uddd DBELANMEDRSCOEINGIUNITI ndustry. Napht has are
used for various gasoline blends. Gas Gls are sent to other refinery units

to be fur BRCKGROKEID OFSTHEINVENPIGNO! ef i ns. The coke, which is
essentially carbon with varying anounts of inpurities, is calcined (roasted

to dry, w t nmelgin and used in.the al,um num, steel_or chem cal

i ndustri nggd ke Cﬁeﬁé%erﬁéngmt}fghrﬂgte{s athe Wergkpfqtgﬂjmiﬁyﬁgﬁ%@@ st eam
or el ectr gt (DCLOWRAIHiSHEDFER [ d}ﬁ% re
fired heat erlsazvip?l horliﬁ‘zlongal tﬁ%gga\%}.%%ésﬁgdﬁ?ﬁlt e Ilﬁ?%éc{ gctgg’?grgg% ?

t her mal cerdowmpstreapelightends prioceding towers ref¢rd@btd as BR5GA3 Plafitt inshor t

residence_tine,in . the furnace t.ubes, coki formation of Petrol eum Coke)
of the feRyieEan iy pfe§emij’éﬂ"§§)han rglatss to; ‘Feq?‘%%’é‘lﬁ%% wh PIEfeRh 8ownst r eam

of the heééﬁhtin-gr*f?olhhﬁfmg}%%t%&wBﬁio?i%lijc?éeﬁé}ﬁtigﬁlé).'Pn%"tl icifibh; sui ted for

the cracking opération to ceed. These dr are designed to normally
operate a op d Vi .- 2 -. 1 erature 01825F (441 C) and a,
pressur e L‘}(ﬁf@ psi &%ﬁﬁﬁﬂgﬁ}g ls,&’sh‘ﬁﬁ" EEY & crg nspae%f‘_éa UsFedRict s
(vapors) pgéolam rdfiicdicd. MRS htR& Ghit AT, ﬁ@l‘rﬁam%%{@}ggé?ﬂ{b the drum

The fractionator separates the hydrocarbon m xture rece romthe coke
dr um i nt o“bettanti offthactrudmbarrdhavlivk atetpipalbdtiet battomistreanacsf theat or i s

sent through t .gas conpressor 0 @ I,i%ht ends processing unit to further
separ at e ?‘ﬁéoﬁ\?’ﬁﬁ iy aupm FB‘G‘??A‘%W ALPR Lowersandpraduces amsdeepdded n coke,
the feed §£§ i i u LRI are
thus. oper oy 0F MIPAS ephihds, ERFBAC b pRlofilih boRk e btorhl] sEactidiln 0t
t he f ur naisemdotheraticonmih the fimhatésupplyimd et necBesargdeat ifor vdjporidationd drum

is quenched, cut,Land_rempved with high-pressure water to a pit_ | ocated
bel ow t hedRbREAC F%ﬂﬁ%g?ﬁ?’a@éﬁdﬂ%ﬁénﬁbe m@edﬂm%rﬁgdwr)cog@phtmetrﬁe pi t

to a pad i : 0 ey f .t 1§ crushed
and | oade on@g%gﬁug 5% ssapgg\g?%’éfr?'s Séfbﬁfﬁéggé n%{h%eoﬁﬁgfﬂ%ﬁlreg&gné%&g}eand
readi ed ffhnthdreracked inys haphihas ahdrolefies The cokeUwhiclpisl dssamtialPouirbonce

every 3 nonths to clean coke deposits formed over time in the tubes through
a pr ocessWKROGRTY 8 2ai9QuBls plgimpyrities, b caleimadurpasied te dryrwitheut melting)eaned

s thus. o BPirbURAIRRIANG Bt oF LAGMOR Ry iles, EOKETRih BREPdn ¢

oper at i onasnfuteh, angasified sc produtedastéamiordlestiicityf of service. The conplete
schematic with DCU and the downstreamunits is shown in Figure 24.

[ 0005] Dueyggasyhe ¢ L Gat 1: ) o a@n I@gﬁ [ , and
due to th!a hlszh-seg |r??%p§g’c¥g%§%?é§%lﬁ?%%§%é’g‘norm p?%%g@édhggtreg%ons

can easi | withdmrizortalombesaroused @0theProbesste relieh tikrmat sealkahg to serious
probl ens and even cause_pl ant shutdowns. Three problens typically plague

the del ay6HRresgres,af 95 ta P4p, dnekdarte 2BkTRY BYith peorigesidenea time ini thet ead

of in th ul, 1y ! C f nd..r educed refinery

t hr oughp ﬁ?ﬂgﬁ téd\?grgl’t ‘lg.éil#lﬂg ﬁﬁ%ﬁtﬂ%gp?ﬁtgs%r? ﬁibﬁ?ﬂ og It}benfigelﬁcrgﬁ{en@é Shoni ¢

| osses; 2}defaped’(uitildi eestheb ial largodiung Hooaistreanesf fieBakdie Thke druminto
the coker fractionator; 3) Reliability - 3 - problenms with the coker

fr act i onathsrmogypamic eenditions ofthe drunears wall-suited forstheargcking anssaiaon c
inplicati i i j nt _d vi ronnent al
em ssi ons@%ﬁ%gﬁegﬂg#dagég%eg%ﬁ% %ci %@ﬁ%ﬂf‘% §§E Bqt{te?ﬁg%g%grng of*R% t o
identify the cause of the abnornmal situation and execute conpensatory or
corrective actions in a tinely and efficient manner. [0006] The current
commercial practice is to use advanced process control applications to
automatical ly adjust the process in response to mnor process disturbances,
to rely on human process intervention for noderate to severe abnormal
operations, and to use automati c energency process shutdown systens for

. o v . o o o




-4- limtation as it often cones in too late for the operator to act to
mtigate the problem The present invention provides a nore effective

not i fi catworeoami2tdee operator of the DCU. SUMVARY OF THEPCRWYSBION@Ns1©0081
The present invention is a method and system for detecting an abnorna

event for the process units of a DCU. The system and net hod conpare the
current operation to various nodels of normal operation for the covered
units. If the difference between the operation of the unit and the nornal
operation indicates an abnormal condition in a process unit, then the cause
of the abnormal condition is determ ned_and rel evant information is
presented efficiently to the operator Tétake corrective actions. BRI EF
DESCRI PTI ON OF THE DRAW NGS [0009]F|gure 1 shows how the information in the

cal cul at | Srrabermtir e el SR SEenhitet b Phig B3 R As thefvaty
trend whi ep,d gdﬂﬁ?\xga%édcgﬁdgfgcﬁd W&:&é&ﬁe Reaitd b sdtidmaforPWRAETOKE! €as.

[ 0010] Fi gure to the operator as a sinple x-y
pl ot . [00adduinglates it thealvant.hThe fnhahmmatmrsapara@@th@dry@oemybmsuwum a PCA

nodel . [0012]Fi gyre shqws . a h t f t K tup.
{0013 Fi gteeed o e SOHCAREn TG IR ROHAIS- b VPTGRG BEdagtayt the "
evel opin & 1PRR Shenat
di agram o?r at%ﬂgﬁgﬁgtlg%mgﬁ(g}gpr oc{eggégg S{Sggsf}l@cgl gH{ Endy ﬁ HR:\[élgsol%] Fi gLrwra eI g

shows a sohémshercsepaeege dlne Light hixamat ony of a nultivari abI e constrai nt
controller, MVCC. [0016] Figure 8 shows a schematic di agram of the on-line

i nferenti g¢ «gﬂt ' mt\ﬁhgﬁ gg{gﬁﬁﬁfis FR sty Wt/ LGk YhE S SRONS tHe Rirh&de |

anal ysi s storica
is directed to an empty drum. Multiple drums are thus operated in a staggered

fashion to ensure continuity of operations of the furnaces, fractionator and the
gas plant. The coke in the filled drum is quenched, cut and removed with high-
pressure water to a pit located below the coke drums. A bridge crane is used to
transfer coke from the pit to a pad where water is allowed to drain from the coke
before it is crushed and loaded onto railcars for transport. The emptied drum is
cleaned and readied for the next cycle. The furnaces are brought offline about
once every 3 months to clean coke deposits formed over time in the tubes
through a process known as “decoking”. In some refineries the furnaces are
cleaned online through a process known as steam spalling. The delayed coking
unit is thus cépable of turndown to a nominal 50% of capacity which represents
operation with one furnace and pair of drums out of service. The complete

schematic with DCU and the downstream units is shown in Figure 24.

[0005] Due to the complicated dynamic and semi-batch nature of the DCU,
and due to the high-severity process conditions, abnormal process operations can
easily result from various root problems that can escalate to serious problems
and even cause plant shutdowns. Three problems typically plague the delayed
coker units: 1) Premature coking of the heater tubes (instead of in the drum)
resulting in reduced feed rates and reduced refinery throughput and eventual
shutdown of the unit with significant economic losses; 2) Foam (produced while

coking) carryover from the coke drum into the coker fractionator; 3) Reliability



[ 0018] Fi gure 10 shows a diagramof signal to noise ratio. [0019] Figure 11
shows how t he process dynam cs can di srupt the correlation between the
current waburesr/afioocwo measurenents. [0020] Fi gure 12 showsTiuseoognedsabi | ity
di stribution of process data. [0021] Figure 13 shows illustration of the
press statistic. [0022] Figure 14 shows the two-di nensional energy bal ance
nodel . [0023] Figure 15 shows a typical stretch of Flow, Valve Position, and
Delta Pressure data with the |l ong period of constant operation.

[ 0024] Figure 16 shows a type 4 fuzzy discrimnator. [0025]Figure 17 shows a
fl ow versus val ve Pareto chart. [0026] FL,gure 18 shows a schematic di agram
of operator suppression |logic. [0027]Ffaure 19 shows a schenatic di agram of
event suppression logic. [0028] Figure 20 shows the setting of the duration

of event L,aRn. L Qe : I ' nd t he
oper at or g’ﬁ‘%%%%%:‘%vgﬁ “d% gg%?‘% ﬁgg%élg%é%l ﬁgg&g%@éﬁgg M?%%?J?‘ gglgr?@ﬁ*eﬁ%&i nodel .
[ 0030] Fi guafety and RoevsomisvidpHegiomdiangingy Gonaicst xedwtiat] equiphenpr i mary
interfaces used by the operataor. [0031] Figure 23 shows the schenmatic | ayout
of a DCU. dapwgeoeryyiroumentatemissiony, inpyisend even deptho rpggaryebafdhe t he

moni or i npen SAPTAPRE He e Bhitne MinhirhsifPERN I GRASE SYChe The

oper at or dbfiipenyatoty ak otieetive abliens iatin®sls dndrefficient manner.

[0006] The current commercial practice is to use advanced process control
applications to automatically adjust the process in response to minor process
disturbances, to rely on human process intervention for moderate to severe
abnormal operations, and to use automatic emergency process shutdown systems
for very severe abnormal operations. The normal practice to notify the console
operator of the start of an abnormal process operation is through “process
alarms”. These alarms are triggered when key process measurements
(temperatures, pressures, flows, levels and compositions) violate predefined
static set of operating ranges. These operating ranges are kept as wide as
possible to avoid false alarms, and to avoid multiple related and repetitive
alarms. Thus, when an alarm occurs, it is often too late for the operator to bring
the process to normal operations without compromising the optimal production

rates.

[0007] Furthermore, more than 600 key process measurements cover the
operation of a typical DCU. Under the conventional Distributed Control System
(DCS) system, the operator must survey this list of sensors and its trends,
compare them with mental knowledge of normal DCU operation, and use their
skill to discover the potential problems. Due to the very large number of sensors
in an operating DCU, abnormalities can be and are easily missed. With the
current DCS based monitoring technology, the only automated detection
assistance an operator has is the DCS alarm system which is based on the
alarming of each sensor when it violates predetermined limits. In any large-

scale complex process such as the DCU, this type of notification is clearly a



the DCU operation along with a display of a log of recent alerts.

[ 0034] Figure 26 shows the conponents of fuzzy |ogic based conti nuous

abnor mal iwg 200mdizem®or . [ 0035] Fi gure 27 shows the fuzzy lPogius2eetosrk for
detecting a | evel controller nonitor problem [0036]Figure 28 shows that
complete drill down for a Furnace Operation problemalong with all the
supporting evidences. [0037] Figure 29 shows the overview display with a red
triangle indicating that the furnace area has a problem It also shows an
al ert message log indicating the exact nature of the problemand a |ist of
the worst actors. [0038]Figure 30 is a gisplay that is shown to the
operator when selecting the red triangl € on Figure 29. This display
indicates to the operator the sub-area of the furnace where the problemis
most | i kelifoii 4d RPachORRL 1AL rIRUDERROPES SlitoGRRidarl B tNE ta0S
i nvol ved in € Furnace nornal operation SEERAPI 6 T h igur )

[ 0040] Fi gptsblem. shie\prdseat Aventiohrroeiddsa mobe effegtivé Rotifigdfien 3d thd t shows
the current tag values and al so the nodel predictions. [0041] Figure 33
shows a neperager ef thedElend i ncl uding the control chart for the worst actor
(first bar) shown in the Pareto chart of Figure 31. [0042] Figure 34 shows

t he hi st oSUMMARS OB THRENAMFRNMIONtyY of the furnace sub-area. This trend

will allow the operator to trace the | ast several WO
2 /12 / US2 / - L : : arill
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abnormal event for the process units of a DCU. The system and method
compare the current operation to various models of normal operation for the
covered units. If the difference between the operation of the unit and the normal
operation indicates an abnormal condition in a process unit, then the cause of the
abnormal condition is determined and relevant information is presented

efficiently to the operator to take corrective actions.

BRIEF DESCRIPTION OF THE DRAWINGS

{0009] Figure 1 shows how the information in the online system flows
through the various transformations, model calculations, fuzzy Petri nets and
consolidation to arrive at a summary trend which indicates the normality /

abnormality of the process areas.

[0010] Figure 2 shows a valve flow plot to the operator as a simple x-y plot.
[0011] Figure 3 shows three-dimensional redundancy expressed as a PCA
model.

[0012] Figure 4 shows a schematic diagram of a fuzzy network setup.

[0013] Figure 5 shows a schematic diagram of the overall process for

developing an abnormal event application.

[0014] Figure 6 shows a schematic diagram of the anatomy of a process

control cascade.



[ 0043] Fi gure 35 shows the Pareto chart for the furnace feed val ves.

[ 0044] Figure 36 shows the X-Y plot for one of the furnace feed valves. This
i s di spl ayedoethiemozhe operator selects one of the val veprohans260romsthe
Pareto chart in Figure 35. [0045] Figure 37 shows the furnace Val ve Fl ow
Monitor fuzzy network [0046] Figure 38 shows an exanpl e of val ve out of
controll able range. [0047]Figure 39 shows the distribution of principal
conponent s during PCA nodel devel opnment. [0048] Figure 40 shows the Alert
Suppr essi on networks used to suppress alerts during known events. DETAILED
DESCRI PTI ON OF THE PREFERRED EMBCDI MENT [ 0049] The present invention is a
met hod to provide early notification of ” abnornmal conditions in sections of
the DCU to the operator using Abnormal Event Detection (AED) technol ogy.

[ 0050] I'n ast ] ni Si: shanshot sed and
provi de om@i%n on?g%@]e?fn%&il'%g?%gsﬁpe{rﬁﬁg d&é&%&lagﬁgléesaquﬁw ?ﬁ%i c to conbi ne
mul ti pl e swifoktibbR dhstaifteon®lolRpNIV@E,ties that contribute to an
operational problemand estimates its probability in real-tinme. This

probabi | i i & pre Qnt.L nuous,.si gnal ~t.0 t he. oper.at of. t hus

removi ng i%)/i@hat t %ﬁgﬁ]r%%agli%\&s étsgéewa? 4‘%%1%539 F@H‘t og'ﬁﬁtﬁ%glf%rSHQSt

al ar m ng- bawdteosf Ohfremequidils. The operator is provided with a set of tools
that all ow conplete investigation and drill down to the root cause of a

probl em f cuseg: i Thi r . n.deponstrated to furnish
t he oper a?%? aﬁth g:dg%tncsg%i%gﬁ%ﬁf&%ﬁélggﬁggﬁimﬂ- - operation that
can be mnutes to hours earlier than the conventional alarmsystem This
early not il99k8k i on Higwre hehope agliagram ofsigmal t7 Beisedatieci si on and t ake
corrective action to avert any escal ation or m shaps. This nmethod has been
successf ulf0g19pp! | Egine 11hshd¥s hohothegprobtpisedyfdmgics candistupeshd he conpl ete
drill down for a Furnace Qperation Problem [0051] The DCU application uses
di ver se sG&arrelatiobefpeenithe copenhvalwes ofitwovineaysementonbi ne i ndi cati ons
from Principal Conponent Analysis (PCA), correlation-based engi neering

nodel s, af0020] evaFiggenkdshéwatsd probabilysdisnitutionvef plockswdatal 0gi ¢
networks. This fuzzy | ogic network aggregates the evidence and i ndicates

t he conbi onfi nt ¢ al .Therefore, the

net wor k ciﬁ&dgt ect %gg%% o%f%%%gﬁlrl]@%t%gi@r&%%ﬁ# é%;ictgﬁg l(Ii ts initial

devel opi ng st ages and provide crucial |ead-tine for the operator to take
conpensat 8992Zr codrigere Ideshews thestwerdinsnsiopal pegreyibadangsnodelrhi s is a
key advantage over the present conmercial practice of nonitoring DCU based
on singl e [6@2Bjor alFigutenks shiews a tihitas yeétemof bW, 0fdle8 Plodftici, ahth Delt®s i n
too late for the operator to mtigate an operational problemdue to the
conpl i cat aessprg datgywihithe hengperied obconstant pperation; pl e al arns coul d f1 ood

t he operator, confusing them and thus hindering rather than aiding in
response. [00DH2] | n RigereplGéleswed topbddinaey disciiginat@sent i nvention divi des

the DCU operation into the follow ng overall nonitors: 1.
Overall F mes i . | ant Operation and
the foll ow ng spe(aigéﬁlieo%%l?onw%rﬁcfvngSCm& va%gﬁgl‘éto%g@rﬁeal th of PID
Control | erﬁ . 4. Operatjons Consistencgy . .

[0026] Figure 18 shows a schematic diagram of operator suppression logic.

[0027] Figure 19 shows a schematic diagram of event suppression logic.

[0028] Figure 20 shows the setting of the duration of event suppression.

[0029] Figure 21 shows the event suppression and the operator suppression

disabling predefined sets of inputs in the PCA model.

[0030] Figure 22 shows how design objectives are expressed in the primary

interfaces used by the operator.

[0031] Figure 23 shows the schematic layout of a DCU.



5. Valve Flow Consistency - 9 - [0053]The overall nonitors carry out
"gross nodel checking" to detect any deviation in the overall operation and
cover a |Iwogeomumiwer of sensors. The special concern NMDRCTAISI00COVEI6 ar eas
with potentially serious concerns and consist of focused nodels for early
detection. In addition to all these nonitors the application provides for
several practical tools such as those dealing with suppression of
notifications generated from normal/routine operational events and
elimnation of false positives due to special cause operations such as drum
switching. A Operator Interface [0054] The operator user interface is a
critical conponent of the systemas it provides the operator with a bird's
eye view of the process. The display is intended to give the operator a

qui ck overngg of [ﬁgu } Eld‘g ahath {: Eh

devel opi ngngﬁzn!or mal i |Ee§s)24?gg§’§]§%@ rlg 2 @hgfgﬂﬁgﬁgpera C'[)}an(%’ ee?ﬁ cte for
t he syst erend¥itewers displayeddon miatitorifg aivd cahirol atthictoperator consoleent i oned
above. This was devel oped to represent the |list of inportant abnormnal

i ndi cat i ongoa® eacly; [ ¢ gﬁﬁ&? f@d 1.t h. the-state
of key se!sg?r’:g] genglggﬁgggﬁ%ﬁépﬁ Ica {Hcs)ﬁgi u@%ﬂ f@%&bééwméég}tlz’%e@%

bel ow) i s ths BCUmpegatiey alangwithradisplaydofalo@ofréceneuRirtsat e a singl e
probability of a problem Based on specific know edge about the normal
oper ati on jgfzfpch j i rk t. ke the
i nput fror% seﬁzor s%%gf%%gwgyﬁhgﬁg’%{%n{esva ug%gq{)%lgq%%ggéﬁlﬁyé&of a
probl em MEbyormality siddewtot.ne conponents of the probability indicator.

[ 0056] Fi g 7 sh a jc netwark for,a controller nopnitor. The green
nodes sho#ﬁé| sub%\ggﬂﬁ %ﬁgh?‘w&tth"c negioperrk fop dgtactingimlevehe fi nal
certai ntycgﬁugllggﬁﬁ;nigd;?rﬁgién@f moni tor problem The estimated probability
of an - 10 - abnormal condition is shown to the operating teamin a

conti nuou nd tq.indicate the conditjon's ogressi on. [0057] Figure 28
shows t hem{')@l et e%dgwfq 5@6&%""@@% Wﬁﬁ]&?edﬂ]rlg{ﬂ‘%ﬁow b Hfé@@ﬁlﬁmgnt he
oper ator gksbletaRgdvitiIPGE SBEbAMEByRIABLEM al ong Wi th continuous

signal indications for all other probfemareas. This display gives the
oper at or ani ficant t age to get an overview of the health of the
process tm@ﬂavi n lg‘éregﬂigﬁo‘f’ggh%?ﬁ nydewdignplay wigh ased triangledndicaginghor e
| por't ant tiat thé FH48E drOFNRPR pROMEm. PRAUIS Mot Bff alelfedsfpd s OX! €NST Ve
coverage, chances of m ssing any event are renote. S0 118 %0 used as a

nor mal i t yindidating the eXifut matire qfithb pbobichy and adivofiie itorst /askes 0.6, the
probl emindicator turns yellow (warning) and Wen the probability reaches

0.9 the i psozt or Iy kS 4l tan ri ses of

Pri nci pal l"‘C!"oz’hm;onent nalsyr/(gfgs %@3})trlrlgg%O%ﬁ%‘ggg§$llé€¥§%gt(gr‘g§§1q§?feﬁﬁPﬁaces
(Heat er s) thenedGamnBlaon Figae P FuThicdisphiy intdicatewtoRGA.opERRoP HRE SFis-atd t S i N
the gas plant gan be conbi.ned buyil d a_single PCA nodel or the major gas
pl ant col ﬂﬁﬂée ﬁﬁﬂa%wg\sﬁ%ﬂm%@ﬁﬁnaam%tme@y PFeUPE. npdel s (e.g. absorber,
debut ani zer). Based on process know edge, we overlap key sensors that are
af fected (303t er abigurg Ieshowsthed Pare@ichmddbstheliags Gimvslvagden dhe FagnaReA

nodel s wag,det erg1 ned based on t,h%éi nteractions of the different processing
units. In abAPeraiion sgepago i higureodO-speci al concern nonitors i nt ended
to watch conditions that could escalate into serious events. The objective
is to det fM40]he pFigirerd2 seowsy thenmmititieatdstfoe tieprgatio Figae U It shiownt

| ead-tine,to act. [0059] Under nornmal operati.ons, the operator executes
sever al rmﬁ?‘}%‘éefa&%wﬁﬂ%ﬂmﬁf%!§°ﬁ%m PFeiglipRs-e changes, decoki ng
operations, cut-down of coker gas to the fluid catalytic cracking unit and
set poi nt [MMds t hEHigureddshovesia ceorehdetailéd tredd ingladirgsitduadmrolrchasnor
sensors ip the PCA and. of.he del,s. Since sych notjfications are redundant
and do not*SgVOEt LT ?Btrl?f'g%ga‘,’mt‘ﬁitgeilpﬁ\‘?%tﬁtq 1gwee Bdni smbuilt-in to
detect their onset and suppress the notifications. This nmechanismis

typi cal | y[M42dgi c Figwer3d shaws theseistaricad triendefahadbhbnnalitywbf the, when

true, wil #ur?lggg gl?l')s-sérga. S’f’hisotfrelﬁ{ \?v_iﬁ %?I%IVJ {heedoprgcai%rstb trace the last several



[ 0060] The operator is infornmed of an inpendi ng probl emthrough the warning
triangles that change color fromgreen to yellow and then to red. The

appl i cat iwo 2po7onik@es t he operator with drill down capabiPCirtus2aoa/06257¢ her
investigate the problemby viewing a |list of prioritized sub problens. This
novel method provides the operator with drill down capabilities to the sub

probl enms. This enables to operator to narrow down the search for the root
cause. Figure 30 shows the result of selecting the red triangle of Figure
29. It indicates that the West Heater (Furnace) Operation has a problem
This assists the operator in isolating_gnd diagnosing the root cause of the
condition so that conpensatory or corrective actions can be taken. Wen the
Par et o-chart icon corresponding to the West Heater is selected, a Pareto
chart i ndpodtileng draithehsistelpohdil il YovaAhiIRthhoQl iV 3 g, 28NSO S
sorted by_their deviations, fromworst to best 1s displaye ad in

Fi gure 313 F application uses the Pareto chart approach quite
extensively to present information to the operator. The sequence of

present at [43]s i nFinoesHiovotierario bhsh Yorga! mﬁg@féeﬁgga%ﬁé&m nor mal

operation. This allows a succinct and concise view process narrowed

down to tfwdegw crtd.gal or 0,t consol e operator can_ nake

i nf or med grebci“zi onspg%%gt333%&‘géé{l}?fﬁé§t318ﬂforlﬂ"§tﬁ Qﬁ‘!}&ﬁ?r@ﬁdé@é‘@% hi s
funct i onalhisyistdisplagéd sHenstheWpesADE QISR HRVERE V f N3 Lo Upon
sel ecting .an |ndividual bar, apcustom p?ot showﬁgg}%gb@gsgﬁ{)&eﬁlgaéﬁé? S
nodel pre?:haé'f?’b 1gWE 3She sensor is created as shown in Fi gure 33. The
operator can also | ook at trends of problem sensors together Using the

"l - rRSY | ew Figia Moot ShaevaR BN RIS nlludle VAl ue
C

and nodel predictions of the sensors in the Pareto chart 0 rgu 31.

Fi gure 35094gys t hg; his i lied, to the ranking of

val ve-fl g[W m)¥1vist or slgg"gg?gcsg%%ﬁen %)Bmh %@Bgéﬁu&é’f ceRtglgbletrapgeerror .
Selectin bar - 12 - in this case generates an X-Y scatter plot of

Fi gure 3%"&’221 sh U 89 slomesrthe slistribution ofgirincipal ddmpondtite duripl t he
bounds ofpmArgBU r L A history of recent abnormality is also

retai ned. The exffe)ﬁ%ég?bfr}%f%nti on is configurable in the system Figure 34
shows theI Hi éf ori cal trgnd of the abnormality of the furnace sub-area. This
trend wi IIPY48] ow ¢ uEh P sheystthe AlgteSuppressien nstwerkal usedablseppreygd t heir

cor r espongésddafihb! imlar to those shown in Figures 31 through 33.
l H‘é‘éﬁwa’%‘j}t? is retained for the first onset of
()

Arasr B A &d ){,the red asterisk in Figure 34, since this is
t he nost ~Fefevan2-ctsRIPTION QFTHE PREFERRED EMBODINMBNTS t he PCA
overal | ggnitors, there are a nunber of special concern nonitors built

usi ng end094%r i ng Thel pteisemsiniveatio he s en&tBYE o rbvided S%Bt?f?‘ﬁd{ | gt he DCU
such as the rraip fr(&c;ti onat or _accumul at or boo?. Ulngeraryi ng eisoeIi {r;r%ni tors
are fuzz@ PSYPe! SRAUHPRS 17 Aegtionsmfithe DG Ustorihke @pebator meinig A babenal -

[ 0063] | NS BeYect e} %k this invention include: 1. The
deconposi tion ofec% Lae}ﬁgﬁjtdwgg%ﬁg ration into 3 Operational Areas:

Fur naces(é ters?{, Main Fractionator, and Gas Plant - for supervision. 2.
The oper& al coRgonirast toralapming iechiques thas avesmapstae dased and si ngl e

alerts 3proifie B edictions qf fhe 200+ sensors. 4.
The abnolr)fral_ ge\gli%tmﬁ ﬁgé%fﬁﬁgwgggng@ggh?gﬁg‘gP§esaﬁ@z¥398’§r’i°z"éﬁnbylet he alerts
based onmépBusnpgiorGye@wyiddnces bf abndhialifés RF8bSributd fo anD E}{F&H
resultin from?srggci al cause/routine operations are suppr essgg O & minate

the fal sEPQRIET SR estimAtesdisprobability ianealdtiaki (Bhis prolodbility Ty mres@@ed

i ndi vi du i s significantly cuts down on the fal se
posi {1 ves SeottghBudeleii B fie ofrBlid s retinging it dhadics e assoriated ngl o
sensor awéthnihegurssnt single sensdredamhingabaed. orfofR8HIEL0 W%ﬁ&ﬁfbrg ovide a
power f ul mqg HP nitor | evel, pressure and other contro ops, i ch
effect cOMWIded Bath aaet afrtpolsthat elawheomplete inwestigafion mntealriil Heoiew by
process ey ' t four,. di fferent abnoyma) process

condi ti ons: E?S%‘Egrﬁﬁggé@%@aﬁﬁeﬁ \%ﬁ?%ﬁ‘%ftgoq' nﬁﬁléé\ﬂp&%a& {‘%S L%Ftﬂ ty instrunent
or cont rd¢monhsteited tofairsish tips Gpﬁﬁﬁoﬁﬁﬂith%dv@ﬁ@éﬂ%a?ﬁih%%ﬁhe%ibge%%ﬁant
control error outside a dead band, and process val ue®staying on e same
side of the set point for a significant length of tinme. 7. The Val ve-fl ow
nodel s provide a powerful way to nonitor flow control |oops, which effect.
control actions and thus can be the source of or be affected by process
upsets. 8. The heuristic engineering relationships nodels provide a
simplified way to easily nonitor critical engineering relationships between
process vari abl es and specific process know edge acquired over years of




[ 00641The application has PCA nodels, engineering relationship nodels and
heuristics to detect abnormal operation in a DCU. The first steps involve
anal yzi ngwoheoriammer ned unit for historical operational ppralsb@m®osThi s
problemidentification step is inportant to define the scope of the
application. [00651The devel opnent of these nodels is described in general
in Appendi x 1. Sonme of the specific concerns around buil ding these nodels
for the DCU are described below. ProblemIdentification 10066] The first
step in the application developnment is to identify a significant problem
which will benefit process operations. Jhe abnormal event detection
application in general can be applied 19" two different classes of problens.
The first is a generic abnormal event application that nonitors an entire

.00ki ng._f b | Th i |
undr od resaiandrteands RiuES A0 oner SeFar thalt R SorREntbbatitafur “any
speci fi ¢ @RpchM™hi® BeNY nodifoatibRg ek idpRl4teR tdvddkedhbornie] edisidard nk an

abnormal €vent to a portion (tags) of the process. Diagnosis of the problem
requires take cokiectivofactinn topaettany encalatignnersmishapss Al meshed has bgpa i s

f d ific, tion. This.t AR id ifi
i agnosi susesTRfy SppEATRI PO dieme'e; FiyBRs oy TS HiaRe Y L
smal | nun@gn R ESSHEBRRI¥eSOberatidd)ProBWm ! equi res a historical data record

of the event. This nodel can be a PCA / PLS nodel or based on sinple
engi neeri rrelagi e. q. nmss/energy-bal ances,. contt ol act.i and
correspo nﬂﬁwa? pr ocz.bg %g(ﬁy(nﬂggjc.at}?ﬁi usey g‘éﬁ%@?\@%é oL sg 8?1%{%?%352%18‘%1
applicati E:E@wléagﬁrta%rorﬁ&neriﬁaicﬁﬁoﬁgmﬁw&&w@@ﬁgonmem_a@rsﬁ @caAy, the

engi neer would thhen rely on their process know edge/ expertise to accurately
- 15 - di comeletionttmscd epgincEyingrmiodglsyand relevanicsensentransfosmation énto

primarily the result aof problenms, Wwth the i.nstrunents and. valves.
[00681Wme1°'FV§6%‘p€%63’ :'%‘cdfe&ylo This Qzgy NEGVEE a_ﬁﬁ’eeg«?ﬁ?ﬁt C VIS on
from sit e;peimapaet thd@dmbisPcyidichabvicofa pbichitial ?fébleﬂfrbf:ﬁe&ffo@bnor mal
events to Justify an abnormal event detection application. In general, an
overly | otheasttivosk eanfdebhzot af preflen twigh higherreeinfidenne gt its iritial daweloping:ss
occurs because: Abnor.H?I eve re o n not recorded and an ed. Only

S t | yz
Chose  t hattagstand BroyifFicssial adcidedios B aRsatitidakn SPTREASSREA o ol
events ar ' by : ORs8y;atd [ deal
W Eh. ¢ hansad T R B s s R A e T he
appl i cat i presshoedmnzovial peadtiegsf monitgtingdPClbbasedd dhsinglosaser ataririag"
abnor mal event n a regular basis (e.g. Mire than 5 ti each ek). 1.
SoA Wodel Bopboaa Risg ston, VmuIcdion BerldmEamesdn toa Jatedlr Repbsasr to
t ransf or ng,:f: i L : ! QRO
i ndependrerﬁll{lggtre %@a@éﬁ?@@%ﬁgﬁ}éﬁ%‘a %%@r@hﬁ&%’g%}t %l{dgih are 1|'e| ﬁgar
conbi nat i DEU & (bhenudtipls alakms aoubbflesd the opemtor eonfispg vecmtanak thuke
under | yi ng, process has.  a nupber, of de%rees of freedom which represent the
specific therdhan @iding i re$pANSGence the process. These different
i ndependent effects show up in the process data as process variation.
Process v§g032]i on Dathdpreferetd embddintentthe proseng ésyergiorhdinddéscibe DETLE
changes, or unjntentional disturbances, such as anbi ent tenperature
vari at i.onoperatipg intq ‘&l gARverell BNt s ponent captures a uni que portion
of the process variability caused by these different independent influences
on the process. The Ipr OheragldFucnagesr@peratiane extracted in the order of
decreasi ng process variation. Each subsequent principal conponent captures

a smal ler portion ofy t aRrof BasPRAEODeYRIdRDI | ity. The major principal
conmponent s shoul d represent significant underlying sources of process

variation. As an exanple, the first pri.nci pal conponent often represents
t he effec?neﬁh?g%lgo‘i" ZeSRAC, MG&%E@W@F& is usually the largest single
source of process changes.

3. Health of PID Controllers

4. Operations Consistency

5. Valve Flow Consistency



[0071] The application is based on a Principal Conponent Analysis, PCA, of
the process, which creates an enpirical nodel of "nornmal operations”. The
process oWVokwedidiong PCA nodel s is described in detail i rCThES2080095060

"Devel opi ng PCA Model s for AED' in Appendix 1. The following wll discuss

t he special considerations that are necessary to apply PCA toward creating
an abnornmal event detection application for a DCU. DCU PCA Mbdel

Devel opnent [0072] The application has PCA nodels covering the furnaces area
(HEATER- PCA) and light ends towers (GASPLANT-PCA). This allows extensive
coverage of the overall DCU operation apd early alerts. [0073] The PCA nodel
devel opnent conprises of the followi ng Steps: 1) Input Data and Operating
Range Sel ection 2) Historical data collection and pre-processing 3) Data

and Proce al ys 4 t T ni ng
6) Model 60 rne*n:ﬁl © Véﬁ“%%%%%&%éﬁgréﬁﬁ%pﬁogg? gﬁ&é“g% H‘S%%EP%J)‘;‘

bui I di ng B@O\ldmeih&haro&fedaﬁ@pe@ﬁ@nlahd&ﬁv@'m&ﬁg‘é hamber 0€08eRRs UThePCA Model
Desi gn" under section "Devel opi ng PCA Mddel s for AED' in Appendi x 1 These

steps conspeeial eondean somitery covep prcaswith peferdially| piasstconSErSaIlCA nodel s

data-d I d t
ormai - opePavoR RRESeAIedq slrertlrARleslitn: tmalRielinf AT ik B0 129
start w t fh@apslicatipgivviasiefor seheral b?acﬁib@!? aﬁﬂk YRLY ab BRI \ealinatwitRdel ' s
fidelity. Thi's requires observing how the nodel conpares to the actual

process opguppression csfnmtrfécatmsmmgrathé frmdeiormaye@um operationbkevands i ons.
The st b ut .
Soleot | onaRAGIERIRGoH 1R EE RF RS dye o scis R ot BPotiona sueh 25 faf e,

start vvittgwatcch yrehensive list of all the tags in the concerned areas. The
process of selec ing measurenents and variables is outlined in subsection

Il "lnput Datg an Q rtat' ng Range Sel ection” under the section "Devel opi ng
PCA Model $A“f or, dix 1. Any neasurenents that were known to be
unreliable or exhibit erratic behavior should be renoved fromthe |ist.

Addi t i onall0084ks ur enlde oparatastusen intgrfpeﬁa ior meiﬁcalsmrgpanen&ceﬁtaﬁsvetem esddur e
once the init.i.al Hi stP{Wca Dat oIle tion and

Pre-Proc e?§?¥.‘8ef (%ei%fﬁ@g%r ‘gf)tf‘r‘?gob gso%'(f W5de? ROFhT WO o equi res
a traini ngndated $6tiws tHéOcSp'@hto@ RequAtk dvervidW &f D@i@oﬁ@iatﬁﬁﬁldrﬁfl indiiag@ the

normal operating range i ncl ude normal operating data
the probability of any developmg abnormalities.

[0055] Figure 25 shows the operator interface for the system. The interface
consists of the abnormality monitors mentioned above. This was developed to
represent the list of important abnormal indications in each operation area.
Comparing model results with the state of key sensors generates abnormal
indications. Fuzzy logic (described below) 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 take the input from sensors and model residuals to evaluate the
probability of a problem. Figure 26 shows the components of the probability

indicator.

[0056] Figure 27 shows a logic network for a controller monitor. The green
nodes show the sub problems that combine together to determine the final

certainty of a level controller monitor problem. The estimated probability of an



[0077] Because it is very rare to have a conplete record of the abnornal
event history at a site, historical data can only be used as a starting
poi nt forwoneatizmg2t he trai ning data set. Qperati ng recectasSsuaoeEse
Qperator | ogs, Operator - 18 - Change Journals, Alarm Journals, Instrunent
Mai nt enance records provide a partial record of the abnormal process

hi story. The process of data collection is el aborated upon in subsection
1l "Historical Data collection" under the section "Devel opi ng PCA Mdel s
for AED' in Appendix |I. [0078]1n the case of the DCU, the historical data
spanned 1.5 years of operation to cover(foth summer and w nter periods.
Wth one-m nute averaged data, the nuﬁbg “of time stanped val ues turns out
to be around 750, 000+ for each tag..In order to nake the data-set nore
ranageabl . Tl ar o . . i ng
Tudonont antoi, crditioh & R0 IREEbLUAE BLARTL M RAAEF "hou
250, 000+ mpadicate thecoaditivréepssyressibhs al | owed the representative behavi or
to be captured by the PCA nodels. [0079]Basic statistics such as average,
m max an ndar g A L det er m ne
t he ext engoﬁﬂvari g? g‘?ﬁ/ﬁ\%@&ﬁ%ﬁ‘?%%%@%@?ﬁ@ﬁ%ﬁ#& I:L&ﬁ%%?gtgop?g?rgfi ng | ogs
wer e examPigsret29 sy thedoperatardisplas b futhacerbpetativn \Wrobleuh alohgwith

shut downs or abnormal operations, Each candi date nmeasurenent was

scrut i ni z&antipuens sgpphadigatiansifoselraber pblemargas. ohhisdisplaytgisenthey dat a

the hi st oPPeak S S e )it RS SRS DO BB biSBahE ons
and per i otsarvhavingaoicheok ithe sRnaDDEAH sepB6F Ridividnallyhavidad Empbithnthy, it
identified abnormal operations will be the prelimnary training data set

used for BHRS the operaprmeace{afoBidnbe todécexrpsiveiconsragey shaneas ofade t he

first rou 2 d il&. ..Sinee this is.Qoi tQ he a ver ough
nodel the(‘il"‘g%%%i(g:{A a%&rﬁ?ee P I %Pe g‘%’ﬁ% p%? ltcls r?%soonlésfﬁ sas(ﬂmggwﬁglcﬁ%%tgf'ng\é%é not
i mpor t ant thd picbablidty! 6 dshormality eeddhl 080 thE problent! (HEEatoR dsthis 8/BHIdvG

included in the nodel. The nunber of PCs should ultimately match the nunber

of degr ee§wamingpaadivhen theprebabilify reaches d.9 theyingieator Mrgsired ferthsual | y
known since this includes all the different sources of process

di st ur banqeess]Ther 41as enveatRinatorfipAEG OPHREPAL € ohfporitait LI NsiB PO many
princi pal components to include. Also at this stage the statistical

approach teodeds fappeersbglaress ehbumacee (ldsatgrs)ang @asPlanta Hagh| Baynaee uni t

brel i m nafd Reai PS4 adRe o B B8 LAl SRS B kPR G a, o1
the nodel sinBlePEA niGddlrithe In4i6e ehsl phtit @AIhAS dah BeSepariied ttebud abnor mal
event was occurring at the tine. ?f Fhi S is judged to Ee the case, then

t hese ti mytipieoBEAs madels .goatsorberadgbutanizer).nBased on pracses kaovdedae,

events occurring. Jhese ti erio ul d be excluded fro he training
Gata set aifeyHitin BagReost Bad orp Ao by e Praefiationt B Pyt Batdey
creating beaitfiRfagd of tHePCAIdIRE Way dbRIMIFEBbARY BN BicrababYSbS | S
outlined in Section IV "Data & Process Anal ysis" under the section

" Devel opi itlhe @fferrbtipracessingAmits. i In atjclitéonl there ar¢ ainunbenelizpecial sencom

[ 0083] The nodel devel.o nt .sgrat iS,.to start with a very rou nodel
(the consduneiws Brngel{Edtatsh Bndtanshelertificsodlats it Rfitel S¥fibsnodel o
gat her a Ifpgholjbative ik for ddtbét e §bBlehY carffbh s@ahat the dpfveatodh@ad to inprove
t he nodel, whicCh is then used t0 continue to gather better quality training

dat a. Thi sufficieetleaidimegeactd until the nodel is satisfactory. [0084] Once
the specific nmeasurenents have been sel ected and the training

[0059] Under normal operations, the operator executes several routine
actions such as fuel gas feed rate changes, decoking operations, cut-down of
coker gas to the fluid catalytic cracking unit and set point moves that could
produce short-lived high residuals in some sensors in the PCA and other models.
Since such notifications are redundant and do not give new information, this

invention has mechanism built-in to detect their onset and suppress the



data set has been built, the nodel can be built quickly using standard
statistical tools. An exanple of such a program show ng the percent

vari ance wepbawedoby each princi pal conmponent is shown POTRiSgu7®085% The
nodel buil ding process is described in Section V "Mddel Creation” under the
section "Devel opi ng PCA Mddels for AED' in Appendix 1. - 20 - Model
Testing and Tuning [0085]Once the initial nodel has been created, it needs
to be enhanced by creating a new training data set. This is done by using
the nodel to nonitor the process. Once the nodel indicates a potenti al
abnornmal situation, the engineer should . nvestigate and classify the
process situation. The engineer will fi'nd three different situations,

ei ther some special process operation is occurring, an actual abnornal
situation_is.occurripg, or .the process is nornmal and, it.is a false

ndi cat | oROUB SRR ES riechaiyh S typieplty, g ORi metY ok yuith 3126 pT sg¥ise)

di stri but ;QnyitiGAS SRR When (+i& WHRBRIEsSA 81 6 preadpedid@thafelset ting the

trigger for detecting an abnornal event fromthe variability of the

resi dual shoyl d not be.used. lnstead the tri L _point needs to be
set enpir ly bait‘ﬁ OPFEARD LY ﬂ'@@eq\n‘)&ﬁndg}ﬁﬁdmgegﬁg’dﬁﬁ. tlhgé"léh VI " Model
Testing %Egg?g&ﬂr'iaﬂg% thhtéhaiRetd26r 1BRY Bl oG difety hd then t@fed EPhei N

Appendi x 1 ribes the Model” testing and enhancenment procedure. DCU PCA
Model  Dephpplieation] 98 deSubeepetator seifh driltedawo tapatblionta fnthrrdoyestigate

requires (Js) nati on of, accurate nodel s, we designed user j.nterface
and pr ope&’etl?rirgg Lbé’oY‘ﬁi”ér.‘g?ﬁ@t@é‘tpﬂqrﬁbze&%@eﬂﬁf’:bk%?' gg’b? BQY%gmﬁé&dﬁodel i's
descri bed 4 ' Rearbdsha it{gal ' j Mopigiss for
AED 11 A B B e 8 L R PP esT
det er mi neehdtdes td opsravactessarywtdowmpheoseardn fonthetrioot aaaksl. FigHire B@r t he

process conditions have. changed or the nodel_.is proyidjng.a_ fals

i ndi cat i oFhOW$, ﬂ%%rf‘éugxﬂsfrﬁe?eqtﬂ’@ ‘E’F&Fﬂi@i@“@’%t%? Rignke. 294 g{ B@‘%@i@?@?é‘&e Wi t h
addi tiona Qg}rﬁ i el effuiei e 4i8r @bt ai ned.
The tri gggyp%g?%tiér an %@gg%gﬁﬁgﬁgd usibrllglﬁt r;!;}hgaalrgrg\s*lgéri;utlﬁeslH I%l% tlr.lunb

ment i onedisplatingand diagnoRing tHeQ@8o panse ofithe cowalitiom so tihajeronapiatatary| or

represents procgess Qperations _sho be._r ved fromthe trainin ata set.
|f a part FEUPEHVE EAORY caspe g}l;egn%eﬁz&hp @g@tp-%rhgsomesaopdﬁ from

t hat operatd : s [TRI. O bg il Fon, the
trai ni g % O SR T 18 SelcRHRE BrPartly Bhark i Rin IR RSN AR PbF h00) The
DCU PCA nabgbrmility)) of devidtingsensots surtexkby dicinboviations, fragswowdtitofbestis t hen
refined to about 300 tags., The Heater-PCA nodels include about 60 tags
each. Theisaisplaygdiasphawibmeliguse Bldes about 100 tags and covers the
sections downstream of the main fractionator involved in the recovery -
conpr esso[6806Hbsor e appdicdtbntises ties Péasfetg chart 2pproakhequite extensively e

Heat er PCA nodel s are shown in Appendix 2A and the Gas Pl ant;PCA nodel is
descr i bed Presenppefeamatiop to the gpesaton; hhe spanenos Rl resapRoR ISl i ng Mdel s
Devel opne T i [ i ehatd O, ed
model o 1 oRseisA g GiaE BF ISR A TR T BRTROTA el TR MoNEae | e
descri pti gicéihcband dongseniiw efthe proveds harrosvedodovnwo dhe ficke critisahbhd

Engi neering Model s for AED' section in Appendix 1. .
actors so the console operator can make informed decisions about course of

action. Figure 31 demonstrated this functionality through a list of sensors
organized in a Pareto chart. Upon selecting an individual bar, a custom plot
showiné the tag trend versus model prediction for the sensor is created as shown
in Figure 33. The operator can also look at trends of problem sensors together
using the "multi-trend view". For instance, Figure 32 shows the trends of the
value and model predictions of the sensors in the Pareto chart of Figure 31. ‘
Figure 35 shows the same concept this time applied to the ranking of valve-flow

monitors based on the normalized-projection-deviation error. Selecting the bar



[ 0092] The engi neering nodel requirenents for the DCU application were
determ ned by: perform ng an engi neering evaluation of historical process
dat a and woteonizews Wi th consol e operators and equi pnentCsaseealodsvrs. The
engi neering evaluation included areas of critical concern and worst case
scenarios for DCU operation. To address the conclusions fromthe

engi neeri ng assessnent, the follow ng engi neering nodels were devel oped for
the DCU AED application: Critical Level and Pressure PD Control Loops
Monitor Process Consistency Monitors - 22 - |. Heater Pass Flow Materi al
Bal ance Monitor 2. Main Fractionator Fllcbodi ng Monitor 3. Main Fractionator
Over head Accumul ator to Flare Mnitor “4.“ Debut ani zer Bottons Fl oodi ng
Monitor 5. Main Fractionator Overhead Accunul ator Tenperature Mbonitor 6.

Cat Slurr .l .and_ S El nLtor | ow. - L nsi.stency
Voni tor [ B8kt AT BESTRAS Aot otk plok of Migurfe el Sios s E0H3RE o

| oops. ThgperatienGsuiht R theQstitteR! ¢F the boufts dfnormhal epération. Alinistere ol
abnornmal process conditions: Frozen process val ue ich is indicative of a

faul ty i neecentrabmomnalityris adso reiighily Therexdent ¢f séengion s eanfigarableindbeon of
significant ,contt.ol error outside a.dead ban and progess val staying on
the same. SeiERyFidne 34 ShoBl b Ml Brcq Gend B i MndtpiRS o s £k Ui ng
par amet er sypaded. MTRESEEE Wikalld® 81 dpttatd?as erdcelthe tastdevean ?r@il@nﬁ;et based
on historical and statistical analysi's of normal operations Tor a period of

at | east andtieinsorespendingalrill dewas similanto thespshawa iprlgurrsB 1 threpghndi x
3A. [0094]Prqcess nsi stency.\Mbnitors .are.chec hat t consol.e gper at or
woul d ot hés\/\nﬁgg“ﬁé%Wﬁ%ﬁéé“%ﬁ%@ﬁiﬁlﬂ?gg?lbt@’ffgrsi,')?ﬂ%‘?tio AP0 iﬁéSﬁsol e
operator kiifishied s thel e hstdrisk ihmigamkd,sSiﬁ@éimiyﬁg e PREEFRERING sAkBshot
captured in these ' consistency checks. In the initial inplenentation 6 such

checks hav€abeemmalityl uded. Details follow and are al so provided i n Appendi x
3B. WD 2007/ 124002PCT/ US2007/ 009576 - 23 - and conpares it to the total

pass flowe®z - | fin hB8RRPILHTPOASHWErEN imbhitdiS, fRNE atd'@Ruhitedlof that at
| east one of the flow nmeters is erroneous. [_0096] Mai n Fractionator Flooding

Moni t or nepédial concemp ancnitors duilt using engineering relationships. Jdese aoven he
bottom of t.he col um ha | osg ta each qther. Jf these.,tenperatures
are suffi GHBRE| STEPBISEt ihth EIGID SPEh h g B1AtD FagToPAIRS ARG P 088 PR n
Fracti onajderahd aadcAa6HTIYIHAre Tk sy TSt SMbitOthatBBhdaiSa biHgleOnsi st ency
bet ween two préssures in the overhedad vapor line, oné is the flare |ine

pressur e, ahnormalétyotigeal.i s t he pressure in the conpressor |ine.
| nconsi stency between these two could result in an undesirabl e hydrocarbon

rel ease. [0063] In summary, the advantages of this invention include:

1. The decomposition of the entire DCU operation into 3
Operational Areas: Furnaces (Heaters), Main Fractionator, and

Gas Plant - for supervision.

2. The operational condition of the entire DCU is summarized into

5 single alerts

3. The PCA models provide model predictions of the 200+

Sensors.

4. The abnormal deviations of these 200+ sensors are summarized
by the alerts based on the Sum of Square Error of the PCA

models



[ 0098] Debut ani zer Bottons Fl ooding Monitor nonitors the difference between
t he debut ani zer bottons and the reboiler inlet tenperatures. If this

di ff erencwoi2sotes®2t han a specific threshold while the #elbatsasnrness7dott ons
tenperature is greater than a specified maxi mum then that is indicative of
fl oodi ng. [0099] Mai n Fractionator Overhead Accunul ator Tenperature Monitor
nonitors two tenperatures in the overhead vapor line, with one of them used
to control the fractionator reflux flow Inconsistency between these
tenperatures could result undesirable fractionation in the colum.
1001001Cat Slurry Gl (CSO and Steam Fl.ow Monitor nonitors the sum of the
CSO and velocity steamflows. If theré ¥ no flowin this line, then it is
possible to plug the line. This will result in inproper plugging of the
drum at the begi nning0f f{he coking cycle,. which, in.turn can affect the
type of coke pr oduéedEg’r?Bgt ’F?é“@m% ﬂﬂﬁyﬁﬁaedd%lkceaiusewtme oPefations aré

2007/ 124002PCT/ US20075(88reE8ed &telimimate the IS positRds! Teetdnmindual the
flow. These are powerful checks as the condition of the control |oops are

bei ng directly nonitodémensionhlitypreshistion from M Heindigiduahtagsdo atfeav f 1 ow i s
obtained fromhistorical data,by fitti coefficient,s t he .val ve curve
equation (assunmed to B@%Fk&?@h ‘Eﬂbtléqa"(%& cﬁﬁ? QBW%'}.E*“? f?(if%BosleV? age-
application, 22 flow We%&%oﬁbﬁﬂg%@?éa%}ﬁ%ﬁréﬂ?gﬁie%o%Qhé'§M@1@Ped- An
exanple is shown in Figure 36 for a heater feed val've. This valve is

cruci al in maintai ni ngehswr aamirgpissul imapakgantnpenar.ure to avoid any tube
coking. If allowed to develop, tube coking could bring the entire unit down
and can result in gevefipd pip Mbﬂﬁog%rlo%[d% Qg,pwegﬂg)cﬂq{?)pfb hidn§tes levidle details

of the valve flow nodels are given i'n Appendi x 3C. time-varying drift
termwas added to the pressaire end iotherecandral dapps; svhighfedfect cngtrobactienensor

drift. The operator can ,also request a rese ft drift termafter a
sensor recalibration @Pd\bhﬂﬁ canﬁﬁﬁﬁaﬁ"uﬁfﬁg%’é(’fa%ﬁ : eﬁtﬁg_bé'e%tr?%ffem% r
closed. This modifi catprpidomifods dbleRVVrsint difRiéit dbndrinal ﬁ?dﬁésycbﬂﬁftib‘fﬂg the

robustness for inplenentation within an online detection algorithm
[ 0010211 n addi ti on t o Rrbeew ptoces§ valuenwtiadh isiindixative aftacfaaltysdnstmumddt t i onal
check to notify the operator inighgg eyent that a control val.ve is beyond

control | abl e range usiOfFoRkiokdh YAARIPTOLESH Yalus.AcougRUatgR Rf; e

conponents of the fuz edm?% } wn in
Fi gure 38. DCU Engi neé?%lﬂgtcﬁggg?ﬂ&lp oyn%ﬁ?ﬁ{eo%%égbrﬁz&pro edgﬁééss}'%{r]e

i npl enenti ng the engi néying@nnthdeshmensitibiofl tWEREt point fari aybighificmt dengthr t he
nodel s which identify sfpeci fic known types of behavior within the unit

(e.g. Main Fractionat & tHNGodi ng) the trigger points for notification were
determ ned fromthe statistical analysis of historical data in conbination
wi t h consol e oper atior ThypValve=flowt hedetspravide a pawerfidelsy {@nmpnifdrdldwal ve

position nodels), the trigger points, f notification we initially

derived fromthe st and’&’n“&'cgi@‘i’%%i CBP(%{Q%C%H@ a‘?"&r}soqfﬁ{t.%“ﬁ&lantbﬁet irst

several WD 2007/ 1240Q20¢d wgpgglﬁ@i%%@@bpy ﬁgbdesmgts&i of operation, known
t he ope

AED i ndications were reviewed W ator t0 ensure that the trigger
poi nts were appropriate and nodified as necessary. Section " | oyi ng PCA
Model s and Sinple Bngi ?w&t%wlge?ng@ﬁlopﬂ%ﬂﬁﬁ% 15 Py ‘GDag@ri bes

details of engineering; nﬂ&ﬁt%? G EenSHlebah
ci rcunst ances, the va%&%pﬁﬁg%qg%S%§$?%s cou ?proviﬁ% tehe gperator W th
redundant noti fi cati onreldviodshipsupgivesaiprocesas/aziabléseahd spechfic padaess/ f | ow

di agnostics to provide the qperatoy with a single alert to a proplemwith a
val ve/ fl ow pair. For iavElsdge agapred OVREYSHH A ORSEALON.| HfkE Pl@t"tlr?atch

with the total ! ow MANSAHE R 1alBhOhiD BRRLE o'ty i laniBe i iHed

tol erance, the pass flow valves w e activated.
bottom section of the fractionator column to determine if the

column is flooding.



C. AED Additional Tools [00105]In order to facilitate snooth daily AED
operation, various tools are provided to help maintain AED nodels and
accomodawve wealz4@encer ns. Event suppressi on/ Tags Di sablpcmgisp@on0Bydhe
operator typically nmakes nany noves (e.g., set point changes, tags under
mai nt enance, decokes etc.) and other process changes in routine daily
operations. In order to suppress such known events beforehand, the system
provi des for event suppression. \Wenever set point noves are inplenented,
the step changes in the corresponding PV and other related tags m ght
generate notifications. In practice if_jhe AED nodels are not already aware
of such changes, the result can be an abnormality signal. To suppress this,
fuzzy net uses the condition check and the |ist of nodels to be suppressed

as shown i@ ﬁb@#@l@gﬂfént'ﬂl@mglo% eHRbf AED %@gnﬁ #};I:P%@ﬂde! s, valve flow
nodel s and fuzzy nets can be tenp Ty fied tine
periods b oper@ator and..reacti ed ysjing a condition-based al gorithm
Al so, in i%é:é::ﬁcase , eaapgiwppg{} Iﬁéé‘élﬂ"B#ﬁ]llsi g“t“?‘@ﬁ%‘i‘f’%&?‘i*‘&‘ﬁ“? ipemgdClss hour s
i s used t an@hevEiRticORSHSHE! SbridratalfPedidn i¥a NCUS APk  in¥B1v

Al ternative Solutions May Be BetterdbE Correct?ve ggﬁ)%gﬁtgteeselgég%‘gd events
[00107] | f apakyzing the eoncepprshunit fophistdrical operatiemal iptebiends. eThistprobléen el oper
should confirmthat thetre.is not a ter way to _solve the problem 1In
parti cul a?éetnr'igllc L0 S 1 %W@tﬁﬁ%ge%‘}?e&PéFPBG\Pﬁéh%ﬂWtw-or e trying to
buil d an abnormal event detection application. Can the problem be

per manent [§063]x ed? Tt development efthexe siaddie isadeseribetidn pensmiirl  have not

had suffi gient ,ti 0 _inyestigatge and pernmanent|y, sol ve the problem Once
t he atten%pé)ﬁngfx ?ﬁgoé?ﬁﬁﬁﬁkeﬁ 10 SORE §é‘6°‘b‘?4i L’H’éa sermadelefordhent
sol uti on DxoUfdredel&ribel bdldhe 1S the best approach. Can the probl em be

directly neasured? A nore reliable way to detect a problemis to install

sensors t rt ganrﬁi rﬁig.tI* neasure the problemin the process. This can al so
be used t &SP IHepFNCAtion o m t hr ough a process control application. This

is th best ; ‘| | . d I d
i chovi | esur o ‘TheUanAep in AP aPPLAE APt ctPoaR S EIBRYE, oot il

measur enesignificant\problerh,oskichelill bersfit process eprations. Theibnobmal svedtf t he
dat a exi st;s, whi ch can used to reliably neasure the approach to the

) ) .
pr obl em cOFtEEHPBRPP .Cﬁt.‘oe? Fheensrabsen S appligg tadnodipteserfiglassesofi s can t hen

be used t nl : . i Ld b but al so. as the base

for 'a conPrfienll | he BRELS o $REHE 4BBHHE! Licth BRLRAdod asdnBRiPR Tri s s
t he t hi r detiist prappssoaeh.lodking foe lank \ubnbriat ecéﬁtomﬁwy%@wm%é sERerlipt

Repl ace t rm System [ 001081Whenever a process probl em occurs quickly,

e A

the al ar g%'iegrﬁlmqremé » DUy dpae NPt Fgudte abistenied irgcerd efanghspacific event
det ecti on gphl) [ QL= = uepgce of .events . (£.9. The order in

whi ch measur errezﬂt %&%ﬁ%ﬁéﬁ%ﬁ?&%%gom getfé:g?ﬁ?(l ghormder of the
al arms f oevértltpiangortion (@A) dfthe Pro@Res DihBRodisd vf the pribleROTHules ity shoul d
be investigated once the appljcation is on-line. [00109] However, abnor mal
event det 8¢ iQﬁfhﬁﬂﬂeF%thpbﬁQgWﬁr-gi ve the operator advanced warni ng when
abnormal events develop slowy (longer than 15 minutes). These applications

are sensi [0067]t o aThbaegend typeie foahiql on afspebididddiistatl dpepatic. "Ehist han
requiring a | a,r?e excursion by a single variable. Consequently alarns can

be avoi deyPeWilt ppovdde aspsgiicedingresis eage the pbgomaalityds aleteated h ¥ oper at or
wh th . | ti i t t f et
o aris) . DRICGARIRGS: GG ShaT botiR of MBS ALk 2P, pREtecbitS 707 n

addi ti on histgricul ddes Faviord of tieesras eTHiE Mbdelivanbeos PEA 2PEIS nidde] HED system

al so isol ates the deviant sensors for the operator to investigate the
event. ThPasedomsigppleicangingering eqreclatinns (o ei mgss/energyobalances, sentrohave

h d i1 Ly _iRfeasi b ' | |
onl e, TREIOREERE Sottedndihe pTediT Matet) AR dotulBol BV S et RGN ¢ on
to the opspplictionsdhloriedto togider:ttensive Wovalagy. (TS bpéaté b tieent | y and

effectively., .
engineer would then rely on their process knowledge/expertise to accurately



-28 - APPENDI X 1 [00111] Events and di sturbances of various nmagnitudes are
constantly affecting process operations. Mst of the tinme these events and
di st ur barwexoawe4tandl ed by the process control system PHOWS2@E7/0045h€
operator is required to make an unpl anned intervention in the process

oper ati ons whenever the process control system cannot adequately handl e the
process event. We define this situation as an abnormal operation and the
cause defined as an abnornmal event. [00112] A net hodol ogy and system has
been devel oped to create and to deploy on-line, sets of nodels, which are
used to detect abnormal operations and Belp the operator isolate the

| ocation of the root cause. In a preféﬂ ed enbodi nrent, the nodel s enpl oy
princi pal conponent analysis (PCA). These sets of npdels are conposed of

or et pa CIogRpE Erc A ISP BoRpShBheS AR Soet o bE Rl BRI o0
patterns 5%b%§wimmiﬂsﬁhﬁ{@ﬁg 87d vilRlegbases. The results fromthese
many nodel ‘cal cul ations are conbined into a small nunber of summary tine

trends th | ow {Re process ;operator tQ il Ll Qr her the
process i@togmeri n SRS Bﬁ?i’ﬁ%ﬁl'r 8&5%?%9§§?€%8{1ﬁ§%§ ws how t he
i nf or mat | PihreBsibh FrOAl ik er¥SifiNthataterd Wolldhot bE a\saffieleat humbet of mat i ons,
nmodel cal cul ations, fuzzy Petri nets and consolidations to arrive at a
sumary talgramehievbnisridijustifsan abnemnatedvieny detegtnoapplications In genenabcess
areas. The heart . of this systemi.s the various ,odels ed.ta nitor the
mor rai ¢ vk PVt I sstiptaeg YEHGH rgbority Fhnsiiel BerehpliERCudetfised  n
this i nvegtdRobaéfusent ended to broadly nonitor continuous refining and
chem cal processes and to rapidly detect devel opi ng equi pnent and process
problens. The intent is to provide bl anket nonitoring of all the process
equi pnent and pr ocAbsonpel evémnareiofien noheespdad ahdranshoedi Dhlytthosé a
particul ar consol e operator, post. This can invo|ve. na

2007/ 124002PCT/ uszﬁmﬁeb%%ﬂlf?wt]mﬁ&f 8re Fé?k‘?d ard BP%HEX\? cal process
operating units (e.g. distillation towers, reactors, conpressors, heat

exchange trains, etg. I : (o)

measur enents. The %%H%’Fg\ré?hg&ftgwdggﬁéﬂ?ﬁ gdggpégéﬁ%%ﬁ?e\?\ﬂ?@?ﬂgg%l op
on a mnutes to hogpératoritizadindth eenvdaidged to | ong term performance
degradati on. The process and equi pnent problens do not need to be specified
beforehand. This is in contrast to the use of PCA nodels cited in the

| i t er at ur Unigssdherzris astegularly mpeating @bvormal eyensi thecapnlisatioarshopldbcess
probl em and to cover a nuch snmal L.er portion pof th [ OCESS erations.
001151 TobSHe AHBrES R oW ot of fe Proressi g’ ABnSieal S Shdvel oprrent
and depl Oi'ég%'i‘ér BdEd (€S MortURaR"S GineS4eh wekgnsi ons required for their

application to contintuous refining and chem cal processes including:

criteria Lorﬁﬁgigzg ng the equi pnment scope of the PCA nodels criteria
S

and net ho ng, analyzing, and transform ng nmeasurenent inputs
devel obing of nultivariate statistical nodels based on a variation of

pri nci pal [(69onenThad@Agnodels arddvechept of tho DS AEDe PGA wangfpems
engi neeri rel ationships.restrycturing,the assaciated statisti. i ndi ces
o1 ot oces U APERER Vi idie mif e o o iRl s dep it FhHEtles
cont i NUOUS, 1Y PHABIPAP ¢RImpHiskaits mc? Viiol afd BAYarR@Ihbinatiohs bf thabAERTAt
nodel indices as normal or abnorma usi ng fuzzy Petri nets to conbine
mul tipl e waiablesuliphassbéent observedithiat thonndenlying process yas annoder off of
normal i t ydégraegg %%%raéeld% I;v licK'r prrgge%ﬁhg gggciﬁc independent effects that

influence the process. These different independent effects show up in the

process data as process variation. Process variation can be due to intentional

changes, such as feed rate changes, or unintentional disturbances, such as

ambient temperature variation.



- 30 - design of operator interactions with the nodels and fuzzy Petri
nets to reflect operations and mai ntenance activities [00116] These

ext ensi onsOoan@/newessary to handl e the characteristics eCTAs2E07/00506
refining and chem cal plant operations and the correspondi ng data
characteristics so that PCA and sinple engi neering nodels can be used
effectively. These extensions provide the advantage of preventing many of
the Type | and Type Il errors and qui cker indications of abnormal events.
[00117] This section will not provide a general background to PCA. For that,
readers should refer to a standard textpook such as E. Jackson's "A User's
Quide to Principal Conponent Analysis“'vgj [ 00118] The cl assical PCA

techni que nakes the follow ng statistical assunptions all of which are

vi ol at ed me degree by.the data generated from nornpml conti nuous
VLBl e L s B4R Gritina) dotaeshe SaRRIren e Inidue R LS le Flocess

st ati onar yai:biS; ?éﬁﬂlg??’ i : W VR i r

correl atig%h%]?rltl)irrﬂ%%\g‘érl a ggésiégﬁ ﬁeﬁéergrlﬁg er t te ranegr{ed'e g?) nn%?r?g{g@%sgbﬁges
oper at i onprificipal coagmnentssarerextcheted/ar theldrdsr of decrehsiakl processeyariadiont . 4.

The covarjance trix of, the process variables is _not degenerate (i.e.
posi tive E@rhsybigquenbpringipalcempangnh FAPWIES) %HmaQSE)PBHW‘thmP‘mthe

t dard i ical i s i i - B
o o (uBLenE YaARLUTP IBAARARE it BarRh ol Bh bl AR, st d
for this badadyingesdurcesust process Vadatici.i Al atsexdmplee thofiedt)princddal- 7. Al

vari abl es have sone_degree of cros%bcorrel ation. 8. The data have a
mul ti vari SP@PeseRhPiten seprepents dhe pHigehof esddatrehanaps sinee; thes isdiswallyon,

anal ysi s a@la}é@&g%%ﬁl%n&spljo@ggga} sl he subsequent in building the

PCA nodel , vartous are nade st o eval uate and conpensate for the
degree of violatio [ 00120].0nce, t hese PCA, mdel s are deployed.on-line the
model cal &Q\ﬂﬁ]i ons qwi@a pBds basedqp @ rﬂ%pﬁlrée@g%qmggﬁ@a sé%%%\ri’eé{\he

ef fect of 1 i nrﬁﬁf ietr L e Ll ed or
"bad acti r(l)gt |ﬁ%°3%§%’%%%ﬂgl‘?§%vegﬁg 0 ?%t% gr oegérvgsgﬁéf%:%hgaﬁéedgrgﬁ% he

pr opagat i grodss af baldirig PCougiicldiz doseribed iaddtdibirathiewvetiondDevel @sihgr e

the calculations once the process has returned to normal . [00121] Use of PCA
nodel s i sP&uppledelsfeaARD's impippendiuhddheyfollesdrg wikkdisenss thgspacigh known

. : . . ) dur | oS
can be- as BRIt INT ko PRl BEA NS QAR afABLBHRIS, ThoS
conpl ex agvemt ddtectioapplediciefiria DOl ances.

DCU PCA Model Development

[0072] The application has PCA models covering the furnaces area
(HEATER-PCA) and light ends towers (GASPLANT-PCA). This allows

extensive coverage of the overall DCU operation and early alerts.
[0073] The PCA model development comprises of the following steps:
1) Input Data and Operating Range Selection
2) Historical data collection and pre-processing
3) Data and Process Analysis
4) Initial model creation
5) Model Testing and Tuning

6) Model Deployment



[ 00122] The sinplest form of redundancy checks are sinple 2x2 checks, e.g.
tenperature 1 = tenperature 2 flow 1 = valve characteristic curve 1 (valve
1 positi omp 200me2ero2al flow into process unit 1 = materi acTfuSeovw700d576f
process unit 1 [00123] These are shown to the operator as sinple x-y plots,
such as the valve flow plot in Figure 2. Each plot has an area of nornal
operations, shown on this plot by the gray area. Qperations outside this

area are signaled as abnormal. - 32 - [00124]Miltiple redundancy can al so
be checked through a single nultidinmensional nodel. Exanpl es of
mul ti di nensi onal redundancy are: pres e 1 = pressure 2 == pressure n

material flowinto process unit 1 = material flow out of process unit 1 = =
material flow into process unit 2 [00125]2Mul ti di mensional checks are

r epr esent ith " | i ke" mpdel s, In Fi .3 .e_ape L h
independeﬁfbmd re?ﬁﬁdﬁflgﬁ%agmﬁmle% 1,nv g‘?g(gnlg gﬁ%ng\%} @%ghsaneggs by
one, X1 chanRgfredbih #e 30HsettionhBMgRmcepnal PCANModdt Dedigheaidepnsitipg i s
expressed as a PCA nodel with a single principal conponent directio

P.
Thi s type"Revelopalg PE A rodetsefort ABDNE ingpransix  In Thepa staps @nﬁﬂt@ﬁnﬂlé t he
b d PCA nodel s. Wth the t di | t h
o ea showBHDIEY FESHE 3 ik el Sinch oA PIRE RO Sl B BBl o
of Pare gilaﬁgn hﬁdc‘g‘?&ghﬁt 69_&diﬁmgtpafa$ag?ne¢ﬂa§@mﬁ@ RITHRI | Gprations ik vérbe

tradition ner deferm ning 1'the direction of greatest
vari abi | i tsucifloOMxsbasie devalopmentisstatesy isftottartprith eseery pengh mpdel edpgnr e

exception operations to keep these.relatiopnships accurate over the r mal
range of M éE%"se_és’Q’ﬁgF é‘?’ip&’%gﬁl?f’g TREARE %leB d Z[QW 5%1mesc§l§$§ggx%ﬂaw%e

mai nt enanﬁo@e%bm drS 1o AL RcEX 5RatioNs aRa ralttAiNmgafRe modeEased Of
bypass valves around flow neters conpensating for upstream/ downstream

pressur e ohahegsesobsereations. alThosteps af¢ biidflyatesaribeémext. redirecting process
fl ows based on operating nodes [00127] The PCA nodel s and the engi neering

" edundancyy Gle Htadiif EURAE RENEE SetéctioreL 11 net's 1o provide the

process opefator with a -
[0075] As the list of tags in the PCA model dictates coverage, we start with

a comprehensive list of all the tags in the concerned areas. The process of
selecting measurements and variables is outlined in subsection II "Input Data
and Operating Range Selection" under the section "Developing PCA Models for
AED" in Appendix 1. Any measurements that were known to be unreliable or
exhibit erratic behavior should be removed from the list. Additional
measurement reduction is performed using an iterative procedure once the initial

PCA model is obtained.
Historical Data collection and Pre-Processing

[0076] Developing a good model of normal operations requires a training

data set of normal operations. This data set should:

e Span the normal operating range

e Only include normal operating data

[0077] Because it is very rare to have a complete record of the abnormal
event history at a site, historical data can only be used as a starting point for

creating the training data set. Operating records such as Operator logs, Operator



continuous summary indication of the normality of the process operations
under his control (Figure 4). [00128]Multiple statistical indices are
creat ed fworm@aciwoPCA nodel so that the indices correspead/useonroess’é
configuration and hierarchy of the process equi pnent that the process
operator handles. The sensitivity of the traditional sum of Squared
Prediction Error, SPE, index is inproved by creating subset indices, which
only contain the contribution to the SPE index for the inputs which cone
from desi gnated portions of the conplete process area covered by the PCA
nodel . Each statistical index fromthe r nodels is fed into a fuzzy Petri
net to convert the index into a zero to*%ne scale, which continuously

i ndi cates the range from normal operation (value of zero) to abnornal

oper ati on Aval ue; of e) 00129] Each. r edund .check is also converted to
a conti nuot %Sr%%m? Sab%l(?m&o?%@?%glﬂs %%zgyaflﬁtf?ﬁnﬁ%trg‘.’of AePOVATR & wo
di ff erent paREiIGREoMBEEH tHeDAbANIBSA pFREeisShikRoryNATKApRoRRY VAL LYlledfi AL T ON
fromthe nodel and deviation outside the operating range (shown on Figure
3). These elaharatedosmomire sabssiolionctl "Histonisak Dataicollnetienliandenthet seetion or
and the Hotelling T re.indic pr_PCA madels. For checks with

di mensi on Qf’é@l%ﬁngﬁiﬂ&%?e]ﬁ&]@msﬁﬁww % Hentify which input has a
problem In Figure 3, since the X3-X2 relationship is still within the
normal en{@0éde, t He the obsceof the MUK tha histodital datashaviesd &tS yearsefisure is

converted by the f etri net intp a zero.tqQ one..scale that wll
Comt UL SPLratHR toriEer poth sulEner S REREEPOHREs oY iR cRsanI AVEREsH | o
abnor nal - QRe, #hé ABmbERLEIRE sRRed {zélﬁé_«}%ah%@roue?&Bera&e&?éi?s@m@mer the

authority of the operator, the applicable set of nornmal - abnornal

i ndi cat or satk tagynin owsier itemake tierdite-sabmont mansigesbleavhiladiilattininghi s i s
done by usi fuzzy Petri. logic to,.select the worst.. case. indication of
abnor ! SRSy Information, Chginedring plemen WaRaBPHFGRNY EVED SoBRiny of
all the checksthhédidsyifife it 96686250,600+ PoistsI6f bl | i e - 34
- a general background t{illggfuzzy Pet 'l (r)lepsbfl ngrs th%}tp,sgﬁégg'dgrﬁlssl%g refer
t o Car dosdhe etprasentatie belrstior td\be saptiime Dby rthie BT A mod€l®131] The over al |
process for devel opi ng an abnornal event application is shown in Figure 5.
The basi c [0g¥8) OPHlsiSstafbBeN such ad S¥&hiy SnIfid AMPsERYS CRSiaibRats W th
a rough rrt!deliﬁthen SllJCCESSi ve?y I npr oveg ’frﬁat rmderflfg capa‘tﬁ?ﬁl?y 1E)lased on
obser vi ng chloulated Ifox hld the thgs toalatessineshe estent tofalariationdafornpeiat i ons
during both nornal .gperations and abnornmal operations. The npodels are, then
Fest r uct uCRBERE MAE; AJEOLRREIALIBE 106t ¥ere SRaPiad Brismaxs, dii8 SoRGned
nmodel s f ok, ;AR e l%\f& ' %%q s o1E St

[ 00132] The 1@9{33&1@03\58\?8% goa shg?{e%hlugwgfg%/?g%o@% on?é?go%g%tor wth
a cont i nucandsintd meagurenmalt was scxbtinizedltp deterptine appropréatahessnforf or al | of
t he process unjts utﬁder .his erating authority provide himwth an early
det ect i on 13FlUgIondp; ?F%ﬂgﬂg?ﬁﬁt(m nutes to hours) abnormal event within
his operating authority provide himwth only the key process information
needed t o CreagingsBalanreddPraindnig D ath Sdte abnormal event. [00133] Actual root
cause diagnosis is outside the scope of this invention. The consol e

oper at or i[8080Jpect &fkihg thié apaasing lops, theddsiosicpl dtadsdivided imo perfody ocess
know edge and_training. [00134] Havi ng a proad_gr ocess scope is inportant to
the over aMith Isaewgsahwra@h@pmthsq@@ngkmmdﬁowu &1 kgntified abrermgkr at or to

cyet om | SORTH RS B b 1BoBPed BpntinflpSatiBns RN Bk 1oy 1

oper at i onpréMminayitfidniig data ket hsdbfdri raodelf dévetoprheaess woul d be
infrequently used by the operator, likely leading - 35 - the operator to

di sregard yst i 1 t k§ broad
scope is i[{r)ﬁg1 ntr ag?ﬁﬁ,g;&ﬁ%ﬂéeg}é%%‘g%sﬁég %&D%%bﬁﬂgg%gﬁﬁgﬁ?éﬁgg ;PQ%‘% "ggds?ﬁgn t he
nodel  basegdn®r Biglte Sinegtlds $96ing 1© iy avespraugibmodedtheségitt hugtivr ofconom c

interest (see_ Kourti, 2004). . . . .
principal components (PCs) 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,



[ 00135] There are thousands of process neasurenents within the process units
under a single console operator's operating authority. Continuous refining
and chemwel2opviae®gses exhibit significant tine dynam ceCamsag7iosse

measur enents, which break the cross correlation anong the data. This
requires dividing the process equipnent into separate PCA nodels where the
cross correlation can be naintained. [00136] Conceptual nobdel design is
conposed of four major decisions: Subdividing the process equipnment into
equi pnment groups with correspondi ng PCA nodel s Subdi vi di ng process
operating tine periods into process opq%?ting nodes requiring different PCA
nmodel s ldentifying which neasurenents #ithin an equi pnent group should be
designated as inputs to each PCA nodel Identifying which neasurenents

w thin an equi nt. grup..shoul d act. asf.la f,or r in vent s
or ot her RPERRITER is st a AL KaowBl tinBE tisfeubsl alyBE urRE Y AR b T h

deci si on jicks GikBRbENEHSO UNferiare 46V P Standhdl metiddsbor devdhfiflidgyhéwsi ngl e
PCA nodel”. The specific process units included requires an understandi ng of

t he pr ocemeny pringipalicomponends tacincdude. SARa af thistage thgestatiaties! approach
mul tivariabl e, constrai nt, ¢ roller, the,boundary, of the .P nodel shoul d
- 36 - enQoyfiphle spqling wﬁ@a@’gﬁts“'ﬁi Seals 21 ‘Fﬂréarq)g%ﬁoo'ﬁ%ﬁé’ﬁga% upst ream and

downstream i ndi cati ons of process changes and di sturbances. LiOQ138] The
f ol | owi ng[008R¢s ar Thedwadining dita setrd nhwske sy thyeugh thisqugbmipay139]

Equi t . def i ned.by i ncludi 1] th ' terjal
Pt eor at | RGehRtGRREy Srd Sereds Whers B doshinpn Bkl TR TS PeLdY
uses a NMufitievisri iy ot BE eRhALinPRS 564 Whkthdr@ ARidrill kentwdsel Wil |

explicitly identify the interaction points anbng the process units.
Ot her wi seotdwringtasthe tingn slfitbisdisjudged talbethd casg, thamighe simepefieder i ng

anal ysi s qf e, process. [00140] Process aroups_shoul d . be divide t..a point
wher e the?q?é’q_tla aﬁ"nﬁﬁ?‘%ﬁgeé At &P W&ﬁ%‘%gﬁ&?%a p?vt?@_éssgc%‘ﬂ-ﬁlinghen S§r oups.

The nost QR Qo dl oMY e RRERIdRACREMSthePAnied AR skt Aid B@fiddeNrebuiRS

t hrough a single pipe containing the feed to the next downstreamunit. In

t hi s casewithetheenpdifictddata. Jiheguocess of ownating balamepd draining datashls ysirgl ar e

the primary influences on t.he downstyr.e ui t and .t h Lessure
in the i APPSR %P?&?@dﬂﬂgﬂeﬁ?‘gmﬁﬁgg‘eoﬁ‘%geﬁﬁwg stream
equi pnment "Pyeh i £ WHeM Appeadidibe included in
both the ﬂg@%ﬁ%zgﬁﬁﬂd?\fzg?{f’g% Tl‘gjcfsauiwg[z'?,rrger:}tg&group PCA nmbdel s. [00141] I ncl ude

the infl um&lﬁggfdwﬁgﬁs control applications between upstream and

downst r eam equi p groups. The process control applications provide

addi ti onal, 44y, uen pat h et yween [ d r I

gr oups. Bk)q(wg]eedf .8de§n‘£ev 2%&88@%2%%?@ %g)nStg%,QﬁL %g’g{ég@ Eﬁ(ggﬁlhs
exi st t he(thBavoHEEqRIHCE oY Gliestionubld tiginenPdafasseipt@ntielthe imedalded i n bot h
equi pment groups. Anal éSi s of the process control applications wll )

i ndi cat e gathemajhighiquabitatraining datmoses. (This gatacisshen ysed to froprove theyi de

equi pnent _groups, wher ever there i gnji f.i j ] (oF or age
Canke, 1 oRPBIREnotEs TFR ubaF i eShfnks BlerbeE Bhubs SRy AR % At Tiat 0020
changes ( 8rébess ewfddaintilahe meddl s safidatrgyof mnutes WO

2007/ 124002PCT/ US2007/ 009576 - 37 -

[0084] Once the specific measurements have been selected and the training
data set has been built, the model can be built quickly using standard statistical
tools. An example of such a program showing the percent variance captured by

each principal component is shown in Figure 39.

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

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



to hours). Influences, which take several hours, days or even weeks to have
their effect on the process, are not suitable for PCA nodels. Were these

i nfl uencesoan@/iznertant to the nornmal data patterns, mpaswsements7ef these
effects need to be dynami cally conpensated to get their effect tine
synchroni zed with the other process neasurenents (see the discussion of
dynam ¢ conpensation). B. Process Qperating Mddes [00143]Process operating
nodes are defined as specific tinme periods where the process behavior is
significantly different. Exanples of these are production of different
grades of product (e.g. polyner pr oduct:#(gn), significant process
transitions (e.g. startups, shutdowns,” 4eedstock switches), processing of
dramatically different feedstock (e.g. cracking naphtha rather than ethane
in olefin I ct,Lon different configurations of the process

equi pnent Mgflgﬁ?gmgégflgfm'"ﬁocess uni ts running). [00144] Wiere these
significa erati des.exist, it is |likely that separate, PCA npdel s
Wil need%(g?ﬁe de c&ggﬂlflﬁ}a)ié%wlﬁﬁf&eeﬁﬁé?%fﬁin’énﬁﬁ Bto e gnhangsd Bpdel s
needed th : S e : (Y del
coul d covg siitrl g?wcr}gae}ﬁg%g}irl\%a%&e@%i S aégx]rlr%? Egﬁéﬁugﬁgér@%@@dﬂgy
runni ng nevoaas.a Orcertheanbddeliadaatesgn podatiahabnotmalisituacidal tHecergdaedd i t
behaves co&rect,l . C. H storicaé{tgrocess Probl.enms [00145]1In order for there
to be or gdRPYeiinyRstieate padsdassity the pEpegss situationg s erginefrawil Hadect i on
system t i L [ i gnifi-can

cvonom o 1t SR sBafilny R sGRle Mok POl SrEiy R OIS, |

i denti fy abmababhoapal siactiohds ogttmingd, g the psecgss dbhermal amd ftds aifalgear, t he
devel oper shoul d make the follow ng checks before trying to build an

abnor mal &YHRRLMt ection application: -38 - 1. Can the probl em be
permanentlé/ fixed? Oten a problem exists because site personnel have not

had suffi (0Q8f] ti ndheprosoessdatgavidl netdhaysrarGiaupsing os slovmal Histibetibem Once

Soi uti on otapus(iF fi SeAR b@BelSal BEHRT OMinE f SRR RREIRET

directly aBasubedal événtfeometheatiabiiy dfaheetsidhaPeR6OS A int be usedt al |
sensors that can directly nmeasure the problemin the process. This can al so

be used t ngiead, the trigger poins ngeds e begst empidealdy basad enexpeni¢nceawitbn. Thi s
is the second best preagch. oan i pf er ial ,jreasurenent .be devel oped
whi ch e | EoEBe o RHE SEda.Yh ViR T ERE & diodne T HRae PO RRP SR nt 1
measur enenbevalcpins PUA WEavISIfePAEIYS iNA iRhiial deSdibesSthidaVdael Rsfngodel s
which are very cloSe relatives to PCA abnormal event nodels. O her comon
al t er nat i wad ehbanckmenigpioggdure er ent i al measurenments include Neural Nets
and |inear regression nodels. If the data exists which can be used to

reliably prRaguweA ModadMeploymént he problem condition (e.g. tower flooding
using delta pressure), this can then be used to not only detect when the

condi tion i5ts b al s t,he base.f a control application to prevent
the-condi (08 ? o yeBeRRvfGeriofmeRF 8t AEPIY Brosse Msefliee ™) 00146) Bot h
di rect neasHibIRNGS of heiral MBdeRNdivi¢10aEsiaRed WRELTREIthES af®pRopeent s of
these conditions can be easily integrated Into the overall network of

abnor mal thggentpaintsaoble¢ detailed praogedurbafaephoyiogdGAimgdelbdsgles@ibedt i on

[ 00147] Wt hi.n ul. o) t .e wl be t housan f eSS
measur emeHPger ?—@F% é'?gﬁ g’.ltAl‘ ﬁ{lﬂ‘g% 385 g‘ﬂﬂ’% E%l%%etru};g ﬁf%gé% g?fe{gggg diidary
controll e g gnents, and especially ultimte secondary outputs (signals
to field control valves) on these units WD 2007/124002PCT/ US2007/ 009576 -
39 - Sel pa0ssiey MERRIBIEIHS diveforly dr ifteRRRhNd AP URleminO IR 107 the
process (?%.git hose whi ch appear oﬁi S oger ting By '

necessary to improve one of the models. Either the process conditions have

changed or the model is providing a false indication. In this event, the training
data set could be augmented with additional process data and improved model
coefficients could be obtained. The trigger points can be recalculated using the

same rules of thumb mentioned previously.



schematics) Select any neasurenents used by the contact engineer to
nmeasure the perfornmance of the process Select any upstream neasurenment of
feed rat ewofeedi2tmoperature or feed quality Sel ect neaPUTAISRINTS0BI6
downstream condi tions which affect the process operating area, particularly
pressures. Select extra redundant measurenents for neasurenents that are
I nportant Sel ect neasurenents that nay be needed to cal cul ate non-1i near
transformations. Select any external neasurenent of a disturbance (e.g.
anbi ent tenperature) Select any other neasurenents, which the process
experts regard as inportant neasures of_ihe process condition 100148] From
this list only include neasurenents whi Zh- have the fol | owi ng
characteristics: The measurenent does not have a history of erratic or

bl T t tisf i | 1. i
Do T h ORI i Bt SRt et Rt asents bRt harratibet T C he
data set ghodfd be relRSVEEADH BIER, Ofa ! ¥ Abartidar Weeoffcgﬁégatm‘i f the

- iy
time during nornmal operations. The asurenent i s not tight ontrol | ed
to a fi xemodehgewobeing domiec hll rdatae frpne that @peratidreshould rbet renprvedar A fiof aa

control hierarchy). The _neasurenent, does not _h | o stretches .of "Bad
Val ue" op&Raier arg%ss wcﬁﬁa%féan, aﬂm%&i&{eﬁmt@ﬁ mﬁggmamré% r ement
does not ggb@&rﬂgﬁl &riRpoe of values, which is known to be highly

non-1i near e neasurenent is not a redundant cal cul ation fromthe raw

measurenents The signals to field control valves arai not saturat 5d for

more t han [9098bf ¢ Hdier P £CAvmodsl stasted: withsen daitian gehvod aboph S0P fags,
1003458 SHRCH ok Y LB 6D el o TR ML PO At
Cr oss- Cor mbbat i6Ontags each. The Gas Plant-PCA model includes about 100 tags and

covers the sections downstream of the main fractionator involved in the recovery

- compressors, absorber and debutanizer (Figure 24). The details of the Heater-

PCA models are shown in Appendix 2A and the Gas Plant-PCA model is

described in Appendix 2B.

II. AED Engineering Models

DCU Engineering Models Development

[0091] The engineering models comprise of correlation-based models
focused on specific detection of abnormal conditions. The detailed description
of building engineering models can be found under "Simple Engineering Models

for AED" section in Appendix 1.

[0092] The engineering model requirements for the DCU application were
determined by: performing an engineering evaluation of historical process data
and interviews with console operators and equipment specialists. The
engineering evaluation included areas of critical concern and worst case
scenarios for DCU operation. To address the conclusions from the engineering
assessment, the following engineering models were developed for the DCU

AED application:

e Critical Level and Pressure PID Control Loops Monitor

e Process Consistency Monitors



) Signal to Noise Test The signal to noise ratio is a neasure
of the information content in the input signal. The signal to noise ratio

i s cal culwoedo7a4doel | ows: 1. The raw signal is filteredprasiusgooanoss7e
exponential filter with an approxi mate dynam c tine constant equivalent to
that of the process. For continuous refining and chem cal processes this
time constant is usually in the range of -41 - 30 mnutes to 2 hours.

QO her low pass filters can be used as well. For the exponential filter the
equations are: Yn = P * Yn. 1+(1-P) * X Exponential filter equati onEquation
1 P=Exp(-Ts/Tf)Filter constant cal cul ati onEquation 2 where: Y"the current
filtered value Yn-lIthe previous fil t ere?® val ue Xnthe current raw val ue the
exponential filter constant T,the sanple tine of the nmeasurenent 1.1the

filter tinme constant 2. res cy eat by subtracting the
filtered signal from f‘nﬁ‘?aéw ?ﬁjﬁép\’ﬁg(? el}{ﬂfﬁﬁ@@gﬁ‘ﬂeﬂ%gr& The signal to
noise ratio is the ratio of the standard deviation of the filtered signal

di vi ded by the standa?d Main Etactionefortfleoding Momitosi gnal S/ N Gy /
CREquation 4 [00150]1t is preferable to have all inputs exhibit a S/ N which

s greater than a predetghiii PRRBhAIGOVCrhUsE AeuullRAT8 FIBRMorlickh SIN

less than this mnimum need individual exam nation to determ ne whether

t hey shoul d be includ d the m)gel E%solé?)l The a set used to calculate

the S/ N should exclu ?r}’ o, ding, fouifo; o operation since

that will cause the estimte for t he noi se content to be excessively |arge.
5. Main Fractionator Overhead Accumulator Temperature

Monitor
6. Cat Slurry Oil and Steam Flow Monitor
e Flow — Valve Position Consistency Monitor

[0093] The DCU has about 20 critical level and pressure control loops.
These PID control loops are monitored to detect four different abnormal process
conditions: Frozen process value which is indicative of a faulty instrument or
control, highly variant process value, accumulation of significant control error
outside a dead band, and process value staying on the same side of the set point
for a significant length of time. The tuning parameters and thresholds for
detecting these four conditions are set based on historical and statistical analysis
of normal operations for a period of at least 3 months. Details of these control

loops are provided in Appendix 3A.

[0094] Process Consistency Monitors are checks that the console operator
would otherwise perform based on years of process experience. The console
operator knowledge, along with thresholds and tuning parameters are captured in
these consistency checks. In the initial implementation 6 such checks have been

included. Details follow and are also provided in Appendix 3B.

[0095] The Heater Pass Flow Material Balance Monitor sums the individual

pass flows (for example, sum of four flows in a furnace containing four passes)



WO 2007/ 124002PCT/ US2007/ 009576 - 42 - 2) Cross Correlation Test [00152] The
cross correlation is a neasure of the information redundancy the input data
set. The woas#/eareel ati on between any two signals is cactalsatedomse 1.

Cal cul ate the co-variance, Sib between each input pair, i and k SHE = N* E
(Xi Equation 5 N*(N-1) 2. Calculate the correlation coefficient for each
pair of inputs fromthe covariance: CC k = Siki(Sii*Ska 12Equation 6
1001531There are two circunstances, which flag that an i nput should not be
included in the nodel. The first circunstance occurs when there is no
significant correl ati on between a partin%gl ar input and the rest of the

i nput data set. For each input, there St be at | east one other input in
the data set with a significant correlation coefficient, such as 0. 4.

[ 00154] Th i CMI S When sane_Lnput.infarnmati on has
been (acc gﬂé ?f?’ %% itﬁg Ir{ﬁ‘é g(gﬁf Rngéc:seﬁo‘gf'fISWIt hfﬁlfﬁﬁ % %‘%@ﬁf%‘iﬂtd{ SoROT%hi ch
has a dif tieirelkelydBat af lest ol tRPIGwRALIESs {sharofediisbi t correl ation
coefficients near one (for exanple above 0.95) need individual exam nation

to determ et hen .nput s shoul d i.ncluded in the del .. If the
i nput s aﬂ% S| caﬁl\fl?lﬁoﬁr‘\rggt}gﬁﬁt_é’ﬁﬁgﬁéﬁngdﬁgﬁ’gw W?%gqrﬁa%mp% urgs ofityo

i ndependeniays iartie qishl RmeadRl ﬂh@mﬁﬂﬁ'%ﬁﬂtﬁé’cm,rﬂlﬁﬂaﬁer@o%:f@eﬂ cess
tenperature) then both these inputs should be included in the nodel.

[ 00155] | f othgs. LA phiase temperatursstare sufficiantlpiclesecthentthatrisindisative efiper at ur e
and pr ess?l{o% ﬁpaé’rpensat ed tenperature) the preference is to include the
measur enmen fi " the operator is famliar with, unless there is a

signifi cant(Ig)/ i mproved cross - 43 - correlation between one of these
measur eme@®PAnd + Maindéractipnates Quearhead Acthmulatios to Fidars Monitbe mvmjtoes

Cross cor ' | e jncluded. 3 denti.fyi.ng & Handlin at ur at ed
Vari abl es @oﬁ?@%&ﬁ?ﬁﬁ&%@%%‘?ﬂ%ﬁs léll%%gg gﬁ@é{}f r iR, 85%?% hard and
sof t consflafs 1ihé prasutd,iand the oIBELEhE Prebteh m&%o'iﬁg&wséf@ﬂ s for the
nodel inputs. Common constraints are: instrunment transmtter high and | ow

ranges, affopsistencanbrisveemdhesritwanduld resuliin eonindssirableteygrosathonns, and
process cpé'lgéol application output limts. Inputs can fall into several
categories Wth regard to saturation which require special handling when
pre-processing the inputs, both for nodel building and for the on-line use
of these R¥8ls. [ BEbewmzer Botonwiloadmigyldnikrmoritors the differefic20

millia l ectronic,transmtters bad, val.ues can occur because aof two

separ a{rg E%%egﬁst' e detbu?amzer bottorz‘né and the reboiler in et temperatures. If this
difference is less than a specific threshold while the debutanizer bottoms
temperature is greater than a specified maximum, then that is indicative of

flooding.

[0099] Main Fractionator Overhead Accumulator Temperature Monitor
monitors two temperatures in the overhead vapor line, with one of them used to
control the fractionator reflux flow. Inconsistency between these temperatures

could result undesirable fractionation in the column.

[00100] Cat Slurry Oil (CSO) and Steam Flow Monitor monitors the sum of
the CSO and velocity steam flows. If there is no flow in this line, then it is
possible to plug the line. This will result in improper plugging of the drum at the
beginning of the coking cycle, which in turn can affect the type of coke

produced and the cutting of coke.

[00101] The Flow-Valve position consistency monitor was derived from a

comparison of the measured flow (compensated for the pressure drop across the



The actual process condition is outside the range of the field transmtter
The connection with the field has been broken [00158] When either of these
condi t i onsooenn4ookhe process control system coul d be ceofriusesreadossic an

i ndi vi dual nmeasurenent basis to either assign a special code to the val ue
for that nmeasurenent to indicate that the neasurenent is a Bad Value, or to
mai ntain the | ast good value of the neasurenent. These values will then
propagat e t hroughout any cal cul ati ons perforned on the process control
system Wen the "l ast good val ue" option has been configured, this can

| ead to erroneous cal cul ations that are ?ifficult to detect and excl ude.
Typically when the "Bad Val ue" code ié'% Opagat ed through the system al
cal cul ati ons whi ch depend on the bad neasurenent will be flagged bad as

well. -4 (o9 vel e i dent.i f ich
option ha§’al vg n ‘ﬁ%ﬁgﬁ%‘?&%@*ﬁgqﬁ? g@g‘gs?gg% %S és‘yé&gkdﬁ%cé(st%etﬁ@confi gure
data filteoadition eftheudnn®] 3605 &% beihg diredtly rRofitd¥diRShe PRbcddie Tk | i ne

i npl enent at%rll, i.nputs _must be pre-processed so that Bad Values are fl agged

as ni ssi ngeaal gsimateghtha Hew isfobipined fopmihistorisal datarbys Biting coefficients

process c i,NRUL S ich _are naqr I ad Val ue
for ext eng?%é) ?lr?é%tblg{g% 8%1@8@%{%%8 %‘gdet@eued%e\’ﬂf%&ﬁ{ Pﬁ@aﬁ’g’c?gf‘l’b' o ¢

[00161] Coisitiahapsiicativn, 20! feowAratve Pesiionidhsi enERDIR Rike &évéi% SPe
limt, and this neasurenent natches an actual process condition %s opposed
to where t¥eexample isshowar mFiguee 86 fone heaterrfoed yalve. iThismal verist cratial he
transmtt . r i .he Bad, Val ue section Thi s, process

situati on%g{naqlg%&lpgﬁ g(\f!%ggrgg? g‘f&lpgfé‘%éﬁ?mpg&f‘ﬁe&ﬂsav _dfﬂx tB"%E%’é’é‘garIg
normal | y alewiedve dexeRip, tulhel eokitpastuddl bei@! the ¢aitiz® DAL AAPE anfl Yan§saiIp! €
pressure relief flowto the flare system Tine periods where these override

condi t i on® se¥erabmliongdpliarg of presedtinnelossessnThe detailsiofi thg val: flawi dat i on

data set i.n -data filt .AFor the on-1Li. i mpl eme tion these
overri de gog%?%al;er%"? '?i"g%r eé’\%’ﬁ?’ gff%rtlrgﬁfv@ﬁ%ﬂgcéréﬁgﬁ?aé’g?soﬂp dhect ed
nodel st amdlel estimhRetddEORPEHs O b RIngSberh@dhnbsr d8A! INRIAopGaflir 40 élF@ .
process agai nst process operating limts, for exanple product spec [imts.

These con&qusshe sesey of ehe frift igrm affprn sansor seaadibratéien or whensemanbakh ar e

occasi ona i.ch e norynplly satyrated. Those

Cnpat s, ap PR AEbaELARE oblRGFar Hosel, 3 PR Beesion Bt Biv: sbRaE

Those i npsigaifivdntBhingsroved|tiie 266 @thes3aor ¥ rﬂéﬁiaﬁén(&ﬂﬁ'xﬁa&%ﬁiiﬁ | ess than

10% of the tine) can_ be included in the nodel however, t‘hey S ouT’d be

scal ed badetgctinn pigorithp peri ods when they are not saturated. -45 - B.

I nput from Process Control Applications [001621The process contr ol

appl i cati [003023ve In ¥édi¥ioni 19rtht Vadii-f10W RAdde hitRRAtaD rtﬁ@l]efiF 'agfbcﬁifiﬁ&g jure of
e

the process data. In garti cular:- The variation of contro vari ables is
si gni fi cafheck oty dhe @perater imthenevent ithattzheontool valive ésibeyondibl es i s

primarily t e brief tine.peri when the process has
been hit Wi i h&gabglégﬁ'%ﬁ Ié%?]lg ‘%?%Ggégeed{agf’ﬁ’pﬁég%@ :%(rj Ssli'(h‘ﬁs Bﬁg} ﬁ’(eor has

i nt ent i onedrponems dftthe foasr aét digl zﬁpbﬁmglé S PaIaE Rk ke Y ari isRAbWSm  The
normal varjatign in the controlled variables is transferredl by the control
syst em t of ¥84EC #8ni pul ated variables (ultimtely the signals sent to the
control valves in the field). 100163] The nornmal operations of refinery and

cheni cal DG ExgineoriagiModel Dejoyinented by two different types of control
structures:. the classical control cascades (shown in Figure 6) and the nore
recent mul00103]i abl dheanecediinetfor impiahémting tha/GRinetng moddls gdtten7) . 1)

ke d MU T T e B OO

behavior within the unit (e.g. Main Fractionator Flooding) the trigger points for

notification were determined from the statistical analysis of historical data in
combination with console operator input. For the computational models (e.g.
flow/valve position models), the trigger points for notification were initially

derived from the standard deviation of the model residual. For the first several



which is a very common control structure for refining and chem cal
processes. Although there are many potential nodel inputs fromsuch an

appl i cat iwo,20¢he4mnl y ones that are candi dates for the modalS2@ew@odshe raw
process neasurenments (the "pve in this figure ) and the final output to the
field valve. [00165] Although it is a very inportant neasurenent, the PV of
the ultinmate primary of the cascade control structure is a poor candi date
for inclusion in the nodel. This nmeasurenent usually has very limted
novenent since the objective of the control structure is to keep this
measurenent at the set point. -46 - Thegre can be novenent in the PV of the
ultimate primary if its set point is C ged but this usually is

i nfrequent. The data patterns from occasional prinmary set point noves wl |

usually n L Cie {n t.he.training dataset. fqr the nodel to
char act er %Oerﬁ ?T{ gf gg{n%ft%& F é?ﬁ’%%& g&ilﬁ%té%ﬁfs‘ge'& r%tvhc?\ge "yith &lﬁ ¢Rerator to
char act er surg thiethdatigepapbiRtewess H%)ﬁfdwiafté anY ShedgRa ds’héc'&?sa?g.t poi nt of
t he uItlnate,prlnari/, when the operator nmakes this set point nove, it is

likely t oSeeticr "RepleyingiPChiMpdelsaadeSimplefngineenitg dModele dopAED'tid on
error, SPE,.l l;. nsequent | n hange,in the set point
of the ul E,pl?gp gﬁ%%;&fﬁﬁé@g?@%ggiﬂggﬂﬁ e{lpgdég?glf%erpqumg%m event P

suppression”". \Wenever the operator changes an ultimate primary set point,
the "knowlPQMl: sulpnderstestein civgumsidnces aheordve/Gow diapnosties caddef f ect

Ul it e BEAEYE hBlf i miB a hchislebfiobr Mo B Shmrieso8 iged based on
those bri gppliedio QRS v4IdE / dow AthoMdsGbs IBriRgs ﬂ{é)()pé]‘ﬁrorc\bftﬁtgﬁsgn%nﬂealéﬁ:

point and until the process has noved close to the vale o ew se
poi nt (f ofo @ REeem Withha Nabgiflow naie Reminstangeointess amgemt dfysass fflawe set

poi nt cha [ rom.10 .t o aWhen the PV reaches 10.95),[00168] There may
al so be ngggll?'rtgrﬁgetﬁﬁgvh e'fé’%%l %‘P’WS?%@FQ{B‘EPFS*F%EIM(% APKEMpl e greater
than .95 gsyoifitdtolefareetid Fas8MowWalVest WAl RY: BE abiigadelit i mate Primary, for
exanpl e redundant thernocoupl es |ocated near a tenperature neasurenent used

as a PV f@' &EﬁJIH EE‘ lieali’i ﬁry. These redundant neasurenents shoul d be
treated in’t r that is chosen for the PV of the Utinate
Primary. [00169] Cascade structures can have set point limts on each
secondar yl0H®33an hdunerden fpufacilitate smoetht dailys Agifaloperatidig viarieus toolstare|

valve. It_15s.] t to.che he atus of thes otentially constrained
operatio Ilc{%éaége)gg &ﬁa@trﬁgfm?]r? Qﬁ“’-‘ﬁ%ﬁ%@?‘é‘ffb‘ﬂ@%@é‘@&? COBCHISh a set

poi nt has_been operated,.in a.cqnstrai ned manner or whether the signal to
the fiel M%M&é@%&v = 4 d. Date during these constrained
operation ld n 13‘,%3 I i a.fl latin de] Jnputs from
Mul tivari g’t?lqtemgonst ?‘é}leﬁﬁpéégﬁ)?r Srﬁg,’ﬁw 6%‘5\%‘%’—@9@" gag’o%ﬂ{)%a ets’ypi cal

MV/CC pr octags undet nudintepphee,alecoRes @fi.Cdnd Sthier pesdess Oidhges HEdu@inesddilct ur e

for refining and chem’sipg_l processes. An MVCC uses a dKnam'c mat hemat i"cal
nmodel to PREEHERshH O TgSYPPIEsHEHFD lnavarevents hofarehandyghe systent | y val ve

it : ' ] i |1, |
Dar! abl oo e FRAVSHE s BiprkSibh TN heh ST SCP poted BN brk il ERER e i
f1 ows whisthp chasgesin fhe @raspeadigtl ¥)and sthie&larid aBP hisigh? gBréhtd he

process olfi)e[gtion agai nst operating limts. These |limts can be either W

limts or FIUARSs IBRraghies Hdhe AbERaaogglsare ot elugady epeareiof such The nunber

of limts t I Afoinfd j i . t he nunber of
MWs t he c%ﬁna?%ﬁ tgl(r% li%é&g??%\kggﬁt 0 mani pﬁ* gf@ ax #35&%?29%3%%%"6@' ﬂgtt erial

bal ances wsestthekbaditidiochdckamd\vtieTisiaf maddVvse beGuplressdd agd shewalia t hen the
process will be operated agajnst 10 limts. An MWCC will also predict the

eL fect | of Fighge 4Pedn ather %lmtmngamgéénd’@ﬁmomlecwyeglmvm@agadé’um
; : : i FF)..
[ 003 71] witith B UsteERRaGl B RY 1aFSPeli Rl hhe HRERAR RS ne sipbrator aad on i n

the PCA nedefivatedaniisg arohtitiqzebssil dgeritim! i ABo! trduddeses@/ is hel d
against its operating limt by the MVCC. As discussed in the Constrained

Var i abl escopdtgyrahle augmptici rspftivationtimerel £ hoursais msad i DECYetopEosons t he
tinme are j inclusion in the PCA nodel. Normally

unconst raj?ﬁlg{dfo\%ggﬁg] egl%ggﬁg{lﬁt "be handl ed per the Constrained Vari abl es
section discussion. -48 -




control |oop should be included. The signal to the field valve fromthat
regul atory control |oop should also be included. [00173]1f an unconstrai ned
MW is a swonad7/meoa field val ve position, then it shoul @caseewclodesd i n t he
nodel . C. Redundant Measurenents [00174] The process control system

dat abases can have a significant redundancy anong the candidate inputs into
the PCA nodel. One type of redundancy is "physical redundancy”, where there
are multiple sensors (such as thernocouples) |located in close physical
proximty to each other within the process equi pnment. The other type of
redundancy is "cal cul ati onal redundancy”, where raw sensors are

mat hematical ly conbinedilnc)neM/vaHzﬂﬁés (e.g. pressure conpensated
tenperatures or mass flows cal culated fromvolunetric fl ow neasurenents).

[ 00175] As eneral rul g, h 1 he raw neasurenent and an input which is
cal cul at ed\alf M%‘M“W%b@?é' e r-GrRyregsBve Actipps Jor repgatedogiants The
general preference_is to.include the version of the neasurenent that the
process op@0HDr i If apartiewlar repsatingmrobleny has beer idantified, khe develepes when

the raw i i cal g%so I to Lnprove the
correlati gﬁ%@r%ﬁ%ﬁ%ﬁ%@g{g%ﬂ# e%he rr{())d{e({[sgl Plﬁé]P ﬁ%ﬁg@as@ R%C&a?

t r ansf or nelie davelapeesisdund infakethenfollotdflg ichetRebefite tning toBhilthe raw
measurenent. [00176] Physi cal redundancy is very inportant for providing

cross val iabaereal ¢y detaction anpligatioppdel . As a general rule, raw

measur enents, which are physically redundant, should be included in the
nodel . \Wen there are @ah 8idprdblédeie MérndnenkisalikedT € aProbRASEXREEN S,
these neasurenents nust be specially scaled so as to prevent themfrom
overwhel mi ng t he sel eddcensesite personpeal havepotizad sufficéentitiae sect i on on

vari able scaling). A commn process -49 - exg%*tptbe ocgprs g“]om he | arge
number of t her nocoupl ¢2VEFHEAts AR Hermagently sa PPIPBht APCPEREL or
runaways. [00177] When fidhidth G¥ thelofghmiz880A 3 Ptaned dnhBedr¥BlcpRe can
identify the redundant neasurenents by doing a cross-correlation

cal cul ati on anong al | pEfrmanent selukidatie oftepuosnd THdue isttheshaséapptoaghi rs with
a very high cross-correlation (for exanple above .95) should be

i ndi vidual 'y exam med Can dhapsiblymarcdirectly nigsetdd?eA pioys relidbly wadiendant
or calculationally redundant. 11I1. H storical Data Collection [00178] A
significant effort in datectiepwblemednto insdall sensgrs fhatppndisessly measurieng dat a

data set shoul d: o010 Saien s RERRshTaR A8 # SE TR B g
span smal |l parts of thaobRehahicugh PpaiesPEonteoNBSARAtITS tThis @€ thiwi se. The
range of the data conpared to the range of the data during steady state

operations is a good is¢gPndbeshapiroaeld quality of the information in the
dataset. [00180] I nclude all normal operating nodes (including seasonal node
variations). Each qper@in bfl ifReentiRnEaReficht BE ARV clopet SV RichQIBt r uct ures.
Unl ess the patterns, which characterize the operating node, are captured by
t he nodel, these unnodecasireke approgchdddbe abhormalpeparatienadnfenential

operations. [00181]Only include nornal operati dat q;: .1 f .strong abnor nal
oger ating daE ais } ncl%aﬁﬂlrpﬁlepﬁgea‘ler"aﬁrﬁic %Seofgag?v??f@af’rgﬁé}bwas}ﬁyg‘?takenl y

model these abnormal gRgHaks! IFehEdatdiiRs vwHIEH ah YeSuscHIBTERYER m¥asBen

the nodel is later conpared to an abnormal operation, it may not detect the
abnormality the approach to the problem condition (e.g. tower flooding using

delta pressure), this can then be used to not only detect when the
condition exists but also as the base for a control application to
prevent the condition from occurring. This is the third best

approach.

Abnormal Event Detection Applications Do Not Replace the Alarm System

[00108] Whenever a process problem occurs quickly, the alarm system will

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



operations. - 50 - enough to detect the abnormal event. For continuous
refining and chem cal operations this sanpling frequency wll be around one
m nut e. Wvoheor/2le@2| i mi tati ons of the data historian, tRreTtuS200miongF7€at a
shoul d be as equival ent to one-m nute spot val ues as possible. 100183] The
strategy for data collection is to start with a |long operating history
(usually in the range of 9 nonths to 18 nonths), then try to renove those
time periods with obvious or docunented abnornmal events. By using such a
long tine period, the smaller abnormal events will not appear wth
sufficient strength in the training data set to significantly influence the
nodel parameters nost operating nodesZ2dhoul d have occurred and will be
represented in the data. A Historical Data Collection Issues |I) Data

Conpr essi on [001841Many hi storical Qatahaﬁes use data conpression_to

m ni i ze aqRIeBER PEGuCRtE 61 chas PEderdp whyeh aaeasurements; ynusyal
practice I SI 469! -8l i t he

begi nni ngl%%?q ‘Z‘ogér)%‘?ée@g l neﬁlgacﬁgklggtr}g{rere%lgrg%?%ﬁ%lﬁg%gﬁa aesréfosr houl d be
turned of diaghdsd the cuuge. Tdlisiposibilithshdaldbdimtestipated. orféerthk applieatios houl d
be built usi n% unconpr essed data whenever possible. Averaged val ues shoul d
not be us®dPrAPEss they are the only data avail able, and then with the
shortest data average available. 2) Length of Data Hi story 100185)For the
nodel to [OI09]! Y Hewese dbridimaleveni deeodes appHeatbomscart giwetthai ni ng dat a
set needs to have exanples of all the normal operating rmgg?, nornh'%lg

oper at i ngop¢ratrexivanged Marping when abppamnahevyts developsdowbs (lopger ¢ -51 -

process exper. s L Sl ¢ i S| V | ong
per od of | prsRERET; Takss RehlefLSia iy shfivate Sl thin: PRIV OF uf

di f f er encpocREPastasatii@hbn eflifihgentirgs pxeurgionsbyasingltalakiabted Wi nter) can
be very significant with refinery and chem cal processes. [00186] Sonpeti nmes
t hese | ononsequentiysalarmg gen bgravoidad. yHithg alarm pysteqnchap begn eanfigurgd far ound

or other sjanikficant, reconfi i I i hese
cases t heafr?gtd%ﬂe %ﬁét&‘r %ﬁ&%ﬂtﬁ&%&&ﬁ%&f# {Jﬁ,la?i aﬁﬁgi?lﬁg# O?gg#%rl}%ﬁégg%%a (e. 0.
6 weeks) tiinideafbtyodlaime), dhisaipplichtiof ni@nbedbhstd teplave thesd alarmscol | ect ed
and the nodel updated nonthly until the nodels are stabilized (e.g. the

nodel coeffiGiggnt s T N Jobd _ cillary
Hi stori cawﬁt_ﬁ[ [Ogggaﬁ]#ﬁ?&ht\?’grg?%%\és&%ﬁéggﬁaﬁ%ﬂ%‘g{%g%ﬁ %’? }gl(r)ﬂﬁ %F%w%l)trrﬂé@ peri od
shoul d al pEbeyseh alkbdsolatekthe devidntBenstie dot thedgsirgtuatto inpestatateathet i me
periods as abnornal, or operating in sonme special node that needs to be

excl uded event tFhists aicrmeigl advantege considering thatanodermplaptshavisi st or i cal
b | t b | ected,f h i f
oo el BN ghRE B sHRoRE R I RO IR PR, B ditud BFbuitacs for

The AED system can thus be thought of as another powerful addition to the

operator toolkit to deal with abnormal situations efficiently and effectively.



[00188] Oten set points and controller outputs are not historized in the

pl ant process data historian. Hi storization of these val ues shoul d

i medi at evp 2bemizmoat t he start of the project. 5) OperatrcmgSMudesss7e
[00189] A d data that no | onger properly represents the current process
operations should be renoved fromthe training data set. After a major
process nodification, the training data and PCA nodel may need to be
rebuilt fromscratch. If a particular type of operation is no |onger being
done, all data fromthat operation should be renoved fromthe training data
set. - 52 - [00190] Operating | ogs should be used to identify when the
process was run under different operat'i%‘m)des. These different nodes may
require separate nodels. Wiere the nodel is intended to cover several
operating nodes, the nunber of samples in the training dataset from each
operating nodel shoul d be approxi n&%ﬁ&ial ent. 6) Sanpling Rate

[ 00191] The devel oper shoul d gat her several nonths of process data using the
site's pr¢eekshl]hi sBvengsanddishibahtys gevatiogs nmagnitudes eresgmistarstlyues. | f
this is not_ available, the highest regqalution data, with the | east anount
of aver agPHGCHRABITACHS qQRSERFIOND) Vot eﬁﬁmw theshPuntiand dishehanges are

[ 00192] Qual.i Fg:‘rsg I iy M sl owner
sanpl e frg‘éﬁ@ﬁ&rﬁf Egg ot I%gésfc%l?tg@e s%nr@'asure%r‘z%fs, ra%é?oﬁgg}‘ﬁ%r%weﬁdg of

m nut es t enala@ dry unplanaed énterverition indhetpresessngmsatienewhenevertthe procksls a

continuous estimate of these quality asurenents needs_{o _be constructed.
Fi gure 8 §ABWE! sysiemcannot adequataky; WE?W&W%&%- q mqffnee'iles mat e.

Thi s same mdel, 3k auca,ﬁo%?m%btegée%ﬁaﬁ aﬁ{det"f‘l%ei%u@@ﬁeﬁﬂ% ia@%{%g%ﬁ%ﬁhhg%fg” cal

data. This quality estimte peconmes the 1 nput 1nto [. 8)
Model Tri r Dat a Anpo ion [00193 cept for yvery obvious

abnor mal i 3&&162% he %W&?é%ﬁym@%ﬁfﬂéﬁaﬁ gnjdevglaned e qreqts anditar i ne.
The incl ugj ahno I [Maly B i ategy
of usi ng TSPoy oA SR ofaRGHels, BHIAPMR KD B qHiedt S bpe BiBs uhg Tr L
t he nodel helmtheceperatbriiyolabntheriatatigre ofitharpotrcanbe Im aipnefegredat a set. The
nodel built fromhistorical datg thal predates the start{ of e_proj ect
must be r SHUBERCRL egnegfflé cEplay Procip COIAPORSNt ang SI%&I@%I]- Thss ing

dat aset s I 1 L | i uality
annot at i o%ggo @ﬁgéfé%ggggﬁé&ghgio? ibg)?é?ﬁﬁ t|ec g%@u@%ﬁﬁ%n? hgg‘f)\?loj ect life.
WO 2007/ 1248hecihigUsliibHshisbattd pribdipal 6fpBabihanatysiel(Pde\)ahodaisrthat
strategy is to start with an init"qal "rough” podel (the conse rlence of a
quest i onaBpRreseRli narRal dlta paems thakexistwithin histenical dagahagger ThRaegHher i ng
of a hi gh eialch L Ll thBGei i itbns A% (IELIRAG 8 sHRffnbAbEPBEL O the
process, annotations an ata w e gatheréed on nornal operations,

speci al opamahagNsmeanchdsthat alddwahe padeess opefatyt toreadihemundior Wwhaber an
abnormal operation_ or an abnormal event is mssed by the nodel, the cause
and dur at tBhPEICOsRAS eRterng an ahnosmad aperatipnni s way f eedback on the nodel 's
ability to nonitor the process operation can be incorporated in the

trai ni ng eor13[Thi Figaial ishoivhdow dadiriformation we theenlineleystemhflowsi s t hen
used to continue to gather better_ qualit triai ning data. This process is
repeat ed @hqughithe viasiaus trapsiepmations; sedel cgleulgticnsg cBeli nefaapdi s A

Initial RQUAB, PR Fodd R AFive at a summary trend which indicates the normality /

abnormality of the process areas. The heart of this system is the various models

used to monitor the normality of the process operations.

[00114] The PCA models described in this invention are intended to broadly
monitor continuous refining and chemical processes and to rapidly detect
developing equipment and process problems. The intent is to provide blanket
monitoring of all the process equipment and process operations under the span of

responsibility of a particular console operator post. This can involve many



[ 00195] Usi ng the operating | ogs and exam ning the process key perfornmance
indicators, the historical data is divided into periods with known abnornal
oper at i onsoana/per2ods with no identified abnornmal oper @cirarsso07hhs7elat a
with no identified abnormal operations will be the training data set.

[ 00196] Now each neasurenent needs to be exam ned over its history to see
whether it is a candidate for the training data set. Measurenents which
shoul d be excluded are: Those with nmany |ong periods of tinme as "Bad

Val ue” Those with nmany |ong periods of tinme pegged to their transmtter
high or lowlimts Those, which ShOM/Wﬁ%y little variability (except
those, which are tightly controlled to eir set points) - 54 - Those
that continuously show very large variability relative to their operating

range Th r. latio ot her

measur eme\(ri:lt§ OI- pél%rhxﬁggi‘i‘tdﬂegrg%: &l ﬁr{]gggs (gﬁg‘%ﬁa '(gr’?’al d’lsﬁ’“ﬁlﬁ? éXY‘VSYSF 0s
[00197] V\hlrd:ai;tevsanbmpmgssbi‘@, It excﬁdiig&QrdthHetQQrmﬁ’cﬁu Whes RuRBRaykgents are
briefly indicating "Bad Value" or are briefly pegged to their transmtter

hi gh or | &Pusapds of pregass rwawrme@t)sc|Mmonpmmpm@mu59@M| usi ons

h b P Id be .built. Si t hi

goi g to BLobiepls\Ghic dlvelGh B hiIRSEQ nRHRImeSFaI o5 toneRed 38 ihont 5 10
be ret ai nestni performandOdegridatibhi ThY ﬂxbcésﬁ%rﬁﬁédlwphﬁerﬁ r;ﬁyerénis" %&Bof he
nunber neasurenents included in the del . The nuier of PCs s

ul ti mat el Peedie ke specifigdaiorshandg r'lé‘lés inin conseast o the useopPEesmdedovever

t hi th d t he di.ff t f
process debe i R iR w06 Bl Hedenmid 1 66 hsm%ﬁshg«n%%%%ae?%#q%%ﬁ?ns
how nmany prébleinad @H@Whﬁwh%rhaﬂfér%ﬁuoﬁ"o‘ﬁh@%r&&ﬁ ntshe

statistical approach to variable scaling should use e al |

vari abl es it riance. JatJ on 7 001 ni ng data set
shoul d no (gle un ;/[%’r%‘{fé’ﬁnlflf-ﬁft Jieml?ﬁ’r erfﬂﬁtz‘}"dthfg’ rtpré‘-g‘%tm? lii me periods
wher e t he ddwélopams aﬁdtdeliﬂ?&}ﬁheﬁﬁﬁ‘i‘mlﬂ&@'a nuti8&Lof h%el%(téﬁﬁﬁni#@*ﬁlfédbﬁ)
exam ned to see whether an abnormal event was occurring at t i

this is j thideapplicasion lecantiraious refiningsare chemigad procissshinduiagso be
flagged as tinmes with known abnormal events occurring. These tine periods

shoul d be excl uded of r&‘i‘i?ehlaefol' %ﬁthQﬁngeﬁl@ eﬁﬁfeprrgl n%b%g” ogé I{)Cf&b%é)&elw th

the nodified data. - B. Renovinz CQutli nor nal
Oper at i ons crlterla and methods for selecting, analyzing, and transforming

measurement inputs

e developing of multivariate statistical models based on a variation

of principal component models, PCA

e developing models based on simple engineering relationships

restructuring the associated statistical indices

® preprocessing the on-line data to provide exception calculations

and continuous on-line model updating

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

abnormal

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

for a process area



[ 00200] El i m nati ng obvi ous abnormal events will be done through the
foll ow ng: Renovi ng docunented events. It is very rare to have a conplete
record ofwoheo7alzmmenal event history at a site. However PCIIUIRO7i0cEsns
operating problens should be docunented in operating records such as
operator |ogs, operator change journals, alarmjournals, and instrunent
mai nt enance records. These are only providing a partial record of the
abnormal event history. Renoving tinme periods where key perfornmance

i ndi cators, KPls, are abnormal. Such neasurenments as feed rates, product
rates, product quality are conmon key Qﬁgfornance i ndi cators. Each process
operation nmay have additional KPIs that ™are specific to the unit. Careful
exam nation of this limted set of nmeasurenments will usually give a clear

i ndi cation of periods,of abnormal operati.ons. Figure ho a hi st Qgram of
a KPI. Since the oferdiSigR of gperater inferactipns with the me pﬂs.ag\gf fuzzy Hetr

operating periods V‘h:ﬁc%?witéﬂ#?o -e§atkc§¥§ %3§a§&gh¥n€@9&§\;{ﬁgs oper ati ons.

Process qualities ar tent asi e 0 analyze since the optinmm
operation | ain a specification limt anpd they are | ess sensjtive to
nor nal fe&ﬁ e varicat FEITRSIQNS arp RSEFSSAY ngﬂ%qiler%%@a{m&mw noi se we
are refergj 1 r WA : glggq{’gi i | which
does not Egﬁ‘?gﬁﬁu#&gﬁg?ﬂﬁgﬁggﬁ?%* lg@géf%ﬂgﬁ%éggég%%ﬁgl e crellg dgghacaused
by speci f chajacteristics conhatt POAsaslisimple engingeitagemiodels earr bsasah orifice
plate or t in the level. Ngise can be caused by el ectrical

byl
i nduct ancﬁgfref"gﬁg{;’gr hese sriensiont Pisvade e dyandags ot preveprngpaaru ot the by
process d*r? Wlbcﬁ%%péﬁéﬁ&fstﬂnd (i\ii%fc@?aﬁid‘?&tm mg‘?nﬁ?tevbﬁtsf' | tered out.

[ 00202] The are t primary noi se types encountered in refining and

chem cal S surenent s, neasurenent spi kes and exponentially - 56 -
correl at egé(g]gﬁﬁi nudids sesition Wikl pat REoyd ?émréﬁq%gg,mti tasPGAal FPlinps by
an unr eas aaablchdeRl SHouMIBLRRL 16 8lstih R kbxtBIBR ShioR bs T RS RS b B4/85 Ur ni N
to a' value near 1ts previous val ue. i'se splrkes are renoved using a
tradi ti ong&fuidpitk Primgipat Compbnkhrdnalyeiz"8) t he Union filter. [00203] The
anount of noise in the signal can be quantified by a neasure known as the
signal to i r aty i : 1 S.J i . atio of the
anount of [({'jsl?lgn I vte;rh%acg?ﬁ%??d; %‘ée(% %’rﬂ%ggggbﬁzkégchlgg{)illgﬁﬁl?%@t[ahgﬁg@ount of
si gnal vaassaimptions slllef whibh ghe Vicdapedrtosonms degred byathealdee bererated from a
typical value for indicating that the_signal has substantial noise, and can
harm t he ReHBAl soinuausirgEning and ghomiqahplahRIPCESFORRIGEPBSer encounters a
signal with significant noise, he needs to nmake one of three choices. In
order of ‘preferencd, Thepeodseis statisnhfie—sisgnean hyd vafiancd gred dehssaitr ce of
the noise (the best answer) Renove / minimze the noise through filtering
techni ques Excl ude t®&rdiPBal from the nodel [00205] Typically for signals
with signal to noise ratios between 2 and 4, the exponentially correl ated
continuous noi se can Tke cemswadralation amongdvdriabled is linearaser the faigesofch as
an exponential filter. The equations for the exponential filter are:. = P *
r-1+(1:114) *ExponentRemalinrogesscpesationtquati on 8 P =-- Exp(-Ts/ Tf)Fil ter
constant cal cul ati onEquation 9 Yn is the current filtered val ue

3. Process noise random variables are mutually independent.

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

(i.e. positive semi-definite).

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

approach being to scale to unit variance).

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

in the model)



-rrn-1 Y is the previous filtered value is the current raw value - 57 - P
is the exponential filter constant Ts is the sanple tinme of the neasurenent
Tri s the wol2zb@vi2téooe constant [00206] Signals with very paworusseogneds’¢ o noi se
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 inportant, the scaling of the variable should be set to
de-sensitize the nodel by significantly increasing the size of the scaling
factor (typically by a factor in the range of 2 - 10). D. Transforned

Vari abl es [00207] Transformed vari abl es should be included in the nodel for
two different reasons. [00208]First, bz kd on an engi neering anal ysis of

t he specific equi pment and process chem stry, known non-linearities in the
process shoul d be ansf or d included in fhe nodel , Since one of the
assunpti ons of PCAL’ir' s‘zﬁﬂ‘ﬁrﬂﬁﬂﬁs&gﬁw ﬁ‘B‘Pgéiquﬁe‘Eﬂ IS SPTTEAY- near | y
correlated, significant process or equi pnent non-linearities will break
down this corr el at iS%onThedata baee amulsiveriatenersal distvibattiomn from t he nodel .
This will affect the usable range of the nodel. [00209] Exanpl es of well
known non{geeR tr@dlﬁ;_%aﬁé'i&lﬁriﬁgihe E@febtlén,t Enhd196d an@ltrthdfBrifthion bE Rl

col unms Lo?l of .conposition’n purity distillation Pressure
conpensat edditherpabsaquent incbsildiagsghe PGA deedele aaripiie hdjuskinentstare naddeeto
position (Figure 2 Reaction. rate,.to exponent,ial tenperature change - 58
- in the %}’8&?&%3 ﬁgﬂ’rpgﬂﬁﬁfegf’r degzsp Pt 10kaion, o at i onshi p bet ween t ower
delta pressure and feedrate is relatively linear until the floodi ng point

i s reached0012n t Knatethese PO swrdelsvatd déployediva-lingtheemioidal ¢alculdtions
tower flooding is picked up by the break in this |jnear. correlatiqn, both
del ta pr olSHIEE SPeFIAE SCenion BrRsessingdoitRRIaYsahs KECL AEKREIRETfieh

catal yst thahMLe|AeE aehitads! wd&ab&eﬁﬂehmrt-%dda%kihgn RAGSS UPAIAW thd'e

transfer line. So instead of including the absolute pressure neasurenents

i n the no@pkeratohebsirie angdaskpowdedgehihel ptopagatidic of an estentithrough ted.
process and to automatically restore the calculations once the process has

returned to normal.

[00121]  Use of PCA models is supplemented by simple redundancy checks
that are based on known engineering relationships that must be true during
normal operations. These can be as simple as checking physically redundant

measurements, or as complex as material and engineering balances.
[00122]  The simplest form of redundancy checks are simple 2x2 checks, e.g.

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

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

unit 1

[00123]  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.



E. Dynam c Transformations [00211Fi gure 11 shows how the process dynam cs
can disrupt the correlation between the current val ues of two neasurenents.
Duri ng t hwotzemidozon ti me one value is constantly changcmgsauzioesstéie ot her
is not, so there is no correlation between the current val ues during the
transition. However these two neasurenents can be brought back into tine
synchroni zati on by transform ng the | eading vari able using a dynam c
transfer function. Usually a first order with deadti ne dynam ¢ nodel (shown
in Equation 9 in the Laplace transformformat) is sufficient to time
synchroni ze the data. Y (s) = e e s Y(s)Equation 9 Ts + 1Y - raw data Y

- time synchronized data T - tine constanf 0 - deadtine S - Lapl ace
Transform paranmeter [00212] This technique is only needed when there is a

significa bet ween,vari abl es ed i.n the nodel. Usually
only 1- 20/ f%ﬂe varil aﬁﬁégéd‘%hdu FeLaplo ?85?%@?#8“?“%‘1\&"?31 ®be true for
those i ndﬁﬁﬂﬂdﬁﬂénsmuﬁpmod\élirEﬁﬁh@%mﬂuﬁdlﬁ%nsm&dltrédﬁmmyadr@ of ten
changed in large steps by the operator and for the neasurenents which are

significantly upstream of t;‘ﬁ n cess units being nodel ed. F. Renoving
Average Operating PBoi FieSFH§213RES ?ﬁ“&ﬁgous T eRFPRGEC And cheni cal processes
are constantly bei ng noved from one operati ngi point to another. These can
be intentional, wh@ ematriafiowtinto procgss upitilnT material flovgeutofiposssschanges

to a key set points, lglruttlh_ey can l?efa%aﬁ?wgfqgﬁo egﬁgééuchanges such as

heat exchanger foul ing or cat aI ently, the raw dat a

t t t t h
Icfegt(:) e Z nar M‘d&(ﬁ gfo%.akgﬁﬁq?g}f’ H_gg%rsl ﬁ%ﬂ&@g "ﬁ’&a’gi‘&&gm %ear as
abnor mal B Piiire i Qﬁerwrzhﬁr&naaeﬁalmaﬂa%&aﬁ&mﬁrrﬁeésaﬁéss ef R4 L9y

devi ation varTabl és: deviation froma moving average operatiHg polnt. This
t r ansf or m¥3. oWhemeven¥XBechangea byrams )bbeha'lgesg)}pa)b rind X2 rchgtigéLbly when

t anr mal eve ti This is done by
cuber noth A T Rt Ries RS SRpresteaas 01GA Mokl vt $i98l Briaskeab 1 or
exponent | 8bmplohef ARG, IS ThR tyBeHAHAS %&eéefn%a bd Fad KRR ANd St ng

this difference in the nodel Xflltere uati on - nmeasur enent
t r ansf or nE@NOEr smﬂmetmqhmrbmad @Cp«blmmdeibanewm( the awioodingdnsienel measur enent

Xfiuned nent i iltered r sur erre [ 00215] The tine constant
For the cwiREARFLeers e SRy oFer h Wb O AR lndrmal operations. The
principal component loadings of P are directly calculated from the engineering

equations, not in the traditional manner of determining P from the direction of

greatest variability.

[00126] The characteristics of the process operation require exception
operations to keep these relationships accurate over the normal range of process
operations and normal field equipment changes and maintenance activities.

Examples of exception operations are:

e opening of bypass valves around flow meters
e compensating for upstream / downstream pressure changes
e recalibration of field measurements

e redirecting process flows based on operating modes

[00127] The PCA models and the engineering redundancy checks are

combined using fuzzy Petri nets to provide the process operator with a



size as the major tine constant of the process. Oten a tinme constant of

around 40 mnutes will be adequate. The consequence of this transfornmation
is that twe 20ompt®2to the PCA nodel are a neasurenent ofPCrhis2e0emesste change
of the process fromthe noving average operating point. -60 - [00216]In

order to accurately performthis transform the data should be gathered at
the sanple frequency that natches the on-line system often every mnute or
faster. This will result in collecting 525,600 sanples for each nmeasurenent
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 nanageabl e
nunber of sanples, typically in the rdﬁﬁg'of 30,000 to 50,000 sanples. V.
Model Creation [00217] Once the specific neasurenents have been sel ected and
the training.data set has.been.built the mpbdel .can be built quickly using
standard EGRHREOR SEpmATK InFEALSN of the RoTmABRESRME Brafeth oRaralony under
nodel s i s hgepaeAnFigiretd)e scaling of the inputs. The traditional approach
to scaling is to divide each input by its standard deviation, cY, within

h i ni X = X . = ' 1002191F [ t ts that
contai n al0EAA" O Abwinfe stelisPegl inbics G eriled Hrovenps Pk o] sothat '
mul ti pl et eR@ORIGELY SorfBPORUGBRAL %oﬁfigﬁfdfﬁﬂl &l Hﬂ&&%lﬁgmg btrﬁ‘%és) this

approach is nodified to further divide the neasure e square root
of the nusfeipnaéntrtbal thg process epdrator dsndbaseflse sdisitiviey ofi deentraditionatyr oups

x," =X/ (CS rt ation 1 ere N,= nunber, of inputs in redundant
data gr ouB&W%ng?&gﬁ’g’ﬁﬁﬁﬁﬁﬁfspﬁdpa% %@E%Yegé’}f Frsabngsubsgte f or
measur eneilidield, AhieAV1 ¢BHRih the BLAGIRALIBANL SVE BARKIRE Be ifigfiguse Lhe
process is usually well” controlled at specitied operating polnts, the data
di st ri but wdrich some fonPdesigaaéa poRTTnd ISP EEINPETE prackss acaanduvered by of
data from.st y state_operatjons and ta from"disturbed" and operating
poi nt chaﬂ&sg&fn&ﬁq%gng?‘gﬁﬁ@@'&%‘é‘ Ifrom4he FlA modelsds fedinia @

devi ati onpefit ARy ef‘ox&?eﬁfﬂ%%ﬁéﬂ(iﬁm@iz %%é{&ﬁee mgﬁégﬁ%@% . The

resulting PCA no e excessively sensitive to 0 derate
devi at i onsndinateh ¢heranpesfronensmmaropeistion (value of zero) to abnormal operation

(value of one).

[00129]  Each redundancy check is also converted to a continuous normal -
abnormal indication using fuzzy nets. There are two different indices used for
these models to indicate abnormality; deviation from the model and deviation
outside the operating range (shown on Figure 3). These deviations are
equivalent to the sum of the square of the error and the Hotelling T square
indices for PCA models. For checks with dimension greater than two, it is
possible to identify which input has a problem. In Figure 3, since the X3-X2
relationship is still within the normal envelope, the problem is with input X1.
Each deviation measure is converted by the fuzzy Petri net into a zero to one
scale that will continuously indicate the range from normal operation (value of

zero) to abnormal operation (value of one).

[00130] For each process area under the authority of the operator, the
applicable set of normal - abnormal indicators is combined into a single normal -
abnormal indicator. This is done by using fuzzy Petri logic to select the worst
case indication of abnormal operation. In this way the operator has a high level

summary of all the checks within the process area. This section will not provide



[ 00221] For continuous refining and chem cal processes, the scaling should
be based on the degree of variability that occurs during normal process

di st ur barwe0@vi2gueei Nng operati ng poi nt changes not on t IReTASINSDIB6
variability that occurs during continuous steady state operations. For
normal |y unconstrai ned variables, there are two different ways of

determ ning the sealing factor. [00222]First is to identify tinme periods
where the process was not running at steady state, but was al so not
experiencing a significant abnormal event. A limted nunber of measurenents
act as the key indicators of steady state operations. These are typically
the process key performance i ndi cat or s 3thd usual Iy include the process feed
rate, the product production rates and the product quality. These key

nmeasures are us to se nt_.the_operatiaqns L nto riods ormal stead
state opeP&ePSWg?’aﬁgﬂ?éﬁ\%‘;mdfugﬁpﬁ n&&e?"i‘?‘i %‘ﬁ%,re ﬁi"cfsei’g%%ﬁr}%ﬁbr at i onsy
The st and@aﬁ'd%},’g%l,%zz&j'g@trti'}?etk.‘ U?"a??(%tﬁ?ﬁ,r(qj normal | y di sturbed

operations provides a good scaling nost of the measurenents.

[ 00223] An ernatiye approach to explicitly calgculating the sgal|ng, based

on ai stur l@%’wer at r%‘?%%ﬁt%o%é fgﬁae\éﬁppg 478 wmaa'g%egt eaPﬁa%tt%le ove.
e scali . stri bui on

out si de 0?9% gﬁggggﬁgp%ée?gfﬁgﬁgagﬁgﬁg?hét#gangyF%?kgﬁanp e%ﬁb ?7@6of t he

dat a shoulddvtloper statthiwitB asbagianddelethent sSuzcessivelyimproses drad nhddel's99. 99%

of the data should lie, within 4 standard devj ations of fhe nmean. The span
of data v&ﬁﬂ@gﬁ%b@ﬁs&m absexying rowouobdhe modsd reprssemts the actuabproegssng

99.99% fr : nge!' ;{Haél% olomm <]y : jation
of the "di g%ta?%gg%gg%a I%ﬁ%@dgﬁ)ﬁ%ﬁ_ ee Fi gura{ei of%.p&f(%gmi Eilpﬂn(&%%/ i f
a neasur egenthenestiriictnred aad retraigedd (meed bhahesesobsesvatioryn sat ur at ed

vari ables) only those tinme periods where the variable is unconstrained

shoul d be . INe i 1@. j used as the scaling
factor. B. éerhel%tgér};éfhglﬁ%%g?}%?)@%%?%g? %rg%clﬁen s [00225] PCA

t ransf or t ct iables into a set of independent

vari abl esnicaqu%cf ?’l?‘ru]lc?goﬁcﬁ@‘f%%%sﬁg%, PC, which are linear conbinations of
the ori gi riahQles (E ion 13). PC = A* + A* X2+ A * X3+

Equat i on i@b%%ﬂZZG%?eo‘éﬁrgﬂgﬁlgﬁ g‘l’glﬁék'ﬁetoa number of degrees of freedom
whi ch represent the specific independent effects that influence the

process. These di f merpravide tdepeounsalt opéfatmt withirovontinuouststatup (nomnsl vkt a as

process variation. Process variation can be due tQ intentional c¢hanges,
such as feed rate chafRprmal) of progessopsrationgifer alnfitbe procsss Anits uidst ent

tenperature variati Onhis[cg%gtgllﬁ?ﬁﬁm%gnd pal conponent nodels a part of the
€

process variability <cau ese different independent influences on
t he process. The principal, conmponents e,extracted in.the direction of
decr easi ng vari at| &n POV BANEUE dn coply, Aetechia of Aeatidly BekFioRirpa
conponent model i ng 'eggirﬁﬁés {&ﬁéu&p abﬁgri,ﬁmoaﬁe?ﬁ wWitihals bp&»ati Afthbtigpnt

princi pal conponents present a signi ant source of process vari at’i on,

for exanple the first LRACLpal t [ fect of
feed rate changes 5! n%lte)({‘{lﬁ%?%swﬁg@?f%%&é&%%%grgﬁﬁg%é}égegg?%r ocess
changes. At SOnme poi NdiaghbSe tayRdRALSEUE thelaSiidithaMeeBnt.he process

vari ation nodel ed by the principal conponents no | onger represents an

i ndependenpoEssyr ce Al RIR ThuYAHiAnbsR is SWRISORTd IRARIAAGT 1HSRAAEH009576
-63 - [00228] The engi neering approach to selecting the correct nunber of
The console operator is expected to diagnosis the process problem based on his

process knowledge and training.

[00134] Having a broad process scope is important to the overall success of
abnormal operation monitoring. For the operator to learn the system and
maintain his skills, he needs to regularly use the system. Since specific
abnormal events occur infrequently, abnormal operations monitoring of a small

portion of the process would be infrequently used by the operator, likely leading



princi pal conmponents is to stop when the groups of variables, which are the
primary contributors to the principal conponent no | onger nmake engi neering
sense. Theopnimeasy2cause of the process variation nodel edThis2@07B®576
identified by |ooking at the coefficients, Ao, of the original variables
(which are called | oadings). Those coefficients, which are relatively |arge
in magni tude, are the major contributors to a particular PC. Sonmeone with a
good understandi ng of the process should be able to | ook at the group of
vari abl es, which are the major contributors to a PC and assign a nanme (e.g.
feed rate effect) to that PC. As nore g? nore PCs are extrabted fromthe
data, the coefficients becone nore equal”in size. At this point the

vari ation being nodeled by a particular PCis primarily noise. [00229] The

traditiongl statjstical nethad for determ ning when the PC is just del i ng
nor se. | < 2o Sdadt Grrekord Bienblub e 1ma Jate MoahasidiSintach now
PC becomegoBadadicopdis tn confFRASHIRE pAKlisH& Rﬁ@%ﬁng@aﬂ WHich iyMY 8si QhOt S

t he anmount of variation nodel ed by each successive (Figure 13).

Unf or t unatles snadel baseskon dstestingm spevific proceks protilénmofisignifieartleccpadmic
refining and chem cal prqcesses. VI. Mddel Testing & Tuning [00230] The
process dé‘i‘tﬁr‘ﬁt&f’eﬁgﬁ’u&&&&%ﬁ gaussi an or normal distribution.

Consequently, the standard statistical nmethod of setting the trigger for

det ect i ng [8@13f]nor Mereasnthoaisazdsofiprtwess dwasatenuerds ofithihaheprocessesi dual

shoul d not be used. | nstead the trigger point needs to pe set enpLricall
onood on CRNEHPOELE SHIG CaBs0lS QFSAIIRs OPOt B RNRORY: CORPRES Fkmge.

| evel shoyhd dagmitedl Bkl aRiK & iﬁc‘!ﬁittﬁn%?hgm@é‘s %Qﬂgltﬁ@scf.at arate
acceptable to the site engineer, typically 5 of 6 tines each day. This can
be det er mmmezdutsmeémts kwhiclabraaketh8REdSsstatelation afmong the datai Ahigrequi®es -
data set (this is also referred tQ as the Qstatistic or the DMOD'
statisti cfi.lwﬂm&ﬁwem@msse%mwemsepé%ate Bbris megdels yahrs the Frossot get

m ssed bu s overwhel mthe site engineer. A Enhancing
t he Model %F&%@%%ﬂﬁg?ﬂlbﬁlﬁl nodel has been created, it needs to be

enhanced by creati a new training.dafa set. This_is done by, using the
model to AOATiE) tﬁ(‘f’@rﬁﬁa&l&wé} Sfablsrﬁmaposmﬁmgn%wbéﬁaﬂ%ﬁ abnor mal

situation, the engineer should investigate and classify the process
situation. The engienegubwdividiniithe prbées eduipraeanints iehuiirhemsgroaps keth some
speci al process operation is occurring, an actual abnormal situation is
occurring, or the proeesespondipg BAamedels i s a fal se indication.

[ 00233] The new training data set is made up of data from special operations
and nornal oper ati ensSubdividimgepraocadsycperatisg time pariods imtogree¢ss the initi al
nodel need to be perforned, on the data, and_the nodel re-calculated. Wth
this new nodel the trPBgatingdpedes,rqquiting diffgrent FCAMOISISal |y, but now
with better annotated data, this trigger point can be tuned so as to only
gi ve an i ndi cat i on swhbtendifyingswhiiclomeaburevents within colgquapmest group

Engi neering Mddel s for rmal .Event Detection [0 4] The .physi cs,
chenistry, and mchan?%@qgaﬁn&%g%ete‘%ﬁé‘W'ﬁéég§a£ldg%‘?&o{s wel | as the
insertion of nmultiple_siml|ar neasurenents creates a substantial amount of
redundancy in the ®atldentdingowhiclumessviemantsyidra anrauipgienpesiisses.
Thi s redundancy is cal/ed .p Leal redundanc i.denti.cal surenent s
are present, and cal cﬁﬁ%‘ﬁfloa%%3@&8&5&%@%%%%@”&@%%%& ¢ %m’ cal, or
mechani cal rel ati onshepseptich op&dtibfis per f or m i ndependent but equi val ent
estimates of a process condition. This class of nodel is called an

engi neeri ng PR NGH EVElage VO 2007/ 124002PCT/ US2007/ 009576

[00137}  The initial decision is to create groups of equipment that will be
covered by a single PCA model. The specific process units included requires an
understanding of the process integration / interaction. Similar to the design of a

multivariable constraint controller, the boundary of the PCA model should



- 65 - L Two Dinensional Engi neering Redundancy Mdels [00235] This is the
sinplest formof the nodel and it has the generic form F(y ) = G x +
filtered Wwoasg7/te4mper at or bias + errorlEquation 14 raw PCIAIS200F099579 - {
Gx O + filtered bias + operator bias } Equation 15 = error filtered bias
= filtered bias + N *raw bi asEquation 16 N - convergence factor ( e.g.
.0001) Normal operating range:xinin < x < xmax Nornmal nodel
deviation:-(max_error) < error < (max_error) [00236] The "operator bias"
termis updated whenever the operator determ nes that there has been sone
field event (e.g. opening a bypass flomg whi ch requires the nodel to be
shifted. On the operator's command, the éperator bias termis updated so
that Equation 14 is exactly satisfied (error = 0) [00237] The "filtered

bi as" term update onti.auously to account for .persistent ungeasured
plroiess ck?é‘il‘Jf Eg’aﬁglﬁ %@%ﬁﬁ@l}%&&?%&?ﬁ%&%&ﬂﬂ HHPSHSaE ‘?‘“ﬁ@%ﬁ\%ﬁ”gence

factor, . hdidafioh6orhodis BhARke: AT dRRiPAALAN! change after o user

specified tine perio usual | e tine scale of days. [00238)The
"normal o LNng range”. and the "nornal, model deviaiion" are determ ned
trom the MPRESH]'S . THERFRing Rles g whed P s torabnra 27 SrodBmont Brors
cases the max_error value is a single value; however this can also be a
vector of [0QL3%F t hBquipsedeé geompnaradefires] by tndladingodi thenmaldyoRagevialy t wo
di mensi onal equatiaon can be represented jn thjs manner. Material hal ances,
ener gy bal TSR IRIEGEREY S GHE" HEEHCA R ’}%F%’Hg egé‘fm?”faﬁ'ﬁ“?zé the

readi ngs, ﬁegggsﬁﬁ%gg ﬁg{tm&iab% GondttAHE eo@t%?xzég?ﬁeogvo@eﬂ@éggﬁggﬁi Al energy

bal ance. - As a case I n poln ve position
nodel is explizitieitanmifytheimerabtion points. aribeg Bhoprocess uaityalOtheRoise then

Model [00241] A particul arly. val uabl e engi neeri ng redundancy model is the
1 ow [ 21nt ract?ons need to bey identitied tﬁrou an englngeermg ana?ysmy of the process.

[00140] Process groups should be divided at a point where there is a
minimal interaction between the process equipment groups. The most obvious
dividing boint occurs when the only interaction comes through a single pipe
containing the feed to the next downstream unit. In this case the temperature,
pressure, flow, and composition of the feed are the primary influences on the
downstream equipment group and the pressure in the immediate downstream
unit is the primary influence on the upstream equipment group. These primary
influence measurements should be included in both the upstream and

downstream equipment group PCA models.

[00141]  Include the influence of the process control applications between
upstream and downstream equipment groups. The process control applications
provide additional influence paths between upstream and downstream equipment
groups. Both feedforward and feedback paths can exist. Where such paths exist
the measurements which drive these paths need to be included in both equipment
groups. Analysis of the process control applications will indicate the major

interactions among the process units.

[00142]  Divide equipment groups wherever there are significant time
dynamics (e.g. storage tanks, long pipelines etc.). The PCA models primarily

handle quick process changes (e.g. those which occur over a period of minutes



versus val ve position nodel. This nodel is graphically shown in Figure 2.
The particular formof this nodel is: Flow+ filtered bias + operator bias =
Cv (VP) WO 2007/124002 , a (Del t aPPTassan®09s76

Del ta_Pressurereference) Equation 17 where: Flow neasured flow through a
control valve Delta Pressure = cl osest neasured upstream pressure - cl osest
nmeasur ed downstream pressure Delta Pressurereference : average
Delta_Pressure during normal operation a: nodel paraneter fitted to

hi storical data Cv: valve characteristic curve determned enpirically from
hi storical data VP: signal to the contrg% val ve (not the actual contro

val ve position) The objectives of this Tbdel are to: Detecting sticking /
stuck control valves Detecting frozen / failed flow nmeasurenents

Det ecti ng I ' t o) 0 tem | oses control of
the 11 ow 30040 rrH B EeaP SHich Al STl Hhfor PO VAT LR e
equat i on ieffechonadhe poocdssinare Hoacuitablel fAPTE mbdéls X - WheteOthesE idfigerRgyat i on
inthis formis the one nost easily understood by the operators. It is

i npor t ant 3FoHMRAYARE to theormabdatppatismeopeaTyresEoty o O U85 effecBneedtodel s

that th ' ' . . likely ta be egsjl

unger st ggg@ Edfﬁ ?ﬁ‘gegg ¢ gﬁ’d;reg .ga‘g@{%g'g%# Eaégﬁé“f: Sg@%%gggvdﬁ},ﬂl%&ﬁi on
Model [ 00p43¢d3sanemsbrahehBBeseoty: discuicn of dyhamiy cofpefsAps)at i on
experienced by continuous refining and chem cal processes, a’long

hi st ori calg r esgy 0 may be required to get sufficient data to
span the gp’)er‘a‘r‘i'c‘g'ﬁ&og‘é fn ﬁé‘&?QSI val ve. Figure 15 shows a typical stretch
of Fl ow, Posi.i on, and |ta Pressu data with.the |on erj ods of
conot ant SO0 PreRes Gptbe ifodds S5 Yelined . sPrethis fie Retthdpuheisas
wher e t hetlige pfockesrBeBa@br {9 SighificumitlyaditRRedt) th%?&@ro%h angpraaﬁwbn This
shoul d be then m xed wth periods of normal operation taken om vari ous
peri ods i RfWifersng gradssafairofiuen(e.gi phlymerprodpstion)sighiicant process en a
punp disc If't%rngﬁ%on%r(e.tgh estartups, shutdowns, feedstock switches), processing of

dramatically different feedstock (e.g. cracking naphtha rather than ethane in
olefins production), or different configurations of the process equipment

(different sets of process units running).

[00144] Where these significant operating modes exist, it is likely that

separate PCA models will need to be developed for each major operating mode.
The fewer models needed the better. The developer should assume that a

specific PCA model could cover similar operating modes. This assumption must |
be tested by running new data from each operating mode through the model to

see if it behaves correctly.

C. Historical Process Problems

[00145] 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 should make the following checks before trying to build

an abnormal event detection application:



Downstream Pressure is not available. In those cases the m ssing

measur ement becones a fixed nodel paranmeter in the nodel. |f both pressures
are m ssiwgQ 20é7en4iok i s i npossi ble to include the pressurerafsb@ctoodsnec t he
nodel . [00245] The val ves characteristic curve can be either fit with a

| i near val ve curve, with a quadratic valve curve or with a piecew se |linear
function. The piecewi se linear function is the nost flexible and wll fit
any form of valve characteristic curve. [00246] The theoretical value for
"a" is 1/2 if the neasurenents are taken directly across the valve. Rarely
are the neasurenents positioned there. 3§ becones an enpirically

determ ned paranmeter to account for the actual positioning of the pressure
nmeasurenents. [00247]Oiten there will be very few periods of tinme with

variationg in sur Th t he ta Pr.essure during
t he nor matlSl perdlag’gth%hggeé §[§’ eﬁ’%@gﬁnﬁ%ﬁ%gg pﬁ? ?'intff’?'ﬁt@%ﬁ Wi%m To
over come t hi Ssxtéipersrmﬂel hirge ﬁws&&&eﬂidl&ﬂmwbaﬁ%m atd 8hd ﬁﬁﬁnéhti?ym' !
dat aset, which on contains WD 2007/ 124002PCT/ US2007/ 009576 -

peri ods of DeISPb/elii;éﬁQbJ@nWanltbﬁ attentien ofthe brgamMmmnkeﬂocuﬂ'dtbonlﬂhm
pressure depen araneters ". and rh t upstrea

downst r eam pr@g(g@?gg) aal?eémqg?élﬁg%ﬁt’f)ﬁels\?% e@ ae @er%?éaPW deI i's
re-devel oped with the |arger dataset. C. Fuzzy-net Processing of Flow
versus Valve Amadhewroblem haiditectlyrmeanoedB]Asnoiet teliable me{dldmmaonal

eng| neering r nodel,, there a asures of abnormalit the
'nor mal operaﬁﬂ@g&gﬁt n tﬁh s[eﬁgorsrmp{&arn ﬁﬁ'ﬁ H&ﬁsﬁf‘?g’ﬁ’p" FFé“

nodel devi ati @Rocdss. Ha€6awblsd Hohded tbzlﬁévbﬁ't%é rBBFen%EﬁRﬁngiTm
This is fed into a type 4 fiazy discrinnator gure 16) he eve oper
can pi ck the cpawsl applicationm Haisria khe sedond bzﬁstappu)acho abnormal (val ue of
1) in a standard way by using the normalized i ndex. [00249] The "nor mal
oper at i ng 3t ang@&in amﬁﬁxrdnslat hfeakatenfeii®Y ddRilopbEHWMQEWill QHéésfa?e figr mal
region. It typicall c‘gresents t he operating region of the valve where a
change i n val a¥ppgshttp eabnonnelstnpqratmn?llmfdnentml nmamhmnmts aret inaraflyow

through the v al n. evel o an pe 4 f zzy

di scri m nat or %'erelgg% Uﬁ?ﬁﬁ%‘i“aéﬁgeffloﬁewogﬁ@swg %@ Vi§EY
operating rangsgagd 5% JoRp::1eTalals . D
G oupi ng Ml ti pag IQZSI‘EOQVPFWVa ve&ﬁl\%{jée{eg@ﬁd&%ym?ﬂi comr?%glé}g&gérgo%i ng
Fl ow / Val ve dmdellopuvgmxﬂaremﬂai measercnhgnts limclagde NdwrabNess arad [inéaral | of

t hese nodels into a si %Leﬁ gff&lﬁ etvvork so.that the trend indicator wll
tel | them t haf&FFSIBR RIS 4248 exisEvOdRh ean beused fe reliptily macasre t hat

case, the nodgle 4 Eéﬁ't&ﬁ&bmbget}l%nd% n&?gwﬁeﬁgﬁ"gﬁf‘lé‘}‘g\“# contain

the "nornmal operating range the "nor evil dcation

for each of tpeesShmMﬂnﬁam theebs usddio hoteonlyvddtéctoohémitie édrlidon @kigtd nat or
indication. - 69 - valves (Figure_ 17 In this

result fromthe rst
chart, the to u&%ﬁ@ﬁ&l’m ﬁswsqrvaegor&r%l %RH’]H#F‘@&I"P;PYQY‘?‘H ggondiian Fempst
abnormal on t?@cﬁl‘fﬁg t?hfs'i?(j}#eeﬁﬁfd BQ#%? degreet he right. Each Pareto bar

al so has a reference box indicatin of variation of the nodel

That " val 1008 PIRAR AR} plchsl e B B R 2o,

are al | behagurgnens Glthyse &hﬁhﬁ@@g 8ArPbe WA nﬁtegfatédlm%tth%%raé}l plot for
"Valve 10" sim lar to Figure 2 to diagnose the problemw th the flow

control | 8&pvork of ahnarmsl detestionamodelsi neeri ng Redundancy Model s
[00252] Once the dinensionality gets larger than 2, a single "PCA |ike"

nmodel is @gvel qapdtmthamwepardn@mhgewz&m@ngl neering redundancy check.
Exanpl es of rmultidi mensional redundancy are:

[00147] Within an equipment group, there will be thousands of process

measurements. For the preliminary design:

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

valves) on these units



pressure 1 = pressure 2 == pressure n material flowinto process unit 1 =
material flow out of process unit 1= material flowinto process unit 2

[ 00253] Bawaus@/afiooreasur ement cal i brati on errors, theseprequmstoocnessas || each
require coefficients to conpensate. Consequently, the nodel set that nust
be first developed is: Fi(y = al0l (x + filtered Masi, + operator bias' +
error', i F2(y a002 (x1) + filtered bias2, + operator bias2 + error2, i
F'(y I') =a.G (x1) + filtered bias", + operator bias. + error., Equation
18 [00254] These nodel s are developed in the identical manner that the two
di mensi onal engi neering redundancy nodels were devel oped. [00255] This set
of nmul tidinensional checks are now convefied into "PCA |ike" nodels. This
conversion relies on the interpretation of a principal conmponent in a PCA

nodel as a nodel of ag.j endent effect on,t process - 70 - where the
princi pal conponent cggffe??%?}éme?s'(‘feéﬁﬁqtﬁé??gP§Bﬁ8§8H§&FH§’eﬁ?@56‘P MYHLar
change in the neasur oc eld tHYse v : Fi gure 3,
there are three independent .g%ﬁ(d %eﬁrﬁ%@ﬁe@gﬁggﬁﬁ,&ﬁ%}lhgnd X3.
Whenever X3 changes bschemaatick) changes by al and X2 changes by a2. This set
of relationships is expressed as a single principal conponent nodel, P,
with coefficients ien Selecphmfinmaguressnts asedbythesonfAclenSinetr By X2 +
a3X3Equation 19 Were a3= 1 £00256] Thi s engi neering unit version of the
nodel can be convert e@epenrg the patformanca ot prdasssat as fol | ows:

[ 00257] Draw ng anal ogi es to standard statistical concepts, the conversion
factors for each demeSelconany<upsteenrhentmaesment shfeedaas ife@P Rimapdragireange.
For exanple, using 3cr arqund . the nmean to define the normal operating
range, the scal ed var?ra%egsq“&ﬂl@’defi ned as: Xsaie = X normal operating
range' 6075Equation -20 (99. 7% of normal operating data should fall within 3
cr of the nean) Xnmed Selkchingapoentents obdewastragmr congkfonsivibich 2ffect the
(explicitly defining the "nmean" i CLPOi nt of the nornmal operating

.as the md
range) X = (X - Xm dPRPCPSSERIALRE ¢ pagycularly pressures.
e Select extra redundant measurements for measurements that are
important

¢ Select measurements that may be needed to calculate non-linear

transformations.

® Select any external measurement of a disturbance (e.g. ambient

temperature)

e Select any other measurements, which the process experts regard

as important measures of the process condition

[00148] From this list only include measurements which have the following

characteristics:

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

performance
¢ The measurement has a satisfactory signal to noise ratio

e The measurement is cross-correlated with other measurements in

the data set



(standard PCA scaling once nean and a are determ ned) Then the P | oadings
for Xi are: bi-= (a; nCG-scalal ((ak I Xk-scalef )112Equation 23 (the

requi r enewo 20draiz4doke | oadi ng vector be nornmalized) -7l1pcTiise@7oosnsf orns P
to P =* X1 + b2 * X2 + + b" * XNEquation 24 P "standard deviation" =
bl + b2 + +130Equation 25 [00258]Wth this conversion, the

mul ti di mensi onal engi neering redundancy nodel can now be handl ed using the
standard [' CA structure for cal cul ation, exception handling, operator

di splay and interaction. Depl oying PCA nodels and Sinple Engineering Mdels
for Abnormal Event Detection L Operator 8nd Known Event Suppression

[ 00259] Suppression logic is required fof0rhe followng: Provide a way to
elimnate fal se indications from measurabl e unusual events Provide a way

to clear abnormal indigations that t{he operatoy _has inyestjgated Provide a
way to temporarily %i sdITBCARHEMENB}S %gag&‘r@ﬁ‘é# of pgre %&Pn‘t@ﬁéﬁé@e Gy de
a way to disable bad ggti JIRAg! il. they can be retuned Provide a way
to permanently disabl eﬁ 1agq)actl né)%ieir‘lgs}@rr{l?hents. [ 00260] There are two types

of suppression. Suppression which is auto ically. tri ed by an
external , neasur abIJ; i@’&{f‘e%‘&e@ﬁB }Seg%'t%f’%lhtr%{ e‘i i‘f?g&lﬁ‘teglos%yofme
operator. The |ogic beiHiBH radle® Bhanses (MRS altRhaR RANSSPLPR cohprdown in
Figures 18 and 19. Although tﬁ%se r(yjélbagrams showli?he ?ﬁpprecssi on occurring
on a fuzzified nodel histaschyduppression can occur on a particular - 72 -
measurenent, on a particular nodel index, on an entire nodel, or on a
conbi nati on of noded s ThictineasurbMent d6€sfioEli®& long stretches of "Bad Value"

operation or saturated against transmitter limits.

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

known to be highly non-linear

e The measurement is not a redundant calculation from the raw

measurements

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

A. Evaluations for Selecting Model Inputs

[00149] There are two statistical criteria for prioritizing potential inputs into
the PCA Abnormal Detection Model, Signal to Noise Ratio and Cross-

Correlation.

1) Signal to Noise Test

The signal to noise ratio is a measure of the information content in

the input signal.
The signal to noise ratio is calculated as follows:

1. The raw signal is filtered using an exponential filter with an approximate
dynamic time constant equivalent to that of the process. For continuous

refining and chemical processes this time constant is usually in the range of



[ 002611For operator initiated suppression, there are two tinmers, which
determ ne when the suppression is over. One tiner verifies that the

suppr essenoiznéonra@ki on has returned to and remrai ns in trReTISROVEIOOST@L €.
Typical values for this tinmer are from15 - 30 mnutes. The second tiner
will reactivate the abnormal event check, regardl ess of whether it has
returned to the normal state. Typical values for this tinmer are either
equivalent to the length of the operator's work shift (8 to 12 hours) or a
very large tinme for sem -pernmanent suppression. [00262] For event based
suppression, a neasurable trigger is re gired. This can be an operator set
poi nt change, a sudden neasurenent chahge, or a digital signal. This signa
is converted into a timng signal, shown in Figure 20. This tim ng signal

is created fr {. Ll gger si | using t fol |l owi n guations: Yn= P *
Vo 30 1opy ek i B BlRer tiik Prst, Bffatvasn o o & Btk KorabFri 1 e
constant cal @ﬂp@hbﬁﬁﬂ]ﬁﬁé}%é{ﬁlaﬁbns avé., Tim ng signal cal cul ati onEquati on
28 where: Ynthe current filtered value of the trigger signal Yn-1 the

previous filtegpedyvalue rigger si Xnt he current yval ue of the
trigger si gnaﬁf%t Re JP{:;"TH“E 'és)ihg#m g%@ﬁ/ﬂe tgﬂl?—i!lilé‘?fr@“?ﬁmphe exp fon 1fi|ter
constant T,the sanple tine of the neasurenent Tfthe filter tinme constant

-73- 1002631 A5 “E’%‘gpsgéﬁtt‘ i nQFﬁEé}Wns'ta?nt%gR:Yl%t?oﬁ hreshobau(a%(bglm?hgs

.05 in Figure 20), remai NS suppresse e devel oper® se

| ength of the suppression by changing the filter tinme constant, T. Although
a sinple ti mewheoel d al so be used for this function, this tinng signal

will account for trigger signals of different sizes, creating |onger
suppressions for | afge chtregrsrandilsdred vatuesuppr essi ons for smal |l er
changes. [002641Fi Qqure 21 _shows, the_event suppression and the operator
suppr essi on di sabl i pr etherpreutpusdiltersd valsut s in the PCA nodel . The set

of inputs to be autgpmati Cﬁ}é%@@&‘%ﬁ%@q‘fi s determned fromthe on-line

nodel perfornmance. enever el gives an indication that the
operator does not Bant totheesxpohbhtal fillecedristantcan be traced to a smal |
nunber of individu contributiqgns to the Sumof Error Square index. To
suppr ess these indi'vi dual thesismnle tine AE the measuremandt i on of this index is

nodi fied as fol | owgi, E2= f: Ld iel iz the contribution weight for
input i (normall ngﬁual tlgle%lt%iliﬁrﬁhtégwgg tribution to the sumof error
squared f2omA eggidual signal is created by subtracting the filtered signal from the raw

signal

R,=X,-Y, Equation 3

3. The signal to noise ratio is the ratio of the standard deviation of the filtered

signal divided by the standard deviation of the residual signal

S/N=Cy/ Oy Equation 4

[00150] It is preferable to have all inputs exhibit a S/N which is greater than
a predetermined minimum, such as 4. Those inputs with S/N less than this
minimum need individual examination to determine whether they should be

included in the model

[00151] The data set used to calculate the S/N should exclude any long
periods of steady-state operation since that will cause the estimate for the noise

content to be excessively large.



Equation 29 [00265]Wen a trigger event occurs, the contribution weights
are set to zero for each of the inputs that are to be suppressed. \Wen

t hese i npwDEmKR4400 be reactivated, the contribution weipghtusce@7gosdaal |y
returned to a value of 1. H PO Model Deconposition [00266] Al t hough the
PCA nodel is built using a broad process equi pnent scope, the nodel indices
can be segregated into groupings that better match the operators' view of
the process and can inprove the sensitivity of the index to an abnor mal
event. - 74 - E12= F22 =v,15 "", "1.-1 EnR2 = 274c w jei Equation 30

[ 00268] Usual | y these groupings are baSQg_around smal | er sub-units of

equi pnent (e.g. reboiler section of a tower), or are sub-groupings, which
are relevant to the function of the equipnent (e.g. product quality).

[ 00269] Sia@ceceach cont, r}l.bu Lo 7 is always adding to the sumof error
square b ed-—é%v—pggégé%%ﬁ%s & s, the size of the index due to noise increases
linearly with the nunber of inputs contributipng to the index, Wth fewer

cont ri but[@0352b t HEhe gressfcosrelation ifameasurecel Beiigformationsredyadaney thi se
tio for, the,ind LS i [ ' : : ' .
Cbnor i 18pah et o The TRECEERelofTBS Rl kAT ahDERE TBAAs ICERRIBRIERLD

be subdivided to match the equi pnment groupi ngs_ and an | ndex anal ogous to
t he Hot el l.i nGalktilatedbg coavantances Sat befwasn @sBHNBULRRIBUANGX a= ELI b i Xi

PIO=bl ,ixi Eci k
Sik=N*Z (X; *X)) - & X;) * (£ X,) Equation 5
N*(N-1)

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

variance:

CCix = Su/(Si*Su)'" Equation 6

[00153] There are two circumstances, which flag that an input should not be
included in the model. The first circumstance occurs when there is no
significant correlation between a particular input and the rest of the input data
set. For each input, there must be at least one other input in the data set with a

significant correlation coefficient, such as 0.4.

[00154] The second circumstance occurs when the same input information
has been (accidentally) included twice, often through some calculation, which
has a different identifier. Any input pairs that exhibit correlation coefficients
near one (for example above 0.95) need individual examination to determine
whether both inputs should be included in the model. If the inputs are physically
independent but logically redundant (i.e., two independent thermocouples are
independently measuring the same process temperature) then both these inputs

should be included in the model.

[00155] If two inputs are transformations of each other (i.e., temperature and
pressure compensated temperature) the preference is to include the measurement

that the operator is familiar with, unless there is a significantly improved cross



P2,a= EL1 b P2,0= E1l.x /4 2,i t P2,c=E7_k bziXi 1;2P? 1=1 1,a Th2 = E7!'=1
Te2 = Equation 31 - 75 - [002711The thresholds for these indices are

cal cul at estolgovamng t he testing data t hrough the nodelpsTarsdoss@bdsieg t he
sensitivity of the thresholds based on their performance on the test data.
[ 00272] These new 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 |argest contributors to the sumof error
square index, and the largest contributors to the largest Pin the T2
calculation. 111. Overlapping PCA node +€ [00273] I nputs will appear in
several PCA nodels so that all interacttons affecting the nodel are
enconpassed within the nodel. This can cause nultiple i ndications to the

oper at or ts a or. con ors .t h of.,error
squar ed i\gg%lét g (gr%/eo(igﬁt %?eialégﬁ’éne% H%Efes'[\ﬂ%‘lthﬁﬁﬁ%ﬁg%a hen,

nul tiple Iﬁ@oﬂ@dﬁtmhdmgﬁeﬁbm%mtﬁfn §ﬁtﬁﬂ@ﬂ8@ﬁcrﬂzié@| s as its pri mary
nodel . The contribution weight in Equatlon 29 for the pri mary PCA nodel

will renui 0 vvh| f of,. t he PCA nodels, it is set to zero.
| V. Qper at ra]t 2 ‘é?{a‘{’ B YU B GLIEPEH0275] The primary obj ectives

of the op I n ace are  to: rovide a continuoys |nd| cat.ion of the
nor nal i ty?@ﬁf e ngf‘?ﬁnlﬁg&%ls"she&f“@% ‘i?r‘fﬂ%?est"rf&na‘i}w*}"ﬂ hard and s9fr at or
Provide r I ats e r I

It or mat | oa o SO T AERUALT ValiRY R EAR YR (R it POingRES
enabl ed. EaomenZdrshmaiss aoey insremede ragombtivgresiph\oesl lomeramges casddzém t he

primary interfaces . used bg t he operator
ranges, maximum an mlmmum control valve positions, and process control

application output limits. Inputs can fall into several categories with regard to
saturation which require special handling when pre-processing the inputs, both

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

[00157]  For standard analog instruments (e.g., 4-20 milliamp electronic

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

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

transmitter

e The connection with the field has been broken

[00158] When either of these conditions occur, the process control 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 a Bad Value, or to maintain the last good value of the measurement. These
values will then propagate throughout any calculations performed on the process
control system. When the "last good value" option has been configured, this can
lead to erroneous calculations that are difficult to detect and exclude. Typically
when the "Bad Value" code is propagated through the system, all calculations

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

[00159] Regardless of the option configured on the process control system,

those time periods, which include Bad Values should not be included in training



- 76 - [00276] The final output froma fuzzy Petri net is a normality trend
as is showmn in Figure 4. This trend represents the nodel index that

i ndi cat eswoheomnemtest |ikelihood of abnormality as def ipoeascov7iohes7d uzzy
di scrimnate function. The nunber of trends shown in the summary is

fl exi ble and decided in discussions with the operators. On this trend are
two reference lines for the operator to help signal when they shoul d take
action, a yellowline typically set at a value of 0.6 and a red line
typically set at a value of 0.9. These |ines provide guidance to the
operator as to when he is expected to tgke action. Wien the trend crosses
the yellow line, the green triangle in Figure 4 will turn yellow and when
the trend crosses the red line, the green triangle will turn red. The
triangle i I k e rator to the

di spl ay a?sr g%itgtﬁ g%lg%}\ng't Eq{éﬁdeé‘%gooﬁe%}q}geieg% F\%ﬂ%%%ﬁgbo giraoﬁa aslol?ﬁ?ncat ion.

10027711 f configmmatein the proBey comtadl systent ahd thet tonfigiie &R IR Fod" OUP
(e.g. all coptrol val Xge;), sel ect nqéétlhe green triangle will create a
Paret o ch&rfludipg samples, pueh argBadr\alyes.c Hor thejertlingoimplementation,o t he

nodel ind I NS Te} narmal 4(on the l.eft) to the

| east abnor ut% %Sr%\qehéareﬂl;%ﬁ% %Ieasstﬁ’gﬁﬁﬁ gﬁf%he\(;l @é‘@s gg%ﬂ%gg?é 8y ENtsIPR A Sor s

wi |l be amegaydidse offiwisichdptionShatbbest suTedted onlihe Prob&ds il sysart.udes a
red box around each bar to provide the operator with a referefnce as to how

unusual t H80HMsur dhose inpwispwhich arecnemmally BedaYelus fas estensiveitimei on of
abnormal i . operators are provided with a trend
Par et o, #Elﬁh%gﬁéﬁﬂgsﬁ%%ggg\gggﬁérﬁt?%%%%ﬁ chart Pareto. Wth the trend
Par et o, eﬁc&é)l ot has two trends, the actual neasurenent (in cyan) and an
esti mte PGHthe Keonshgingd variaias arnemesiwhere deanessuwbmentisateoneen | f

ever yt hi ng; was iLn tan). 100279] Fo alve / flaw.nodels, the detail
under thegll-lfg?’e 0 t\r/l\lnq?*ne%g&feﬁ%&itv%a%?lﬁ% i} ﬁ'}ﬂ\f plr?‘(’)%s\?é’f’g\llﬁorb S\fé’%g(ﬁttf’on
model  pl otwhdre dife Vilue HalsQiefhilted R RAXFAGMAR NN EMARAIHAhe Pi @S tO the
nodel . - 77 - 10028011f there is no equi pnent grouping, selecting the

green tri dageaitign ranggkcoveeediethe:Bad Madine seasiar)e Mus prodess sitiatos icanal

nodel under trend. 100281] Qperator suppression is done at the
Par et o Ch§ggﬁ$%)§zsﬁlg§ﬁ¥%qsggﬁ ng the on/off button beneath each bar. WO

2007/ 124002PCT/ US2007/ 009576 - 78 - BIBLI OGRAPHY |. U.S. Patent Docunents 1
5,859,964 1/12/99 wanBertemsaif the gyetesnazedomanlydnictivepexdept nindgr r eal ti me
data acqui sition, process .nodel.ing and, fault detection of wafer fabrication
processes” 2 5,949, 673PS§ial/ Mg ,0063“&“,5’ fopsHagap e dresmise religfifiow to

Mil tivariable Processgs" 9 / a "Pfaelper b
br eakage prediction E@i n%éggyg%?%aﬁ%g%r%%{r@%@ﬁ%ﬁéﬁéﬁ év% c‘foé’g\é\ﬁ??%at i on
and regression trees"are active should be excluded from the training and validation
data set by setting up data filters. For the on-line implementation
these override events are trigger events for automatic suppression

of selected model statistics

e The process control system is designed to drive the process
against process operating 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 normally saturated, should be
excluded from the model. Those inputs, which are only
occasionally saturated (for example less than 10% of the time)
can be included in the model however, they should be scaled

based on the time periods when they are not saturated.
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Princi pal Conponents Win@gignificant process disturbance or the operator has

et

intentionally moved the operating point by changing key set

points.

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

signals sent to the control valves in the field).

[00163]  The normal operations of refinery and chemical processes are
usually controlled by two different types of control structures: the classical
control cascades (shown in Figure 6) and the more recent multivariable

constraint controllers, MVCC (shown in Figure 7).

1) Selecting model inputs from cascade structures

[00164] Figure 6 shows a typical "cascade" process control application,
which is a very common control structure for refining and chemical processes.
Although there are many potential model inputs from such an application, the
only ones that are candidates for the model are the raw process measurements
(the "PVs" in this figure ) and the final output to the field valve.

[00165]  Although it is a very important measurement, the PV of the ultimate
primary of the cascade control structure is a poor candidate for inclusion in the
model. This measurement usually has very limited movement since the

objective of the control structure is to keep this measurement at the set point.
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There can be movement in the PV of the ultimate primary if its set point is
changed but this usually is infrequent. The data patterns from occasional
primary set point moves will usually not have sufficient power in the training

dataset for the model to characterize the data pattern.

[00166] Because of this difficulty in characterizing the data pattern resulting
from changes in the set point of the ultimate primary, when the operator makes
this set point move, it is likely to cause a significant increase in the sum of
squared prediction error, SPE, index of the model. Consequently, any change in
the set point of the ultimate primary is a candidate trigger for a "known event
suppression”. Whenever the operator changes an ultimate primary set point, the
"known event suppression” logic will automatically remove its effect from the

SPE calculation.

[00167] Should the developer include the PV of the ultimate primary into the
model, this measurement should be scaled based on those brief time periods
during which the operator has changed the set point and until the process has
moved close to the vale of the new set point (for example within 95% of the new
set point change thus if the set point change is from 10 to 11, when the PV
reaches 10.95)

[00168] There may also be measurements that are very strongly correlated
(for example greater than .95 correlation coefficient) with the PV of the Ultimate
Primary, for example redundant thermocouples located near a temperature
measurement used as a PV for an Ultimate Primary. These redundant
measurements should be treated in the identical manner that is chosen for the PV

of the Ultimate Primary.

[00169] Cascade structures can have set point limits on each secondary and
can have output limits on the signal to the field control valve. It is important to

check the status of these potentially constrained operations to see whether the
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measurement associated with a set point has been operated in a constrained
manner or whether the signal to the field valve has been constrained. Date

. during these constrained operations should not be used.

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

[00170]  Figure 7 shows a typical MVCC process control application, which
is a very common control structure for refining and chemical processes. An
MVCC uses a dynamic mathematical model to predict how changes in
manipulated variables, MVs, (usually valve positions or set points of regulatory
control loops) will change control variables, CVs (the dependent temperatures,
pressures, compositions and flows which measure the process state). An MVCC
attempts to push the process operation against operating limits. These limits can
be either MV limits or CV limits and are determined by an external optimizer.
The number of limits that the process operates against will be equal to the
number of MVs the controller is allowed to manipulate minus the number of
material balances controlled. So if an MVCC has 12 MVs, 30 CVs and 2 levels
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

load disturbances (known as feed forward variables, FF).

[00171] Whether or not a raw MV or CV is a good candidate for inclusion in
the PCA model depends on the percentage of time that MV or CV is held against
its operating limit by the MVCC. As discussed in the Constrained Variables
section, raw variables that 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.

[00172]  If an unconstrained MYV is a set point to a regulatory control loop,

the set point should not be included; instead the measurement of that regulatory
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control loop should be included. The signal to the field valve from that
regulatory control loop should also be included.

[00173]  If an unconstrained MYV is a signal to a field valve position, then it

should be included in the model.

C. Redundant Measurements

[00174] The process control system databases can have a significant
redundancy among the candidate inputs into the PCA model. One type of
redundancy is "physical redundancy", where there are multiple sensors (such as
thermocouples) located in close physical proximity to each other within the
process equipment. The other type of redundancy is "calculational redundancy”,
where raw sensors are mathematically combined into new variables (e.g.
pressure compensated temperatures or mass flows calculated from volumetric

flow measurements).

[00175]  As a general rule, both the raw measurement and an input which is
calculated from that measurement should not be included in the model. The
general preference is to include the version of the measurement that the process
operator is most familiar with. The exception to this rule is when the raw inputs
must be mathematically transformed 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 but not the raw measurement.

[00176]  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
number of physically redundant measurements, these measurements must be
specially scaled 5o as to prevent them from overwhelming the selection of

principal components (see the section on variable scaling). A common process
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example occurs from the large number of thermocouples that are placed in

reactors to catch reactor runaways.

[00177] When mining a very large database, the developer can identify the
redundant measurements by doing a cross-correlation calculation among all of
the candidate inputs. Those measurement pairs with a very high cross-
correlation (for example above .95) should be individually examined to classify

each pair as either physically redundant or calculationally redundant.

III. Historical Data Collection

[00178] A significant effort in the development lies in creating a good
training data set, which is known to contain all modes of normal process

operations. This data set should:

[00179] Span the normal operating range: Datasets, which span small parts
of the operating range, are composed mostly of noise. The range of the data
compared to the range of the data during steady state operations is a good

indication of the quality of the information in the dataset.

[00180]  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 unmodeled operating modes will appear as abnormal operations.

[00181] Only include normal operating data: If strong abnormal operating
data is included in the training data, the model will mistakenly model these
abnormal operations as normal operations. Consequently, when the model is
later compared to an abnormal operation, it may not detect the abnormality

operations.

[00182]  History should be as similar as possible to the data used in the on-

line system: The online system will be providing spot values at a frequency fast
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enough to detect the abnormal event. For continuous refining and chemical
operations this sampling frequency will be around one minute. Within the
limitations of the data historian, the training data should be as equivalent to one-

minute spot values as possible.

[00183] The strategy for data collection is to start with a long operating
history (usually in the range of 9 months to 18 months), then try to remove those
time periods with obvious or documented abnormal events. By using such a

long time period,

e the smaller abnormal events will not appear with sufficient
strength in the training data set to significantly influence the

model parameters

e most operating modes should have occurred and will be

represented in the data.

A. Historical Data Collection Issues

1) Data Compression

[00184] Many historical databases use data compression to minimize the
storage requirements for the data. Unfortunately, this practice can disrupt the
correlation structure of the data. At the beginning of the project the data
compression of the database should be turned off and the spot values of the data
historized. Final models should 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.

2) Length of Data History

[00185]  For the model to properly represent the normal process patterns, the
training data set needs to have examples of all the normal operating modes,

normal operating changes and changes and normal minor disturbances that the
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process experiences. This is accomplished by using data from over a long period
of process operations (e.g. 9 - 18 months). In particular, the differences among
seasonal operations (spring, summer, fall and winter) can be very significant

with refinery and chemical processes.

[00186]  Sometimes these long stretches of data are not yet available (e.g.
after a turnaround or other significant reconfiguration of the process equipment).
In these cases the model would start with a short initial set of training data (e.g.
6 weeks) then the training dataset is expanded as further data is collected and the
model updated monthly until the models are stabilized (e.g. the model

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

3) Ancillary Historical Data

[00187] The various operating journals for this time period should also be
collected.” This will be used to designate operating time periods as abnormal, or
operating in some special mode that needs to be excluded from the training
dataset. In particular, important historical abnormal events can be selected from

these logs to act as test cases for the models.

4) Lack of Specific Measurement History

[00188]  Often set points and controller outputs are not historized in the plant
process data historian. Historization of these values should immediately begin at

the start of the project.

5) Operating Modes

[00189] Old data that no longer properly represents the current process
operations should be removed from the training data set. After a 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.

80 -
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[00190] Operating logs should be used to identify when the process was run
under different operating modes. These different modes may require separate
models. Where the model is intended to cover several operating modes, the
number of samples in the training dataset from each operating model should be

approximately equivalent.

6) Sampling Rate

[00191] The developer should gather several months of process data using
the site's process historian, preferably getting one minute spot values. If this is
not available, the highest resolution data, with the least amount of averaging
should be used.

7) Infrequently Sampled Measurements

[00192] Quality measurements (analyzers and lab samples) have a much
slower sample frequency than other process measurements, ranging from tens of
minutes to daily. In order to include these measurements in the model a
continuous estimate of these quality measurements needs to be constructed.
Figure 8 shows the online calculation of a continuous quality estimate. This
same model structure should be created and applied to the historical data. This

quality estimate then becomes the input into the PCA model.

8) Model Triggered Data Annotation

[00193]  Except for very obvious abnormalities, the quality of historical data
is difficult to determine. The inclusion of abnormal operating data can bias the .
model. The strategy of using large quantities of historical data will compensate
to some degree the model bias caused by abnormal operating in the training data
set. The model built from historical data that predates the start of the project
must be regarded with suspicion as to its quality. The initial training dataset
should be replaced with a dataset, which contains high quality annotations of the

process conditions, which occur during the project life.
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[00194] The model development strategy is to start with an initial "rough"
model (the consequence of a questionable training data set) then use the model
to trigger the gathering of a high quality training data set. As the model is used
to monitor the process, annotations and data will be gathered on normal
operations, special operations, and abnormal operations. Anytime the model
flags an abnormal operation or an abnormal event is missed by the model, the
cause and duration of the event is annotated. In this way feedback on the
model's ability to monitor the process operation can be incorporated in the
training data. This data is then used to improve the model, which is then used to
continue to gather better quality training data. This process is repeated until the

model is satisfactory.

1V. Data & Process Analysis

A. Initidl Rough Data Analysis

[00195])  Using the operating logs and examining the process key
performance indicators, the historical data is divided into periods with known
abnormal operations and periods with no identified abnormal operations. The

data with no identified abnormal operations will be the training data set.

[00196] Now each measurement needs to be examined over its history to see
whether it is a candidate for the training data set. Measurements which should

be excluded are:

¢ Those with many long periods of time as "Bad Value"
e Those with many long periods of time pegged to their transmitter

high or low limits

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

tightly controlled to their set points)



-1.54E-01 9 | -STACE KO DRM 6D9 PRESS PSI G -1.52E-01 10 M F. OVHD REFLUX
Qut put %-1.51E-01 11 MF. OFF GAS MSCF/ D -1.51E-01 12 MAIN FRAC OVHD
PRESSURE W82 7124@2E- 01 2. Gas Pl ant Heat Bal ance 1 DeBTRESBloROBRAN DEG-

-54-

e Those that continuously show very large variability relative to

their operating range

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

measurements in the data set
e Those with poor signal to noise ratios

[00197] While examining the data, those time periods where measurements
are briefly indicating "Bad Value" or are briefly pegged to their transmitter high

or low limits should also be excluded.

[00198] Once these exclusions have been made the first rough PCA model
should be built. Since this is going to be a very rough model the exact number
of principal components to be retained is not important. This will typically be
around 5% of the number measurements included in the model. The number of
PCs should ultimately match the number of degrees of freedom in the process,
however this is not usually known since this includes all the different sources of
process distutbances. There are several standard methods for determining how
many principal components to include. Also at this stage the statistical approach

to variable scaling should be used: scale all variables to unit variance.

X'=(X - Xus))/ O ' Equation 7

[00199]  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 to see whether an abnormal event was
occurring at the time. If this is judged to be the case, then these time periods
should also be flagged as times with known abnormal events occurring. These
time periods should be excluded from the training data set and the model rebuilt
with the modified data. '
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B. Removing Qutliers and Periods of Abnormal Operations

[00200] Eliminating obvious abnormal events will be done through the

following:

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

only providing a partial record of the abnormal event history.

Removing time periods where key performance indicators, KPlIs, are abnormal.
Such measurements as feed rates, product rates, product quality are common key
performance indicators. Each process operation may have additional KPIs that
are specific to the unit. Careful examination of this limited set of measurements
will usually give a clear indication of periods of abnormal operations. Figure 9
shows a histogram of a KPI. Since the operating goal for this KPI is to
maximize it, the operating periods where this KPI is low are likely abnormal
operations. Process qualities are often the easiest KPIs to analyze since the
optimum operation is against a specification limit and they are less sensitive to

normal feed rate variations.

C. Compensating for Noise

[00201) By noise we are referring to the high frequency content of the
measurement signal which does not contain useful information 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 caused by
electrical inductance. However, significant process variability, perhaps caused

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

[00202] There are two primary noise types encountered in refining and

chemical process measurements: measurement spikes and exponentially
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correlated continuous noise. With measurement spikes, the signal jumps by an
unreasonably large amount for a short number of samples before returning to a
value near its previous value. Noise spikes are removed using a traditional spike

rejéction filter such as the Union filter.

[00203] The amount of noise in the signal can be quantified by a measure
known as the signal to noise ratio (see Figure 10). This is defined as the ratio of
the amount of signal variability due to process variation to the amount of signal
variability due to high frequency noise. A value below four is a typical value for
indicating that the signal has substantial noise, and can harm the model's

effectiveness.

[00204] Whenever the developer encounters a signal with significant noise,

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

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

. answer)
e Remove/minimize the noise through filtering techniques

e Exclude the signal from the model

[00205] 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 exponential filter. The equations for the exponential filter

are:
Y*=P * Y"4+(1sP) * X®  Exponential filter equation Equation 8

P = Exp(-Ty/Ty) Filter constant calculation Equation 9

Y"is the current filtered value
Y™ is the previous filtered value

X" is the current raw value
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P is the exponential filter constant
Ty is the sample time of the measurement

Tris the filter time constant

[00206] Signals with very poor signal to noise ratios (for exarﬁple less than
2) may not be sufficiently improved by filtering techniques to be directly
included in the model. If the input is regarded as important, the scaling of the
variable should be set to de-sensitize the model by significantly increasing the

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

D. Transformed Variables

[00207] ' Transformed variables should be included in the model for two

different reasons.

[00208] First, based on an engineering analysis of the specific equipment and
process chemistry, known non-linearities in the process should be transformed
and included in the model. Since one of the assumptions of PCA is that the
variables in the model are linearly correlated, significant process or equipment
non-linearities will break down this correlation structure and show up as a

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

[00209] Examples of well known non-linear transforms are:

e Reflux to feed ratio in distillation columns

* Log of composition in high purity distillation

e Pressure compensated temperature measurement
e Sidestream yield

e Flow to valve position (Figure 2)

e Reaction rate to exponential temperature change

[00210] Second, the data from process problems, which have occurred

historically, should also be examined to understand how these problems show up
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in the process measurements. ‘ For example, the relationship between tower delta
pressure and feedrate is relatively linear until the flooding point is reached, when
the delta pressure will increase expenentially. Since tower flooding is picked up
by the break in this linear correlation, both delta pressure and feed rate should be
included. As another example, catalyst flow problems can often be seen in the
delta pressures in the transfer line. So instead of including the absolute pressure
measurements in the model, the delta pressures should be calculated and

included.

E.  Dynamic Transformations

[00211] Figure 11 shows how the process dynamics can disrupt the
correlation between the current values of two measurements. During the
transition time one value is constantly changing while the other is not, so there is
no correlation between the current values during the transition. However these
two measurements can be brought back into time synchronization by
transforming the leading variable using a dynamic transfer function. Usually a
first order with deadtime dynamic model (shown in Equation 9 in the Laplace
transform format) is sufficient to time synchronize the data.
Yis) = e 25 v Equation 9

Ts+1

Y - raw data

Y' - time synchronized data

T - time constant

©® - deadtime

S - Laplace Transform parameter

[00212]  This technique is only needed when there is a significant dynamic
separation between variables used in the model.” Usually only 1-2% of the

variables requires this treatment. This will be true for those independent
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variables such as set points which are often changed in large steps by the
operator and for the measurements which are significantly upstream of the main

process units being modeled.

F. Removing Average Operating Point

[00213] Continuous refining and chemical processes are constantly being
moved from one operating point to another. These can be intentional, where the
operator or an optimization program makes changes to a key set points, or they
can be due to slow process changes such as heat exchanger fouling or catalyst
deactivation. Consequently, the raw data is not stationary. These operating
point changes need to be removed to create a stationary dataset. Otherwise these

changes erroneously appear as abnormal events.

[00214] The process measurements are transformed to deviation variables:
deviation from a moving average operating point. This transformation to
remove the average operating point is required when creating PCA models for
abnormal event detection. This is done by subtracting the exponentially filtered
value (see Equations 8 and 9 for exponential filter equations) of a measurement

from its raw value and using this difference in the model.
X' =X - Xterea ' ' Equation 10

X' - measurement transformed to remove operating point changes
X - original raw measurement

Kserea - €Xponentially filtered raw measurement

[00215]  The time constant for the exponential filter should be about the same
size as the major time constant of the process. Often a time constant of around
40 minutes will be adequate. 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.
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[00216] In order to accurately perform this transform, the data should be
gathered at the sample frequency that matches the on-line system, often every
minute or faster. This will result in collecting 525,600 samples for each
measurement to cover one year of operating data. Once this transformation has
been calculated, the dataset is resampled to get down to a more manageable

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

V. Model Creation

[00217] Once the specific measurements have been selected and the training

data set has been built, the model can be built quickly using standard tools.

A. Scaling Model Inputs

[00218] The performance of PCA models is dependent on the scaling of the

inputs. The traditional approach to scaling is to divide each input by its standard

deviation, O, within the training data set.

Xi'=X;/0; . Equation 11

[00219) For input sets that contain a large number of nearly identical
measurements (such as'multiple temperature measurements of fixed catalyst
reactor beds) this approach is modified to further divide the measurement by the

square root of the number of nearly identical measurements.

For redundant data groups

X;' =X/ (O * sqrt(N) ) : Equation 12

Where N = number of inputs in redundant data group

[00220]  These traditional approaches can be inappropriate for measurements
from continuous refining and chemical processes. Because the process is usually

well controlled at specified operating points, the data distribution is a
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combination of data from steady state operations and data from "disturbed" and
operating point change operations. These data will have overly small standard

deviations from the preponderance of steady state operation data. The resulting
PCA model will be excessively sensitive to small to moderate deviations in the

process measurements.

[00221] For continuous refining and chemical processes, the scaling should
be based on the degree of variability that occurs during normal process
disturbances or during operating point changes not on the degree of variability
that occurs during continuous steady state operations. For normally
unconstrained variables, there are two different ways of determining the scaling

factor.

[00222]  First is to identify time periods where the process was not running at
steady state, but was also not experiencing a significant abnormal event. A
limited number of measurements act as the key indicators of steady state
operations. These are typically the process key performance indicators and
usually include the process feed rate, the product production rates and the
product quality. These key measures are used to segment the operations into
periods of normal steady state operations, normally disturbed operations, and
abnormal operations. The standard deviation from the time periods of normally
disturbed operations provides a good scaling factor for most of the

measurements.

[00223] An alternative approach to explicitly calculating the scaling based on
disturbed operations is to use the entire training data set 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 should lie,
within 3 standard deviations of the mean and that 99.99% of the data shouid lie,

within 4 standard deviations of the mean. The span of data values between
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99.7% and 99.99% from the mean can act as an approximation for the standard
deviation of the "disturbed" data in the data set. See F igure 12,

[00224] Finally, if a measurement is often constrained (see the discussion on
saturated variables) only those time periods where the variable is unconstrained

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

B. Selecting the Number of Principal Components

[00225] PCA transforms the actual process variables into a set of
independent variables called Principal Components, PC, which are linear

combinations of the original variables (Equation 13).

PC=Aip*Xi+App*Xo+ A3 * X+, . . Equation 13

[00226] The process will have a number of degrees of freedom, which
represent the specific independent effects that influence the process. These
different independent effects show up in the process data as process variation.
Process variation can be due to intentional changes, such as feed rate changes, or

unintentional disturbances, such as ambient temperature variation.

[00227] Each principal component models a part of the process variability
caused by these different independent influences on the process. The principal
components are extracted in the direction of decreasing variation in the data set,
with each subsequent principal component modeling less and less of the process
variability. Significant principal components represent a significant source of
process variation, for example the first principal component usually represents
the effect of feed rate changes since this is usually the source of the largest
process changes. At some point, the developer must decide when the process
variation modeled by the principal components no longer represents an

independent source of process variation.
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[00228] The engineering approach to selecting the correct number of
principal components 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 identified
by looking at the coefficients, Aj n, 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 a good understanding of
the process should be able to look at the group of variables, which are the major
contributors to a PC and assign a name (e.g. feed rate effect) to that PC. As
more and more PCs are extracted from the data, the coefficients become more
equal in size. At this point the variation being modeled by a particular PC is

primarily noise.

[00229] The traditional statistical method for determining when the PC is just
modeling noise is to identify when the process variation being modeled with
cach new PC becomes constant. This is measured by the PRESS statistic, which
plots the amount of variation modeled by each successive PC (Figure 13).
Unfortunately this test is often ambiguous for PCA models developed on

refining and chemical processes.
V1. Model Testing & Tuning

[00230] The process data will not have a gaussian or normal distribution.
Consequently, the standard statistical method of setting the trigger for detecting
an abnormal event at 3 standard deviations of the error residual should not be
used. Instead the trigger point needs to be set empirically based on experience

with using the model.

[00231) Initially the trigger level should be set so that abnormal events
would be signaled at a rate acceptable to the site engineer, typically 5 or 6 times
each day. This can be determined by looking at the SPE, statistic for the training
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data set (this is also referred to as the Q statistic or the DMOD statistic). This
level is set so that real abnormal events will not get missed but false alarms will

not overwhelm the site engineer.

A. Enhancing the Model

[00232] Once the initial model has been created, it needs to be enhanced by
creating a new training data set. This is done by using the model to monitor the
process. Once the model indicates a potential abnormal situation, the engineer
should investigate and classify the process situation. The engineer will find
three different situations, either some special process operation is occurring, an
actual abnormal situation is occurring, or the process is normal and it is a false

indication.

[00233]  The new training data set is made up of data from special operations
and normal operations. The same analyses as were done to create the initial
model need to be performed on the data, and the model re-calculated. With this
new model the trigger lever will still be set empirically, but now with better
annotated data, this trigger point can be tuned so as to only give an indication

when a true abnormal event has occurred.
Simple Engineering Models for Abnormal Event Detection

[00234]  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
physical, chemical, or mechanical relationships are used to perform independent
but equivalent estimates of a process condition. This class of model is called an

engineering redundancy model.
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1. Two Dimensional Engineering Redundancy Models

[00235]  This is the simplest form of the model and it has the generic form:

F(y:) = G(x;) + filtered bias; + operator bias + error; Equation 14

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

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

N - convergence factor ( e.g. .0001 )
Normal operating range:  xmin < x < xmax

Normal model deviation: ~-(max_error) < error < (max_error)

[00236] The "operator bias" term is updated whenever the operator
determines that there has been some field event (e.g. opening a bypass flow)
which requires the model to be shifted. On the operator's command, the operator

bias term is updated so that Equation 14 is exactly satisfied (error;= 0)

[00237] The "filtered bias" term updates continuously to account for
persistent unmeasured process changes that bias the engineering redundancy
model. The convergence factor, "N", is set to eliminate any persistent change

after a user specified time period, usually on the time scale of days.

[00238] The "normal operating range" and the "normal model deviation” are
determined from the historical data for the engineering redundancy model. In
most cases the max_error value is a single value; however this can also be a

vector of values that is dependent on the x axis location.

[00239] Any two dimensional equation can be represented in this manner.
Material balances, energy balances, estimated analyzer readings versus actual
analyzer readings, compressor curves, etc. Figure 14 shows a two dimensional

energy balance.
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[00240] As a case in point the flow versus valve position model is explained

in greater detail.

A. The Flow versus Valve Positioh Model

[00241} A particularly valuable engineering redundancy model is the flow
versus valve position model. This model is graphically shown in Figure 2. The

particular form of this model is:

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

Equation 17

where:
Flow: measured flow through a control valve
Delta_Pressure = closest measured upstream pressure -
closest measured downstream pressure
Delta_Pressureyeference : average Delta_Pressure during normal operation
a : model parameter fitted to historical data
Cv: valve characteristic curve determined empirically from historical data

VP: signal to the control valve (not the actual control valve position)

The objectives of this model are to:

e Detecting sticking / stuck control valves
e Detecting frozen / failed flow measurements
e Detecting control valve operation where the control system loses

control of the flow

[00242] This particular arrangement of the flow versus valve equation is
chosen for human factors reasons: the x-y plot of the equation in this form is the

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

understood by the operators.

B.  Developing the Flow versus Valve Position Model

[00243]  Because of the long periods of steady state operation experienced by
continuous refining and chemical processes, a long historical record (1to2
years) may be required to get sufficient data to span the operation of the control
valve. Figure 15 shows a typical stretch of Flow, Valve Position, and Delta
Pressure data with the long periods of constant operation. The first step is to
isolate the brief time periods where there is some significant variation in the
operation, as shown. This should be then mixed with periods of normal

operation taken from various periods in history.

[00244] Often, either the Upstream Pressure (often a pump discharge) or the
Downstream Pressure is not available. In those cases the missing measurement
becomes a fixed model parameter in the model. If both pressures are missing

then it is impossible to include the pressure effect in the model.

[00245] The valves characteristic curve can be either fit with a linear valve
curve, with a quadratic valve curve or with a piecewise linear function. The
piecewise linear function is the most flexible and will fit any form of valve

characteristic curve.

[00246] The theoretical value for "a" is 1/2 if the measurements are taken
directly across the valve. Rarely are the measurements positioned there. "a"
becomes an empirically determined parameter to account for the actual

positioning of the pressure measurements.

[00247] Often there will be very few periods of time with variations in the
Delta Pressure. The noise in the Delta Pressure during the normal periods of
operation can confuse the model-fitting program. To overcome this, the model

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

the larger dataset.

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

[00248] As with any two-dimensional engineering redundancy model, there
are two measures of abnormality, the "normal opérating range" and the "normal
model deviation". The "normal model deviation" is based on a normalized
index: the error / max_error. This is fed into a type 4 fuzzy discriminator
(Figure 16). The developer can pick the transition from normal (value of zero)

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

[00249] The "normal operating range" index is the valve position distance
from the normal region. It typically represents the operating region of the valve
where a change in valve position will result in little or no change in the flow
through the valve. Once again the developer can use the type 4 fuzzy
discriminator to cover both the upper and lower ends of the normal operating

range and the transition from normal to abnormal operation.

D. Grouping Multiple Flow / Valve Models

[00250] A common way of grouping Flow / Valve models which is favored
by the operators is to put all of these models into a single fuzzy network so that
the trend indicator wili tell them that all of their critical flow controllers are
working. In that case, the model indications into the fuzzy network (Figure 4)
will contain the "normal operating range" and the "normal model deviation”
indication for each of the flow/valve models. The trend will contain the

discriminator result from the worst model indication.

[00251] When a common equipment type is grouped together, another
operator favored way to look at this group is through a Pareto chart of the flow /
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valves (Figure 17). In this chart, the top 10 abnormal valves are dynamically
arranged from the most abnormal on the left to the least abnormal on the right.
Each Pareto bar also has a reference box indicating the degree of variation of the
model abnormality indication that is within normal. The chart in Figure 17
shows that "Valve 10" is substantially outside the normal box but that the others
are all behaving normally. The operator would next investigate a plot for "Valve

10" similar to Figure 2 to diagnose the problem with the flow control loop.
Il Multidimensional Engineering Redundancy Models

[00252] Once the dimensionality gets larger than 2, a single "PCA like"
model is developed to handle a high dimension engineering redundancy check.

Examples of multidimensional redundancy are:

e pressure 1 = pressure 2 =.... = pressure n

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

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

[00253] Because of measurement calibration errors, these equations will each
require coefficients to compensate. Consequently, the model set that must be

first developed is:

Fi(y i) = a1G; (x;) + filtered bias; ; + operator bias; + errory, ;

Fa(y i) = anG; (x;) + filtered bias, ; + operator bias; + errory;

Fu(y i) = aaGy (x) + filtered bias,, ; + operator bias,, + error, ;
Equation 18

[00254]  These models are developed in the identical manner that the two

dimensional engineering redundancy models were developed.

[00255] This set of multidimensional checks are now converted into "PCA
like" models. This conversion relies on the interpretation of a principal

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

coefficients in unscaled engineering units as:
P = a3 X1 +ap X2 + a3X3 Equation 19
Where a3=1

[00256] This engineering unit version of the model can be converted to a

standard PCA model format as follows:

[00257] Drawing analogies to standard statistical concepts, the conversion

factors for each dimension, X, can be based on the normal operating range. For
example, using 3¢ around the mean to define the normal operating range, the

scaled variables are defined as:

Kseate = X normal operating range /6G Equation 20

(99.7% of normal operating data should fall within 3 & of the mean)

Xmid =X mid point of operating range Equation 21

(explicitly defining the "mean" as the mid point of the normal operating
range)

X' =(X - Xmia )/ Xecare Equation 22
(standard PCA scaling once mean and © are determined)

Then the P' loadings for X; are:

bi= (3;/ Xi-scate) / ( zlicv=1 (ax/ Xk—scalc)z )ll2 Equation 23

(the requirement that the loading vector be normalized)
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This transforms P to
PP=b;*X1+by*X2+ eee +ph *XN Equation 24
P' "standard deviation" =b; +b, + ee e +p, Equation 25

[00258] With this conversion, the multidimensional engineering redundancy
model can now be handled using the standard PCA structure for calculation,

exception handling, operator display and interaction.

Deploying PCA models and Simple Engineering Models for Abnormal

Event Detection
1. Operator and Known Event Suppression
[00259] Suppression logic is required for the following:

e Provide a way to eliminate false indications from measurable

unusual events

e Provide a way to clear abnormal indications that the operator has

investigated

e Provide a way to temporarily disable models or measurements

for maintenance

e Provide a way to disable bad acting models until they can be
retuned

e Provide a way to permanently disable bad acting instruments.

[00260] There are two types of suppression. Suppression which is
automatically triggered by an external, measurable event and suppression which
is initiated by the operator. The logic behind these two types of suppression is
shown in Figures 18 and 19. Although these diagrams show the suppression

occurring on a fuzzified model index, suppression can occur on a particular
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measurement, on a particular model index, on an entire model, or on a

combination of models within the process area.

[00261]  For operator initiated suppression, there are two timers, which
determine when the suppression is over. One timer verifies that the suppressed
information has returned to and remains in the normal state. Typical values for
this timer are from 15 - 30 minutes. The second timer will reactivate the
abnormal event check, regardless of whether it has returned to the normal state.
Typical values for this timer are either equivalent to the length of the operator's

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

[00262] For event based suppression, a measurable trigger is required. This
can be an operator set point change, a sudden measurement change, or a digital
signal. This signal is converted into a timing signal, shown in Figure 20. This

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

Y,=P* Y, +(1-P) * X, Exponential filter equation Equation 26
P = Exp(-T/Ty) Filter constant calculation Equation 27
Z,=X,-Y, Timing signal calculation Equation 28
where:

Y,  the current filtered value of the trigger signal
Yn., the previous filtered value of the trigger signal
Xa the current value of the trigger signal

Zy the timing signal shown in Figure 20

P the exponential filter constant

Ts the sample time of the measurement

Ty the filter time constant
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[00263] As long as the timing signal is above a threshold (shown as .05 in

Figure 20), the event remains suppressed. The developer sets the length of the
suppression by changing the filter time constant, T;. Although a simple timer
could also be used for this function, this timing signal will account for trigger

signals of different sizes, creating longer suppressions for large changes and

shorter suppressions for smaller changes.

[00264] Figure 21 shows the event suppression and the operator suppression
disabling predefined sets of inputs in the PCA model. The set of inputs to be
automatically suppressed is determined from the on-line model performance.
Whenever the PCA model gives an indication that the operator does not want to
see, this indication can be traced to a small number of individual contributions to
the Sum of Error-Square index. To suppress these individual contributions, the

calculation of this indqx is modified as follows:
— 2 i
=y " wie Equation 29

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

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

[00265] When a trigger event occurs, the contribution weights are set to zero
for each of the inputs that are to be suppressed. When these inputs are to be

reactivated, the contribution weight is gradually returned to a value of 1.

II. PCA Model Decomposition

[00266]  Although the PCA model is built using a broad process equipment
scope, the model indices can be segregated into groupings that better match the
operators' view of the process and can improve the sensitivity of the index to an

abnormal event.

[00267]  Referring again to Equation 29, we can create several Sum of Error

Square groupings:
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[00268]  Usually these groupings are based around smaller sub-units of
equipment (e.g. reboiler section of a tower), or are sub-groupings, which are

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

[00269] Since each contributor, ¢;, is always adding to the sum of error
square based on process noise, the size of the index due to noise increases
linearly with the number of inputs contributing to the index. With fewer
contributors to the sum of error square calculation, the signal to noise ratio for

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

[00270] In a similar manner, each principal component can be subdivided to
match the equipment groupings and an index analogous to the Hotelling T? index

can be created for each subgroup.
= s Equation 31 -
Pl,a Zi=1b,’ixi q
Pl,b= Zf;l b,,,-x,-

Pl,c Z i<k bl’ixi

Poy= 5 b, X,
Pre=2 1 b2 iX;
T, = 37 P,
Ty'= ?—1_-1 Pz?b
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[00271]  The thresholds for these indices are calculated by running the testing
data through the models and setting the sensitivity of the thresholds based on

their performance on the test data.

[00272] 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 T2 calculation.
III. Overlapping PCA models

[00273] Inputs will appear in several PCA models so that all interactions
affecting the model are encompassed within the model. This can cause multiple
indications to the operator when these inputs are the major contributors to the

sum of error squared index.

[00274] To avoid this issue, any input, which appears in multiple PCA
models, is assigned one of those PCA models as its primary model. The
contribution weight in Equation 29 for the primary PCA model will remain at

one while for the non-primary PCA models, it is set to zero.
1V, Operator Interaction & Interface Design
[00275] The primary objectives of the operator interface are to:

e Provide a continuous indication of the normality of the major

process areas under the authority of the operator

e Provide rapid (1 or 2 mouse clicks) navigation to the underlying
model information

e Provide the operator with control over which models are enabled.
Figure 22 shows how these design objectives are expressed in the

primary interfaces used by the operator.
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[00276]  The final output from a fuzzy Petri net is a normality trend as is
shown in Figure 4. This trend represents the model index that indicates the
greatest likelihood of abnormality as defined in the fuzzy discriminate function.
The number of trends shown in the summary is flexible and decided in
discussions with the operators. On this trend are two reference lines for the
operator to help signal when they should take action, a yellow line typically set
at a value of 0.6 and a red line typically set at a value of 0.9. These lines provide
guidance to the operator as to when he is expected to take action. When the
trend crossés the yellow line, the green triangle in Figure 4 will turn yellow and
when the trend crosses the red line, the green triangle will turn red. The triangle
also has the function that it will take the operator to the display associated with

the model giving the most abnormal indication.

[00277] If the model is a PCA model or it is part of an equipment group (e.g.
all control valves), selecting the green triangle will create a Pareto chart. For a
PCA model, of the dozen largest contributors to the model index, this will
indicate the most abnormal (on the left) to the least abnormal (on the right)
Usually the key abnormal event indicators will be among the first 2 or 3
measurements. The Pareto chart includes a red box around each bar to provide
the operator with a reference as to how unusual the measurement can be before it

is regarded as an indication of abnormality.

[00278] For PCA models, operators are provided with a trend Pareto, which
matches the order in the bar chart Pareto. With the trend Pareto, each plot has
two trends, the actual measurement (in cyan) and an estimate from the PCA
model of what that measurements should have been if everything was normal (in

tan).

[00279] For valve / flow models, the detail under the Pareto will be the two
dimensional flow versus valve position model plot. From this plot the operator

can apply the operator bias to the model.
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[00280]  If there is no equipment grouping, selecting the green triangle will

take the operator right to the worst two-dimensional model under the summary

trend.

[00281)  Operator suppression is done at the Pareto chart level by selecting
the on/off button beneath each bar.
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APPENDIX 2

Principal Component Analysis Models

APPENDIX 2A

PCT/US2007/009576

The HEATER PCA Model: 5 Principal Components (Named)

With Sensor Description, Engineering Units, and Principal Component Loading

. Oil Flow Control

1

1 15T PASS HYDROCARBON FLOW
2 3"° PASS HYDROCARBON FLOW
3
4

2NP pASS HYDROCARBON FLOW
4™ pPASS HYDROCARBON FLOW

2. Oil Side Heat Input

3"° PASS CONTROL TEMPERATURE
157 PASS CONTROL TEMPERATURE
2"° PASS CONTROL TEMPERATURE
4™ PASS CONTROL TEMPERATURE
TRANSFER LINE TEMPERATURE
3R pASS OUTLET TEMPERATURE
15T PASS OUTLET TEMPETRATURE
2ND pPASS OUTLET TEMPETATURE
4™ PASS OUTLET TEMPERATURE

OO~NNOTh WON =

3. Fuel Gas Flow

15T PASS FUEL GAS FLOW
4™ PASS FUEL GAS FLOW
3RP PASS FUEL GAS FLOW
2NP pASS FUEL GAS FLOW

W -

. Steam Flow Control

157 PASS STEAM FLOW
2"° pASS STEAM FLOW
3RP pASS STEAM FLOW
4™ PASS STEAM FLOW

AON= B

. Excess Heat

EAST HTR 02 CONTROL

3R° pASS MID TEMPERATURE

4™ PASS MID TEMPERATURE

NP pASS BOX TEMPERATURE

FLUE GAS TO PREHEATER TEMPERATURE
STACK TEMPERATURE

15T PASS MID TEMPERATURE

157 pPASS BOX TEMPERATURE

oONOOAWN= )N

BBL/D
BBL/D
BBL/D
BBL/D

DEGF
DEGF
DEGF
DEGF
DEGF
DEGF
DEGF
DEGF |
DEGF

MSCF/D
MSCF/D
MSCF/D
MSCF/D

LB/HR
LB/HR
LB/HR
LB/HR

PCT

DEGF
DEGF
DEGF
DEGF
DEGF
DEGF
DEGF

~2.56E-01
-2.55E-01
-2.54E-01
«2.51E-01

3.40E-01
3.29E-01
3.27E-01
3.26E-01
2.39E-01
2.21E-01
2.20E-01
2.08E-01
1.94E-01

2.23E-01
2.18E-01
2.09E-01
1.87E-01

5.62E-01
2.79E-01
2.78E-01
2.78E-01

6.26E-01
3.07E-01
2.55E-01
-2.48E-01
2.17E-01
2.10E-01
1.94E-01
-1.84E-01



15 0.025 10 120 4 50 5 50 Purge O 1 Pressure 15 0.04 10 120 5 50 10 19 Hot
MCB to E Kir Flow 60 1.00E-11 10000 120 400 2000
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9 4™ pPASS BOX TEMPERATURE DEGF -1.84E-01
10  3RP pASS BOX TEMPERATURE DEGF -1.71E-01

11 2"° pASS MID TEMPERATURE DEGF 1.49E-01



5000 10000 Hot MCB to WHtr Flo 60 1.00E-11 10000 10000 400 2000 10000
10000 M nutes of data used to cal cul ate standard devi ation of the process
val ue Valwe 2@/heoconpared with current standard devi at ipom/usaéocobested over
SDTWm nutes |If current val ue of standard deviation remains bel ow FVT for
FVTIM m nutes instrunment is considered to be frozen Nunber of m nutes for
whi ch the current PV nust stay on one side above a dead band (COB) to
consider that the instrunment has a control offset problem A threshold set
to evaluate control offset error or accumul ated controller error Signed

Val ue representing the cumul ative errogy (PV-SP) over a specified tine.
Accumul ation starts when PV is outside the dead band (CUB) and stays on the
sanme side of the set point. Value to be conpared with current standard

devi ation cal cul ated over SDTW m QppgNDYR 22807/ 124002PCT/ US2007/ 009576 -

85 - High Standard Deviation Tol e_—gﬂsnvrrance STV . | f current value of standard
devi ati on r enEhaGASRIANT PoA Movkl:ré RuincipahCompenentisyNanedtered to be

hi ghl'y vari aRith Sensor Description, Engineering Units, and Principal Component Loading

"1. Gas Plant Feed

1 ABSORBER OFF GAS MSCF/D -1.76E-01
2 COMP DISCH-2ND STAGE Output % 1.71E-01
3 ABS PRESS CONTRL Output % -1.71E-01
4 M.F. OFF GAS Output % 1.66E-01
5  COMPR 2ND STAGE PRESS PSIG -1.61E-01
6  COMP STG 2 INLET DEGF -1.57E-01
7  COMPR 1ST STAGE PRESS PSIG -1.55E-01
8  M.F. BACK PRESS CONTRL Output % -1.54E-01
9  I-STAGE KO DRM 6D9 PRESS PSIG -1.52E-01
10 M.F. OVHD REFLUX Output % -1.51E-01
11 M.F. OFF GAS MSCF/D -1.51E-01
12 MAIN FRAC OVHD PRESSURE PSIG -1.51E-01
2. Gas Plant Heat Balance

1 DEB REBLR DRAW DEGF -1.27E-01
2  DEBUT BOTTOMS DEGF -9.21E-02
3  DEB REBLR RETURN DEGF -7.34E-02
4  MF OVHD ACCUM LIQ DEGF -4.00E-02
5  HGO FROM GP TO MF DEGF -6.71E-02
6  DEB BTMS REB TEMP DEGF -1.67E-01
7  LEANOILTOE12 DEGF -7.11E-02
8  DEBUT TRAY?2 DEGF -1.72E-01
9  ABSMID REB RETN DEGF -9.60E-02
3. Gas Plant Fuel Production

1 ABS TOP CLR DRAW DEGF -1.98E-01
2  M.F. BACK PRESS CONTRL PSIG 1.97E-01
3 M.F. OVHD ACC TO FLARE PSIG 1.97E-01
4  ABS MID CLR DRAW DEGF -1.94E-01
5  COMPR 2ND DISCHARGE DEGF -1.85E-01
6  COMP SUCTION PRESS PSIG 1.77E-01
7  ABS TRAY 29 VAP DEGF -1.77E-01
8  DEBUT TRAY?2 DEGF -1.72E-01
9  I-STAGE KO DRM 6D9 PRESS PSIG 1.70E-01
10  DEB BTMS REB TEMP DEGF -1.67E-01
11 ABS TRAY 2 DEGF -1.66E-01
12 COMPR 1ST STAGE PRESS PSIG 1.64E-01
13 ABSORBER TRAY 2 TEMP DEGF -1.58E-01
14 MAIN FRAC OVHD PRESSURE PSIG 1.56E-01
15 DISCH KO DRM 6D20 Output % -1.53E-01
16 ABS TOP CLR RETN DEGF -1.51E-01
17  COLALESCER DRAW DEGF -1.42E-01

18  ABS MID REB DRAW DEGF -1.41E-01



B. Process Consistency Mnitors Nanme Cal cul ati on Tol erance Val ue (of
Sum of i ndividual pass flows

absol ute value) Units Heat Pass Fl ows Monitor

- the totwb 2b0meudoor each furnace Miust be | ess than 200@CBRIs2a7basme

Fractionator Flooding Monitor Flash Zone Tenperature -
Must be greater than 50 DEGF Main Fractionator Overhead Tenperature Mnitor

Over head Tenperature -
DEG- Main Fractionat or

Bott onms Tenper at ure

Overhead Qutl et Tenperature Cannot be greater than 3
Over head Accurul ator to Flare Monitor Overhead Flare

Line Pressure - Overhead Conpressor Line Pressure 1 PSIG Debutanizer
Bott ons Fl oodi ng Monitor Debutani zer _Bpfions Terrperat ure - Reboiler Inlet

Tenperature Debut Btns > 250 Delta > 10

19
20
21
22
23
24
25
26
27
28

4.

CARANAAERWN -

DEBUT OVHD VAPOR
NAPTHA TO ABS Output
DEB REBL.R DRAW

M.F. OVHD ACC LVL Output
NAPTHA TO ABS

HGO TO ABS REB OQutput
ABS MID CLR RETN
ABSORBER OFF-GAS

M.F. OVHD OUTLET TEMP
LEAN OIL FROM E9

Gas Plant Gasoline Production

ABS REFLUX-LEAN OIL

ABS REFLUX-LEAN OIL Output
DEB BTMS LVL Output
NAPHTHA TO STORAGE
NAPHTHA TO STORAGE Output
NAPTHA TO ABS

M.F. OVHD ACC LVL Output
MAPTHA TO ABS Output

#1 INTERCOOLER FLW
ABSORBER OFF-GAS

#1 INTERCOOLER LVL Output
ABS BTMS LVL Output

ABS NAP>DEB

HGO FROM ABS REB
ABSORBER BOTTOMS TEMP
ABS TRAY 2

ABSORBER TRAY 2 TEMP

ABS NAP>DEB Output

M.F. OFF GAS

COMPRESSOR 6-G-14 AMPS
COMP DISCH-2ND STAGE

MF 16D1 TRAY 21 TEMP

ABS TOP CLR DRAW

ABS TOP REFLUX

DISCH KO DRM 6D20 INTRFC Qutput
ABS TOP CLR RETN

16G14M MAX STATOR TEMP
M.F. BACK PRESS CONTRL Output
DEB ACC LVL Output

Gas Plant Debutanizer Feed

ABSORBER BOTTOMS TEMP
ABS MID REB RETN
ABSORBER TRAY 2 TEMP
ABS TRAY 2

HGO TO ABS REB Output
HGO FROM ABS REB
COMPR 1ST DISCHARGE

DEGF
%
DEGF
%
KBBL/D
%
DEGF
DEGF
DEGF
DEGF

KBBL/D
%

%
KBBL/D
%
KBBL/D
%

%
KBBL/D
DEGF
%

%
KBBL/D
DEGF
DEGF
DEGF
DEGF
%
MSCF/D
AMP
MSCF/D
DEGF
DEGF
DEGF
%
DEGF
DEGF
%

%

DEGF
DEGF
DEGF
DEGF
%

DEGF
DEGF

-1.38E-01
1.28E-01
-1.27E-01
1.26E-01
1.25E-01
1.21E-01
-1.18E-01
-1.16E-D1
1.15E-01
-1.14E-01

3.32E-01
2.87E-01
-2.84E-01
-2.81E-01
-2.63E-01
-2.59E-01
-2.58E-01
-2.32E-01
1.95E-01
-1.84E-01
1.82E-01
1.54E-01
1.63E-01
-1.52E-01
-1.28E-01
-1.27E-01
-1.19E-01
1.06E-01
9.98E-02
9.96E-02
9.90E-02
-9.09E-02
-8.87E-02
-8.62E-02
7.99E-02
7.76E-02
7.45E-02
6.27E-02
6.26E-02

2.64E-01
2.47E-01
2.10E-01
2.08E-01
-1.98E-01
1.93E-01
-1.90E-01



DEG-F Cat Slurry G| and Steam Fl ow Monitor CSO Fl ow + 150 # Steam Fl ow for
each heater Miust be greater than 0.01 BBLJD (Hydrocarbon) LB/H (Steanm) C
Val ve- Fl omoNbael280022 val ve-fl ow nodel s have been devel opea/useso7iomes7OCU AED
application. Al the valve nodels have bias-updating inplemented. The flow
IS conpensated for the Delta Pressure in this manner: Conpensated Flow = FL
[ (DP/ StdDP) AA where. FL= Actual Flow DP = Upstream Pressure - Downstream
Pressure StdDP = Standard Delta Pressure A = Exponential Paranmeter A pl ot
is then made between the Estimted Conpensated Fl ow and the Actual
Compensated Fl ow to check the nodel cgsistency (X-Y plot) with a specified
tol erance. The following is the |list of the 22 valve flow nodels. DCU Area
Fl ow Description Flow Engineering Units Standard Differential (M3
Exponent8al BsGHRODRN BDeoVOUput s) Tol erance (Fl g Units) GasoBlent ABS

REFLUX- LEAN CEAN OiL FROME9Q DEGF 1.80E-01
10 COMPR 2ND DISCHARGE DEGF -1.77E-01
11 ABS NAP>DEB Output % -1.76E-01
12 ABS BTMS LVL Output % -1.74E-01
13  ABS NAP>DEB KBBL/D -1.72E-01
14 M.F. BACKPRESS CONTRL PSIG 1.69E-01
15 M.F. OVHD ACC TO FLARE PSIG 1.69E-01
16  [-STAGE KO DM 6D9 Output % -1.63E-01
17  COMP SUCTION PRESS PSIG 1.48E-01
18  ABSORBER BOTTOMS TEMP Output % ' -1.48E-01
19  COMP KO DRUM IN DEGF -1.43E-01
20 HGOTO ABS REB KBBL/D -1.42E-01
21 ABS BTM REB DRAW DEGF 1.33E-01
22  |-STAGE KO DRM 6D9 PRESS PSIG 1.27E-01
23 MF OVHD COND OUT DEGF -1.22E-01
24 = COMPR 1ST STAGE PRESS PSIG 1.21E-01
6. Gas Plant Olefin Production
1 DEBUT REFLUX DEGF 2.64E-01
2 HGO FROM GP TO MF DEGF 2.56E-01
3  DEBUTBOTTOMS DEGF 2.48E-01
4 DEB REBLR RETURN DEGF 2.46E-01
5 DEB REBLR DRAW DEGF 2.30E-01
6 C3 TOTAL IN DEBUT OVHD PCT 1.97E-01
7 HGO TO DEB REB KBBL/D 1.82E-01
8 DEB BTMS REB TEMP Output % 1.91E-01
8 ABS TOP CLR RETN DEGF 1.68E-01
10  C4='S IN DEBUT BOTTOMS PCT 1.65E-01
11 #1 INTERCOOLER FLW KBBL/D 1.54E-01



KBBUD 60.0 0.21 2.3-3.9 ABSCRBER OFF GAS MsCF/ D 55.421 0.284 7.0 ABS
NAP>DEB KBBUD 60.0 0.273 4.0-8.0 DEB REF LUX ICES LID 94.037 0.1 1.5
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APPENDIX 3
ENGINEERING MODELS

A. PID Controller Monitors
Standard Frozen Offset High High
Deviation Frozen Value| Duration Accumulated| Standard| Standard
Controlier Time Value| Tolerance| Tolerance| Control Error| Deviation| Deviation
Descripiton| Window| Threshald| (Minutes){ (Minutes)|Deadband Tolersnce] Threshold| Tolerance
MF Btms Lvl 15 0.02 15) 120 3 21 6 1
HGO Tray Lvi 15! 0.03 5 120 5 50 15 1
HGO Circ Stm Gen Lvi 10 0.03 3 120 5 40 5 1
MF Ovhd. Acc HC Lv) 10 0.02 10 120 5 35 5 1
4F Ovhd Acc Boot Lvi 5 0.25 5 15 15 100 10000 10000
Absorber Bottoms Lvl 15 0.05 10 120 4 40 5 1
#2 intercogler Lvl 10 0.08 10 60 20 100 10000 10000
#1-ntercooler Lvi 10 0.075 10 120 3 50 10000 10000
Debut Boitoms Lvi 10 0.05 10 120 25 40 10000 10000
Debut Acc Lvi 15 0.025 10 120 2 100 10000 10000
1Stage KO Drum HC Lyl 15 0.04 10 120 2 10 5 1
LStage KO Drum Lvi 5 0.63 10 120 4 100 10 10
Suct KO Drum vl 15 0.035 10 - - - 10 10
HGOQ Prod Stm Gen Lvi 5 0.1 10 120 7.5 50 7 1
HGQ Stripper Lvl 15 0.05 7 30 8 80 8 1
Absorber Ovhd Pressur 15 0.02 5 120 5 80 2 10
Dabut Ovhd Pressure 15 0.025 10 120 4 50 5 S0
Purge Oil Pressure 15 0.04 10 120 5 50 10 10
Hat MCB to E Hir Flow 60 1.00E-11 10000 120 400 2000 5000 10800
Hat MCB to W Hir Flo 60 1.00E-11 10000 10000 400 2000 10000 10000

Standard Deviation Time Window (SDTW):
Frozen Value Threshold (FVT):

Frozen Value Tolerance Minutes (FVTM):

Offset Duration Tolerance (ODT):

Contrel Deadband (CDB):

Accumulated Error Tolerance (AET):

High Standard Deviation Threshold (HST):

Minutes of data used to calculate standard deviation
of the process value

Value to be compared with current standard deviation
calculated over SDTW minutes

If current value of standard deviation remains below
FVT for FVTM minutes instrument is considered to
be frozen

Number of minutes for which the current PV must
stay on one side above a dead band (CDR) to
consider that the instrument has a control offset
problem,

A threshold set to evaluate control offset error or
accumulated controller error

Signed Value representing the cumulative error (PV-
SP) over a specified time. Accumulation starts when
PV is outside the dead band (CDB) and stays on the
same side of the set point,

Value to be compared with current standard deviation
calculated over SDTW minutes



KBBLI D 137.264 0.6 4.5-4.625 - 86 - DCU Area Fl ow Description Fl ow

Engi neering Units Standard Differential (PSIG Exponential Paraneter (Flow

Uni ts) Tolwenasme4(el ow Units)

Fr acdonat or

High Standard Deviation Tolerance (HSTM):

-85 -

C3C4 TO FCC TRTS BBL/ 1) #81A4R3000249%57800
UPPER FD- TRAY 5 KBBUD 70.736 0.1 2.5

If current value of standard deviation remains above
HST for HSTM minutes instrument is considered to

be highly variant.
B. Process Consistency Monitors
Name Calculation Tolerance Value (of [Units
absolute value)
Heat Pass Flows Monitor Sum of individual pass|Must be less than BBL/D
flows — the total flow 2000
for each furnace
Main Fractionator Flooding Flash Zone Must be greater than |DEGF
Monitor Temperature - 50
Bottoms Temperature
Main Fractionator Overhead (Overhead Cannot be greater DEGF
Temperature Monitor Temperature - than 3
Overhead Qutlet
Temperature
Main Fractionator Overhead |Overhead Flare Line |1 PSIG
Accumulator to Flare Monitor |Pressure — Overhead
Compressor Line
Pressure
Debutanizer Bottoms Debutanizer Bottoms |Debut Btms > 250 DEGF
Flooding Monitor Temperature — Delta > 10
Reboiler Inlet
Temperature
Cat Slurry Oil and Steam ICSO Flow + 150 # Must be greater than BBL/D
Flow Monitor Steam Flow for each .01 (Hydrocarbon)
heater LB/H (Steam)

C. Valve-Flow-Models

22 valve-flow models have been developed for the DCU AED application. All the valve models
have bias-updating implemented. The flow is compensated for the Delta Pressure in this

manner:

Compensated Flow = FL / (DP/ StdDP)*A

where,
FL= Actual Flow

DP = Upstream Pressure - Downstream Pressure
StdDP = Standard Delta Pressure
A = Exponential Parameter

A plot is then made between the Estimated Compensated Flow and the Actual Compensated
Flow to check the model consistency (X-Y plot) with a specified tolerance. The following is the
list of the 22 valve flow models.

DCU Area |Flow Description Flow Standard Exponential |Tolerance
Engineering |Differential |Parameter (Flow Units)
Units (PSIG) (Flow Units)
Gas Plant ABS REFLUX-LEAN OIL KBBL/D 60.0 021 2.3-3.9
ABSORBER OFF GAS MSCF/D 55.421 0.284 7.0
ABS NAP>DEB KBBL/D 60.0 0.273 4.0-8.0
DEB REFLUX KBBL/D 94,037 0.1 1.5
NAPHTHA TO STORAGE KBBL/D 137.264 0.6 4.5-4.625




SOUR FEED CONTRL KBBUD 28. 268 0.273 6.0 16E27 HGO FRESH FEED OUT KBBUD
14.016 0.073 4.0-4.6 MF. OVvHD REFLUX KEBUD 70.425 0.273 4.0 NAPTHA TO

ABS KBBUBVO160746G4000. 242 2. 05

PCT/US2007/009576
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DCU Area |Fiow Description Flow Standard Exponential [Tolerance
Engineering |Differential [Parameter (Flow Units)
Units (PSIG) (Flow Units)

C3C4 TO FCC TRTS BBL/D 49.423 0.247 800
Fractionator |UPPER FD-TRAY 5 KBBL/D 70.736 0.1 2.5

SOUR FEED CONTRL KBBL/D 28.268 0.273 6.0

16E27 HGO FRESH FEED OUT |[KBBL/D 14.016 0.073 4.0-4.6

M.F. OVHD REFLUX KBBL/D 70.425 0.273 4.0

NAPTHA TO ABS KBBL/D 116.464 0.242 2.05

HGO TO DEB REB KBBL/D 64.708 0.6 2.625

HOT FD-CRUDE KBBL/D 165.125 0.1 5.0

COKER GAS (16D6) TO FCC MSCF/D 10.232 0.549 1.5
Furnances I1ST PASS-E. HTR BBL/D 473.075 0.29 1600

2ND PASS-E. HTR BBL/D 399.594 0.35 1837.5

3RD PASS-E. HTR BBL/D 516,236 0.45 1837.5

4TH PASS-E. HIR BBL/D 507.764 0.2 1312.5

1ST PASS-W. HTR BBL/D 747.437 0 1181.25

2ND PASS-W. HTR BBL/D 657.98 0 13125

3RD PASS-W. HTR BBL/D 667437 0 1200

4TH PASS-W_. HTR BBL/D 653.891 0 1200




HOC TO DEB REB | CBBUD 64. 708 0.6 2,625 HOI ED- CRUDE | CBBUD 165. 125
0.1 5.0 COLOER GAS (16D6) TO FCC MsCF/ D 10.232 0.549 1.5 Furnances
"1ST PASS-E. HTR SOLI D 473.075 0. 29 16§)70

CLAIMS

1.

A method for the early notification of an unplanned abnormal

event detection (AED) for some process units of a delayed coking unit (DCU)

comprising:

(b)

(©)

comparing online measurements from an array of sensors for the
process units to a set of models including at least two principal
component analysis models for normal operation of the
corresponding process units, wherein said delayed coking unit
has been divided into at least two equipment groups wherein
there is minimal interaction between said equipment groups and
principal component analysis models correspond to equipment
groups, wherein the mputs to the principal component analysis
models include measurements from said array of sensors which
have been divided into groups corresponding to equipment
groups, wherein said equipment groups are defined by including
all major material and energy integrations and quick recycles in
the same equipment group and said measurements are cross-

correlated with each other,

determining if the current operation differs from expected normal
operations from the cumulative measurements of said array of
sensors that are inputs to said set of models so as to detect the
presence of an unplanned abnormal event condition in a process
unit which has developed on a_timescale of minutes to hours, and
determining the underlying cause of an abnormal condition in the
DCU.



2ND PASS-E. Hi It BBUD 399.594 0.35 1837."5 3RD PASS-E. HTR BBUD
516. 236 0.45 1837.5 4TH PASS-E. HIR BBUD 507.764 0.2 1312.5 1ST
PASS-W HTR BBUD 747,437 0 1181.25 88

2. The method of claim 1 wherein said set of models correspond to
equipment groups and operating modes, one model for each equipment group which

may include one or more operating modes.

3. The method of claim 1 wherein said set of models correspond to
equipment groups and process operating modes, one model for each equipment group

and each operating mode.

4, The method of claim 1 wherein said delayed_coking unit includes

downstream towers and are decomposed into five monitors.

5. The method of claim 1 wherein said process units are divided into

operational sections of the DCU system.

6. The method of claim 5 wherein there are three operational

sections.

7. The method of claim 6 wherein the three operational sections

include the furnaces or heater, main fractionator and the gas plant.

8. The method of claim 4 wherein each of the monitors generates a

continuous signal indicating the probability of an abnormal condition in the area.

9. The method of claim 1 wherein said set of models include process

variables values measured by said array of sensors.

10. The method of claim 9 wherein said principal component models
for different process units include some process variable values measured by a same

sensor in said array of sensors.



2ND PASS-W HTR BBUD 657.98 0 1312.5 3RD PASS-W HTR BBUD 667.437 0
1200 4TH PASS-W HTR BBL/D 653.891 0 1200 - 87 - CLAIMS 1. A nethod
for the early notification of an unpl anned abnornmal event detection
(AED) for sone process units of a de1?a%/ed coki ng unit (DCU)
conprising: (a) conparing online nmeasurenments froman array of
sensors for the process units to a set of nodels including at |east

two principal gqnmponeff, ?{é@{&’%ﬁdﬁ'ﬂﬂ?‘xﬁh@c{%@lﬁg& E’%t'oc 0}385&&%8 &l igRries

correspondi ng process ‘un erein sail ye g~ Unit has

been ¢hy cogsstent PhatwdcdaibasufOmentdipoB a SpQERE unite ifdladindeh8in S
m nimal interaction between said equi pnment” groups and prirci pal

conporfeattionatdrysissplanthehiss, dlos wes gancbmpressat, floento il veipeessudeatreop wliblke
i nputs to the principal .conponent analysis nodels include

meas urBgsAtesmy el shiegkdewayn dhe c@MdBeRCYAni ch have been divided into
groups correspondi ng to equi pnment groups, wherein said equi pnent
groups are defined by including all major material and energy

i ntegrations ang qui ci,d & ) ﬁﬁéfﬁ eﬁw jalecte Qg said
measur enent s ape' cr oss-écor%@fl?fedcl&vl\nﬂtﬁ cach ot er, mSels' B
comprises suppressing model calculations to eliminate false positives on special cause

operations.

13. The method of claim 1 wherein (a) said set of models begins with
a principal components model based on questionable data, (b) gathering high quality
training data and using said high quality training data in the model to modify the model
and thereby improve the model, and (c) repeating step (b) of this claim to further

improve the model.

14. The method of claim 13 wherein said high quality training data

includes historical data for the model of the processing unit.

15. The method of claim 14 wherein said set of models include

transformed variables.

16. The method of claim 15 wherein said transformed variables are
transformed to include pressure compensated temperature and/or pressure compensated

flow measurements and/or valve positions to estimate flow.

17. The method of claim 13 further comprising the step of
synchronizing pairs of measurements for two variables used in said model by time by

one of the variables using a dynamic transfer function.



(b) determining if the current operation differs from expected norna
operations fromthe cunul ati ve nmeasurenents of said array of sensors
that are“inputs to said set of nodels so as to detect the presence of
an unpl anned abnormal event conditiorPdn a process unit which has
devel oped on atinescale of mnutes to hours, and (c) determ ning the
underlyi ng cause of an abnormal condition in the DCU. - 88 -

2. The nethod qf;, cl ai £l 1d s of o s.correspand to
equi pnent gr ougé “and %%er%é%%@q \%ﬁée(e%‘ggfa%?%sro e{ggﬁgsidﬂ?w?{pems
group why £8 aﬁf’f&%téd’l%ldﬁ@r_aﬁﬂg gefnt%ﬁaﬁgé@qﬁgﬁbeé@ ogi@ficﬁﬁ)ns are convertedto The
met hod of claiml erein said set of del s correspond to equi pnent
gr oupsleariation var eabde sope siditravginguhie mmoving avmdge. f or each equi pnent
group and each operating node. 4. The method of claiml
wherein said del ayed coking unit includes downstreamtowers and are
deconposed intq,five nitars, . 5. The t hod of, cl gim.1
Wherorn sai d pridcess T wetigilotalgindavherein dgGton Lo dIBoRRes of

t he €My noise 6. The nethod of claim5 wherein there are
t hree operatlongP sections. 7. The nethod of claim®6
wherein the three operational sections include the furnaces or

heater, main fractionator and the gas pl ant. 8. The net hod
of claim4 whebin eakhe wethddeofain ¢ P svhpreier said setafonodéls avusorstagedl
i ndi cati t he probabilit&ﬂof an abnor nal coqﬂ%tion in the area.

9. ThYniEeHRE BF chminang HReY Breaswiamenéee! ¥rialefel s i ncl ude process
vari abl es val ues neasured by said array of sensors. 10. The
met hod of claim9 wherein said principal conmponent nodels for
different procegs uniTise iREIJIdSr QLHR | RYRGBRSthY 3hsABEEn MRS UEa VIBRBIY A€
by a sane sensor in said array of sensors. - 89 - 11. The
met hodcaliedcl ai m 7 wherein said set of nodels further identifies the
consi stency between neasurenents around a specific unit, including
main fractionator, gas plant units, the wet gas conpressor, flowto

val ve_pressure . drop ich j,ndi cate a arly breakdown in the
conststency 22 P "R Belitd SuSd A ofifeeih B TR el i spaledt tooy
nmodel suf l‘i'fq%é?ﬁéd ROFRAI 965 SERRE SaShhig model cal culations to elimnate
fal se positives on specfal cause operations. 13. The met hod
of claim1l wherein (a) said set of nodels begins with a principal
conponents nodel based on aglesti onabl e data, (b) gathering high
qual ity traini 2§ dat al kenaretiwidef daiinal 4hwiagre gt iof ympn#ersi arg adtmaatically
the model .to. nodify th del,.and thereby inprove the nodel, and (c)
r epeat! ?f&ltlé‘?‘%bscgﬁtfﬁo?a&ﬁggngIdéﬁprﬁﬁéihf%ﬁ‘raﬁ%gpe ¥8r ove the nodel .

14. The method of claim 13 wherein said high quality training data
includes historical data for the nodel of the processing unit.

15. The nethod2qf cl afke ddthddesilaing 2iwhéein Bk stef detbginiieethe
transformed vari abl es. 16. The nethod of claim 15 Wwherein
sai d tundedymgese af itkdbaoraad condiishqroeides didgnokticlnfprestson et different
conpensat ed tenperature and/ or pressure conpensated fl ow nmeasurenents
and/ oﬂe‘(ﬁéﬂ?@dﬁ@slit?i @ﬂ@@gﬁﬁt}%@nﬂ%dhﬁ event. 17. The met hod of

claim 13 further conprising the_step of synchronizing pairs of
nmeasurenments for two variables used in said nodel by tinme by one of

the variables ysing ardyRgfiod ff Afh ¢'whetBhi thehumber ¥ principal
components is chosen such that coefficients of the principal component become about

equal in size.

26. The method of claim 1 wherein said principal components include

process variables provided by online measurements.



18. The method of claim 1l wherein variables of process neasurenents
that are affected by operating point changes in process operations
are converted to deviation variables by subtracting the noving

aver age. 19. The method of- % aim 1 wherein at |east one of
said nodels is corrected for noise. 20. The nethod of claim
19 wherein said set of nodels are corrected by filtering or

el i m nating noi,sy neasure t f, vani-ghl.es. . . 21.  The net hod
of ol arm 1 wherd)n' e EEae 3 e cuppisine e Shp ok

22. ThenbRiAeAnS ImdstidMdts WY e fb SRCoMBRSMERBRANRIRY £ d§hahROGHEr. t he
expecrsz%l1 nor maflgr angse of t?\g? vari abl e? Zg?g Thgﬁrret hc%o‘ of
claim4 where a list of nonitors are automatically identified,

i sol ated, ranked and di spl ayed for the operator. 24. The

nmet hod of clai @81 wheFlg metling aft dping L6 dehereini the pgoedse masderanyanig
cause of. the noryal condi tion provides di agnostic information at

G 1 erariab]es e By b ERfin GO FHeNETHE Tin PEaGeRD PPIgHoBs arteomisied to
25. T aim1 wherein the nunber of principal conponents
IS chr()}fsaegnmfsot%g%rﬁ%%'coeffi cients of the principal conponent becone
about equal in size. 26. The nmethod of claim 1l wherein said
principal conponents include process variables provided by online
measur enents. 2991 - The method ofxtainTR6 wistrbimcthe umitzr mf péintipad her

conprising the step of synchroni.zing asurenents by tine to ope of
t he v&OIHKINELIS §iSH CEdoR/)h i agnify och%taﬁ process vagatiqhEcnraioniRe BY
claim?2 erej e ocess neasurenent variables affected by
operaﬁpgaﬁggFﬁFﬂgﬁgﬁagé in the process operations are converted to
devi ati on vari abl es. 29. The nethod of claim 26 wherein the
nunber of principal conponents is selected by the nmagnitude of total
process vari at 30n r ephaysntefdrlkyrlyuntiExative of anplznesd abn@nikl.cAkeaty st em
for early notification of unplanned abnornal event detection (AED)

for scleiecsion (B} bursomapd the nsecass pous of adDpbt pind pefiplcBny isdingry
conpri sin :.ga) on-line data acquisition of neasurenents from an
array‘%ﬁn rs, (b) a set of nodels including at |east two

princi pal conponent analysis nodels included in the set describing
operations of said process units including automatic detection of
drum swi tches and {a)r nagéindelaakadigisitien af nasumnesies froshdl aled ofas
been divided into at | east two equi pnment groups, wherein a single
princi pal component nogRESOOr respondi ng to an equi pnent group, and
wherein the inputs to the principal conponent analysis nodels include
measurenents fromsaid array of sensors, wherein said array of

sensors has been digy} de e 4 RoBIOURI AL R IARPHL OB raRL S BOHERTN

groups, and wher ei equrpnent groups are ne _ I'ng
all major material anda@dighddelSigcRidedna the s@escribidlg pefdtionR OfShRE

in the sane equi pnment group and said nmeasurenents are

cross-correl ated with pachssotthtsrincluding automatic detection of drum switches and
furnace decoking operations wherein said DCU has been divided
into at least two equipment groups, wherein a single principal
component model corresponding to an equipment group, and
wherein the inputs to the principal component analysis models
include measurements from said array of sensors, wherein said
array of sensors has been divided into groups corresponding to

said equipment groups, and wherein said equipment groups are

defined by including all major material and energy integrations
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(c) a set of displays which indicates if the current operation
differs fromexpected normal operations fromthe cunul ative
nmeasurenents of said array of sensors so as to indicate the presence
of an abnormal condition in the proce®¥s unit which has devel oped on a
timescale of mnutes to hours so as to detect an unpl anned abnorma
event, and (d) a set of displays which indicates the underlying cause

of an abnormal conditi | N . Of
claim 30 wherein said ‘Flgkggff% 161&88 Si“???&‘lf‘ﬁ’?"%%&}@%%’fg%‘ﬁ
sections with princi paheaQIBRRAR e PRI Srfdited HiBECERN GBEL T ONS.
32. The system of claim 31 wherein said principal conponent nodels

i ncl ude process vari abl es provided by online neasurenents.

33. The system of claim 31 wherein said set of nodels further
conpri ses suppressi®lg #oetedf displays whidniadicates if thenereerd sweration differs
i nduced notifications and fal se positive The system

S. . 34.
of claim 30 wherein: (HP"%%t cﬁe@tnqﬂn gevagions frogp the GuRUIRHSE, an
initial nodel based up i i L nk L nodel
to obtain new data andﬂé%qﬁghﬁ%eﬂﬁ%%%?éygggéﬁggg?cféér%t];n\gleﬁ%;@{he
repeating step (b) to prepémesflaneabiivgelal condition in the3drocddeuriy ¥heih 1eds
claim34 wherein said training data set includes historical data of
the processing unit fodevebotsd aes shusaaletof minugs to hours so as to dBectEme
system of claim 35 whereiin sajd set of nodels includes transforned
vari abl es. SWPIWéMagPV@Fa? 36 wherein said
transforned vari abl es i nclude pressure conpensated tenperature and/ or
pressure conpensated fl ow nmeasurenments and/or flow to val ve positions
to estimate flow (d) asetof BSlay@hihSin@tatds thk abibdPinphanst br s9me
measurenent pairs are tinme synchronized to one of the variabl es using
a dynamic filter. abnormaB8onditien sy sheP(f. cl ai m 35 wherein the
process neasurenent variables affected by operating point changes in
the process operations are converted to deviation variabl es.

40. The system,of cl aim 35, wher.ein t asur e, of a.variable.are
scal ed priof 1 dinode TRHORRAE Rl 0 WHRRSH SETIICY Sinaalifiilg ules
claim Mtﬁﬁ[ [ WRRSHHEEN 166k nor mal
range (g)fgrt ataﬁégbrt%oglgl e. pHhEA &&nﬁ%ﬁerﬁrﬁgi(gf%%)ﬁebrﬁsg%cge;&;&? rEnﬁglgs'wher ein
t he nunber of principal conponents is selected by the nagnitude of
total process variation represented by successive conponents.

43. The net hod33f cl aiha Syside of clrigal dwherein Saidguacipalpompenenhnlodglss

engi neer. nodel s. . . .
9' NSRctudd process variables provided by online measurements.

33. The system of claim 31 wherein said set of models further
comprises suppressing model calculations to eliminate operator induced notifications

and false positives.

34, The system of claim 30 wherein: (a) said set of models are
obtained from an initial model based upon training data, (b) use of said initial model to
obtain new data and improve the model, and (c) iteratively repeating step (b) to

improve the model.

35. The system of claim 34 wherein said training data set includes

historical data of the processing unit for model development.
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36. The system of claim 35 wherein said set of models includes
transformed variables.
37. The system of claim 36 wherein said transformed variables include

pressure compensated temperature and/or pressure compensated flow measurements

and/or flow to valve positions to estimate flow.

38. The system of claim 35 wherein some measurement pairs are time

synchronized to one of the variables using a dynamic filter.

39, The system of claim 35 wherein the process measurement
variables affected by operating point changes in the process operations are converted to

deviation variables.

40. The system of claim 35 wherein the measurements of a variable

are scaled prior to model identification.

41, The system of claim 40 wherein the measurements are scaled by

the expected normal range of that variable.

42, The system of claim 30 wherein the number of principal
components is selected by the magnitude of total process variation represented by

successive components.

43, The method of claim 1 wherein said set of models further includes

engineering models.

44, The system of claim 30 wherein said set of models further includes

engineering models.





